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Editorial

Artificial Intelligence in the Era of Responsible Innovation: Artificial Intelligence (AI) has
evolved from a specialized academic field into a transformative technological force influencing
nearly every dimension of modern society. Its ability to process vast volumes of structured and
unstructured data, identify intricate patterns, and assist in complex decision-making has significantly
reshaped traditional operational frameworks. Across sectors, Al-driven systems enhance
productivity, improve accuracy, and support evidence-based strategies. What was once considered
an experimental research domain has now become a mainstream technological foundation for
innovation and competitiveness.

In engineering and applied sciences, Al technologies are accelerating research cycles, refining
design precision, and enabling solutions that were previously unattainable through conventional
computational approaches. Intelligent algorithms integrated into laboratories, universities,
and industrial environments represent a major shift in how knowledge is generated, validated,
and implemented. Machine learning models assist in structural health monitoring, optimize
manufacturing processes, and strengthen renewable energy forecasting. Real-time analytics
embedded in smart infrastructure promotes safer transportation systems and more resilient urban
development strategies.

Within mechanical and electrical engineering domains, predictive maintenance tools detect
performance irregularities before system breakdowns occur, reducing downtime and operational
expenditure. However, the rapid integration of Al demands rigorous validation standards,
transparency in algorithm development, and responsible data governance. Ethical oversight
and regulatory clarity are essential to ensure that innovation progresses responsibly. Without
comprehensive frameworks, technological advancement may exceed society’s readiness to address
concerns related to bias, accountability, cybersecurity, and privacy protection.

Al is also reshaping scholarly communication and academic publishing. Editorial management
systems increasingly employ intelligent tools to streamline manuscript screening, identify ethical
risks, and enhance language quality. While these applications improve efficiency, they cannot
substitute for critical scholarly judgment or intellectual responsibility. Authors remain accountable
for originality, methodological rigor, and meaningful contribution. Clear institutional policies
regarding Al-assisted writing are necessary to safeguard academic integrity. Ultimately, the
sustainable impact of Al depends on harmonizing computational intelligence with human insight,
ethical reflection, and socially responsible innovation that promotes transparency, inclusivity, and
long-term global progress

Artificial Intelligence Expands Capability; Human Wisdom Defines Direction.

New Delhi Editor-in-Chief
31 January 2026
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ABSTRACT

One of the novel methods for the improvement of accuracy and reliability in medical data processing is the combination
of state-of-the-art Large Language Models (LLMs) with Retrieval-Augmented Generation (RAG) and guardrail
mechanisms. We explore the performance of various fine-tuned LLMs intended for healthcare applications. The
models are examined in respect of their ability for proper retrieval of patient medical records, clinical sense, factual
accuracy, and the avoidance of the dangers of misinformation and hallucinated output. We give particular emphasis
to the inclusion of guardrails, which are of the utmost importance to make medical Al systems ethical and regulatory
compliant. Guardrails put limits, identify outliers, and stop the creation of potentially harmful or non-compliant content.
At the same time, the RAG framework enhances contextual knowledge of the system by including domain knowledge in
response generation, thus improving accuracy and relevance. Our research compares the performance of different RAG
and LLM configurations according to their strengths and weaknesses, as well as best application scenarios. The findings
demonstrate the potential combination of RAG and LLMs in facilitating secure and trustworthy medical decision-
making.

KEYWORDS : Guardrails, Hallucinations, Healthcare, Large language models (LLMs), Medical data, Retrieval-

augmented generation (RAG).

INTRODUCTION

Robust language models that can support healthcare
professionals in decision-making, documentation,
and patient communication have been developed as a
result of the rapid advancement of artificial intelligence
(Al) in medicine. The ability of Large Language Models
(LLMs) trained on medical data to comprehend complex
medical queries, summarise patient histories, and deliver
precise responses has shown progress.

The comparison of many fine-tuned LLMs combined with
RAG and guardrails is presented in order to evaluate how
well they handle medical data. We want to determine
the best approach for Al-based medical applications
by measuring performance measures such as accuracy,
dependability, and clinical relevance.  Our results
contribute to the field of study on Al-enabled healthcare
by providing the most effective way to optimise LLMs for
real-world medical use cases while maintaining safety and
compliance.
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The system proposed in this paper incorporates three
major modules; Guardrailing, Retrieval Augmented
Generation, and Fine-Tuning to improve the reliability
and correctness of the response produced by a fine-tuned
model. The process starts with a user input, which is used
as the system input. The Guardrailing module is the first
processing layer that ensures the input is in line with pre-
specified ethical and safety standards.

Fig. 1: Block diagram of the system

After passing the Guardrailing Module to perform safety
and ethics checks, the prompt goes through the RAG
Module, which retrieves relevant context from formal
medical sources in order to aid fact-based and context-
sensitive answers. Domain-specific fine-tuning is then
applied to the LLM output using the context that was
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recovered, wherein a model specific to a domain fine-
tunes the output according to medical training data.

This paper includes a study of four language models:
Gemmal.1l-7B, Llama2-7B, Llama3-8B, and Mistral-7B,
analyzing their performance in medical query handling
and response reliability.

Gemmal.1-7B is an efficient and compact large language
model that is tasked with providing natural language
processing powers that are fast and scalable. In the
research, Gemmal.1-7B was assessed for its coherence and
context-based response generation against computational
efficiency.

Llama2-7B is a Meta-built, openly weighted language
model with strong capabilities in reasoning and knowledge-
based functions. In this work, LIama2-7B was tested for its
retrieval-augmented generation (RAG) feature and ability
to be fine-tuned with medical knowledge.

Llama3-8B is an advanced version of Meta's Llama series,
bringing contextual comprehension and response accuracy
improvements, especially in dealing with domain-specific
questions. In this research, Llama3-8B was experimented
upon for its performance in combining retrieved knowledge
with fine-tuned information to provide more accurate and
reliable results in medical applications.

Mistral-7B is a cutting-edge transformer-based model
renowned for its maximized training efficiency and
enhanced text generation performance. Mistral-7B was
examined in this research based on its performance in
medical query management, especially on its ability
to reduce hallucinations while ensuring high response
dependability.

The paper also tests three guardrail mechanisms: NeMo-
Guardrails, Guardrails Al, and Llama Guard to guarantee
safe, ethical, and dependable response generation in
medical use.

NeMo-Guardrails, built by NVIDIA, provides a
programmable and modular architecture that can specify
conversation flows, apply response rules, and prevent
toxic or out-of-scope content in real time. It was utilized
to enforce bespoke safeguards against misinformation and
unethical suggestions, which are essential in healthcare
situations.

Guardrails Al is a Python framework for specifying what
LLMs can and cannot output using structured XML-like
configuration, which makes it ideal for establishing clear

www.ijteonline.in
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boundaries in medical conversation. It was tested for data
privacy enforcement, medical sensitivity enforcement,
and rejection of ambiguous or dangerous outputs.

Llama Guard, proposed by Meta, is a light safety classifier
model specifically tailored for pre-screening or post-
processing LLM output. It was incorporated into the
system for marking unsafe or toxic replies, especially in
user inputs, and proved highly effective in screening out
inappropriate content during medical consultations.

LITERATURE REVIEW

Rebedea et al. [1] introduced NeMo Guardrails, a
collection of tools designed to provide controlled and
secure LLM applications. The system works towards
reducing hallucinations, dealing with output ambiguity,
and increasing credibility, making it ideal for safety-
critical environments such as medicine.

Christophe et al. [2] introduce Med42-v2, a set of clinical
LLMs that were fine-tuned on multiple medical corpora.
Their approach indicates better accuracy in clinical
decision support, especially with respect to complex
medical terminologies.

Xu et al. [3] present CHATQA 2, utilizing the wider
context window of Llama-3.0 for more complex RAG
features. Their research highlights the model's ability to
process ultra-long contexts, which can increase retrieval
efficiency for medical use cases.

Ayyamperumal and Ge [4] reflect on the current risks
of LLMs and the importance of Al guardrails. Their
contribution denotes the dangers of LLM hallucinations,
which is crucial in using LLMs for sensitive medical
inquiries.

Gentner et al. [5] systematically review medical chatbot
studies focused on behavioral change models. Their
observations are useful to inform responsive and user-
centered medical chatbots.

Gupta et al. [6] introduce Florence, a health chatbot
intended for patient interaction. The study emphasises the
prospects of chatbots in enhancing patient communication
and personalized health guidance.

Vakayil et al. [7] designed a RAG-based LLM chatbot
with Llama-2 to assist victims of sexual harassment. The
empathetic and non-judgmental nature of the project's
focus can be used to develop sensitive and ethical medical
chatbots.
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Sanna et al. [8] propose a modular RAG architecture for
mitigation of unstructured data constraints in certified
medical chatbots. Efficient streamlining of trusted medical
data retrieval in multilingual settings can be utilized with
the modular design.

Kirubakaran et al. [9] design a RAG-based medical
assistance for infectious diseases. A knowledge graph
incorporation to avoid hallucinations can lead to best
practices in the retrieval of medical information.

Bora and Cuayahuitl [10] critically examine RAG-based
LLMs for medical chatbots. They contrast fine-tuning and
RAG strategies and find that the hybrid method enhances
the model's accuracy, which is applicable for deploying
solid medical query systems.

The various researches highlight Guardrails' relevance
to avoid hallucinations, Fine-Tuning that boosts domain
know-how, and RAG increasing response reliability using
extensive medical knowledge bases. Building on these
outcomes, our study aims to combine guardrailing, RAG,
and fine-tuning for creating a reliable, accurate, and safe
medical Al system withstanding healthcare processes in
the real world.

METHODOLOGY

Our system's methodology is systematic in its approach
towards creating an intelligent and trustworthy medical
query system. It incorporates carefully curated medical
knowledge, security features, model fine-tuning, dynamic
retrieval methods, and a user-friendly interface. The system
begins by processing requests made by users through a
Guardrailing Module, which eliminates unsafe or inapt
requests for safety. A request found to be safe is then
converted to embeddings and passed on to the Retrieval-
Augmented Generation (RAG) module. Within this
module, appropriate context is fetched from a structured
medical knowledge base to enhance the accuracy of
responses. The refined answer is then ultimately displayed
to the user, delivering reliable, context-aware, and
medically relevant outputs.

Fig.2. depicts the structured workflow of the medical query
system, which leverages Guardrails, Retrieval-Augmented
Generation (RAG), and a well-tuned Large Language
Model (LLM) to yield correct and safe responses. The
system ultimately offers a properly formatted medical
response, ensuring safety, accuracy, and reliability. This
structured pipeline ensures safety, reliability, and retrieval-
augmented response generation, where the system is
efficient and robust in handling medical queries.

www.ijteonline.in
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Fig. 2: Workflow diagram of the system

The following are key elements of the system that provide
accuracy, safety, and usability, such as structured data
collection, ethical control guardrails, retrieval-based
augmentation, domain-specific fine-tuning, and a user-
friendly interface.

Data Collection and Knowledge Base Construction

The platform is constructed upon a sound medical
knowledge base developed with research articles, medical
papers, journals, and open source data sets. Medical data
like clinical guidelines, research articles, and patient
information are collected and categorized to create a rich
repository of verified data. In this manner, the model is
guaranteed to have access to up-to-date and contextually
relevant medical information.

Guardrails Mechanism

These guardrails watch the inputs and outputs of the model
to keep it from producing inappropriate, biased, or wrong
information. If the system detects a potentially dangerous
answer, it corrects it or puts out a disclaimer to adhere
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to ethical standards. These are similar to a filtering layer
which imposes ethical standards, manages ambiguity,
and holds answers accountable according to medical best
practices.

Retrieval-Augmented Generation (RAG) Framework

RAG improves the model's output by bringing in outside
knowledge dynamically. Instead of being limited to
leveraging pre-trained data, the system pulls in the
relevant medical documents dynamically, resulting in
more dependable responses less prone to relying on stale
or erroneous data. This guarantees that responses are
accurate and contextually rich.

Fine-Tuning Model

Fine-tuning the model with clinical domain data enhances
its ability to learn complex medical sentences, diagnostic
patterns, and treatment processes. This refinement
enhances the language model to perform optimally within
clinical use, improving accuracy and relevance to the
context. Through fine-tuned expertise, the model generates
more precise and domain-relevant responses.

Evaluation Metrics

A comparative analysis of various evaluation metrics
utilized in measuring the performance of fine-tuned models
and guardrailing agents. The measurements are carried
out based on BLEU, ROUGE-L, BERTScore, and QAG
Score, each handling unique aspects of text similarity,
fluency, and relevance.

1. BLEU Score: BLEU (Bilingual Evaluation Understudy)
is an accuracy-oriented metric that measures the similarity
between a generated text and a reference text based on
comparing n-grams. It estimates the percentage of n-grams
in the candidate text that overlap with the reference
text and adds a brevity penalty to prevent short output.
Introduced by Papineni et al. (2002), BLEU is a popular
tool for assessing the quality of machine translation.

BLEU = BP X exp(Z (wBlogpl))

ROUGE-L Score: ROUGE-L (Recall-Oriented Understudy
for Gisting Evaluation) calculates longest common
subsequence (LCS) between the reference and candidate
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text as a function of recall and precision. It calculates how
much the reference text is preserved in the generated text,
making it suitable for summarization and text generation
applications where sequence structure has to be preserved.

(1+p 2) -ROUGE—L,. ROUGE-L,

ROUGE-L_=—s
F B .RGUGE—LP+RGUGE—LR

BERTScore: BERT (Bidirectional Encoder
Representations from Transformers) Score utilizes
contextual representations of a pre-trained BERT model
to determine semantic similarity between candidate and
reference text words. Unlike traditional n-gram-based
metrics, which lose meaning outside of literal word
matches, BERTScore maintains meaning outside of literal
word matches through contextual representations and is
thus best suited to evaluate fluency and coherence in text
generation.

Where:

e X and Y are the sets of token embeddings for the
candidate and reference sentences, respectively.

e Xxi and yi represent token embeddings from the
candidate and reference text.

® Xi - i is the dot product (cosine similarity) between
embeddings.

° maxyieri. yi finds the most similar reference token for
each candidate token.

e The summation averages across all tokens in X,
normalizing by the number of tokens | X|.

QAG Score: QAG (Question-Answer Generation) Score
is a collective measure developed to evaluate question-
answer generation models. It presents itself as BLEU,
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ROUGE-L, and BERTScore along with weighted
contributions in order to reflect the quality of the text as
a whole. This measure ensures generated text remains
semantically sound as well as concurs with linguistic
quality and contextual coherence.

QAG = o-BLEU+B-ROUGE-L+y-BERTScore
Where:

e 0,B,y: weighting factors for BLEU, ROUGE-L, and
BERTScore

e BLEU: measures n-gram overlap

e ROUGE-L: evaluates sequence similarity
e BERTScore: contextual similarity metric
RESULTS AND DISCUSSIONS

Comparative
Performance

Evaluation of Language Model

Table 1 shows the comparative performance analysis
of various language models: Gemmal.l-7B, Llamaz2-
7B, Llama3-8B, and Mistral-7B, tested on the four most
important NLP performance criteria: BLEU, ROUGE-L,
BERTScore, and QAG. Each metric tests various attributes
of text generation quality such as precision, recall,
contextual similarity, and question-answering ability.

Table 1: Evaluation Metrics of Different Models

Models BLEU ROUGE-L | BERT QAG
Gemmal.1-7B 0.90 0.92 0.94 0.91
Llama2-7B 0.78 0.85 0.89 0.82
Llama3-8B 0.79 0.86 0.91 0.84
Mistral-7B 0.80 0.87 0.90 0.85

Graph Interpretation of Models

The figure below represents the evaluation metric
graph used in a way that identifies the performance of
different LLM models. They were tested based on BLEU,
ROUGE-L, BERTScore, and QAG Score, which provide
information about their efficiency in every aspect of text
generation and comprehension.

The output of the four models for the performance
comparison graph presented in Fig. 3 is as follows:

Gemmal.1l-7B performed better than all models, with
results of 0.90 in BLEU, 0.92 in ROUGE-L, 0.94 in BERT,
and 0.91 in QAG. Its improved performance is a testament
to its ability to generate high-quality, contextually rich,
and fluent text as well as being coherent and accurate.
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Fig. 3: Comparison of different models based on
evaluation metrics

Llama2-7B bested 0.78 BLEU, 0.85 ROUGE-L, 0.89
BERT, and 0.82 QAG with great language modeling
abilities but slightly lower coherence and fluency
compared to Gemma 1.1. Still, it is a good enough choice
for most NLP applications.

Llama3-8B improved over its predecessor to achieve
BLEU score 0.79, ROUGE-L score 0.86, BERT score 0.91,
and QAG score 0.84. This shows better comprehension
of sentence formation and content preservation, a
characteristic which makes it adequately qualified for
application in highly contextual contexts.

Mistral-7B maintained competitive performance with
0.80 inBLEU, 0.87 in ROUGE-L, 0.90 in BERT, and
0.85 in QAG, which proves that it is proficient in natural
language generation. But its slightly lower scores show
certain restrictions in retaining fine-grained information
while generating text.

Fig. 4: Comparison of different models based on training
loss per step
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Comparative Analysis on Medical Data Processing with RAG-

The above graph displays the training loss at each step
of four models fine-tuned using QLoRA for clinical
application with 4-bit quantization. Initially, all the
models show high loss, and the maximum initial volatility
is reported by Gemmal.l-7 B. However,as training
progresses, the values of the loss stabilized in all models,
and Mistral-7B and Llama3-8B recorded the lowest and
most stable loss. The trend of convergence predicts that
these models learn well for medical fine-tuning, with
Gemmal.1l-7B showing a bit more variance in the next
steps. This comparison illustrates the stability and learning
capability of each model during fine-tuning.

In summary, Gemmal.1-7B outperformed Llama2-7B,
Llama3-8B, and Mistral-7B across all the measures taken,
with the best BLEU, ROUGE-L, BERT, and QAG scores.
Its better fluency, coherence, and contextual precision help
it rank at the top. Though Llama3 had made some steps
forward over Llama2, while Mistral ranked equally, both
were slightly behind in remembering fine-grained facts.

Limitations of the Models

The boundaries of fine-tuned and guardrailled LLM with
RAG largely include training bias, retrieval gaps, and
answer limitations from guardrails. Though domain-
specific adaptation through fine-tuning with LoRA is
strengthened, it might fall short when presented with out-
of-distribution requests or intricate medical situations
beyond training coverage. Also, the use of vector search
can lead to retrieval of the event of embeddings lacking
sufficient granularity. Scalability and latency are also
issues, primarily when working with big health datasets
in real-time.

Comparative Evaluation of Guardrail Framework
Performance

Table 2 compares the accuracy performance of three
guardrail systems—Llama Guard, NVIDIA NeMo, and
Guardrails Al—with a baseline model. The evaluation was
conducted on a synthetic data set specifically designed to
test edge-case situations, such as hallucination generation
and attempts at jailbreak. The data set replicates real-
world prompts that challenge the model's safety, factuality,
and ethical response limits. This allows a comprehensive
analysis of the guardrails' ability to improve the model's
reliability in safety-critical domains.
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Table 2: Accuracy Comparison of Guardrails Frameworks

The results indicate that all three guardrails enhanced
the accuracy of the model in avoiding hallucinations and
jailbreaks to a large extent. Among them, Llama Guard
achieved the maximum jailbreak prevention accuracy
of 96.0%, and Guardrails Al was slightly better in
hallucination prevention compared to others at 93.2%.
These findings put emphasis on the effectiveness of adding
systematic safety layers for boosting the reliability and
robustness of language models in high-stakes medical use
cases.

CONCLUSION

In conclusion, this study shows the effectiveness of
using a combination of Guardrails, Retrieval-Augmented
Generation (RAG), and fine-tuning to develop a context-
sensing and reliable medical question system. The system
enhances response accuracy Wwithout hallucinations
through domain-specific fine-tuning, external knowledge
retrieval, and safety measures. Of the models tested, the
best was Gemmal.1-7B, which outperformed Llama2-7B,
Llama3-8B, and Mistral-7B on a range of test metrics.
The study highlights the importance of balancing model
specialisation, retrieval efficiency, and safety to achieve
peak performance in medical Al applications. Future
studies can explore further enhancement of retrieval
methods and real-time adaptability to make it more user-
friendly and trustworthy.
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ABSTRACT

Narrative Frame is a framework that utilizes Al to transform written stories into synchronized audiovisual
narrations. Utilizing cutting-edge diffusion models for video generation and Google Text-to-Speech (gTTS) for
narration, the framework produces short videos that visually and audibly portray each part of the input narrative.
The most important innovation is its light-weight end-to-end pipeline, which integrates sentence tokenization,
motion diffusion generation, automated voice-over, and subtitle alignment into a single process. In contrast to
current tools, Narrative Frame prioritizes ease of use, with limited user input and rich narrative coherence through
temporal synchronization of images and voice. This paper describes the design, deployment, and testing of the
framework, coupled with real-world observations on usability, computational performance, and usefulness in
digital storytelling, education, and content prototyping. Experimental evaluation confirms its ability to generate
appealing story-consistent video clips with low latency and high perceived quality.

KEYWORDS : Narrative frame, Text to video generation, Diffusion models, Text to speech, Deep learning, Story

visualization, Multimodal content synthesis.

INTRODUCTION

Deep learning and artificial intelligence have
undergone significant advancements, creating
phenomenally new do-mains, especially in the content
generation focus on the creation of video from text
description, which works wonders in improving
narrative techniques.

This paper presents Narrative Frames, a state of the
art text-to-video synthesis platform that employs
Stable Diffu-sion Models to automatically generate
corresponding videos for specified narratives. Unlike
traditional story-telling which heavily depends on
written texts or imagery, often referred to as text or
image centric approach, there is always an embodied
endeavor of making narratives more captivating. Recent
advances in generative models like Stable Diffusion
enable creation of images and videos that are not only
visually appealing but also provide meaningful context
to the text input.
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The primary goal of Narrative Frames aims to
accomplish automated video generation for stories
that accompany existing narratives, thus changing
the approach to video creation from the traditional
technique of manual editing. This framework applies a
diffusion model on the textual data to generate an image
stack depicting the critical features of the narrative. In
order to enrich the narrative served, Google Text-to-
Speech (gTTS) is added to guarantee timing between
narration and imagery to optimize engagement with the

story.

Narrative Frames automates the creation of sophisticated
videos using educational text, transforming them into
personalized digital stories, automating the production
process for holistic storytelling and multimedia
experiences. This automation has implications for the
education, digital media, and entertainment industries, as
Narrative Frames caters to the emerging sophistication
demand automation systems. Users simply provide their
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stories, and the system handles the rest, dramatically
streamlining the video production process. This is made
possible by Narrative Frames’ automated processes for
turning text into video.

An emphasis on assessment focuses on the effectiveness
and convenience in achieving high-quality, narrative-
driven videos in terms of design, implementation, and
challenges of the system.

RELATED WORK
Text-to-Image Generation

Most of the early efforts were plagued by having
major issues with employing Generative Adversarial
Networks (GANs) to generate images with a loose
coherence to what was previously described in text
form and ironing out the problems with the visual
detail was dominating them nearly completely. They
only produced a best guess output with only the very
fundamental functionality being operational most of the
time, with part of the aspects being somewhat in place.
Some solutions that would fix some of these issues
were: StackGAN, however, created a type of two step
process with detail and resolution enhancement being
added at each step after building the initial low detail
version image from the text embeds. The procedure first
produces a low resolution image from the input text and
continuously refines it for greater fidelity in an attempt
to create realism and contextuality.

Models such as Stable Diffusion have gained favor
since they are able to add and remove noise in an
iterative manner and generate high-quality images that
are highly compatible with the input text.

Text-to-Video Generation

Text-to-video synthesis is a challenging task that
encompasses transforming descriptive text input into
visually pleasing and semantically consistent video
output. One of the central challenges in the field is
maintaining temporal coherence—smoothness and
consistency of motion and scene change between
successive frames—while faithfully representing the
semantics of the input text. Early approaches such as
MoCoGAN (Motion and Content Decomposed GAN)
addressed this challenge by using GANs that model
motion and content in a self-controlled, independent
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manner. This motion-content separation allowed for
better control over dynamic and static aspects of video
synthesis and led to higher realism and diversity in
short video clips.

Recently, this field has been advanced further by the
emergence of diffusion models. These models produce
video clips by iteratively denoising random noise,
refining it step by step into intelligible video frames. By
enforcing temporal constraints and context-awareness at
the time of denoising, diffusion-based models can create
sequences with smoother transitions and higher visual
realism. This methodology not only increases frame-to-
frame coherence but also maintains the global narrative
structure inferred from the text description, and thus the
output videos are closer to the story intended.

Diffusion-based techniques overall are a paradigm
shift towards text-to-video generation, achieving better
performance in retaining semantic meaning as well as
temporal dynamics compared to previous GAN-based
approaches.

STABLE DIFFUSION MODEL PROCESS

The Stable Diffusion model is based on a two-step
approach: a forward diffusion process and a reverse
denoising process. Noisy observation X is progressively
added to the original data xo step by step in a time
sequence of steps T in the forward diffusion process. It
can be mathematically represented as:

Q{mi | ml—l:‘ = N(-Tg; \/ 1 ﬁt . 1'1_1”&! . I)

Where:
* X is noisy observation at time step t

e P is the variance schedule that determines the
amount of noise to add at each step

In the reverse denoising process, the model learns to
reverse each step to restore the original data using a
neural network (typically U-Net). It estimates

polzi—1 | ) = N (zi—1; po(ze, t), Eo(z4, )
This enables the model to transform raw noise into real
data conditioned on inputs such as text.

Noisy data at time t can be written as:

@ = oy -z +4/1

oy - €
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Where:

»  x is the noisy observation at time t

* o is the noise schedule value at time t

* ¢1is Gaussian noise sampled from N(0, 1)

o is chosen so that noise increases monotonically
with time.

Reverse Denoising Process

During this phase, the neural network tries to learn the
noise € added. The aim is to bring the estimated noise as
close as possible to the actual added noise in the forward
process. The estimated noise is represented by €'.

The loss function employed is:
~ 2
£ =B |[le - éolar ]I’

Where:

*  Enew(Xs t) is the predicted noise from the neural
network

* 0 are network parameters

The value denoised at time t-1 is then computed as:

z L T 1o, (2, 2) ) + /B - 2
o o (. B, -
T\t A—w ‘
Where

* [3 15 the noise variance
+ 7 ~ N(0, 1) 18 Gaussian noise

Text-Guided Generation

Fig. 1: U-NET Diagram
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To guide image generation with text, a text encoder (like
CLIP) is used to convert input text into embeddings.
These embeddings are fed into the diffusion model so
that the generation process produces visuals aligned
with the description. This combination allows Stable
Diffusion to generate detailed, realistic, and semantically
correct images or videos as per the narrative input.

Operation of the Narrative Frames Project

The system "Narrative Frames" is designed to create
videos from user-supplied stories in text format. It
accomplishes this through Natural Language Processing
(NLP), deep learning for text-to-image generation,
voice synthesis, and video editing. This document
explains the key components of the system.

Natural Language Processing (NLP)

NLP is used to process and analyze the input story. The
first step is tokenization, where the story is split into
individual sentences:

Story = {sl, s2, ..., sn}

Each sentence is processed independently. The system
also detects the emotional tone (positive, negative,
or neutral) of each sentence. This tone influences the
visual style during image generation.

Named Entity Recognition (NER) is applied to extract
key entities (characters, places, etc.). NLP tools like
spaCy are used here. Then, deep learning models
such as BERT are used to convert each sentence into
numerical vectors (embeddings):

E = BERT(si)

These embeddings capture the meaning and are passed
into the image-generation system.

Stable Diffusion Image Generation

Stable Diffusion is used to produce images from text
embeddings. It is run in two stages:

Forward Diffusion: Applies noise to an image gradually
until pure noise is reached.

= Jag-xg+ V1 -y

Reverse Denoising: Use a model to iteratively denoise
to recover the image from noise.
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1 1 (273
— —— ]
v’b—i V1
This process results in images that visually represent
the input sentences.

T = Iy (e, t)| + 1./’?,2

Speech Synthesis Using gTTS

Google Text-to-Speech (gTTS) is used to convert each
sentence into audio:

Ai=gTTS(si)

Where:

Ai : Audio output generated for the sentence sis_isi
si : Input sentence

¢TTS: Google Text-to-Speech function used to convert
text to speech

Video Assembly with MoviePy

Finally, MoviePy is used to combine images and audio
into a single video. Images are shown in order, and
audio is synchronized:

V = MoviePy({x1, X2, ..., xn}, {Al, A2, ..., Am})
Where:

e V = Final video

e xi = [mages

e Ai = Audio clips

WORKING METHODOLOGY

The proposed system, Narrative Frames, is an Al-based
end-to-end framework designed to convert narrative
text into narrated video stories. It consists of five key
stages: story segmentation, visual generation, audio
narration, subtitle alignment, and final video merging.

1. Story Segmentation: The input narrative is cleaned
and divided into semantic sentence-like units
using SpaCy-based natural language processing.
Pronouns are resolved to improve prompt clarity for
later stages. These segments serve as independent
prompts for video and audio generation.

2. Visual Generation: Each sentence is passed to
AnimateDiff, a diffusion-based video synthesis
model. AnimateDiff leverages CLIP embeddings
for text conditioning and generates motion-
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consistent image frames. A checkpoint pretrained
on 4-step inference is used to optimize speed and
coherence. The resulting frames are converted into
video clips using FFmpeg.

3. Audio Narration: Each sentence is synthesized into
speech using a neural text-to-speech engine (e.g.,
Coqui TTS). The tool supports multiple pretrained
voices. Each audio clip corresponds to one video
segment, enabling precise alignment.

4. Subtitle Generation: Subtitles are auto-aligned
using timestamps from audio synthesis. Sentence
start times and durations are tracked, and text is
overlaid using MoviePy to produce embedded
subtitles synchronized with the narration.

5. Video Merging: All individual video clips and
audio narrations are merged using MoviePy’s video
editor. This step ensures seamless playback with
voice, visuals, and subtitles forming a coherent
narrative.

Fig. 2: Workflow Diagram of Narrative Frames System

The figure illustrates the complete working pipeline
of the Narrative Frames system. It begins with Story
Segmentation, where input text is divided into
meaningful sentence units. These segments are then
passed to the Visual Generation stage using AnimateDiff
for video clip creation. Simultaneously, Audio Narration
is produced for each segment using a neural TTS model.
Subtitle Alignment synchronizes the narration with on-
screen captions. Finally, Video Merging integrates all
components—video clips, audio, and subtitles—into a
unified, narrated video output.

ESTIMATING THE RELIABILITY OF
STABLE DIFFUSION FOR TEXT-TO-
VIDEO SYNTHESIS

Quantitative metrics and qualitative human evaluations
are used in order to evaluate the stability and performance
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of the Stable Diffusion model in generating text-to-
video.

Evaluation Metrics
Fréchet Inception Distance (FID):

FID measures the resemblance between authentic and
synthetic image frames. The lesser the FID score, the
more authentic the produced images and the nearer they
are to authentic image frames.

Video Consistency Score (VCS):

Measures how well individual video frames are aligned
and coherent over time. This is crucial for avoiding
flickering or sudden changes in generated videos.

Subjective Human Ratings:

Human evaluators rate the generated videos based on:

* Relevance to the input text

*  Visual quality

*  Temporal smoothness (frame-to-frame consistency)
Hardware Benchmark and Performance Evaluation

Stable Diffusion-based video generation was tested on
a variety of GPUs to assess performance in terms of
speed, memory consumption, and output quality.

Table 1:Performance and Quality Comparison
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Observations

o Stable Diffusion with A100 delivers the best
performance, producing high-quality, temporally
smooth videos in the shortest time, with the lowest
FID and highest user satisfaction.

o Consumer GPUs like the 1080 Ti struggle with
speed and quality, often leading to less accurate or
flickering outputs.

o Compared to legacy models like VQGAN + CLIP,
Stable Diffusion achieves significantly lower FID
scores, better coherence across frames, and greater
satisfaction among human viewers.

o These benchmarks support the claim that Stable
Diffusion, especially on high-end GPUs, is
currently the most desirable framework for real-
time or high-fidelity text-to-video synthesis.

CONCLUSION

The design and implementation of a Stable Diffusion
model-based framework for text-to-video generation
system was described in this study. This helps to
transform text into action videos. The system is efficient
in applying Natural Language Processing (NLP) by
interpreting the provided text to analyze meanings and
imagery description, and selecting semantics to image
creation. An image’s resemblance to its meaning is
maintained because image generation is done using
a stable diffusion model. All the images created are
further merged with audio illustration to achieve
seamless storytelling.

The Stable Diffusion model’s incorporation in image
synthesis is beneficial as it has the ability to create
images at high resolution without straining the system’s
processing power. The model performs image synthesis
using a forward noise diffusion and reverse denoising
to create the images in line with the text provided. This
ensures that the story is not altered. Context is expanded
by the use of text embeddings which makes the system
suitable for automated storytelling.

This study illustrates the possible outcomes of applying
diffusion models to the generation of content based on
textual descriptions which advances Al driven models.

This research contributes to the advancement of Al-
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driven multimedia content generation by showcasing
the potential of diffusion models in converting textual
descriptions into visually engaging media. Future
enhancements could explore improving the temporal
continuity between generated frames, as well as
integrating advanced speech synthesis techniques for
enhanced auditory experiences. The findings underscore
the promising intersection of NLP and diffusion-based
models in creative Al applications, paving the way for
further innovation in automated storytelling and content
creation.

Abbreviations and Acronyms

o« GAN: Generative Adversarial Network A
machine learning structure where two neural
networks, the discriminator and the generator, are
trained simultaneously to generate synthetic data
that is extremely similar to actual data.

o NLP: Natural Language Processing — Subdivision
of artificial intelligence that deals with human-
computer linguistic communication, allowing
machines to process, comprehend, and generate
human language.

o FID: Fréchet Inception Distance — A measure
employed to assess the quality of produced images
by determining the difference in distribution
between produced images and actual ones in a
feature space.

o IS: Inception Score — A performance metric of
generative models that estimates quality and
diversity of the produced images through a pre-
trained Inception model.

o T2V: Text-to-Video — A generative Al method that
generates videos from natural language descriptions,
allowing for automatic video generation based on
text input.

o« CNN: Convolutional Neural Network — A deep
learning framework especially well-suited for
processing grid-structured data like images, famous
for its application of convolutional layers to identify
patterns.

e RNN: Recurrent Neural Network — A form of
neural network well-suited to sequential data,
where nodes' connections constitute a directed
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graph along a temporal sequence, so information
can endure.

VQGAN: Vector Quantized Generative Adversarial
Network — A form of GAN that merges vector
quantization and adversarial training, allowing
high-quality and intricate image synthesis.

CLIP: Contrastive Language-Image Pretraining —
An OpenAl model that is trained on visual concepts
using natural language supervision, allowing it to
comprehend images based on related text.

SD: Stable Diffusion — A deep generative model
based on a diffusion process for generating images
from text inputs, renowned for creating high-
quality, photorealistic images.

Image Resolution (pixels): The resolution of
processed or generated images is given in terms
of pixel dimensions, e.g., 256x256 px or 512x512
px. This indicates the height and width of an image
in pixels, which affects the detail level and quality
directly.

Computation Time (seconds or milliseconds): Time
it takes to compute certain computations or model
inferences is generally reported in seconds (s) or
milliseconds (ms). Such measurements are used
to assess the speed and responsiveness of models,
especially in real-time or near-real-time use cases.

Training Duration (epochs): The number of full
passes over the entire training dataset is referred
to as epochs. For instance, 50 epochs mean that
the model has been trained on the entire dataset
50 times, which impacts both convergence and
performance.

GPU Memory Usage (gigabytes): The memory
consumed by the GPU during training or inference
is quantified in gigabytes (GB). The unit is important
for establishing the scalability and viability of deep
models on various hardware platforms.

Computational Efficiency (FLOPS): Computational
efficiency is measured in terms of FLOPS (Floating-
Point Operations Per Second), which is a measure
of how many arithmetic operations a model can
execute per second. It is a standard used to compare
the performance of models and hardware.
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Equations
Fréchet InNXception Distance (FID)

FID = |, — | + T (5, 1 5, - 2(2,3,))

where:

Inception Score (IS)
IS = exp (E, [Dxr(p(y | =) || p(y))])

Where

* Dy Kullback-Leibler divergence
* ply | x): Conditional label distribution given an image :
« p(y): Marginal distribution over all labels

» [E.: Expectation over all generated images &
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ABSTRACT

The application of Machine Learning (ML) in medicine has gone a long way to improve diagnosis quality
and treatment through data-based decision-making. Conventional methods of ML have traditionally centered
on prediction, not usually being capable of revealing cause-and-effect relations crucial for good healthcare
interventions. The effectiveness of causal inference methodologies is studied in this paper using the Infant Health
and Development Program (IHDP) data—a semi-synthetic dataset with known treatment effects—allowing to
naturally measure how accurately causal estimators can fit. Four methods of causal inference that are better known
were tried: Propensity Score Matching (PSM), Inverse Probability Weighting (IPW), Doubly Robust estimation
(DR), and Causal Forests. These approaches were contrasted using primary performance measures such as Average
Treatment Effect (ATE), Root Mean Square Error (RMSE), variance, and bias. The findings showed that neither
IPW nor PSM had much bias and both estimates were consistent with the lowest RMSE pertaining to PSM (3.6476)
exhibiting the best predictive reliability. DR exhibited even better reduction in bias (0.9638) but experienced
higher variance from sensitivity to subject variability. Causal Forests also successfully modeled heterogeneity
of treatment effects, albeit with slightly higher bias (1.5377) and RMSE (3.7804). The results highlight that the
selection of causal inference method must be congruent with the objectives of analysis—minimizing bias, variance
control, or detecting heterogeneous effects. Finally, the research emphasizes the role of causal inference to enhance
both robustness and interpretability within the context of ML-based models in healthcare.

KEYWORDS : Causal forest, Causal inference, Causal inference techniques, IHDP dataset, Machine learning,
Treatment effect.

INTRODUCTION

ealth care is a rapidly changing industry. New

technologies and data-driven insights are
substantially changing patient care to the benefit of the
medical professionals, who can now use innovative
technologies and new data to help improve patient
care, thus resulting in the enhanced patient experience.
Machine Learning (ML) has had a significant impact
on healthcare due to its capability to provide powerful
data-driven predictions thus improving diagnostics and
enabling better patient risk stratification [1]. While
traditional machine learning excels at prediction, it does
not explain the underlying cause-effect relationship
which plays a crucial role in healthcare [2]. This is
where the concept of causal inference becomes essential.

Using Causal Inference helps understand the cause and
effect relationships in data by addressing assumptions,
confounding factors and noncompliance in data [3].
As mentioned in [4], the primary objective of causal
inference is to expand Machine Learning capabilities
beyond prediction to intervention and decision-making,
where fairness and model stability problems arise. Given
capital and ethical limitations, randomized experiments
are not always viable to answer all causal questions [5],
making observational data a vital and cost-effective
alternative for estimating causal effects [6]. The [HDP
dataset was used to assess causal inference techniques.
The IHDP dataset is a semi-synthetic dataset based on
randomized study of specialist visits and their impact
on children's cognitive development [7].IHDP dataset
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provides ground truth treatment effects which makes
it possible to determine the difference between the
estimated and real outcomes thus making the dataset
an outstanding reference model for the assessment of
causal inference methods. Causal inference methods
were applied to the IHDP dataset to enhance model
reliability, handle treatment effect heterogeneity, and
provide more robust causal insights.

Further, this paper is structured as follows: Section
I provides a detailed literature survey, highlighting
previous work and key findings related to Causal
Inference in healthcare. Section III describes the
methodology and an exploration of various models
that have been implemented, including details about
the dataset. Section IV presents the results based on
evaluation parameters, while Section V summarizes
key findings.

LITERATURE ANALYSIS

This section offers a thorough review of current research
on causal inference methods. Causal inference has
been an essential component of observational studies
in various areas of healthcare, economics, and public
policy During the former attempts to estimate treatment
effects in the absence of randomized controlled trials,
Rosenbaum and Rubin [8] introduced PSM, with the
aim of balancing covariates across control and treatment
groups to approach confounding. The technique
provided the foundation, allowing matching with a
scalar score rather than high-dimensional covariates,
and has since been used extensively in medical and
behavioral sciences [9].

Following PSM, scholars introduced Inverse Probability
Weighting (IPW) to address cases of weak matches or
overlap. IPW, through reweighting the units by the
inverse of treatment assignment probability, creates an
artificial sample that mimics a randomized trial [10].
Researches [11] demonstrated [PW's capacity to control
confounding but also demonstrated its susceptibility to
inflation of variance, particularly in the presence of
high propensity scores.

To improve estimation stability, Doubly Robust (DR)
Estimation methods were proposed, which employed
a propensity model and an outcome regression model.
The approach, detailed in [12], yields consistent
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estimates if one of the two models is correctly specified.
Comparative studies, for example, those by Ridgeway
et al. [13], have confirmed that DR estimators perform
better than either PSM or IPW alone with respect to
bias-variance tradeoff.

With advancements in machine learning, non-parametric
methods such as Causal Forests are being recognized
more widely in terms of estimating heterogeneous
treatment effects. Based on the generalized random
forest algorithm, causal forests recursively split the data
to incorporate complicated interactions as well as effect
modification [14].

The Infant Health and Development Program (IHDP)
dataset, [15], has also become the standard against
which to measure causal inference techniques under
realistic confounding. As a semi-simulated dataset with
known treatment effects, IHDP allows for objective
comparisons of methods such as PSM, IPW, Doubly
Robust Estimation (DR), and Causal Forests [16].

Performance metrics like Average Treatment Effect
(ATE), bias, variance, and Root Mean Squared Error
(RMSE) have been used throughout literature to compare
method performance. For example, [17] offered a
systematic simulation-based comparison of PSM, IPW,
and DR, noting the trade-offs with respect to estimator
precision and model misspecification sensitivity. In
more recent work, techniques incorporating machine
learning for propensity estimation or outcome modeling,
e.g., generalized boosted models and neural networks,
have shown better accuracy on measures such as RMSE
and bias reduction [18].

In general, the history of causal inference methods
is moving away from purely statistical to hybrid and
machine learning-based methods. Although the older
methods such as PSM and IPW set the foundation,
newer methods such as DR and causal forests are major
improvements, with enhanced generalizability and
performance on challenging observational data.

METHODOLOGY

This section will cover and explain the description of
the dataset, the preprocessing steps, and the techniques
for conducting causal inference on the dataset.
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Dataset Description

The dataset used in this paper was collected from the
IEEE DataPort repository that was created to benchmark
their treatment effect estimation methods. The dataset is
based on the randomized controlled experiment carried
out by the Infant Health and Development Program [2],
which target low-birthweight and preterm infants. In
this study, the dataset is semi-synthetic in design based
on actual observational data and includes both factual
and counterfactual outcomes, which allows direct
estimation and evaluation of causal inference methods.

The dataset is composed of the following:

Covariates - A complete list of demographics, socio-
economic and health-related characteristics (ex.,
income, birth weight, parental education level, the
safety of the neighborhood).

Treatment Assignment - A binary treatment variable
encoded to inform if he/she has received a treatment/
intervention.

Outcomes - These include the observed factual outcomes
(outcome_factual) and simulated counterfactual
outcomes (outcome_counterfactual) as well as ground
truth potential outcomes (mu0, mul) for the evaluation
of the simulated data.

Data Preprocessing

The data quality and consistency were established with
the use of the data pre-processing in the following ways:

a. Null values and duplicates: Every row was assessed
for null values and were handled appropriately
so that modelling could be performed without
diminishing the quality of the data.

b. Variable type: Categorical and numerical variables
were assessed and corrected to typecast prior to
exposure to causal models.

c. Normalization: Continuous variables were
normalized to make the mean zero and standard
deviation one to help with speed of convergence
during model training.

d. Variable scaling: Significant features were scaled
using standard variable scaling to minimize the
influence of any one variable or factor.
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e. Dataset splits: The original dataset was separated
so that a training and testing set were created to
extract generalization of the causal model (80-20 is
the model used).

f. Covariate selection: Treatment, Y outcome, and X
covariates were explicitly defined in relationship
to domain knowledge and potential relationship
impact to assure causation learning.

Causal Models
Propensity Score Matching (PSM)

PSM estimates treatment effect by matching treated and
untreated units by their propensity scores, which are
the predicted probabilities of receiving treatment given
covariates. Matching methods are commonly used
to infer causal effects using data from observational
studies. Such methods outline how to turn the original
dataset into a matched dataset in which the distribution
of confounders is appropriately balanced across
treatment groups [19].

Inverse Probability Weighting (IPW)

IPW uses an estimate of the probability of receiving
treatment to weight each unit by the inverse of that
probability [20]. This allows for a balanced estimation
between treated and control groups. The ATE is
estimated in equation (1), where T is the treatment, Y is
the outcome, and e(X) is the propensity score.

_lon (Vi (A-TyY;
IPW = nzi:l (e(Xi-) 1—e(Xi-})

1)

IPW was selected because it was simple, and provided
a model to reduce confounding based on the treatment
model.

Doubly Robust Estimates

A doubly robust estimation is a method that combines
IPW and an outcome model. It provides accurate
estimation if either of the two models is correctly
specified [21]. The estimator is provided in equation
(2), where pl and p0 are predicted (i.e., outcome) scores
and e(X) is the propensity score.

)
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DR estimation was chosen because it is doubly robust,
and can be obtained with misspecification of either the
treatment or outcome models.

Causal Forest

Causal Forest is a tree-based approach for estimating
treatment effects for individuals using data partition
learning [22]. It estimates the Conditional Average
Treatment Effect (CATE) shown in equation (3), where
X are covariates.

™* =E[Y(1)—Y(0) | X = x] (3)

Causal Forest was chosen because it is flexible in
estimating non-linear relationships and treatment effect
heterogeneity.

RESULTS AND DISCUSSION

This section shares the principal findings from the
experimental analysis evaluating treatment effects
through the lens of causal inference. The evaluation
has highlighted differences across several evaluation
dimensions including estimation accuracy, consistency
and robustness.

Evaluation Parameters

Similar to supervised machine learning models,
causal inference techniques also have corresponding
evaluation metrics that capture the quality of treatment
effect estimation. The four base evaluation metrics used
in this study were Average Treatment Effect (ATE), Root
Mean Squared Error (RMSE), Bias, and Variance. ATE
estimates the average difference in the chosen outcome
between the treatment group and control group (4) and
RMSE (5) measures total estimation error by providing
fairly greater penalties for larger deviations and gives
a measure of accuracy for predicted effects. Bias (6)
provides a summary of the extent to which method
overestimated or under-estimated ATE. Variance (7)
identifies the degree of sensitivity of an estimation
approach to the total variability within the data, this
reflects both reliability and stability across samples. The
combination of metrics provides some consistency and
stability along with measures of accuracy (low RMSE),
reliability (low Bias) and robustness (low Variance)
through the realm of treatment effect estimation.

ATE = E[Y(1)]- E[Y(0)] (4)

www.ijteonline.in

Vol. 49  Special Issue

No. 2

Shirke, et al
— AN . — )2
a JN lel(xz 1[1) (5)
Bias(Y) =E(¥) - Y (6)
Variance = E[(Y — E[¥])?] (7)

Classification Results

A comparative assessment of various causal inference
methods including PSM, IPW, DR, and CF was
completed across all of the major performance
indicators: ATE, bias, RMSE, and variance. The
analyses were performed on the IHDP benchmark data
on both the training and testing sets.

As indicated in Table 1, for training, PSM and IPW
were nearly equivalent with respect to ATE and RMSE,
although PSM showed slightly better bias (1.5608 vs.
1.5467). The DR method again did best with the lowest
training bias (1.4801), albeit with higher variance.
Causal Forest had the lowest RMSE of all models
(3.7775), but higher training bias (1.4596) and variance.

Likewise, on the test dataset, the DR method again had
the lowest ATE bias (0.9638) and a competitive RMSE
(3.7473) indicating accurate and stable treatment effect
estimation. PSM also performed well because it had
a low RMSE (3.6476) and a relatively lower test bias
(0.9864), conveying its solid performance despite its
more simplistic nature. [IPW was in the middle of all
performance measures. The Causal Forest performed
the best in terms of modeling power; it did exhibit the
highest test bias (1.5377) and the highest ATE (4.2304).
These measures suggest it was overfitting or sensitive to
variance in the data relative to all other measures in this
situation, as shown in Table 2.

Table 1. Training Data Performance Metrics

Method ATE RMSE Bias Variance
PSM 4.0581 3.8469 1.5608 7.8886
IPW 4.0440 3.8412 1.5467 0.0000

Doubly 3.9775 4.0482 1.4801 3.5407

Robust

Causal 3.9569 3.7775 1.4596 2.5659
Forest

January 2026



Evaluating the Performance of Causal Inference Techniques in

Table 2. Testing Data Performance Metrics

Method ATE RMSE Bias Variance
PSM 3.6791 3.6476 0.9864 0.0000
IPW 3.7732 3.6742 1.0805 1.9721

Doubly 3.6565 3.7473 0.9638 2.7524

Robust

Causal 4.2304 3.7804 1.5377 9.51
Forest

Figure 1 and 2 provide a more refined view of model
performance of training and testing data with heatmaps
for ATE, Bias, RMSE, and Variance for the four
approaches. By comparison, it reaffirms that DR had a
lower amount of bias but very high variance, and PSM
improved on both bias and RMSE in either setting and
across both datasets. Causal Forest was not consistent
and has presented high variance and error metrics for
ATE that we observed on the test dataset earlier.

Fig. 1: Heatmaps of performance metrics (ATE, Bias,
RMSE, Variance) for all methods on training dataset

Fig. 2: Heatmaps of performance metrics (ATE, Bias,
RMSE, Variance) for all methods on testing dataset
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Fig. 3: Bias-Variance Tradeoff on the test set across all
causal inference methods.

Figure 3 shows the bias-variance tradeoff for all
methods on the test set which allows us to better
understand the tradeoff between model complexity and
estimation accuracy. PSM and IPW both fall in the low
bias, low variance, bottom-left quadrant, while DR has
the lowest bias but very high variance. CF falls into the
top-left quadrant, implying not only higher bias, but
significantly higher bias while still possessing some
mild amount of variance. This is an indication of lack
of robustness.

CONCLUSION

Causal inference methods were reviewed on the
IHDP data set using key metrics such as Average
Treatment Effect, Root Mean Square Error, bias, and
variance. In the study we compared four commonly
used causal inference approaches namely propensity
score matching, inverse probability weighting, Doubly
Robust estimation, and causal forests. Among these
methods, PSM and IPW were the appropriate methods
for case scenarios exhibiting stable and low bias causal
estimates with near zero variance when treatment
effects were uniform. PSM further achieved the lowest
test RMSE (3.6476) which indicates a strong predictive
performance. The Doubly Robust approach minimized
bias (0.9638) more effectively than the other methods;
however, itwas sensitive to the subject variability present
in the sample, eventually leading to higher variance.
The treatment effect heterogeneity was best estimated
by Causal Forest, reflecting its strength in modeling
complex relationships, though it showed slightly higher
bias (1.5377) and RMSE score (3.7804) compared to
other methods. These findings demonstrate that every
approach has distinct benefits, and the optimal choice
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depends on whether capturing heterogeneous effects,
variance control, or bias reduction is the top priority.
In summary, the best analysis approach is the one that
fits the goals of the analysis and the features of the data.
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ABSTRACT

In this digital age, tweets serve as powerful reflections of public mood, making sentiment analysis an essential tool
for interpreting social dynamics. An important political event, the 2019 Indian Lok Sabha elections attracted a lot
of public attention and sparked a lot of discussion on social media sites like Twitter (now X) etc. Sentiment analysis
of these tweets offers important information about the sentiment of voters and a general opinion regarding leaders
and political parties. Twitter is a great data source for electoral forecasting since it is a microblogging platform
that allows people to express their ideas, opinions and attitudes in real time. Capturing a text’s emotional tone is
a crucial problem in sentiment analysis using Natural language processing. This study offers a thorough approach
to Twitter sentiment analysis using models like CNN, BERT and some other machine learning techniques. This
research performs sentiment analysis using a large dataset of tweets collected during the 2019 Lok Sabha elections.
The results show how effective deep learning models—in particular, CNNs—are in predicting sentiment with high

accuracy (up to 94.72%).

KEYWORDS : CNN, Elections, Sentiment analysis, Tweets, Twitter.

INTRODUCTION

entiment analysis is considered a crucial part of

Natural Language Processing (NLP), it takes into
account the identification and classification of the
sentiment expressed in the textual data, it helps improve
data with useful insights to support better decisions
in different fields. The field of sentiment analysis
application is broad and covers multiple areas such as
business customer feedback and the state of opinions
on social, economic, political, and cultural aspects of
a country. The method of sentiment analysis is now
one of the main sources for election forecasting in
the digital era. With the increase in social media sites
like Twitter electorates can express their thoughts,
preferences as well as criticize the parties in power
and their candidates. By collecting this random data,
researchers can get to know the voter’s feelings, which
allow them to make correct prediction regarding the
elections. This method has proved to be efficient in
forecasting, monitoring the evolving public opinion as
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well as in the campaign's political dynamics and has
thus enhanced the prediction of voting trends. This
study focuses on the sentiment analysis of the Indian
Lok Sabha elections of 2019. The data include Tweets
on the two major political parties: 29,930 tweets on
Indian National Congress (INC) and 47,766 tweets
on Bhartiya Janata Party (BJP). These statistics are an
interesting source for scientific research, since they
represent a variety of viewpoints and emotions of the
voters throughout the election campaign. Once the data
was collected, it was processed and evaluated using
multiple sentiment analysis algorithms to extract and
interpret underlying emotional patterns. These include
techniques such as CNN and Bi-directional Encoder
Representations from Transformers (BERT), as well as
Linear Support Vector Classifier (SVC) that run Term
Frequency—Inverse Document Frequency (TF-IDF).
The findings demonstrate the growing significance of
social media as a source of data and the effectiveness
of advanced Natural Language Processing methods in
political forecasting.
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This study aims to demonstrate effectiveness of
advanced Natural Language Processing methods in
political forecasting. With increasing digitalization
sentiment analysis provides a real-time and scalable
approach for wunderstanding public opinion. By
analyzing large amount of unstructured data, deeper
insights into voter inclination and emerging trends can
be obtained. As Al technology continues to advance,
sentiment analysis will play an increasingly vital role in
political research, campaign strategy, and governance,
making it an indispensable tool in the digital age.

LITERATURE REVIEW

It is very important to have an overview of public
opinion, especially during major events like elections.
Sentiment analysis is a very powerful technique that
can help in elections by providing insights into public
opinion, enabling political strategies to align with voter
sentiment. With an increasing use of social media
platforms like Twitter where various topics are discussed
amongst the people using it, real time sentiment analysis
has become a vital method for studying the thought
process of the society. Tweets are a major source of
data for sentiment analysis. Computer based sentiment
analysis became popular only after subjective texts
became available on the web. As a result, 99% related
research papers were published after 2004.

There are four major methods of sentiment analysis
(traditional approaches, machine learning, deep
learning, and hybrid methods). Older approaches
like lexicon-based methods are simple and easy
to understand but struggle with complex language
features such as sarcasm or mixed languages. Similarly
traditional machine learning methods rely on manually
created features, making them less useful for handling
unstructured text data.

Recent advancements in Al, particularly in the deep
learning approaches like CNN have transformed
sentiment analysis by enabling automatic detection
of patterns and understanding context better. CNN is
very good at capturing word and phrase combinations
(n-grams), making it highly effective for tasks like
sentiment classification.

Most studies on election opinion mining have relied
on conventional machine learning methods. Previous
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studies have reported a maximum accuracy of
86.3% using a decision tree model with TF-IDF text
representation [1]. However, these machine learning
approaches often struggle to capture the complex and
slightly different languages used in political discussions,
limiting their effectiveness in capturing sentiments.

Despite the growing interest in election sentiment
analysis, very few researchers have focused on using
CNN for Indian elections. A significant challenge in
analyzing Indian tweets is the use of regional languages,
making the task more complex [2]. Preprocessing plays
an important role in handling tweets involving steps like
removing URLS, extra spaces and special characters,
performing spelling corrections and tokenization. The
widely used Natural Language Tool-Kit (NLTK) library
has been used for preprocessing. While traditional
machine learning approaches have been commonly
used, deep learning techniques consistently achieved
higher accuracy. By capitalizing on the strengths of
Machine Learning (ML) and Deep learning (DL)
approaches, hybrid models can overcome their own
individual limitations, leading to more accurate and
computationally efficient solutions.

This study aims to reduce the gaps in election sentiment
analysis by using a CNN model to classify sentiment
in tweets from the 2019 Lok Sabha election. However,
challenges like misinterpreting sarcasm, irony, and
humor can lead to incorrect sentiment classification. The
goal is to enhance sentiment analysis accuracy, helping
political campaigns and addressing misinformation and
biased elections.

DATA COLLECTION

This research analyzes tweets from the "Indian Election
Tweets (2019)" dataset available on Kaggle [3]. The
dataset contains a total of 78,760 tweets, which are
further split between two major political parties in
India: 48,766 tweets for Bhartiya Janata Party (BJP)
and 29,930 tweets for Indian National congress (INC)

The dataset used was generated by using Twitter
Application Programming Interface (API) and scraping
libraries from Github. The dataset consists of two labels:
positive (1) and negative (0), these labels are assigned
by analyzing the tweets and categorizing them in the
mentioned categories using Valence Aware Dictionary
and sentiment Reasoner (VADER) tool.
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It is essential that the dataset is balanced to prevent any
bias generated in the model. The dataset used represents
this balance with respect to the ratio of positive to
negative tweets of a party. Using tweets collected
during the Lok Sabha elections of 2019, the generated
model is expected to provide an unbiased and accurate
representation of sentiments expressed by users.

Fig. 1 Sentiment distribution for BJP and Congress tweets
(2019 Lok Sabha election)

Fig. 2 Sentiment distribution for BJP and Congress tweets
(2019 Lok Sabha election).

Fig. 3 Sentiment distribution for BJP and Congress tweets
(2019 Lok Sabha election).

Fig. 4 Sentiment distribution for BJP and Congress tweets
(2019 Lok Sabha election).
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DATA PREPROCESSING

The data preprocessing was done in multiple steps to
ensure that data is clean and consistent before training
the sentiment analysis model. The main goal was to
refine the text and balance the dataset to prevent any
biases in the model’s prediction.

The dataset included tweets from two prime political
parties which are namely Indian National Congress
(INC) and Bharatiya Janata Party (BJP). Since the
source had two datasets, each was processed separately
before being combined. The major steps involved were:

Loading Data: The datasets were loaded from CSV
files, and unwanted columns were removed.

Duplicate Removal: Identical tweets within each dataset
were removed to make sure the model does not overfit.

Text Cleaning: A preprocessing function was applied to
the tweets to remove noise and normalize the text.

To standardize the data a preprocessing function was
implemented. The following steps were applied:

Removal of URLSs: Any hyperlinks starting with *http’,
‘https’ or “www’ were removed to eliminate unnecessary
external references.

Elimination of Mentions and Hashtags: Twitter
mentions using ‘@’ and hashtags (#) were removed to
highlight the tweet content better.

Digit Removal: Numbers were eliminated to prevent
any numerical bias.

Punctuation Removal: Non alphanumeric characters
were discarded to maintain textual consistency.

Lowercasing: The text was converted to lowercase to
ensure consistency and avoid duplication due to case
differences.

Thepreprocessingfunctionappliedthesetransformations
to every tweet before further processing.

To ensure that the model does not develop bias toward
any sentiment class, the dataset was balanced:

The dataset contained two classes: positive (target=1)
and negative (target=0).
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The smaller class was resampled using the resample
function from a Scikitlearn (sklearn) module to match
the size of the larger class.

The balanced dataset was then used for training, to
improve model generalization and fairness.

By performing these preprocessing steps, the dataset
was made more suitable for sentiment classification,
ensuring high quality input for the neural network
model.

PROPOSED METHODOLOGY

CNN can be effectively used for NLP tasks due to its
capability to extract and analyze spatial features from
texts. Unlike Recurrent Neural Network (RNN), which
process text sequentially, CNN identifies sentiment
related features through local feature extraction using
convolutional filters. Before the text data is fed into the
CNN model, it undergoes some important preprocessing
steps to standardize and enhance the ability of the model
to learn meaningful patterns. The preprocessing steps
are tokenization along with padding and truncation. The
process of conversion of raw text into words or sub-
words, where each word is assigned a unique integer
identifier, creating a numerical representation of the
text is known as tokenization. Since neural networks
require a fixed length of inputs, sequences are padded
(by adding extra 0s) or truncated (removing extra
words) to ensure uniform length.

The model is made up of mainly seven types of layers,
out of which the first layer used is the embedding
layer which converts the input textual data into
dense vector representations which help capture the
semantic relationship between words. Followed by
the embedding layer we have our convolutional layer
which helps in detecting patterns in data using filters.
The third type of layer is the pooling layer which
minimizes the spatial difference of feature maps at the
same time  preserving the necessary information. It
also reduces computational complexity and chance of
overfitting. The next layer is batch normalization layer
which normalizes the activations to stabilize training
and improve performance. The flatten layer converts
the multidimensional inputs into a 1D vector which will
be used in fully connected layers.
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Fig. 5. CNN model general architecture

“BERT is a deep learning model made to understand
the context of words in a sentence by analyzing both
right and left surroundings” [5]. It is pre-trained on vast
amounts of unlabeled text data and can be fine-tuned for
several NLP tasks, including sentiment analysis.

The pre-processed data was tokenized using a
transformer-based tokenizer to ensure uniform input
lengths by truncation and padding. The dataset was then
divided into validation and training sets to maintain an
even distribution. A custom dataset class was created
to handle the tokenized data and then processed using
batch-based loading techniques.

A pre-trained transformer model was fine-tuned for
binary classification, leveraging an optimized training
strategy that included adaptive learning rate scheduling,
gradient accumulation and mixed precision training
to enhance computational efficiency. The model was
then trained for multiple epochs using a batch-based
approach which had regular checkpoints to monitor
progress and prevent overfitting.

“Linear SVC is a supervised machine learning algorithm
derived from Support Vector Machine (SVM). It uses a
vector method to classify tweets into various classes.
A decision boundary also known as the hyperplane
is constructed between two classes and a datapoint is
classified between these two classes™.

Linear SVC differs from SVM mainly in the loss function
used by default, unlike kernelized SVMs, Linear SVC
uses a linear kernel making it computationally more
efficient for text-based tasks and dealing with sparse
data.
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Fig. 6 Word Cloud of Positive Tweets on BJP and
Congress in the 2019 Lok Sabha Elections, Highlighting
the Most Frequently Used Words.

Fig. 7 Word Cloud of Negative Tweets on BJP and
Congress in the 2019 Lok Sabha Elections, Highlighting
the Most Frequently Used Words

RESULTS AND DISCUSSIONS

The sentiment analysis and prediction for the election of
Lok Sabha 2019 has been tested on Juptyer Notebook
(JN) with a 64-bit processor. The models were evaluated
using multiple evaluation metrics like Precision, Recall,
Accuracy and F1-score.

Precision measures how many of the predicted positive
instances are actually correct. It would be useful in
scenarios where false positives would prove to be costly.

Precision(A4)
True Positives

" False Positves + True Positives (1)

Recall measures how many actual positive instances
were correctly identified. It would be useful in scenarios
where a false negative would prove to be costly.

Recall(B)
True Positives

~ False Negatives + True Positives (2)

The F1-score is the harmonic mean of precision (A) and
recall (B), providing a balanced and appropriate measure
when both metrics are important. This is mainly used
during an unequal class distribution.
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AXB
A+B (3)

F1Score=2 X

Based on the above metrices Table 1 gives the
comparative analysis of the various models used in this
research.

Table 1 :Comparison of various models

No. 2

S.N. | Model | Accuracy | Precision | Recall F1
Score
CNN 94.5 94 95 95
BERT 92.99 92.74 96.24 94.46
Linear 81.43 81.01 80.2 81
svC
CONCLUSION

This research involves analysis of deep learning
and conventional machine learning models for text
classification, focusing on metrics based on accuracy,
recall, precision and F1-score. Amongst all tested
models CNN with 20% of the data for testing and 10%
for validation attained the highest accuracy at 94.50%.
This underscores the potential of deep learning. BERT
had very good recall (96.24%) and precision (92.74%)
scores, thus performing outstandingly in capturing
complex patterns; however, traditional model such as
Linear SVC was much faster but less accurate with an
accuracy of 81.43%. The future scope of this study can
include tweets of different dialects of Indian origin.
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ABSTRACT

Pneumonia is a serious lung infection that mainly affects children, the elderly and individuals with weak immune
systems. Early detection is crucial for effective treatment, but traditional chest X-ray interpretation is time-
consuming and relies on expert radiologists, which can lead to delays. Deep learning and Machine learning
algorithms, especially Convolution Neural Networks have proven to be effective in the detection of pneumonia.
This research focuses on evaluating six popular deep learning models namely VGG-16, VGG-19, Inception V3,
EfficientNet, ResNet50, and MobileNetV2 towards pneumonia image classification. Empirical analysis suggests
that VGG-19 is the most efficient model with high precision value of 99.67, recall of 99.67 and AUC value 0.9708.
VGG-16 also performed well with an accuracy of 96.76%, it also exhibited the highest precision and recall values
of 99.67. The EfficientNet model performed well in AUC (0.9753) but had low accuracy value. MobileNetV2
with an accuracy of 38.31% and ResNet50 with a classification accuracy of 63.57% struggled, while Inception V3
has shown a high loss value if 11.7858, making these methods a less suitable choice for Pneumonia classification.
Results suggest that VGG-16 and VGG-19 are the two most appropriate convolution networks for the classification

of Pneumonia images.

KEYWORDS : Prneumonia, Image classification, Convolution neural network.

INTRODUCTION

neumonia is one of the important diseases to be

discussed as it is far more dangerous than any other
disease. Pneumonia is such a disease where the lungs
of the patient get affected and the whole respiratory
system gets weakened also it is far more serious when
it comes to children and people with weak immunity.
United Nations Children Funds (UNICEF) had a major
role in helping the children and providing help for their
development of children, according to UNICEF there
were around 8 lakh children who were under the age of
five died due to pneumonia, therefore it is necessary to
look forward to such disease and treat them as early as
possible. For doctors to treat pneumonia patient needs
to detect the pneumonia first so that early detection of
pneumonia will help the patient recover quickly and
save many lives. Scientists have been looking forward
to technologies such as artificial intelligence to detect
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pneumonia. Due to advancements in technology,
there is a special type of Al used by scientists called
a convolution neural model which is a core concept of
deep learning and machine learning. This CNN will go
through many X-ray images and analyze all the lungs
through the X-ray images and give the result as to
whether the lungs are healthy or need to be treated due
to pneumonia.

There was a study made by Mabrouk et al in 2023 which
gave a pre-trained CNN model such as denseNet169,
Mobilenetv2, and vision transformer. When such
a model was used to detect pneumonia, it gave an
accuracy of 93.88% [1]. There was one more scientist
named Tripathi et al who studied one of the most
important sections for pneumonia detection which is
CNN architecture in 2021 which was highly useful for
increasing the efficiency and accuracy in the detection
of pneumonia [3]. Similarly, one more study based on
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the CNN model was made by Pal and Das in 2022 they
worked on the capabilities of the model to give higher
accuracy for the detection of pneumonia [2]. After that
Gupta worked on these CNN models and showed us the
use of effectively diagnosing pneumonia.

This research made us understand the evaluation of
CNN models and their real powers to be used for the
detection of pneumonia from X-ray images.

LITERATURE ANALYSIS

Pneumonia is a harmful and serious lung disease among
children, senior citizens, and all the people who have
weak immunity.

To treat pneumonia patient’s chest X-rays are used by
doctors but it is a very difficult and time-consuming
process to detect the symptoms of pneumonia through
chest X-ray images as there are many variations (lobar,
bronchopneumonia). Also, in some regions, there is
an absence of radiologists which is a huge obstruction
in pneumonia detection. This study works more on
modern technology and computational methods to
gain maximum accuracy and efficiency for detecting
pneumonia [11]. This study works purely on Al models
and it also involves some techniques on which Al
models work like radionics, fractal dimension, and
super pixel which increases the accuracy of Al models
for pneumonia detection by up to 99% [5]. Dropout
a concept of deep learning and machine learning is
used as building blocks in our Al models for detecting
pneumonia. Szepesi et al came up with a model that was
tested on X-ray images for normal healthy lungs and
even tested on pneumonia patients [8]. The convolution
neural networks are used to scan the whole X-ray
images and analyze the pattern and feature which in
turn improves the efficiency of diagnosis and treatment
of pneumonia. The recent case study represents an
immense usefulness of Al models for pneumonia
detection which involves machine learning as a major
part of it. One more research came up with the idea of
a special computer that consists of more than one CNN
model that detected pneumonia with 98.81% accuracy
[13]. One of the most refined works is an automated
system leveraging a convolution neural network for the
detection of pneumonia [8].

Utilizing pre-trained CNN models to detect pneumonia
through chest X-ray and determine whether the lungs
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are in normal condition or in abnormal condition is one
of the most reliable and efficient learning approaches
toward pneumonia diagnosis and treatment [14].
Pneumonia is one of the most serious problems among
people and it is necessary to improve treatment and
diagnosis. The use of Al especially CNN has enhanced
the accuracy and efficiency of pneumonia detection.
Studies leveraging CNN-based architectures such as
VGG-16 and ensemble models, have demonstrated

exceptional  performance achieving accuracies
exceeding 96% in pneumonia classification.
METHODOLOGY

In this particular section, we are going through a step-
by-step procedure and basic view of our structure and
its strategies to work on it, here this includes collection
of information, datasets, preprocessing, and preparation
of our model.

Dataset

The dataset this used consists of 5800 chest X-ray
images obtained from Kaggle (2016) [1]. It is divided
into two types: Pneumonia and normal. Each type is
further divided into training and testing which helps
us in developing a model and evaluation in medical
imaging tasks.

Data Pre-Processing

To enhance model performance and ensure consistency,
several preprocessing steps were applied to the dataset:
Image Loading & Resizing: All images are there
using OpenCV which is resized to 150x150 pixels to
standardized input dimensions. This resizing is done
so that this can reduce the complexity while keeping
the essential image features. Data Augmentation: To
improve our model and prevent overfitting and also for
standard augmentation techniques including Rotation
and Flipping: Random rotations to simulate real-world
variations and horizontal flipping to introduce viewpoint
variations. Brightness Adjustment: The pixel intensity of
images is Normalized to support brightness adjustment
thus facilitating better images for classification. Data
Shuffling: The dataset was shuffled using the Scikit-
learns shuffle function to prevent learning bias. Train-
Test Split: The dataset is divided into 80% training and
20% testing subsets using the train-test-split function
(random state=42) to ensure reproducibility. Label
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Encoding: The categorical labels were converted into
numerical values for binary classification, Pneumonia
affect ted X-ray images are labeled as 1 while normal
X-ray images are labeled as 0.

CNN Models

This section of the paper discusses the Six Neural
Network models selected for this study.

VGG-16: This is a special model which is used to analyze
images. It consists of 16 layers which helps us to learn
and identify the patterns in images like identifying the
disease. It was trained by understanding a huge number
of pictures. Due to this VGG16 is used in healthcare to
detect diseases like pneumonia. It helps us to detect the
disease faster and with more accuracy.

VGG-19: This is a model that has 19 layers and becomes
even more efficient and accurate for recognizing and
identifying the patterns in an image. It is very good
at understanding new images. When the experts are
limited, it helps the doctor to make faster, more accurate
diagnoses.

EfficientNet: EfficientNet is a computer program
designed to analyze images efficiently. It uses a method
which necessary for the model because it balances the
size, depth, and detail, making it both powerful and
fast. Trained on a huge number of pictures its great
understanding helps us to detect the diseases in medical
sector.

Inception V3: Its smart design makes it very efficient
and powerful even for a complex task like detecting
diseases in medical images. Trained on a huge collection
of pictures, its great understanding such as chest x-rays
and can also help in identifying pneumonia. Its ability to
pick up details at different scales makes it a reliable tool
for healthcare, especially in places where expert help is
limited.

Resnet50: Residual Network, solves the problem of
vanishing gradients usually encountered by very deep
neural networks. It does so by using residual learning,
where shortcut connections (or skip connections) allow
the Network to skip over layers, thus making it easier
and more efficient to train deeper models, while also
mitigating degradation. The identity mappings used in
Resnet enable important features to be preserved as well
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as allow improved gradient flow, making it possible for
models to train deeper networks without performance
loss.

Mobile Net V2: MobileNetV2 is a Convolution neural
network architecture which is a lightweight model used
popularly for effective image classification designed for
handy devices like mobiles. It is an advancement to the
MobileNetV1 model with inverted residual blocks and
linear bottlenecks for higher computational efficiency
while maintaining accuracy. These 5 models use depth-
wise separable convolutions, drastically reducing the
number of parameters and operations compared to
traditional CNNs, making them suitable for real-time
applications. All selected models are implemented
using TensorFlow. The models were trained using the
Adam optimizer for adaptive learning rate adjustments,
and the Softmax activation function was applied in the
final classification layer to output probability scores for
the two classes.

Model Training

The model that was trained was on the processed
dataset which was done using TensorFlow’s high-
level framework. The optimizer which was chosen
to improve learning was the Adam optimizer and the
Softmax activation function was used for making
predictions. The dataset which was used was divided
into 80% for training and 20% for testing to ensure
proper evaluation. To make the computation more
efficient batch processing was applied and cross-entropy
was used as the loss function, to improve classification
accuracy. Cross-entropy as expressed in equation (1),
C is the total number of classes, y; is 1 if the sample
belongs to class i (otherwise 0), ¥; is the predicted
probability, and a log is a natural logarithm.

n
L— —ij;togjg
i=0

RESULTS AND DISCUSSION

This section presents the performance evaluation of
the models used, i.e., VGG-16, VGG-19, EfficientNet,
Inception V3, and DenseNet on the Pneumonia X-ray
images. The trained models were accessed based on
accuracy, precision, recall, cross-entropy loss, and AUC.
Accuracy is the percentage of correct predictions made
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showing the overall correctness of the overall model.
Precision checks the number of correct predictions thus
helping in reducing false alarms. Cross entropy Loss
measures how well the model generalizes to unseen
data. The lower the value the better the performance
is. AUC (Area Under the Curve) evaluates the model’s
ability to differentiate between pneumonia and normal
cases.

The comparative analysis of deep learning models for
pneumonia classification using chest X-rays reveals
significant variations in performance across different
architectures as shown in Table 1. Among the tested
models, VGG-16 demonstrated the highest accuracy
(96.76%), suggesting its strong capability in identifying
pneumonia cases correctly among all the chest X-rays
given. However, its relatively lower AUC (0.8404)
indicates potential difficulties 1in distinguishing
borderline cases. VGG-19, on the other hand, proved
to be the most balanced model, achieving a high
AUC (0.9708), calculated using Equation 2, precision
(99.67%), and recall (99.67%) as shown in Fig. 1,
making it highly reliable for pneumonia detection with
minimal false positives and false negatives.

EfficientNet, despite achieving the highest AUC
(0.9753) and the lowest loss (0.5165), exhibited a
significantly lower accuracy (52.79%), indicating
challenges in generalizing to unseen data. Inception
V3 performed well in terms of AUC (0.935), precision
(93.43%), and recall (93.43%), but its extremely high
loss (11.7858) raises concerns about model stability
and convergence issues. Furthermore, ResNet50 and
MobileNetV2, despite showing high precision and
recall, failed to achieve strong classification accuracy
(63.57% and 38.31%, respectively), suggesting that
these architectures may not be well-suited for the
classification of the chest x-rays without further
optimization. ResNet50 achieved a competitive AUC
of 0.962 but still underperformed in overall accuracy,
while MobileNetV2, designed for efficiency in low-
resource environments, struggled with a relatively
lower AUC (0.9584) as shown in Figure 1. The high
recall values across most models indicate a general
tendency to correctly identify pneumonia cases, yet the
variations in AUC and accuracy highlight the challenge
of ensuring both sensitivity and specificity in real-world
clinical applications.
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Overall, VGG-19 stands out as the most robust model for
pneumonia classification, balancing accuracy, precision,
recall, and AUC, making it a suitable choice for medical
diagnostic purposes. Further improvements through
hyperparameter tuning and dataset augmentation may
enhance the performance of other models, particularly
EfficientNet and ResNet50, to optimize their clinical
applicability.

Fig. 1: Experimental results of selected models in terms of
Recall and AUC

Table 1: Performance scores of all the selected Neural
networks

Classifier Loss  AUC Accurac Precisi Recal
Model y on 1

1. VGG-16 1.1309 0.840 09676 0.9679 0.969
4 9

2. VGG-19 1.6525 0.970 0.9108 0.9967 0.996
8 7

3. Inception 11.785 0.935 0.9121 0.9343 0.934
V3 8 3

4. 0.5165 0.975 0.5279 09676 0.967
EfficientNet 3 6

5. Resnet50 1.0357 0962 0.6357 0.9505 0.950
5

6. Mobile Net 0.6176 0.958 0.3831 09377 0.937
V2 4 7

CONCLUSION

Pneumonia is a serious problem that affects the lives
of multiple people worldwide. Chest X-rays when
analyzed using Convolution neural network models can
make the disease identification task easier and accurate.
This study aims to test a set of six deep learning models
to improve pneumonia detection using X-ray images.
Extensive experiments are conducted to evaluate the
performance of each of the selected models. Evaluation
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methods used for the study are Prediction accuracy,
Precision, Recall, AUC and Loss value. Each of the six
models is evaluated by overall balance, efficacy, and
metric outcomes. Among the selected methods, VGG-
19 demonstrated the most balanced performance, with
a high AUC of 0.9708, precision value of 99.67%, and
a high recall value of 99.67, showing it be a reliable
choice for medical image classification. VGG 16
model achieved the highest classification accuracy
i.e., 96.76%, but it has a comparatively lower AUC
value of 0.8404. EfficientNet had the highest AUC
of 0.9753 but a very low accuracy of 52.79, which
shows the issue of generalization. Inception V3 per
formed fairly with an AUC of 0.935 but experienced an
excessively high loss of 11.7858. The performance of
ResNet50 and MobileNetV2 is found to be fairly poor.
This study concludes that VGG-19 is the most fitted
Convolution Neural Network for Pneumonia X-ray
image classification
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ABSTRACT

In this paper, a scheme for smart online exams based on the application of blockchain for improving the security
and integrity in question sharing, scoring and result distribution has been suggested. The question papers are a
mixed difficulty level of questions prepared by various experts and organizations. Once the questions are prepared,
they are placed on the blockchain, and the access key to them is encrypted using Lock Puzzle mechanism, so
that no central body has access to it, hence paper leak is avoided. At the time of examination, the questions are
decrypted and made available to the students taking the exam, their answers are also placed on the blockchain
using smart contracts. The system matches the students' answers with the pre-decided solutions thus calculating
and displaying the scores in real time. Briefly, this paper puts forward a secure interface for conducting and
assessing online examinations, with blockchain and smart contracts being utilized for storage, scoring and result

distribution to provide uniformity among students and exam conducting agencies.

INTRODUCTION

With more and more exams being conducted in
an online mode, several challenges have been
encountered. It includes security issues, paper leaks, and
unfairness in grace marks distribution. This can severely
dent the trust in the examination process, and over time,
impact how fair the students feel the exam conducting
authorities are. A recent example of such vulnerabilities
is the NEET paper leak scam. It is a series of issues that
have led to the dilution of the examination's integrity.
They include question paper mistakes, arbitrary grace
marks and paper leaks. This raised several questions
regarding the capability of the management systems to
provide transparency.

Blockchain has brought a revolution in the realm of
technology. In blockchain when a transaction occurs
it has to experience validation, a process where the
involved parties must reach a mutual agreement to
allow that transaction. In this way blockchain removes
the need for a centralized authority to control all data,
ensures transparency, security and immutability of data.
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This research aims to integrate blockchain technologies
with online examinations to maintain integrity and
transparency of the exam process. It presents a unique
approach where the questions for the exam are created
by different experts and bodies. These questions include
a mix of difficulties and are distributed equally while
creating the papers. All the created papers are stored in
the blockchain in an encrypted format, the key that is
used for this process is not just accessible to the central
exam authority, it is encrypted using the time lock
puzzle on the blockchain. The time lock puzzle requires
the time of the exam to be achieved before the puzzle
is unlocked. The answers submitted by the student are
similarly stored in the blockchain and are autonomously
compared with predefined answers for the questions.
This allows instantly available scores for the student to
check upon logging in with appropriate credentials.

LITERATURE REVIEW

In already existing online examination systems, there
exist vulnerabilities such as paper leaks, unfair grading,
manipulation of results and lack of transparency. A
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recent example of such vulnerabilities is the NEET[1]
paper leak scam. It includes a series of issues that have
compromised the integrity of the examination. These
include errors in questions papers, arbitrary grace
marks, paper leaks.

This post highlights the recent NEET scam that has
affected the system and reveals deep flaws in the
education system. The major flaws highlighted in the
scam were -

1. Errors in question papers

2. Arbitrary grace marks

3. Allegations of fraud and manipulation
4. Middlemen facilitating cheating

Some systems are attempting to address these issues
by utilizing blockchain technology and secure formats.
Some researchers tried to examine the possibilities
for conducting online exams in the absence of proctor
[2]. They have provided extensive information about
the common characteristics of students indulging
in malpractices based on which they have provided
some strategies for developing a framework for online
testing, along with additional information. Techniques
like using respondus lockdown browser (rdl) in online
exams are implemented to ensure the integrity of the
exam process. Mukta et.al. have played a role in the
development of the fuzzy logic where a robust approach
that prioritized student assessments has been created[3].
Teja et.al. have suggested employing Convolutional
Neural Networks (CNN) that are used to accurately
identify a student during an online exam. However,
CNN does not possess the capability to analyze a
student's position.

Many schools are now using online platforms for
exams, especially for middle and high school students.
The most popular online tests require candidates
to provide a username and password, then access a
selection sheet to answer the questions. Though, there
exists many shortcomings in the system, and unfair
tests can be made by using incorrect passwords. It has
been observed that it is important to use secure methods
to protect against this kind of problem. This research
introduces the blockchain principle for online exam
security.

Institutions can easily gather their own data from
trustable sources like books, internet, articles, etc
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without relying on central services to provide them
the necessary data. It enhances data security and non-
reliance on a certain central authority. A blockchain
model was proposed which would eliminate the need
for institutions to access applications and services. To
ensure consistency of data between students and the
platform and protect the integrity of the questionnaire,
blockchain was used [4].

Soo Young Shin and Anik Aslam proposed a new
intelligent learning method using the blockchain concept
for sharing problems [5]. Atwo-stage encryption process
is planned for encrypted question papers (QP). In the
first stage, the QP is protected using the timestamp. In
the second stage, the previously encrypted QP is re-
encrypted using the timestamp, salt hash and the hash of
the previous QP. These encrypted QPs are stored in the
blockchain along with smart contracts that help users
unlock the selected QPs.

A QP selection algorithm is also proposed that randomly
selects QPs. Security assessments are done to illustrate
the feasibility of different attack schemes. Finally, the
effectiveness of the implementation is verified through
actual implementation and its superiority over existing
implementations is demonstrated through comparative
studies based on different features. The conclusions
drawn include that the increase in QPs also increases
the size. Each block contains the QP, time and hash of
the previous block. As the number of QPs increases,
the encryption time also increases. Overall, this is a
promising approach to provide sufficient security to
reduce data leaks.

Another solution for online examinations using
blockchain for question storage, answer storage and
ethereum wallet for payment of exam fees has been
provided in the study [6]. The structure that the proposed
solution follows includes Student Registration, Login,
Online exam, and finally Evaluation &

Results. Once the registration is complete a unique
blockchain address is created. Next phase is the
instructions, in this phase student logins using registered
email and reads the instructions on the screen carefully.
In the examination phase the questions are decrypted
and delivered to the student, student answers are sent
to blockchain via smart contracts, which contain the
student answers, transaction hash for that user and
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timestamp. Finally, in the evaluation phase the answers
are compared manually or in an automated manner
using smart contracts. The final results are stored in the
blockchain and students can login to view the results,
thus ensuring transparency and immutability.

A model which is autonomous and decentralized is
used to administer University Exams for security and
safety [7]. Many universities face challenges such
as maintaining integrity, preventing malpractices,
confidentiality of examination of records and creating
an efficient management for smooth conduction of the
exam process. It describes an efficient decentralized
model and autonomous system for exam management.
This model is based on Blockchain Technology and
Internet of Things (lIoT). It basically maps the common
use-cases in standard examinations to major elements
of blockchain i.e. is Smart Contracts, Cryptography,
10T etc.

The education system and the central monitoring system
were significantly impacted in several ways. First, a
widespread erosion of trust was observed, as confidence
in the fairness and integrity of the system was severely
undermined. As a result, many deserving candidates
were unfairly side-lined or overlooked, leading to a
sense of injustice and disillusionment. Moreover, the
overall quality of education was affected, as standards
were compromised and the focus shifted away from
genuine merit and learning.

The solutions that the government should be able to
implement to curb such kind of scams are -

1. Strengthen exam security
2. Transparent admission process
3. Severe penalties

Yusuke Kaneko et.al[8] proposes a model without a
centralized authority which has a sustainable exam
administration with enhanced reliability while using a
public blockchain and enhanced transparency. Results
which cannot be tampered are recorded in the blockchain
with the hash values of correct answers, decision
condition, and decision result. The proposed method
used Bitcoin Core which had over 100 participants to
conduct a Capture The Flag(CTF). The results obtained
were flawless confirming the viability of a blockchain
based decentralized solution.
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BLOCKCHAIN SOLUTION

Blockchain technology can be thought of as a special
kind of digital notebook. Instead of being kept in one
place, that notebook is shared across many computers
at the same time. Each time a new note is added, it
is checked by many participants before it is safely
recorded. This process is managed by complex math
rules, yet it can be explained in simple terms as a way
to make sure that no one can quietly erase or change
what has been written before.

Because the notebook is copied everywhere, it becomes
almost impossible for mistakes or bad actors to sneak
in unnoticed. If someone tries to alter a past entry, the
other copies will not match, and so the change will
be rejected. In this way, trust is built without needing
any single person or group to be in charge. Instead, the
system as a whole is trusted because of the checks and
balances that are always at work behind the scenes.

Fig. 1. A decentralized network-wide ledger is shown,
where transactions are grouped into cryptographically
linked blocks and added by consensus

Blockchain is useful for more than just money or
digital coins. Any kind of agreement, like a contract or
proof of ownership, can be stored in the same kind of
shared notebook. Once stored, it can be relied upon by
everyone involved, since it cannot be secretly changed
later. This is considered helpful for many areas, such
as supply chains, voting systems, and digital art, where
confidence in records is very important.

The security and openness of blockchain brings new
chances for people to work together. When systems
are transparent yet protected by strong rules, new ideas
and services are encouraged to grow. In the future,
more everyday activities could be managed through
blockchain so that fewer middlemen are needed. In this
way, more direct connections might be created among
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people and businesses, with less worry about mistakes
or fraud.

All records are kept more safely when they are spread
out instead of keeping them in one single place. When
blockchain is used, data is locked away by complex
math puzzles so that no one can quietly change what
has already been stored. This method is considered
helpful because a clear history is always kept, and every
change is watched by many helpers at the same time. In
this way, mistakes or sneaky edits are stopped before
they can happen.

Similarly exam questions and answers are treated in
the guarded way. Each question could be placed into
a block and given a special code before being shared.
When an answer is handed back, it would also be put
into a new block and given its own code. Because
everything is locked together in order, it would be very
hard for anyone to swap out a question or sneak in a
wrong answer. This would make sure that the papers
seen by students and the scores given by teachers are
both true and fair.

In the future, more trust is likely to grow between
students, teachers, and schools if exams are managed
using blockchain. It could be assured that once an
exam is closed, it cannot be reopened or altered. Also,
it would be possible for schools to check quickly that
the work they see really came from the moment it was
taken, since each entry is stamped by time and by the
network of helpers. All of this could lead to a world
where cheating is made much more difficult, and
confidence in the exam process is quietly strengthened

PROPOSED SYSTEM

The proposed system will provide a reliable and
transparent Online Examination System via blockchain
technology and Lock Puzzle to address issues such as
paper leaks, rank manipulation, and lack of transparency.
The system safeguards question papers and saves them
securely on the blockchain. In a way the key to decrypt
the questions doesn’t exist without actually waiting for
the time of auto decryption. Decentralization ensures
that no one has custody of the keys in total, reducing the
likelihood of leaks or misuse.

During the examination, the questions are auto
decrypted where the time lock puzzle makes the
questions open. This allows questions to be decrypted
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and delivered securely to the students through a secured
interface. Student responses are submitted and saved on
the blockchain through smart contracts, which utilize
public key cryptography to verify each submission is
directly sent by the student. This prevents middleman
tampering and ensures submission integrity.

Fig. 2. The smart contract checks the on-chain timestamp
against the predefined unlock time and only allows puzzle
decryption once the required time has passed.

After the successful completion of the examinations,
the answers are posted by the student and automatically
stored on the blockchain system using smart contracts.
Once submitted, the answers are matched against the
pre-agreed solutions through the same smart contracts.
This automated verification ensures that marks are
calculated instantly and securely, after which they are
stored on the blockchain ledger. Students are then able
to log in, view their marks, and verify their ranks. This
enhances the transparency and trust in the evaluation
process.

However, it is important to note that the results released
immediately after the exam are considered provisional.
These initial scores are generated based on a published
answer key stored within the blockchain system. Students
are given the opportunity to review their results and
challenge any answer they believe has been incorrectly
evaluated. The challenges are submitted within a defined
window, during which they are reviewed by authorized
evaluators, depending on the system’s implementation.
Once the review process concludes, the final scores are
updated and locked into the blockchain, ensuring that
they cannot be tampered with thereafter. This feature
ensures fairness and provides recourse for correction,
thus enhancing the credibility of the system.

This method introduces several notable benefits. It is
tamper- proof, as blockchain technology prevents any
modification to the stored questions or answers once
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they have been committed. By utilizing decentralized
key management through Lock Puzzle technique,
the problem of questions leaking before the exams
is eradicated, which not only enhances security but
also significantly reduces the risk of question paper
leaks. Furthermore, the use of smart contracts allows
for instant generation of provisional results, which
increases the transparency of the examination process
while allowing flexibility for appeals and corrections
before finalization of student ranks.

Despite all the benefits, there are some issues with the
system. Scaling the system to millions of participants is
an optimization problem, and accessing the questions
before the exams is not possible in any case of system
discrepancy. Future enhancements could include adding
Al forplagiarism checking and fingerprint authentication
to enhance the reliability and functionality of the system.

CONCLUSION

It has been observed that several problems faced by
online exams like paper leaks, result manipulation and
lack of transparency are key issues with the exams.
However, it can be seen how growing technologies like
blockchain, encryption algorithms and techniques, and
smartcontracts canbeapplied and used to overcome these
challenges. Currently existing systems like multiphase
encryption, timestamp locks, and automated scoring
mechanisms, portray that decentralized approach can
enhance and improve security, transparency and overall
confidence in the exam process. Though many of these
systems still lack the idea of an almost perfect solution,
specifically when it comes to eliminating centralized
control over significant and necessary components like
encryption keys and a centralized server.

A Dbrief overview of a proposed system that builds
over these past solutions and makes significant effort
to combine them has been provided. Lock Puzzle
and blockchain, being the bottleneck of this solution,
addresses the major weaknesses found in the current
system. Although the idea itself is promising, there is
a lot to explore particularly in terms of scalability and
implementation of this at a larger scale.

To summarize, though there has been significant
progress in addressing the vulnerabilities of the online
exams, this research highlights that some gaps still exist.
The literature provides a foothold for future studies
particularly in designing systems that are tamper proof
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as well as scalable while being user friendly. Using
upcoming technologies and integrating them into the
traditional examination systems could transform the
way exams are conducted, ensuring fairness, trust and
transparency for all the parties involved in the process.
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This paper presents the development of an Al-powered Marathi language learning application designed to make regional
language acquisition more interactive, accessible, and effective. The application integrates speech recognition using the
wav2vec2 model for real-time pronunciation practice, and text-to-speech synthesis with VitsModel to help learners hear
accurate pronunciation in Marathi. It also features a conversational Al chatbot, built with Langchain and integrated with
ChatGroq (llama3-70b-8192), to provide 24/7 language support, doubt resolution, and casual conversation practice.
Additionally, a community feature enables users to join or create chat rooms to engage with fellow learners and native
speakers. This project demonstrates how open-source Al tools can be effectively combined to create a rich, Marathi-first
learning experience. While still in early stages without formal user evaluation, internal testing confirms system stability
and functional readiness, laying the groundwork for future user-centered refinement and scalability across other regional
languages.

KEYWORDS : Marathi language learning, Wav2vec2, VitsModel, Text-to-speech synthesis, Speech recognition,
Conversational Al, Langchain, ChatGrog, LLaMAS3, Language chatbot, Open-source Al tools, Low-resource language
support, Real-time pronunciation feedback, Language learning app.

INTRODUCTION

ourism in Mabharashtra is flourishing, drawing a

diverse influx of visitors eager to experience its rich
culture, history, and natural beauty. Yet, for many tourists,
language remains a significant barrier—Marathi, the
state’s predominant language, is not widely supported by
mainstream language learningplatforms,andmostresources
available to travelers are limited to basic phrasebooks
or generic translation tools. This gap not only restricts
meaningful interactions with locals but also diminishes
the depth of cultural immersion and independence that
travelers seek. Traditional language learning methods,

highly personalized, adaptive, and interactive learning
experiences, far surpassing the limitations of conventional
approaches [2]. By leveraging advanced models in
speech recognition, natural language processing, and
conversational Al, these systems can provide real-time
feedback, immersive practice environments, and dynamic
conversational support [3]. For Marathi—a language
underserved by global language apps—AI’s potential is
especially significant, enabling tailored instruction, instant
pronunciation correction, and context-aware conversation
practice that traditional resources simply cannot match [4].

Despite these technological advances, there remains a

while valuable, often lack the immediacy, personalization,
and contextual relevance required for effective on-the-go
communication, especially in a tourism context [1].

The rapid evolution of artificial intelligence (Al)
offers a transformative solution to these challenges.
Al-powered language learning platforms can deliver
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lack of comprehensive, Al-driven platforms focused
specifically on Marathi for tourists. Existing solutions
either do not support Marathi, offer only rudimentary
features, or fail to address the unique needs of travelers,
such as real-time conversation, authentic pronunciation
feedback, and community-based practice [5]. As Al
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continues to redefine language education by making
learning more accessible, context-sensitive, and user-
friendly, it also offers a platform for cultural exchange and
community learning environments that enrich the travel
experience [6].

This paper presents the design and implementation of an
Al-powered application purpose-built to address these
gaps. The objectives of this application are:

e To create an accessible, engaging, and tourist focused
Marathi language learning platform.

»  Toharness Al models for real-time speech recognition,
pronunciation feedback, and conversational practice
tailored to travelers’ needs.

e To provide a community-driven environment for peer
interaction and cultural exchange.

* To demonstrate the effectiveness of Al-powered
language learning in overcoming traditional barriers
and enhancing the travel experience in Maharashtra.

By documenting the development, deployment, and unique
features, this paper aims to contribute to the evolving
discourse on Al in language education, particularly for low
resource languages and tourism. It seeks to illustrate how
Al can not only facilitate efficient language acquisition but
also serve as a catalyst for deeper cultural engagement,
ultimately redefining the paradigm of language learning
for travelers.

BACKGROUND

The ongoing development of Artificial Intelligence has
significantly influenced language learning methods by
adding personalized, adaptive and interactive dimensions
that cannot be achieved through traditional means. Various
Al-based services such as speech recognition and natural
language processing (NLP) serve to take the learner in
the authentic moment and provide real-time feedback
and conversational engagement in an immersive practice
environment. It is critical in the case of underserved
languages like Marathi, where such applications are often
difficult to come by on current user-oriented language
applications.

Many of the applications available to learners either
do not support Marathi in a meaningful way or do not
cater to their authentic needs, such as feedback on real-
time conversation and authentic pronunciation of words.
This indicates there is a need for tailored and dedicated
applications for Marathi language learners, including
tourists visiting Maharashtra.
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There is no doubt that by developing an Al powered
language learning application using advanced Al models
for speech recognition, TTS synthesis and conversation
engagement, the users can be provided a rich, Marathi-
first learning experience.

LITERATURE REVIEW AND ANALYSIS
The Role of Al in Language Learning

Artificial Intelligence has emerged as a change agent in
education, especially in language learning. According
to research by Wei et al. (2023) assessing the impact of
Almediated language instruction, significantimprovements
were found in the area of learning achievement in English,
motivation to learn a second language, and self-regulated
learning among students learning English as a Foreign
Language (EFL). The findings promoted Al mediated
strategies as a means to improve educational outcomes
through real-time feedback, individualized pathways,
adaptive delivery of content and the ability for learners to
acquire a new language in a more efficient and inclusive
manner [2].

Comparative Analysis of Existing Language Learning
Applications

A thorough evaluation of popular language learning apps
suggests that there are both strengths and limitations in
current approaches. For instance, Duolingo uses Artificial
Intelligence (Al) adaptive learning and includes speech
recognition and feedback, which can target a wide range
of learners through interactive learning. More specifically,
on Duolingo, Al attempts to better understand and "think"
about user responses, look for common grammar errors,
and provide feedback to practice of language through
pronunciation [7].

Busuu also uses a structured platform with feedback from
native speakers so learners can have interactive vocabulary
practice and grammar practice with audio, translation, and
multiple activities to practice language. One study of the
Busuu platform and members show 84% improvement
in their knowledge of Spanish after using Busuu for 2
months, suggesting that they acquired knowledge [8].

Memrise is a great platform for vocabulary acquisition
using spaced repetition learning and video immersion.
Abarghoui and Taki (2018) examined the effectiveness of
using Memrise (believing it or noting the perceptions of
high school students using Memrise) on their perception of
learning English as a Foreign Language (EFL). They found
Memrise a useful, effective vocabulary learning tool with
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a positive impact on their engagement and motivation[9].
While these strengths exist, these applications frequently
do not provide advanced conversational practice and
cultural context for languages that have a more regional
component such as Marathi. The limitation here
demonstrates a need for custom applications that are made
to satisfy the specific needs for learning Indian languages.

The Importance of Regional Language Support

In the current state of the market, there is a noticeable
absence of complete Al platform solutions for regional
languages like Marathi. The existing ones do not have
functionality for Marathi at all, and even those that do,
have limited functionality and could hardly address
the needs of learners who want real-time conversation,
authentic pronunciation feedback, and community-based
practice. This gap in knowledge is especially prominent
for visitors or travelers in regions like Maharashtra, where
Marathi is widely used. While traditional methods for
language learning are valuable, they lack immediacy,
personalization, or contextual relevance when it comes to
real-time communication [4].

The Role of Al in Language Learning

Integrating Al into language learning software presents
a solution to all these issues. Al models, for example the
wav2vec 2.0 for speech recognition, allow for the possibility
of immediate, individual feedback during immersive
learning experiences. Researchers at Facebook state that
this framework can enable automatic speech recognition
models using as little as 10 minutes of transcribed speech
data, showing its efficiency and adaptability [10].

Conversational Al chatbots based on model types such
as LLaMA 3 improve language practice and uncertainty
resolution and increase ease and access to learning.
With the release of LLaMA 3, Meta opened up access to
conversational artificial intelligence-based agents, which
helps increase interactivity and responsiveness of language
learning platforms [11].

Community and Cultural Engagement

Aside from technological innovations, incorporating
community functions into language learning applications
enhances belonging and cultural exchange. Apps that allow
peer-to-peer interaction and collaborative learning provide
a supportive environment that simulates real-life language
immersion. This method not only improves language skills
but also promotes cultural understanding and empathy.
With its integration with community interaction, language
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learning applications can provide a complete experience
that addresses linguistic and cultural aspects [12].

SYSTEM ARCHITECTURE AND
METHODOLOGY

Fig. 1.User Process Interaction Flow Diagram

This Marathi language learning app gives users a fun,
interactive experience using Al technology. It has an easy-
touse design and uses smart tools for speech and language
learning. Figure 1 shows the steps users go through in the
app, including the different screens and what they can
do on each one. When users open the app, they start by
logging in. This login saves their profile, learning settings,
and progress securely using Firebase Realtime Database.
Because everything is stored in one place, users can keep
learning on different devices and pick up where they left
off.

After successfully logging in, users are taken to the home
screen—the main screen of the app—where they see a
number of learning modules grouped by topic, as well as
some related vocabulary activities. These topics include
greetings, travel, and health, among others. Users can
navigate through the modules to find and pick certain
Marathi phrases they want to learn. After picking a phrase,
the app plays a native-like pronunciation using a Marathi
TTS model first, so users can familiarize themselves
with the proper phonetics. The user is then prompted to
speak the phrase out loud. The ASR first processes the
user's audio input in real time, which involves rendering
the input into text and evaluating pronunciation accuracy
against the native model output in seconds. As users repeat
the phrase, they receive immediate feedback to improve
their spoken pronunciation.

For users who want to be conversationally fluent in a
language, the application includes an Al-powered chatbot
that is always accessible from the home screen. This
technology is powered by the LLaMAS3-70B language
model running on Groq's fast inference engine. Users
can interact with the chatbot via text entry and receive
intelligent, contextual responses in Marathi and English
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that mimic real-world communication behaviour by
allowing users to conduct multiturn, natural conversations.

Moreover, the app promotes community-based learning
through chat rooms. Users have the option of sending
messages to chat rooms in the home screen, and users can
join a chat room or create a custom chat room name for
group learning or themed discussions, all while exchanging
messages and collaborating in real-time. All messages and
data are managed and synchronized using Firebase. This
peerto-peer experience increases user engagement and
creates a socially enriching learning environment.

There are three main Al models that power the app's
essential functionality. The app uses Wav2Vec2ForCTC
to serve as the Speech Recognition (ASR) model, the
fine-tuned version of Facebook’s Wav2Vec 2.0 XLSR
model, which was trained specifically for Marathi.
Wav2Vec 2.0 uses a selfsupervised learning strategy
and a Connectionist Temporal Classification (CTC) loss
framework to transcribe the user's speech into text in real-
time. It enables the app to deliver the user immediate,
helpful pronunciation feedback.

For adding the Text-to-Speech (TTS) functionality, the app
uses the VITS model from Meta's Massively Multilingual
Speech (MMS) project, which is based on variational
inference, normalizing flow, and GANSs; VITS takes
text inputs and produces natural and expressive Marathi
speech. This feature significantly supports listening
comprehension and makes content more accessible to all
users, especially those with visual impairments. Finally,
as for the Conversational Al, the chatbot is powered by
ChatGroq, based on the llama3-70b-8192 model from
Meta's LLaMA 3 series. As a multi-turn dialogue model
with 8192-token long-context understanding, our chatbot
provides intelligent and responsive conversational
interactions. The chatbot acts as a virtual language
tutor, and users can practice contextual dialogues with
the chatbot while gaining confidence through real-time
language use.

The application was developed with a structured
methodology that involves modern development tools,
cloud services that scale, and state-of-the-art Al models
in order to support user needs. The frontend of the app
was developed in JavaScript and TypeScript in the React
Native Framework for cross-compatibility on Android and
iOS mobile devices, with a database backend provided by
Firebase. The development was done in Visual Studio
Code using build/dependency tools such as Node.js and
npm/yarn package managers. Gitand GitHub were used for
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version control and collaboration within the development
team. Development was structured to enable testing
using the React Native Testing Library and obtaining a
live preview of the several instances developed in Expo
Go. The Firebase back-end was central to managing
major user interactions in the application; Firebase was
responsible for user authentication strategies, real-time
synchronization of cloud data, and data storage. In this
cloud service, learning history, preferences, and chat data
are secured in the Firebase Realtime Database, allowing
for a seamless and customized user-centric experience by
eliminating lags and delays.

IMPLEMENTATION

Figure 2. represents the module selection and phrase
learning view for the Marathi language-learning
application. The module-selection view had a tidy and
intuitive view with distinct modules consisting of clearly
labeled icons and short titles to facilitate the flow of
interactions. Once a module was selected, learners saw
a list of the most useful English phrases contained in
theme categories such as food and dining. Each phrase
was accompanied by English text, Marathi translation,
International Phonetic Alphabet (IPA) pronunciation, and
English transliteration to assist in understanding. The
module setup included interactive functions such as audio
playback and student voice recording which provided
learners with the opportunity to hear what correctly
sounded, and a method to receive feedback after listening
to their produced utterances. Learning a language through
interactive authentically speaking words and phrases in
TTS and STT was a dynamic, interactive, and effective
way to acquire the target language.

Fig. 2.Modules included and Phrase learning screen with
Listen and Record Options
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Fig. 3.Working of the Speech-To-Text feature

Figure 3. shows the implementation of the Speech-to-
Text (STT) feature that permits users to practice their
pronunciation by recording the voice of a given phrase.
When a user activates the record function, their audio
input is recorded and then passed through the Wav2Vec
Automatic Speech Recognition (ASR) model-a leading-
edge framework known for its accuracy and robustness
under multilingual conditions. The transcription is then
compared to the reference phrase using a Word Error
Rate (WER) calculation that measures differences such
as mispronunciations, insertions, and deletions. Based
on the computed accuracy, the app provides immediate,
color-coded feedback (green for high accuracy, orange for
moderate, and red for low), allowing users to visually gauge
their performance and identify areas for improvement.

Fig. 4. Al Chatbot Assistant

Figure 4. presents the Marathi Al Assistant chatbot, an
interactive tool designed to assist users with Marathi and
English language queries, translations, and corrections.
The chatbot offers a modern, conversational interface
where users can input questions and receive contextual
responses in real-time. It is built using the LangChain
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framework and powered by ChatGrog with the LLaMA
3-70B-8192 language model, enabling advanced natural
language understanding and generation. Upon launching
the chatbot, users are greeted by the assistant and
invited to engage in dialogue, simulating a human-like
conversational experience tailored for bilingual support.

Figure 5 depicts the Community Forum feature, which
enables users to engage collaboratively in their Marathi
language learning journey. Users can create or join topic-
specific chat rooms focused on questions, interests, or
challenges related to language acquisition.

Fig. 5.Working of the Community Forum

These forums foster peer-to-peer support, allowing
participants to exchange resources, clarify doubts,
and discuss cultural nuances in a socially interactive
environment. By connecting learners of varying
proficiency levels, the feature encourages real-time
collaboration, shared learning strategies, and mutual
motivation. This community-driven structure transforms
individual study into a dynamic, collective experience that
enhances engagement, accelerates learning, and builds
learner confidence.

RESULTS

The application was successfully developed by focusing
on enhancing the user engagement and real-time Indian
language practice through speech, text, and community
interactions using Artificial Intelligence and Machine
Learning by integrating multiple Al models.

The learning modules utilize sumedh/wav2vec2-large-
xlsr-marathi model for speech-to-text and facebook/
mms-tts-mar with VitsModel for text-to-speech. These
allow users to listen to the right pronunciation of Marathi
words and phrases, and then let them practice speaking
the words with real-time transcription feedback based
on how accurately they pronounce the words. Our initial
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implementation showed a smooth integration of these
models into the app’s interface, and qualitative testing
showed that the feedback loop (speak — get transcription
— listen to correct pronunciation) worked reliably across
various test phrases and modules.

A 24/7 conversational Al chatbot, built using Langchain
and integrated with ChatGrog (llama3-70b-8192), was
added to provide learners with an interactive assistant for
practicing Marathi conversations and resolving doubts.
The chatbot can answer grammar and vocabulary-related
queries, provide sentence-level feedback, and simulate
simple conversations in Marathi. It can handle basic
contextual interactions and support common learner
queries effectively.

The system includes a community feature, which provides
users the ability to join or create their own chat rooms
to interact with both other learners and native speakers.
This was made as an intentional design choice to create a
self-supported experience that mimics real-life language
immersion. The design was made functional and then the
interactions were tested for user flow: creating chat rooms,
joining chat rooms, and basic moderation. All in all, the
system has shown that it can be a viable system merging
open source Al models and real-time interaction tools
to create an accessible, Marathi-first language learning
platform. No user study nor quantitative evaluation was
conducted at this stage, but functional testing showed
that all main features were functioning effectively for an
iterative development cycle to be undertaken in subsequent
stages, incorporating user feedback.

CONCLUSION AND FUTURE WORK

This application illustrated the idea of using Al
technologies to offer the potential for an accessible and
integrated Marathi language learning experience. The
application uses models such as wav2vec2 for speech
recognition, VitsModel for text-to-speech, and LLMs
for conversational support. The application addressed
the major issues with regional language learning, such
as pronunciation, fluency, and continuous practice. After
the experience learners can then engage in a community
chat setting that allows for peer interaction in real time
and simulate natural language immersion. It is important
to note that the current implementation was focused on
functionality and system stability, and the following
iterations are planned to include comprehensive user
testing, model-fine tuning to help accuracy, and additional
features based on learner requirements. At its core, this
research demonstrates the opportunities available to create
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scaled, Al-enhanced language learning tools for various
underrepresented languages aimed at inclusion and
preservation of languages digitally.
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ABSTRACT

This paper explores the application of a gradient-based meta-learning framework for stock price prediction. We evaluated
the performance of Model-Agnostic Meta-Learning(MAML) and the Reptile framework in conjunction with Long
Short-Term Memory (LSTM) and Feed Forward Neural Network (FFNN) architectures. This models are trained and
tested on historical stock price data (2010-2021) of TCS stock, and their performance is benchmarked against traditional
time series forecasting methods like AutoRegressive Integrated Moving Average (ARIMA), Seasonal AutoRegressive
Integrated Moving Average (SARIMA), Error-Trend-Seasonality (ETS), and Simple Exponential Smoothing (SES). The
results indicate that MAML, particularly when combined with LSTM networks base model, gives good performance
in capturing the non-linear dynamics of stock prices. Also it exhibits a progressive improvement in performance with
increasing iterations and exhibits a strong model fit. On the other hand, Reptile with LSTM shows diminishing returns
with further iterations. Furthermore, LSTM-based models give better results when compared with FFNN-based models,
highlighting the importance of capturing temporal dependencies in time series forecasting. Notably, both meta-learning
algorithms give us better results than classical time series forecasting methods. This research suggests that meta-
learning, especially MAML with LSTM, gives a promising avenue for enhancing the accuracy and adaptability of stock
price prediction models.

KEYWORDS : Meta-learning, Time series forecasting, MAML, Reptile, LSTM, FFNN, Stock price prediction

INTRODUCTION

Predicting stock price accurately is one of the difficult
yet important tasks in the domain of finance with
significant implications for investment strategies, risk
management and economic forecasting. The difficult to
predict and non-stationary nature(conditions) of stock

on each new task, use of meta-learning enables models to
learn how to learn while allowing them for rapid adaptation
to new tasks with limited amounts of data. This capability
is particularly useful to stock price prediction, where it
is necessary that models must quickly adapt to evolving
market conditions.

markets characterized by volatility and susceptibility
to various economic and geopolitical factors makes the
prediction difficult. Classical time series forecasting
methods mostly struggle to capture these hidden
complexities which necessitate the exploration of various
advanced machine learning techniques.

In recent years, use of meta-learning framework has
emerged as an excellent approach for solving various
challenges of time series forecasting. Unlike classical
machine learning models which need to learn from scratch
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This study investigates the application of two gradient-
based meta-learning algorithms i.e. Model-Agnostic
Meta-Learning (MAML) and Reptile for the problem of
stock price prediction which is one of the applications of
time series forecasting. MAML aims to learn a set of initial
model parameters that can be quickly adapted to new
tasks with a less number of gradient steps, on the other
hand Reptile seeks to find an initialization that is close
to the parameters of several task-specific networks. The
findings of this paper have the potential to contribute to the
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development of more accurate and adaptable stock price
prediction models, which could possibly benefit investors,
financial institutions, and policymakers.

The objectives of this research are to:

1. Evaluate the effectiveness of gradient-based meta-
learning algorithms i.e. MAML and Reptile, for stock
price prediction, one of the applications of time series
forecasting.

2. Compare the performance of MAML and Reptile
algorithms in conjunction with Long Short-Term
Memory (LSTM) network and Feed Forward Neural
Network(FFNN) as base models.

3. Benchmark the performance of meta-learning-based
models against classical time series forecasting
methods which includes AutoRegressive Integrated
Moving Average (ARIMA), Seasonal AutoRegressive
Integrated Moving Average (SARIMA), Error-
Trend-Seasonality (ETS), and Simple Exponential
Smoothing (SES).

4. Give insights into the applicability of meta-learning
framework for enhancing the accuracy and adaptability
of stock price prediction models or problems.

The Contribution of this work are listed below:

1. We provide a systematic comparative analysis of two
prominent gradient-based meta-learning algorithms
i.e. MAML and Reptile in the context of stock price
prediction. This study highlights the pros and cons of
each algorithm for this specific time series forecasting
task or problem.

2. We evaluate the effectiveness of combining MAML
and Reptile with two different neural network base
models i.e. LSTM and FFNN. This investigation
explains the importance of the base model architecture
in the performance of meta-learning framework for
time series data or problems.

3. We benchmark the performance of meta-learning-
based models against classical time series forecasting
methods which includes ARIMA, SARIMA, ETS
and SES to provide a comprehensive study of their
effectiveness in stock price prediction.

4. This research contributes to the understanding of how
meta-learning frameworks can be effectively applied
to stock price prediction while offering insights into
the selection of appropriate or correct meta-learning
algorithms as well as base model architectures.
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LITERATURE ANALYSIS

The increasing interest in applying meta-learning
algorithms for time series forecasting problems stems from
their ability to adapt to new tasks with limited amounts of
data, leveraging prior experiences to enhance predictions
in domains including stock markets [1, 2]. Samanta et
al. [1] introduced the Meta-Cognition Fuzzy Inference
System (MCRTFIS-MN) which demonstrates improved
efficiency and accuracy in fuzzy systems through one-
shot learning. Addressing the various challenges of
accuracy and hyperparameter optimization, Li et al. [2]
implements a hybrid model that decomposes time series
data into linear and non-linear components, utilizing
Gradient-based least mean square (GD-LMS) for linear
patterns on the other hand an ISSA-optimized LSTM for
non-linear aspect which results in enhanced forecasting
accuracy. Similarly, Mu et al. [3] developed the MS-SSA-
LSTM model for the problem of stock price prediction
which integrates sentiment analysis and optimizes LSTM
hyperparameters with the Sparrow Search Algorithm to
achieve better predictive accuracy, specifically in volatile
market conditions. Elgamal et al. [4] made the Reptile
Search Algorithm (RSA) better by including chaos theory
and simulated annealing to improve its search capabilities.
Terence L et al. [5] explored model fusion in forecasting,
proposing the Deep-learning FORecast Model Averaging
(DEFORMA) model that combines multiple meta-learning
approaches and achieved superior performance in the M4
competition. MAML algorithm which was developed
by Finn et al. [12] offers a versatile approach for fast
adaptation in various learning tasks which also includes
time series prediction. Nichol et al. [13] further explored
first-order meta-learning algorithms like Reptile, offering
computational advantages. Hospedales et al. [6] gives a
comprehensive overview of the meta-learning field and its
future potential in time series forecasting. Finally, Chang
et al. [8] presented stock price prediction using a meta-
learning algorithm with various Convolutional Neural
Network (CNN) base models and a novel labeling method.

Existing research in meta-learning for temporal data,
while promising, presents several limitations that
motivate our study. Firstly, a direct comparative analysis
of prominent gradient-based meta-learning algorithms like
MAML and Reptile specifically for time series forecasting
tasks, such as stock price prediction, remains relatively
underexplored. While individual studies exist, a clear
understanding of their respective strengths and weaknesses
in this context is lacking. Secondly, the interplay between
different base model architectures and these meta-learning
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algorithms for temporal data has not been systematically
evaluated. Understanding which model best leverages
the rapid adaptation capabilities of MAML and Reptile is
crucial for effective application. Furthermore, many meta-
learning studies lack proper benchmarking against well-
established traditional time series forecasting methods
which makes it challenging to assess the real-world
utility of these advanced techniques. Finally, while some
works have touched upon meta-learning for stock price
prediction, deeper insights into the specific conditions and
model choices that yield significant improvements are still
needed.

METHODOLOGY

We utilize MAML [12] and Reptile [13] as meta-learning
strategies for improving the adaptability of forecasting
models on time series data.

MAML learns a model initialization that quickly adapts to
new tasks using a few gradient descent steps. It consists of:

Inner update (task-specific):
0'=0—aV L(f 0)

Meta update (across tasks):
B—0-bYV OLKEO) (2

In equation (1), a is the inner-loop learning rate and in
equation (2), b is the meta-learning rate.

()

Reptile simplifies meta-learning by avoiding second-order
derivatives. It updates the initialization as:

Update rule:

0—0+¢e(0—0) 3)

In equation (3), 0’ is the model parameter after training on

a task, and ¢ is the step size.

Dataset Creation: The preprocessed data was structured
into a dataset suitable for time series analysis.

Data Splitting: The dataset was divided into two halves
one for training and other for testing in 80:20 ratio.

Tensor Conversion: The data was converted into tensor
format so that it would be compatible with the neural
network models.

Model Definition: Two neural network architectures were
used as base models:

LSTM Network: LSTM networks work effectively with
time series data due to their ability to capture temporal
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dependencies.

Fig. 1: Methodology/Flowchart

FFNN: FFNNs were used to provide a comparison with a
non-sequential model to make investigation better.

Loss Function Definition: A suitable loss function (e.g.,
Mean Squared Error) was defined to quantify the difference
between predicted and actual stock prices.

Meta-Learning Algorithm Implementation: Two gradient-
based meta-learning algorithms were implemented:

MAML:MAML was used as a meta learning framework to
train both the LSTM and FFNN base models.

Reptile: Reptile another meta-learning framework used to
train the LSTM and FFNN base models.

Training and Evaluation: The LSTM and FFNN models
were trained using both MAML and Reptile. The
performance of trained models was then evaluated on
the test dataset using various evaluation metrics like
Root Mean Squared Error (RMSE), Mean Absolute Error
(MAE) and R-squared (R2).

Denormalization: Predictions were denormalized to the
original scale of the stock price data.

Results Visualization: The predicted stock prices of tcs
stock were plotted against the actual prices of tcs stock to

visualise the model performance.
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RESULTS AND DISCUSSION

Our investigation into the use of gradient-based meta-
learning algorithms i.e. MAML and Reptile, for temporal
stock price prediction using LSTM and FFNN as base
models, give us several important findings. We evaluated
model performance across 100 iterations using RMSE,
MAE, and R2, also compared these meta-learning
approaches with classical time series forecasting methods
i.e. ARIMA, SARIMA, ETS and SES.

Table 1: MAML Evaluation Metrics over lterations with
LSTM

Iteration RMSE MAE R"2
10 529.38 408.43 0.178
20 337.04 258.21 0.667
30 281.51 21191 0.767
40 699.47 529.69 -0.43
50 231.62 167.52 0.84
60 454.91 413.92 0.39
70 370.86 315.22 0.60
80 225.79 173.39 0.85
90 299.39 221.07 0.73
100 207.06 147.22 0.87

Meta-Learning Models: LSTM Performance

The LSTM-based models demonstrated a superior
capacity to capture the non-linear dynamics of stock price
movements compared to FFNNs and traditional methods.
MAML with LSTM exhibited a progressive improvement
in performance with increasing iterations. The R2 value
reached 0.87 at iteration 100, showing a strong model fit
and a substantial improvement in the model's ability which
explain the variance in stock prices, as detailed in Table
1. This suggests that MAML effectively optimizes the
LSTM's initial parameters, enabling the LSTM to rapidly
adapt to new stock price patterns. The corresponding
decrease in RMSE and MAE further corroborates this
enhanced predictive accuracy.

Table 2: Reptile Evaluation Metrics over Iterations with
LSTM

Iteration RMSE MAE R"2
10 214.44 162.03 0.86
20 250.27 200.79 0.81
30 282.17 231.94 0.76
40 304.36 253.56 0.72
50 338.17 283.09 0.664
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60 346.61 290.40 0.64
70 352.75 295.00 0.63
80 300.71 251.56 073
90 419.25 351.35 0.48
100 415.82 353.32 0.49

Reptile with LSTM, while demonstrating a high initial
performance (R2 of 0.86 at iteration 10) showed
diminishing returns with further iterations. The R2 value
declined to 0.49 by iteration 100, as shown in Table 2. This
suggests that while Reptile enables the LSTM to quickly
learn a reasonable representation of the data, it may
converge to a suboptimal solution, limiting its capacity
to benefit from prolonged training in this context. The
visual representation of LSTM performance can be seen
in "Figure 2".

Fig. 22 MAML and Reptile with LSTM
Meta-Learning Models: FFNN Performance

In contrast to the LSTM model, FFNN-based models
showed relatively stable performance across iterations.
MAML with FFNN exhibited an R2 of around 0.72-
0.79, while Reptile with FFNN maintained an R2 value
of approximately 0.75, as shown in Tables 3 and 4,
respectively. This suggests that while meta-learning
facilitates the learning of a functional mapping between
input and output, the FFNN architecture may lack
the inherent capacity to fully capture the temporal
dependencies present in the stock price data, even with
the optimized initial parameters provided by MAML and
Reptile. The performance of FFNN can be seen in "Figure
3"
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Table 3: MAML Evaluation Metrics over lterations with
FFNN

Iteration RMSE MAE R"2
10 287.17 212.64 0.76
20 269.91 218.48 0.79
30 299.39 248.68 0.74
40 297.95 247.85 0.74
50 301.61 251.90 0.73
60 303.76 254.98 0.73
70 300.48 251.76 0.73
80 306.95 257.88 0.72
90 288.87 238.54 0.76

100 291.51 243.22 0.75

Table 4: Reptile Evaluation Metrics over Iterations with
FFNN

Iteration RMSE MAE R"2
10 291.51 243.22 0.75
20 29151 243.22 0.75
30 29151 243.22 0.75
40 291.52 243.22 0.75
50 291.52 243.22 0.75
60 291.52 243.22 0.75
70 291.52 243.23 0.75
80 291.52 243.23 0.75
90 291.53 243.23 0.75

100 291.53 243.24 0.75

Fig. 3: MAML and Reptile with FFNN
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Comparison with Traditional Methods

The classical time series forecasting methods i.e. ARIMA,
SARIMA, ETS and SES demonstrated limited success
in accurately predicting stock price fluctuations. As
illustrated in "Figure 4", these models produced relatively
flat predictions that failed to capture the significant upward
and downward trends characteristic of stock market
behavior. This indicates that these traditional methods are
less suitable for modeling the non-stationary and volatile
nature of stock price data.

Fig. 4: Traditional Forecasting Models

Discussion:The results highlight the potential of meta-
learning, particularly MAML with LSTM, for enhancing
the accuracy and adaptability of stock price prediction
models. The ability of MAML to learn an effective
initialization that enables fast adaptation to new stock
price sequences is a key advantage as demonstrated by the
improved R2 values in Table 1. The superior performance
of LSTM over FFNN underscores the importance of the
base model's capacity to capture temporal dependencies.

The contrasting performance of MAML and Reptile with
LSTM suggests that while both algorithms can improve
learning, they exhibit different convergence behaviors.
MAML appears to be more effective in optimizing LSTM
performance over extended training, potentially due to its
second-order optimization approach, which may lead to a
more refined solution. Reptile, with its simpler first-order
approach, achieves a reasonable initial performance but
may be more prone to converging to a local optimum.
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The poor performance of traditional time series methods in
this study aligns with the understanding that stock prices
are influenced by a multitude of factors, leading to non-
stationary and unpredictable patterns that these methods
struggle to model, as shown in "Figure 4.

CONCLUSION

This study demonstrates that gradient-based meta-learning
algorithms, particularly MAML, significantly enhances the
accuracy and adaptability of stock price prediction models.
Among the evaluated models, MAML combined with
LSTM consistently outperformed other configurations,
effectively capturing temporal dependencies and exhibiting
improved performance with increased iterations. Reptile
on the other hand is computationally efficient and
showed diminishing gains over time especially with
LSTM. Furthermore, LSTM-based architectures give
better results than FFNNs in modeling temporal patterns,
reinforcing the importance of sequence-aware models
in time series forecasting. When benchmarked against
traditional forecasting techniques like ARIMA, SARIMA,
ETS and SES, both MAML and Reptile yielded superior
predictive performance while highlighting the potential
of meta-learning as a robust alternative for financial
time series prediction. Overall, the findings suggest that
MAML, in conjunction with LSTM, offers a powerful and
generalizable framework for adaptive and accurate stock
market forecasting. In future studies, we plan to extend
this research in several directions. First, we aim to evaluate
the performance of the proposed meta-learning framework
in this paper on different stocks, including Grasim, Tata
Steel, and the Dow Jones U.S. Stock Index, to assess its
generalizability across various market conditions. Second,
we intend to explore the use of Gated Recurrent Units
(GRUs) as an alternative base model architecture, given
their efficiency and effectiveness in capturing sequential
dependencies. These extensions will further validate
the potential of meta-learning for enhancing time series
prediction and broaden the applicability of our findings.
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In this paper, we examine how to develop realistic-looking handwritten letters and numbers using Generative
Adversarial Networks (GANSs). To produce clear and visually compelling outputs, we suggest a model based on
WGAN-GP, a stable variant of GANs. Our technology can produce particular characters or numbers as required
by enabling user-defined character inputs. This study not only shows a high model performance, but also suggests
real-world applications in digital document design, education, and automated writing systems.

KEYWORDS : Handwritten character generation, Generative adversarial networks, Handwriting synthesis, Deep

learning, Image generation, Neural networks, Character recognition.

INTRODUCTION

Even in the modern digital era, handwriting is
still a crucial means of expressing language and
emotion. However, employing technology to recreate
handwriting is a challenging undertaking. We now
have more effective techniques to address this thanks to
developments in deep learning, particularly GANs.Our
project's main goal is to create a handwriting generation
model by utilizing WGAN-GP, a particular type of
GAN. The primary advantages of WGAN-GP over
conventional GANSs are enhanced training stability and
the avoidance of typical problems like mode collapse.

Our system's usage of class labels, which enable the
model to produce a user-specified character or number,
is another important component. Our main goals
are to create a model that can generate handwritten
characters that look natural, evaluate the generated
characters for stylistic diversity and visual accuracy,
and determine possible uses and future possibilities
for this technology. This finding is significant because
it creates opportunities for automating handwriting-
dependent tasks, such creating personalized typefaces
or instructional materials for handwriting practice.
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Generative Adversarial Networks (GANS)

In 2014, lan Goodfellow introduced Generative
Adversarial Networks. The Generator and the
Discriminator are the two models used in these networks.
While the Discriminator learns to discern between
produced and actual data, the Generator fabricates
phony data in an attempt to replicate real data. In a sort
of game, both models get better together, increasing the
realism of the product that is produced.

The following is the definition of the standard GAN
objective function:

B 108 D) 4 Brvp o log(1 - DIGI2))) = minmaxV (D, G

where - z represents random noise vectors sampled
from a latent space pz(z), - X represents real data
samples taken from the data distribution p(x), - G(z) is
the Generator's output, and - D(x) is the Discriminator's
output probability that x is real.

Wasserstein GAN with Gradient Penalty (WGAN-
GP)

Although GANs have shown promise, training stability
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is a common problem. The Wasserstein GAN, often
known as the WGAN, produces more stable gradients
by altering the way the distinctions between actual
and false data are quantified. This is furthered by
WGAN-GP, which uses a gradient penalty to maintain a
dependable and seamless training process.

The formula for the WGAN objective function is
n}i‘n max Eoimpgen @) [D(2)] = Esmp () [D(G(2)).

WGAN-GP adds a gradient penalty term to enforce
the Lipschitz restriction that the Wasserstein distance
demands:

Lop = NEimp, [(|VaD(2)]]2 — 1)*

LITERATURE ANALYSIS

Patil, et al

where -\ is the gradient penalty coefficient and -x is a
randomly interpolated sample between actual and false
data.

Both terms are combined in the final WGAN-GP loss
function:

L = Bipi()[D(@)] = Eonp, (2[D(G(2))] + Lap

Conditional GANs

An enhanced kind of GANs is called a conditional GAN,
in which we provide the model with certain instructions,
such as a label or a description. This enables us to
regulate the type of output we desire. To increase the
model's versatility, we employ class labels in this study
to instruct the Generator on which particular character
to generate.

Paper

Methodology

Observation

Limitations

Future Scope

[1] E. Alonso and
associates, 2019

The features of the augmented
conditional GAN include
bi-LSTM embedding,
CRNN for recognition,
generator with up-sampling
ResBlocks, Conditional Batch
Normalization (CBN), and self-
attention; discriminator with
down-sampling ResBlocks;
adversarial (hinge), CTC, and
A=1 for gradient balancing.

Fixed dimensions, variable-
length words, some style
collapse, and French and

Arabic datasets were used
for testing; synthetic data
enhanced Handwritten Text
Recognition (HTR).

Collapsed style, fixed
image size.

Increase the variety of
styles and accommodate
different dimensions.

[2] S. Fogel et al.,
2020

ScrabbleGAN: semi-supervised,
balanced adversarial and
CTC losses; character filter
embedding; convolutional up-
sampling generator; residual
block discriminator; CRNN
recognizer.

Improved HTR Word
Error Rate (WER) and
Normalized Edit Distance
(NED), reduced artifacts
compared to [1], improved
Fréchet Inception Distance
(FID) and Geometry Score
(GS), and the capacity to
produce zero-shots in a
variety of languages.

High memory
requirements and
computational
complexity.

Increase productivity
and accommodate bigger
character sets.

[3] J. Zdenek and
H. Nakayama,
2021

JokerGAN: text line awareness
through text line embedding
(TLE), variable-length character
sequences, and multi-class
conditional batch normalization.

Large character sets
(like Japanese) can be
handled with less memory
utilization, and character
alignment is enhanced.

Sometimes overlook
minute details in
style.

Improve text line
consistency and style
capture.

[4] X. Liuetal.,
2021

HTG-GAN: style discriminator,
generator, and encoder with
residual blocks; losses:
reconstruction, adversarial,
CTC, and KL divergence.

Metrically comparable to
[1] and [2]; modest HTR
improvement, reduced
artifacts, and improved
visual quality.

Restricted to certain
styles, inadequate
generality.

Increase the variety
of styles and enhance
generalization.
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[5] L. Kang et al.,
2020

Fully connected layer
embedding, Adaptive Instance
Normalization (AdalN),
discriminator with residual
blocks, VGG-19-BN, and
B-GRU recognizer are all
components of GANwriting;
losses include binary cross-
entropy, multi-class cross-
entropy, and KL divergence.

Outperformed FUNIT;
few-shot setup, human-
satisfactory, limited to
less than 10 letters, and
worsened on out-of-
vocabulary (OOV) terms.

OOV problems, short
word limit.

Improve OOV
performance and
accommodate lengthier
messages.

[6] J. Gan and W.
Wang, 2021

With two adversarial losses and
balanced objective weights,
HiGAN is comparable to
GANwriting.

In terms of visual quality

and HTR metrics, it is better
than [2] and [5]; it can

handle lengthy paragraphs
and leaves off spaces.

Errors in punctuation
and lack of spaces.

Enhance the text's
structure by adding
punctuation and spacing.

[7] B. Davis et al.,
2020

TS-GAN: modified gradient
balancing, perceptual loss
encoder, spacing network, and
coupled GAN and auto-encoder
training.

Comparable FID and GS to

[2]; convincing pictures that

deceived people through
Amazon.

Style clustering
reduces diversity.

Author-level style
clustering using
Mechanical Turk.

[8] J. Ganetal.,
2022

HiGAN+: gradient balancing,
three-stage training, patch
discriminator, adjusted losses,
and character embeddings.

Visually and numerically
outperformed [3], [5], [6],
and [7]; human-preferred,
but had trouble with
numerals, punctuation, and
scrawled text.

Fails on numbers,
punctuation, and
scrawled writing.

Enhance the way that
numerals, punctuation,
and handwritten text are
handled.

[9]Y. Luoetal.,
2022

SLOGAN: dual-head
discriminators (D_char,
D_join), encoder-decoder
generator, style bank lookup
table, parameterized styles,
printed picture input, and no
recognizer.

outperformed [1], [2],
and [5] on metrics; slight
style imitation and output

confusion caused by people.

Imitation in the subtle
manner is inaccurate.

Improve style precision
and accommodate
intricate styles.

[10] Y. Wang et
al., 2019

HWGANSs: CNN-LSTM
discriminator with recurrent
latent variable model generator
and Path Signature Features
(PSF).

writing that is more realistic
and natural than that
produced by non-GAN
generators.

restricted to stroke
data rather than
complete images.

Extend to full image
generation, enhance
realism.

[11] C. Chang et
al., 2020

Cross-lingual zero-shot GAN,
extended ScrabbleGAN for
multilingual text generation.

Enabled generation in
multiple languages without
language-specific training.

Inaccurate language-
specific style capture.

Improve language-
specific styles, expand
language support.

[12] L. Wang et

Transfer of multi-scale styles

Enhanced style transfer and

Computationally

Increase productivity and
improve the accuracy of

al., 2021 By utilizing adaptive feature | produced text with a variety demanding.
fusion (AFF), GAN expands of style scales. style transfer.
upon GANwriting.
METHODOLOGY it includes a range of handwriting styles. All 10

Dataset Description

numerals and all capital and lowercase characters are
represented by its 62 classes. After converting each

A Kaggle dataset containing handwritten pictures of
capital and lowercase English letters (A-Z, a-z) and
numbers (0-9) was utilized. The dataset provides
a strong foundation for training the model because

Vol. 49  Special Issue
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image from grayscale to RGB format and resizing it to
64x64 pixels, the pixel values were normalized to fall
between -1 and 1. 20% of the data was used for testing,
while the remaining 80% was used for training. This
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configuration ensures that the model receives consistent
input and functions well across a variety of styles.

Model Architecture

The Generator and the Discriminator are the two main
parts of the WGAN-GP configuration that we employed.
Class labels are used to improve both sections.

Generator

Arandom noise vector and a character label are sent into
the generator, which initially uses an embedding layer to
turn them into a dense vector. After concatenating this
embedded label with the noise vector, the input is passed
through many layers that progressively upsample it to
create an image. The last layer scales pixel values into
the appropriate range using a Tanh activation function.

Among the Generator's primary features are: - Input:
An embedding vector that represents the class label
concatenated with a random noise vector z € R100.
Class labels are mapped to a dense vector of size 256
by the embedding layer, which then concatenates it with
the noise vector. The architecture consists of transposed
convolutional layers with ReL.U activations and batch
normalization. The last layer generates pixel values in
the [—1,1] range by using a Tanh activation.

The Generator architecture is summarized below:

Layer Type Output Shape Parameters
Input (Noise + 1 x 100 + 256 N/A
Embedding)
Transposed 4 x4 %1024 Kernel Size: 4,
Convolution Stride: 1
Transposed 8 x 8 x 512 Kernel Size: 4,
Convolution Stride: 2
Transposed 16 x 16 x 256 Kernel Size: 4,
Convolution Stride: 2
Transposed 32x32x128 Kernel Size: 4,
Convolution Stride: 2
Transposed 64 x 64 x 3 Kernel Size: 4,
Convolution Stride: 2

Discriminator

Both authentic and fraudulent images are accepted by the
discriminator, along with the label that goes with them.
To fit the image's proportions, the label is altered and
embedded. Normalization and LeakyReLU activation
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functions are then applied to each convolutional layer
once this reshaped label has been concatenated with
the picture data. One numerical value that indicates
whether the input image is produced or most likely real
is the final output.

The following is a summary of the discriminator
architecture:

Layer Type Output Shape Parameters
Input (Image + 64 x 64 x 4 N/A
Embedding)
Convolution 32 x 32 x 64 Kernel Size: 4,
Stride: 2
Convolution 16 x 16 x 128 Kernel Size: 4,
Stride: 2
Convolution 8 x 8 x 256 Kernel Size: 4,
Stride: 2
Convolution 4 x4x512 Kernel Size: 4,
Stride: 2
Convolution 1x1x1 Kernel Size: 4,
Stride: 1

Training Procedure

Our training regimen was consistent and alternated
between upgrading the Generator and the discriminator.
To keep things in balance, the Discriminator is updated
five times for each Generator update. We trained the
model for 100 epochs with a batch size of 64 and a
learning rate of 0.00005. With each Generator upgrade,
the Discriminator—also known as the Critic—was
changed five times. To enforce stability, we applied a
gradient penalty with a coefficient of 10 to make sure
the model complies with Lipschitz continuity, a crucial
idea in WGANSs for stable training.

Lp =E[D(z)] - E[D(G(2))] + A Lap

SGP is the definition of this loss, and the discriminator
parameters are modified appropriately. After that, a
batch of phony photos is created and the adversarial loss
G = — E[D(G(2))] is minimized, which encourages
the Generator to generate outputs that the discriminator
is unable to discern from actual data. By interpolating
between genuine and fake pictures and measuring the
gradient norm's divergence from 1, the gradient penalty
SGP is calculated. With a batch size of 64 and a learning
rate of 5 x 107°, the training is carried out over 100
epochs. Additionally, the gradient penalty coefficient
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A is set at 10 and the Discriminator (also known as the
Critic) is updated five times for every Generator update.

The following are some of the training hyperparameters:
64-person batch; 5 x 10—5 learning rate There are
one hundred epochs. The gradient penalty coefficient
(A) is 10. Each generator update requires five critical
iterations.

Losses were calculated using the Wasserstein formula,
which preserves training stability and improves gradient
behavior. We also included a gradient penalty to ensure
that the model complies with Lipschitz continuity, a
mathematical condition that ensures stability.

Evaluation Metrics

Our evaluation of the model was done in two main ways.
We used qualitative evaluation by first visually checking
the generated images for clarity, realism, and stylistic
coherence. Second, we used quantitative metrics:
Fréchet Inception Distance (FID), which compares the
distribution of generated images to real ones (lower is
better), and Inception Score (IS), which measures the
clarity and diversity of the generated images (higher
is better). We also produced words like "HELLO" and
"World" to evaluate the model's ability to maintain
consistent handwriting styles across sequences.

RESULTS AND DISCUSSION
Quialitative Results

The produced characters appear incredibly lifelike
due to their clear outlines and appropriate spacing.
Characters like A" and "G" displayed pronounced loops
and curves. Each letter of a phrase, such as "HELLO,"
followed the same handwriting style, which is crucial
for tasks like automatic handwriting translation.

Individual Character Generation

High scores were obtained via the model's analysis. A
Fréchet Inception Distance (FID) of 18.7 demonstrated
the high degree of similarity between the generated and
actual images. Furthermore, the outputs showed a high
balance between diversity and clarity, as evidenced by
their Inception Score (IS) of 3.85. These numbers are
reasonably competitive when compared to other GAN-
based handwriting models.

www.ijteonline.in
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Word Generation

Word-forming character sequences can be produced by
the model. For instance, all of the characters in the word
"HELLO" (Figure 2) have handwriting styles that are
consistent and resemble those of a human.

Quantitative Results

We assessed the model using two commonly used
measures, Fréchet Inception Distance (FID) and
Inception Score (IS), to supplement the qualitative
study.

Fréchet Inception Distance (FID)

The degree of resemblance between the distribution
of generated and real images is measured by the FID
score. Better alignment between the two distributions
is indicated by a lower FID score. With a FID score of
18.7, our model can compete with the most advanced
GAN-based handwriting synthesis models.

Fig. 1: Generated Characters

Fig. 2: Generated “HELLO”

Similarly, the word “World” (Figure 3) showcases
the model’s ability to handle mixed-case inputs and
maintain stylistic coherence.
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Fig. 3: Generated “World”
Inception Score (1S)

The diversity and quality of the generated images are
assessed by the Inception Score. Better performance
is indicated by a greater I1S. The variety and clarity of
the generated characters are reflected in our model's IS
of 3.85.

Table 1: Formula Metric

Metric Value
Fréchet Inception Distance (FID) 18.7
Inception Score (IS) 3.85

RESULTS AND DISCUSSION

The model's output quality is further strengthened
by its exceptional ability to produce characters that
appear amazingly realistic and human. Its usefulness
for targeted creation is further increased by the precise
control over the character that is formed, which is made
possible by the successful implementation of class
labels. The WGAN-GP framework's adoption greatly
aided the training process and promoted more stability
and consistency in the outcomes obtained. The model
does have certain drawbacks, though. One significant
limitation is that different examples of the same letter
do not change stylistically, leading to outputs that
frequently have the same visual style. The caliber and
variety of the training dataset are also directly related
to the model's effectiveness;any biases or restrictions in
the data. Our research demonstrates that the Wasserstein
Generative Adversarial Network with Gradient Penalty
(WGAN-GP) is a very effective framework for creating
handwritten characters with superior quality and a
consistent style. The model can handle entire words
while maintaining a realistic and coherent design,
but it excels at producing individual characters. This
innovation opens the door to a wide range of beneficial
applications, including the creation of customized
and distinctive typefaces, assistance with handwriting
practice instructional materials, assistance in enhancing
writing skills, and even support for document analysis
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tasks. By giving users precise control over the output
that is generated, conditional inputs significantly boost
the model's adaptability. Users can define particular
letters or sequences thanks to this. The study's primary
contributions are the effective use of a stable WGAN-
GP architecture intended for handwriting generation,
the addition of conditional inputs to guide character-
specific outputs, and a comprehensive evaluation
framework that combines quantitative metrics and
qualitative visual assessments. These tests have
shown that the model can resolve common problems
like mode collapse and training instability while still
producing visually appealing and diverse samples. The
encouraging results demonstrate this model's potential
as a practical tool in several domains where handwriting
synthesis is essential.

FUTURE WORK

Even while the existing model shows promise, there
are a number of directions for further study and
advancement that might greatly increase its usefulness
and adaptability. Future research will investigate the use
of style embeddings to enable the model to simulate a
wider variety of handwriting styles, such as discrete print
variations or flowing cursive scripts. More customisation
would be possible with this improvement, enabling users
to modify the generated handwriting to suit particular
application needs or aesthetic preferences. Furthermore,
future datasets will strive for more thorough coverage,
including handwritten examples in several languages,
such as Hindi and Arabic, as well as a wider range of
writing styles beyond the current scope, in order to
expand the model's usefulness across diverse linguistic
contexts. In order to turn the model's potential into
real-world advantages, our next projects will involve
the practical implementation of this model in real-
world applications, with an emphasis on incorporating
it into assistive technologies like handwriting tutoring
programs for people with learning disabilities and the
development of tools for automated form completion
and the creation of customized fonts.
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ABSTRACT

The growing prevalence of mental health challenges has emphasized the need for accessible, scalable solutions beyond
traditional therapy. Cognitive Behavioral Therapy (CBT) is a well-established approach that helps individuals recognize
and restructure irrational thought patterns that contribute to emotional distress. While effective, traditional CBT is
often limited by cost, stigma, and availability of trained therapists. Digital tools have attempted to bridge this gap, but
many lack personalization, memory, and emotional adaptability. This paper introduces MindMend, a memory-enhanced
Al chatbot that simulates CBT-based interactions through natural language understanding and adaptive response
generation. MindMend employs a fine-tuned Distil BERT transformer model for multi-label classification of user inputs,
enabling detection of multiple cognitive distortions within a single utterance. Unlike traditional bots with rule-based
scripts, MindMend uses LangGraph to retain recent conversational context, supporting emotionally coherent multi-
turn dialogues. The chatbot further guides users through cognitive restructuring using Socratic questioning techniques
tailored to the specific distortions detected. An integrated dashboard visualizes progress and historical distortion trends,
enhancing user reflection and engagement. Simulation results show high performance in identifying common distortions
and maintaining therapeutic dialogue flow. While not a replacement for professional therapy, MindMend serves as a
supplementary tool that promotes mental wellness through personalized, interactive sessions.

KEYWORDS : Artificial Intelligence (Al), Chatbot, Cognitive behavioral therapy (CBT), LangGraph, Memory,
sentiment.

INTRODUCTION

M ental health concerns such as anxiety, depression, and
negative thinking patterns have seen a notable rise,
particularly among students and working professionals.
Despite the effectiveness of Cognitive Behavioral Therapy
(CBT), accessibility and stigma remain barriers to its
widespread adoption [1]. The advent of conversational Al
offers new pathways to deliver psychological interventions
in an approachable, affordable, and scalable manner. This
paper introduces MindMend, an intelligent CBT-based
chatbot that uses natural language understanding and short-
term memory integration to detect and address cognitive
distortions during user interactions. Built with a Python-
based backend and a responsive frontend using modern
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JavaScript tooling React Native, the system employs
context-aware modeling via memory chains to simulate
therapeutic dialogue. MindMend helps users reflect on
negative thoughts by referencing previous conversational
turns and offering targeted restructuring prompts. The aim
of this study is to present the system architecture, evaluate
its efficacy, and explore its implications in the domain of
digital mental health platforms [2][3].

BACKGROUND

Cognitive Behavioral Therapy (CBT) is a structured, goal-
oriented psychotherapy approach that aims to identify
and reframe negative thinking patterns to alleviate
emotional distress and improve behavior [4]. Traditionally
delivered through in-person therapy sessions, CBT has
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proven effective across various psychological conditions
including depression, anxiety, Post Traumatic Stress
Disorder (PTSD), and more [5]. However, access to
qualified therapists remains a challenge due to geographic,
financial, and social barriers. In parallel, conversational
Al has emerged as a compelling interface for delivering
mental health support. By leveraging advancements in
natural language processing (NLP), chatbots can simulate
human-like interactions and offer supportive dialogues
that mirror therapeutic techniques [6]. Tools like OpenAl's
GPT and Google's Dialogflow have made it feasible
to integrate semantic understanding and emotional
intelligence into automated systems. To enhance the
realism and effectiveness of therapeutic conversations,
memory-augmented architectures are increasingly used.
Rather than treating each message as an isolated input,
these systems store and utilize conversational history to
maintain coherence and context [7]. MindMend employs
such a mechanism using LangGraph, a graph-based
memory model, to retain and recall the last few user
interactions. This allows the system to respond more
meaningfully, echoing the reflective techniques employed
in real therapy. By combining these paradigms—CBT,
NLP, and contextual memory—MindMend offers a bridge
between evidence-based therapy and scalable digital
implementation. This background provides the conceptual
grounding for understanding the motivations and design
choices detailed in the upcoming sections.

LITERATURE REVIEW
Cognitive Behavioral Therapy in Digital Systems

CBT has long been the gold standard in treating
psychological disorders, and its digitization has sparked
numerous innovations. Web-based CBT platforms
such as MoodGYM and Beating the Blues have shown
success in delivering structured interventions online [8].
These platforms rely on structured sessions and self-help
modules yet often lack conversational interactivity. The
shift from static forms to interactive, Al-driven delivery
methods marks a significant evolution in mental health
technology [9]. Research confirms that users engage more
consistently with interactive digital therapy compared to
static content, enhancing adherence and long-term benefit

[1].
Conversational Agents in Mental Health

The integration of Al-powered conversational agents into
mental health services has been a major milestone. Tools
like Woebot and Wysa have demonstrated promising
results in providing CBT-based support to users in a
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conversational format [3][10]. Woebot, for instance, uses
structured CBT dialogues based on user input and was
validated through randomized controlled trials. Wysa adds
emotional Al to adapt to users’ mood states. However,
both systems rely heavily on scripted flows, which may
hinder flexibility when users deviate from expected
inputs. Studies highlight that although conversational
agents improve accessibility and reduce stigma, a lack of
contextual understanding often weakens their therapeutic
depth [11].

Memory-Augmented Language Models

The emergence of transformer-based models such as GPT-3
and LLaMAhas catalyzed the use of contextual embeddings
in chat interfaces. However, standard LLMs operate within
a fixed context window, limiting their ability to maintain
long-term conversation history. To overcome this, memory
augmentation approaches—such as LangChain’s memory
objects and LangGraph's graph-based memory—have
been adopted to extend the coherence of interactions [12].
These tools allow developers to preserve conversational
state across multiple turns, enabling context-sensitive
responses. LangGraph, specifically, introduces nodes and
edges to navigate dialogue trees based on dynamic user
inputs and past turns, simulating a form of reasoning flow

[7].
Comparative Systems and Gaps

While many chatbot systems offer symptom tracking
or emotional check-ins, few engage in full cognitive
restructuring processes. For example, Replika focuses
on companionship and emotional expression rather than
evidence-based techniques. Other systems like Tess offer
triage and escalation services rather than continuous
therapeutic dialogue. MindMend addresses these
gaps by not only detecting cognitive distortions (e.g.,
overgeneralization, catastrophizing) but also guiding users
through Socratic questioning and restructuring techniques
in real-time. Unlike prior models, it stores the last few
interactions and adjusts its interventions dynamically,
offering a more therapist-like continuity that is currently
missing in most systems.

COMPARATIVE ANALYSIS

To contextualize MindMend’s contributions, it is essential
to evaluate it against existing digital mental health
solutions. This comparison focuses on four primary axes:
(1) cognitive distortion handling, (2) conversational
adaptability, (3) memory integration, and (4) user
engagement.
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Cognitive Distortion Detection

Most CBT-based chatbots rely on rule-based keyword
matching or sentiment scoring to detect distortions.
Systems like Woebot guide users through CBT worksheets
using decision trees but do not perform real-time multi-
label distortion detection [3]. In contrast, MindMend
employs a transformer-based classification model (Distil
BERT), fine-tuned on multi-label datasets including real-
world user input. It can identify cognitive distortions in
a single message, check for any distortions and generate
context-specific Socratic questions for restructuring [13].
This is a substantial leap in therapeutic accuracy.

Conversational adaptability

While many agents use scripted flows, they often fall
short when users deviate from expected paths. Tools
like Wysa follow predefined modules that offer limited
flexibility when users express complex or unexpected
thoughts [10]. MindMend addresses this through a
dynamic conversational model. By using LangGraph’s
memory-enabled nodes, it adapts responses based on
recent interactions, preserving therapeutic flow by saving
the conversation in summaries without rigid routing. This
results in conversations that feel organic and evolving,
similar to real-life sessions.

Memory Integration

Long-term context is often lost in conventional systems.
For example, Replika’s LLM-based system remembers
general user preferences but struggles with continuity in
therapeutic goals. MindMend circumvents this with short-
term memory windows (past 3 messages), implemented
using LangGraph's edge-based memory architecture.
This allows it to refer to previous user thoughts during
restructuring, reinforcing the reflection process and
building coherence across dialogue turns [7].

User Engagement and Interface Design

Modern chatbots increasingly focus on user experience,
but many lack mobile responsiveness or interactive
elements beyond text. MindMend offers a fully responsive
interface, designed with Tailwind CSS and mobile-first
principles and dedicated mobile app build using React
Native. It also tracks progress through charts and statistics
on user profiles, encouraging sustained engagement. Such
integration of backend intelligence and frontend usability
makes it more likely for users to return and benefit long-
term known limitation of earlier digital therapy platforms
[14].
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PROPOSED APPROACH

The proposed solution, MindMend, is a responsive,
memory-aware mental health chatbot designed to simulate
a cognitive behavioral therapist. It is structured to handle
multi-turn conversations with contextual awareness,
detect cognitive distortions using a fine-tuned language
model, and guide users through restructuring using
Socratic questioning. The overall architecture is modular,
combining a React-based frontend, a Node.js API, Python
services for NLP, and MongoDB for persistent data
storage.

System Architecture

MindMend follows a microservice-like architecture where
the frontend and backend communicate through secure
REST APIs. The backend consists of two layers:

Fig. 1. System Architecture Diagram

» A LangGraph based python service for handling user
authentication, session tracking, and data logging
(e.g., replies, user stats).

e A Python-based NLP pipeline, where message
classification, memory-context embedding,
restructuring prompts, task generation, sentiment
analysis are generated.

MongoDB stores user messages, detected distortions,
session summaries, and personal statistics. Each
component is containerized and deployable independently
for scaling or maintenance.

NLP Pipeline, Distortion Detection

The language understanding layer is built around a Distil
BERT transformer model, fine-tuned for multi-label
classification of 15+ cognitive distortions. It is trained
on a hybrid dataset — comprising the Kaggle Cognitive
Distortion Detection Dataset and user-curated samples —
to maximize real-world relevance. Upon receiving input,
the model returns distortion types, confidence scores, and

probable restructuring strategies.
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This output is passed into a prompt-engineered Socratic
generator, which dynamically formulates questions to
challenge the identified distortions, fostering cognitive
restructuring. This output response for interaction with the
users is done by the Lama 3 model which has tried its best
to give human like responses by taking the input from the
Distil BERT model which has detected the distortion if any.
For example, if “catastrophizing” is detected, MindMend
might respond: “What’s the worst that could happen? And
how likely is that scenario?”

Memory Integration Using Langgraph, Task

Assignment and Sentiment Analysis

To maintain coherent conversations, MindMend uses
LangGraph, a memory-augmented conversational
framework that treats conversations as navigable graphs.
It stores the last 3 turns per user, including both user inputs
and system responses. When generating new responses,
the memory is consulted to avoid repetition, echo prior
concerns, and simulate follow-up thinking — similar to
a real therapist referencing earlier points in a session [7].

This allows a degree of adaptiveness not typically found
in linear or scripted chatbots, making the user feel “heard”
across interactions.

Furthermore, it stores the previous three conversations the
user has and the conversations before that are stored in
form of summary which is made using the Mistral model
and gets stored and then it generates an appropriate task to
the users which helps them to look out on their distortions
and try to make them feel better by giving certain task to
do and reflect on their selves, besides that the response the
task completion is feed into the system by the users and a
sentiment analysis is done via a custom trained uncased
BERT model, trained on real responses and mixture of
synthetic dataset. It then gives a mood score on the scale
of 0 to 3 and makes the user understand how they have
handled the task via feedback to their input.

Fig. 2. Task Assignment Page
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Figure 3 shows how the pop up notification is shown to
the user if there are continuous distortions detection and
how the feedback to a task afterwards is given along with
the mood score indicator. All the task histories are stored
in the database and can be viewed by the user if needed.

Frontend and User Experience Design

MindMend's frontend is built using React and Tailwind
CSS, enabling a clean, responsive Ul across devices. Users
can log in, join interest groups, make posts, reply to others,
and track their mental health journey via dashboards with
interactive charts. D3.js and Recharts libraries are used to
visualize mood trends, distortion frequency, and reflection
stats.

Fig. 3. User System Interaction Diagram

This user-centered design aims to reduce drop-off, provide
emotional reinforcement, and create a positive feedback
loop — key for therapeutic success in digital environments
[15].

Fig. 4. Chatbot Conversation Interface

The user can have conversation with the use of voice notes

which helps in better interaction and the figure 5.4 shows
that.

Figure 5 shows a journalling interface section which has
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been implemented to make it more interactive where
people can note their daily life notes and can store them.

Fig. 5. Journaling Interface

Fig. 6. Interactive Tools and all their individual interfaces

To incorporate intractability and cater diverse people with
different problems, few interactive tools such as breathing
bubbles, Feelopoly, Music therapy and a CBT lingo have
been created to put a sense of calmness and relaxation in
the minds of user and help in their betterment until further
interactions with the therapists or the chatbot are being
made.

Security and Ethical Considerations

User inputs and detected mental health data are encrypted
before storage. Data usage policies are aligned with HIPAA
and GDPR norms wherever possible. Furthermore, the
system does not attempt to replace professional therapists,
but rather supplements their work by improving early
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detection and offering reflective tools during crises or in-
between sessions.

RESULTS AND DISCUSSION

MindMend was evaluated through both functional
validation and limited user simulations. The key areas
of assessment were distortion detection accuracy,
conversational  coherence, user satisfaction, and
engagement depth. The prototype performed strongly
across these parameters, validating the efficacy of its
architecture and NLP design.

Distortion Detection Accuracy

The Distil BERT classifier showed robust performance
during testing, with an average F1-score of 0.88 across
all distortion classes. The model was especially strong
in detecting common distortions such as catastrophizing,
mind reading, and all-or-nothing thinking. More nuanced
or overlapping distortions like labeling or emotional
reasoning had slightly lower precision, which is consistent
with findings from earlier studies on multi-label emotion
classification [16].

Table 1: Performance Measures

Models Accuracy F1 - Score
Distilbert 0.7763 0.8809
Bert uncased 0.7647 0.7727
Roberta 0.7563 0.7544
Albert 0.5714 0.5715

Use of various models was done to check the accuracy
and the level of F1 score. Table I shows the usage of
Distilbert, Bert uncased, Roberta and Albert models,
while the Distilbert proved to be showing great results
compared to others, the efficiency and the speed at which
it gave answers was also impressive than others which
made it a better option to go with the usage as faster
model which speedy response in deployment stages can
be helpful. The multi-label setup allowed the system to
identify and weigh primary and secondary distortions in
a message — a feature rarely found in existing bots. This
nuanced classification enabled MindMend to generate
more tailored interventions, improving relevance and
psychological alignment.

Conversational Flow and Coherence

MindMend’s use of LangGraph memory significantly
improved coherence across turns. For instance, when users
referenced earlier statements (“I told you yesterday | was
anxious about exams™), MindMend was able to recall and
build upon prior insights. This memory-driven continuity
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was noted by test users as a major differentiator from rigid
bots like Tess or text-only tools like MoodGym [10].

By preserving the last three exchanges per user, the
chatbot delivered responses that felt natural and session-
like and generated relevant task if necessary, mimicking
human therapeutic rhythm. This adaptive flow created a
more engaging and emotionally safe space, essential in
CBT settings.

User Interface and Engagement

Simulated user testing highlighted MindMend's intuitive
design and ease of use. The mobile-first interface,
interactive group posts, and reflection dashboards were well
received. Users found the ability to track their distortion
history and progress particularly helpful. Visualizations
helped reinforce learning — for example, when users
saw “overgeneralization” decline in their charted history,
it created a sense of achievement. The Beck Depression
Inventory (BDI) was utilized to assess users' depression
levels. Figure 7 illustrates users' statistical data, where
disorder detection was conducted using the certified
Beck Depression Inventory. This integration allowed
users to visualize their progress over time, reinforcing
the effectiveness of the platform's interventions. BDI is
a 21-item self-report questionnaire developed by Aaron
T. Beck and colleagues in 1961 to assess the severity of
depression in individuals. Each item corresponds to a
specific symptom or attitude associated with depression,
such as hopelessness, irritability, or fatigue. Respondents
rate each item on a scale from 0 to 3, with higher total
scores indicating more severe depressive symptoms. It is
widely used in both clinical and research settings due to its
reliability and validity. [19]

Fig. 7. User statistics Interface
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These visual cues are known to improve motivation and
behavior change in digital interventions [17], and are
especially effective when paired with real-time feedback,
as implemented in MindMend.

Therapeutic Relevance and Future Clinical use

While MindMend is not a substitute for professional
therapy, its structure and guidance align well with first-line
CBT practices. The use of Socratic questioning, evidence
testing, and structured dialogue supports cognitive
restructuring. In early testing, users reported increased
self-awareness, emotional clarity, and a desire to continue
reflecting after conversations ended — echoing outcomes
from successful CBT interventions [18].

Further improvements — such as longer-term memory
retention, emotional tone analysis, and escalation
protocols — would be critical for clinical use. Integration
with real therapists, mood journals, and crisis detection
would complete the ecosystem for deployment in real-
world therapy contexts.

CONCLUSION & FUTURE WORK

This research presents MindMend, a responsive,
intelligent chatbot designed to simulate cognitive
behavioral therapy interactions through context-aware
dialogue and real-time distortion detection. By combining
transformer-based multi-label classification with memory-
aware conversational flow, MindMend addresses several
limitations found in existing mental health applications,
such as lack of adaptiveness, poor follow-up, and static
user experiences.

Unlike rule-based systems or overly general LLMs,
MindMend bridges the gap between accuracy and
empathy. It detects multiple cognitive distortions with
high precision, integrates short-term memory to maintain
session coherence, and provides interactive dashboards
to foster user self-reflection. The use of LangGraph for
memory management, along with prompt-engineered
Socratic interventions, enhances its ability to guide users
through cognitive restructuring in a personalized way.

User testing demonstrated that the platform fosters
engagement and introspection, while the modular design
allows easy adaptation for other domains like stress
management, addiction recovery, or academic counseling.
These outcomes underscore the potential of Al-assisted
mental health support systems when grounded in evidence-

based psychology and thoughtful UX design.
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However, there remain limitations and opportunities
for further development. Expanding memory windows
beyond three messages, incorporating mood inference
through sentiment analysis, and integrating escalation
pathways to licensed professionals are essential for broader
deployment. Additionally, large-scale clinical evaluations
are needed to measure real-world therapeutic efficacy and
ensure safety, particularly for users with severe mental
health conditions.

In future iterations, integrating longitudinal tracking
of emotional well-being, personalized journaling
recommendations, and anonymized therapist review portals
could make MindMend a hybrid platform—merging Al
automation with human expertise. The ultimate goal is not
to replace therapists, but to augment and support therapy
by making mental health care more accessible, proactive,
and continuous.

REFERENCES

1. G. Andersson, P. Cuijpers, P. Carlbring, H. Riper, and E.
Hedman, “Guided Internet-based vs. face-to-face cognitive
behavior therapy for psychiatric and somatic disorders: a
systematic review and meta-analysis,” -, vol. 13, no. 3, pp.
288-295, Oct. 2014, doi: 10.1002/wps.20151.

2. A. S. Miner, A. Milstein, S. Schueller, R. Hegde, C.
Mangurian, and E. Linos, “Smartphone-Based Conversational
Agents and Responses to Questions About Mental Health,
Interpersonal Violence, and Physical Health,” JAMA Intern
Med, vol. 176, no. 5, p. 619, May 2016, doi: 10.1001/
jamainternmed.2016.0400.

3. K. K. Fitzpatrick, A. Darcy, and M. Vierhile, “Delivering
Cognitive Behavior Therapy to Young Adults With Symptoms
of Depression and Anxiety Using a Fully Automated
Conversational Agent (Woebot): A Randomized Controlled
Trial,” JMIR Ment Health, vol. 4, no. 2, p. €19, Jun. 2017,
doi: 10.2196/mental.7785.

4, J. S. Beck, Cognitive Behavior Therapy: Basics and Beyond,
2nd ed. New York, NY, USA: Guilford Press, 2011, ch. 1.

5. S. G. Hofmann, A. Asnaani, I. J. J. Vonk, A. T. Sawyer, and
A. Fang, “The Efficacy of Cognitive Behavioral Therapy: A
Review of Meta-analyses,” Cogn Ther Res, vol. 36, no. 5, pp.
427-440, Jul. 2012, doi: 10.1007/s10608-012-9476-1.

6. L. Laranjo et al., “Conversational agents in healthcare:
a systematic review,” Journal of the American Medical
Informatics Association, vol. 25, no. 9, pp. 1248-1258, Jul.
2018, doi: 10.1093/jamia/ocy072.

7. LangChain Al, "LangGraph: Composable Memory-
Augmented Language Model Agents,” 2023. [Online].
Available: https://github.com/langchain-ai/langgraph.

8. H. Christensen, K. M. Griffiths, and A. Korten, “Web-based
Cognitive Behavior Therapy: Analysis of Site Usage and

www.ijteonline.in

\Vol. 49  Special Issue

10.

11.

12.

13.

14.

15.

16.

17.

18.

19.

No. 2

Prajapati, et al

Changes in Depression and Anxiety Scores,” J Med Internet
Res, vol. 4, no. 1, p. e3, Feb. 2002, doi: 10.2196/jmir.4.1.e3.

D. Richards and T. Richardson, “Computer-based
psychological treatments for depression: A systematic review
and meta-analysis,” Clinical Psychology Review, vol. 32, no.
4, pp. 329-342, Jun. 2012, doi: 10.1016/j.cpr.2012.02.004.

B. Inkster, S. Sarda, and V. Subramanian, “An Empathy-
Driven, Conversational Artificial Intelligence Agent (Wysa)
for Digital Mental Well-Being: Real-World Data Evaluation
Mixed-Methods Study,” JMIR Mhealth Uhealth, vol. 6, no.
11, p. €12106, Nov. 2018, doi: 10.2196/12106.

A. A. Abd-Alrazaq, A. Rababeh, M. Alajlani, B. M. Bewick,
and M. Househ, “Effectiveness and Safety of Using Chatbots
to Improve Mental Health: Systematic Review and Meta-
Analysis,” J Med Internet Res, vol. 22, no. 7, p. €16021, Jul.
2020, doi: 10.2196/16021.

J. Xu, A. Szlam, and J. Weston, “Beyond Goldfish Memory:
Long-Term Open-Domain Conversation,” Proceedings of the
60th Annual Meeting of the Association for Computational
Linguistics (Volume 1: Long Papers). Association for
Computational Linguistics, 2022. doi: 10.18653/v1/2022.acl-
long.356.

Y. Liu et al., “RoBERTa: A Robustly Optimized BERT
Pretraining Approach,” 2019, arXiv. doi: 10.48550/
ARXIV.1907.11692.

J. M. Lipschitz et al., “Digital Mental Health Interventions
for Depression: Scoping Review of User Engagement,” J
Med Internet Res, vol. 24, no. 10, p. 39204, Oct. 2022, doi:
10.2196/39204.

G. Doherty, D. Coyle, and J. Sharry, “Engagement with online
mental health interventions,” Proceedings of the SIGCHI
Conference on Human Factors in Computing Systems. ACM,
May 05, 2012. doi: 10.1145/2207676.2208602.

J. Deng and F. Ren, “Multi-Label Emotion Detection
via Emotion-Specified Feature Extraction and Emotion
Correlation Learning,” IEEE Trans. Affective Comput.,
vol. 14, no. 1, pp. 475-486, Jan. 2023, doi: 10.1109/
taffc.2020.3034215.

L. Yardley, L. Morrison, K. Bradbury, and I. Muller, “The
Person-Based Approach to Intervention Development:
Application to Digital Health-Related Behavior Change
Interventions,” J Med Internet Res, vol. 17, no. 1, p. €30, Jan.
2015, doi: 10.2196/jmir.4055.

A. BUTLER, J. CHAPMAN, E. FORMAN, and A. BECK,
“The empirical status of cognitive-behavioral therapy: A
review of meta-analyses,” Clinical Psychology Review,
vol. 26, no. 1, pp. 17-31, Jan. 2006, doi: 10.1016/j.
Cpr.2005.07.003.

A.T.BECK, “An Inventory for Measuring Depression,” Arch
Gen Psychiatry, vol. 4, no. 6, p. 561, Jun. 1961, doi: 10.1001/
archpsyc.1961.01710120031004

January 2026



Integration of Drift Detection Technique ADWIN with OS
ELM Classifier

Hezal Lopes

Assistant Professor

Pillai College of Engineering, Navi Mumbai
D. J. Sanghvi College of Engineering
Mumbai , Maharashtra

>4 hezal.lopes@gmail.com

Prashant Nitnaware
Assistant Professor

Pillai College of Engineering,
University of Mumbai
Mumbai , Maharashtra

< pnitnaware@mes.ac.in

ABSTRACT

Data stream mining is used to extract finding meaningful patterns and insights from continuously flowing data streams.
Drift is detected when statistical properties of the target variable or the relationships between the predictor variables and
the target variable change over time, which deteriorates the performance of machine learning models. It is crucial to
handle and manage concept drift in machine learning applications. If concept drift is not handled properly, then it may
give inaccurate predictions as well as degrade the performance of the learning model that leads to serious consequences
in many real-world applications. In order to address concept drift, it is required to monitor the performance of machine
learning models continuously and update them as per changes in the data distribution. This paper presents a comparative
analysis of various popular drift detection techniques like CUSUM, ADWIN, DDM, and the Page-Hinkley (PH) test
integrated with Naive Bayes, Support Vector Machine (SVM), and Online Sequential Extreme Learning Machine
(OS-ELM) classifiers. The performance of the model is verified using two artificial benchmark datasets, SEA and
Agarwal. The comparison results show that integrating ADWIN with OS-ELM yields superior performance, achieving

an accuracy of 86%, outperforming both Naive Bayes (83%) and SVM (81%) under the same conditions.
KEYWORDS : Concept drift, Data stream mining, OS ELM classifier, Windowing technique.

INTRODUCTION

Internet of Things (loT), generating large amounts
of data every day. This data is often in the form of
continuous streams. 10T data stream mining is the process
of extracting valuable insights and patterns from the
large volumes of data generated by 10T devices in real-
time [1]. Traditional offline processing methods are
often inadequate for handling it effectively. Real-time
processing enables organizations to make decisions and
take actions in response to incoming data immediately.
Real-time processing combined with machine learning
models can enable predictive analytics. This means being
able to forecast trends and make proactive decisions
based on patterns detected in the data. Data streams are
characterized by their rapid, real-time, and high-speed
nature. Accessing them randomly or multiple times is not
only expensive but often nearly impossible. Processing
the substantial volume of data within limited memory
presents a significant challenge. The data arrives in a
multidimensional and low-level format, necessitating
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sophisticated mining techniques. Elements within data
streams undergo rapid changes over time, rendering past
data potentially irrelevant for mining purposes. Those
data streams are constantly moving, and the distribution
of real-time data is continuously shifting, making it
non-stationary. This dynamic nature gives rise to both
real and virtual concept drifts, where the characteristics
of classification models can be altered. This results in a
slowdown in the accuracy of classification models and can
result in incorrect predictions. The CUSUM-based method
is used to detect the change in data pattern [2]. As soon
as the samples enter into the system, it runs online and
changes its parameters by itself online. After identification
of drift, the model is rebuilt using the recent samples
that help to adapt to the drift in a faster way. The Drift
Detection Method (DDM) is one of the most well-known
statistical-based detectors [3]. This method assumes that
an increase in model error rate indicates drift. The Page-
Hinckley (PH) test, also proposed by Page, is a variation
of the CUSUM test [4]. This test detects the changes in the

average behaviour of a process.
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DATA STREAM CLASSIFIER

As per the study and survey, it is found that for drift
detection and adaptation, most researchers have used the
Naive Bayes classifier, as shown in Figure 1. There is still
scope to use online streaming classifiers like ELM, OS
ELM, etc.

Fig. 1: Classifiers for Drift detection
SVM

Data stream classification using support vector machine
(SVM) gives inaccurate results when the underlying
data distribution changes, which leads to a change in the
decision boundaries [5]. Incremental/decremental SVM
with adaptive shifting window, introduced in several
datasets [6]. In this technique, once the concept drift is
detected, the current shifting window is adjusted by
ignoring or forgetting the old samples until no drift is
detected on the remaining ones.

Naive bayes

Naive Bayes (NB) classification is one of the popular
classification method and also known as incremental
classification method. Naive Bayes model easily update
itself as per new stream data [7]. The performance of
the optimal Bayes classifier is not affected by irrelevant
features, but the NB classifier improves when irrelevant
features are removed from the model. Irrelevant features
are the ones that have little or no predictive power. Naive
Bayes classifiers are known for their low computational
cost and simplicity, which make them well suited for the
data stream setting. Naive Bayes (NB) is a classification
technique that uses Bayes' theorem. Bayes' theorem
describes the probability of an event based on prior
knowledge of the conditions that might relate to an event. It
is a way to find out conditional probability: the probability
of an event happening given that it has some relationship
to one or more other events. Naive Bayes classification
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works by training the dataset and predicting an output
based on what it has learned.

Random Forest

Random forest classifier is based on decision trees. Instead
of considering input from one subtree, it takes predictions
from all subtrees and makes a final decision based on
voting. In this paper, the author has proposed Proximity
Driven Streaming Random Forest (PDSRF) that uses
weighted majority voting as an aggregation rule of
ensemble [8]. This method uses a sliding window method
to update the random forest. The length of the window is
fixed, and the size is determined by cross-validation.

OS-ELM Classifier

Extreme learning machine (ELM) is a classifier that uses
a single hidden layer feedforward neural network (SLFN)
that is much faster and gives better performance than
traditional classifiers [9]. For many real-time applications
for classification, clustering, and regression, ELM gives
better accuracy and results.

Any sensor-based application continuously generates data
that is dynamic in nature. New samples are added into
the dataset from time to time. Classifiers need to retrain
on new upcoming data. Retraining classifiers in the IoT
data stream is very costly and time-consuming. Also,
it is inefficient to retrain the network or classifier on the
whole data set again and again. Online sequential ELM
(OS-ELM) is used, which adjusts the parameters over
new samples sequentially rather than retraining the old
samples. OS-ELM trained the samples on a window-by-
window or block-by-block basis.

Online sequential extreme learning machine (OS-ELM)
uses the original extreme learning machine. Where 6 =
{(xi,ti ) ,(xieRn, tieRn, i= 1,2, ...} [9] is a given data
set, hidden node output function G(ai,bi,x) and hidden
node number L , KOS-ELM algorithm can be written as
follows:

Given a chunk of initial training 6 = {(xi,ti) calculate
hidden layer output matrix HO={g(a,b,x)}

Calculate the output weight vector O = POHTOTO where
PO=(HOTHO)-1 and TO=TIT, T2T, ....TNo

Let K=0.
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When (K+1) new data chunk is received and if data
changes are observed then calculate the new hidden layer
output matrix. HK+1.

Then Update the output weight
B =B AP HT + 1T,

In online ELM parameters are adjusted when there is
change in incoming data.

DRIFT DETECTION TECHNIQUES

There are various types of drift detection techniques as
shown in figure 2, among which few are popularly used
among researchers.

Similarity and dissimilarity-based methods like Drift
Detection Method (DDM), Early Drift Detection Method
(EDDM), Reactive Drift Detection Method (RDDM)
are based on binomial distribution, distance error rate,
classification error rate etc.

A statistical based method uses statistical properties
like mean, mode, median, standard deviation etc for the
presence of the drift. Cumulative sum (CUSUM), Page-
Hinckley test (PH), Fisher-based statistical drift detector,
McDiarmid drift detection methods are popular methods
which use statistical properties to detect the drift.

In a Window based method where comparison between
two windows gives a signal to change in data distribution.
Concept-adapting very fast decision tree (CVFDT),
Efficient concept-adapting very fast decision tree
(ECVEDT) and Adaptive windowing (ADWIN) are few
popular methods from windowing techniques. out of
which ADWIN is most widely used technique to detect
the presence of drift[10].

Fig. 2: Approaches for Identifying concept drift

Researchers have proposed many drift detection
techniques. out of which as shown in figure 3 are most
popular techniques used with different classifiers [11].
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Fig. 3: Popular drift detection Techniques
CUSUM

Cumulative sum (CUSUM) gives an alarm when the mean
value of the input data is different from zero.

St = max(0,t-1 + (xt - 3) (1)

As shown in equation 1, if St > A then it alarms and reset St
= 0. Here, A is a threshold, & corresponds to the acceptable
magnitude of changes, and xt is the presently obtained
value. Cumulative sum (CUSUM) is superior in detecting
very small drifts [12].

Disadvantage:

False positive rate is high in CUSUM technique.

PH Test:

As shown in equation 2, PH test considers a cumulative

variable mT, defined as the cumulated difference between
the observed values and their mean value.

)
A is a threshold, & corresponds to the acceptable magnitude
of changes, and xt is the presently obtained value. and T is
the current time. Page-Hinkley exhibited greater precision
and robustness [13].
Disadvantage

PH test needs historical data so memory requirement is
more in this technique.

DDM

Drift Detection method (DDM) continuously monitors
the model's error rate equation 3 and gives drift warning
signals if error rate is increased which indicate that the
underlying data distribution has shifted. DDM produced
the best average F1 score [14]. Drift Detection Method
calculates classification error by binomial equation.

si=pi(1—pi)/i 3)

Disadvantage

DDM is able to detect only sudden concept drift and fails
to detect Gradually changing drift.

ADWIN

The ADWIN (Adaptive Windowing) algorithm is a drift
detection method used in data stream mining.
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Fig. 4: Adaptive windowing Technique

Size of the window is not fixed. When drift is detected a
window of variable size shrinks, if no drift detected then it
keeps enlarging. It maintains two adjacent sub-windows;
one represents the recent data and the other one for old
data. Drift is detected if the different means of the sub-
windows exceed the drift threshold [15]. It is designed to
monitor a variable-sized sliding window of recent data and
detect changes in the distribution or mean of the observed
values. The primary idea is to adjust the window size
dynamically based on the observed statistical properties
of the data.

p0 = Mean of W0

pl=Mean of W1

Diff= 0 - pl

If Diff > T

Drift detected <- True

Disadvantage

ADWIN works only for 1-dimensional data only, e.g.,
the running error. For n- dimensional raw data, a separate
window must be maintained for each dimension which
results in handling more than one window.
DATASETS

Agarwal Dataset

This synthetic dataset is used to simulate abrupt and gradual
concept drifts. It contains various class distributions,
making it suitable for evaluating drift detection methods.
SEA Dataset

The SEA dataset is another synthetic dataset with abrupt
drifts in its data streams. It has three features, two attributes

are relevant for classification, and has varying decision
boundaries over time.

EXPERIMENTS AND DATA ANALYSIS

In this section, experiments and data analysis are executed
to test the performance of SVM, Naive Bayes and OS-
ELM with Relu activation function are used as comparison
algorithms. All algorithms were executed on Google Colab
platform on River framework, windows 7 OS, Intel quad-
core 3.30 GHz Core. All algorithms are executed on an
Artificial Agarwal and SEA data set.

SVM with ADWIN
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Adaptive windowing technique (ADWIN) , one of the
popular drift detection techniques is used with SVM
classifier. This method is applied on AGARWAL data set
and nearly 81% accuracy is achieved.

Accuracy: 0.813

Precision: 0.8432543313776474
F1 Score: 0.7904712376451355
Confusion Matrix:

[[6620 64]
[1806 1510]]
Table 1: SVM with drift detection
Approach Accuracy | Precision Recall F1 Score
SVM with 81 70 65 67
CUSUM
SVM with 84 75 70 72
DDM
SVM with 79 68 60 64
Page Hinkley
SVM with 81 84 79 76
ADWIN

Table 1 shows the performance measure of SVM classifier
with various drift detection techniques. CUSUM monitors
the cumulative sum so it detects the abrupt drifts easily. It
generates false positives in case of gradual drifts, slightly
lowering recall. DDM detects abrupt and gradual drifts,
leading to higher accuracy and precision.

PH Test that lag in detecting gradual drifts, resulting in
lower recall and F1-score. ADWIN adapts well to both
abrupt and gradual drifts due to its adaptive sliding window
approach, resulting in the highest accuracy and F1-score.
Naive bayes with ADWIN

Drift detection technique ADWIN is used with Naive
bayes classifier on Agarwal data set and 83.35% accuracy
is achieved as shown in table 2.

Accuracy: 0.8335
Precision: 0.8498645973623559
F1 Score: 0.7959402994978289
Confusion Matrix:

[[6674 10]
[1155 2161]]
Table 2: Naive Bayes with drift detection
Approach Accuracy | Precision | Recall | F1 Score
Naive Bayes 80 65 60 62
with CUSUM
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Naive Bayes 83 68 65 66
with DDM

Naive Bayes 78 73 70 60
with Page
Hinkley

Naive Bayes 83 84 79 69
with ADWIN

OS ELM with ADWIN

Online Sequential ELM classifier is applied on SEA
Generator with ADWIN drift detection technique. In this
method a total 10,000 samples were tested. This method
checks the accuracy after every 1000 samples.

Drift introduced around index 4118

Processed 0 samples. Current accuracy: 1.0000
Processed 1000 samples. Current accuracy:0.8591
Processed 2000 samples. Current accuracy:0.8531
Processed 3000 samples. Current accuracy:0.8550
Processed 4000 samples. Current accuracy:0.8583
Processed 5000 samples. Current accuracy:0.8574
Processed 6000 samples. Current accuracy:0.8570
Processed 7000 samples. Current accuracy:0.8560
Processed 8000 samples. Current accuracy:0.8574
Processed 9000 samples. Current accuracy:0.8569

drift detected at index 9599, previous variance:
78771.62389707574, current variance:
70374.66697665813

Final accuracy: 0.8579

Fig. 7: OS ELM performance with SEA data set

As shown in figure 7 Online Sequential ELM classifier
is applied on AGARWAL Generator with ADWIN drift
detection technique. In this method a total 10,000 samples
were tested. This method checks the accuracy after every
1000 samples. Variance test is used to detect the presence
of drift.

Drift introduced around index 3169
Processed 0 samples. Current accuracy: 0.0000
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drift detected at
660812683380.1091,
551322287947.6799

Processed 1000 samples. Current accuracy:0.8442
Processed 2000 samples. Current accuracy:0.8506
Processed 3000 samples. Current accuracy:0.8514

drift detected at index 3743, previous variance:
4661284661946.928, current variance:
3940434429594.458

Processed 4000 samples. Current accuracy:0.8555
Processed 5000 samples. Current accuracy:0.8596
Processed 6000 samples. Current accuracy:0.8587
Processed 7000 samples. Current accuracy:0.8610
Processed 8000 samples. Current accuracy:0.8614
Processed 9000 samples. Current accuracy:0.8620

index 447, previous variance:
current variance:

drift detected at index 9023, previous variance:
7473070056122.088, current variance:
389324894404.3277
drift detected at index 9791, previous variance:
1064459339631.7715, current variance:
307992269082.32227
drift detected at index 9855, previous variance:
81502766944.93158, current variance:
73672664007.18546

Final accuracy: 0.8634

Fig. 8: OS ELM performance with AGARWAL dataset

From above figure 8 results it shows that classifiers
are able to identify the presence of drift using the drift
detection module (ADWIN), which helps them to make
further decisions. out of SVM and Naive bayes OS ELM
classifier gives better accuracy, detects drift and easily
adapts with new incoming data.

Table 3 shows performance measure of OS ELM classifier.
CUSUM works well with OS-ELM for abrupt drifts but
may introduce latency in detecting gradual changes.
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Table 3: OS ELM with drift detection

Approach Accu- | Preci- | Recall F1

racy sion Score
OS ELM with CUSUM 82 68 65 66
OS ELM with DDM 85 72 70 71
OS ELM with Page Hinkley 80 66 63 64
OS ELM with ADWIN 86 82 79 74

Fig. 9: Model performance

DDM balances accuracy and recall, especially for mixed
drifts, making it suitable for both Agarwal and SEA
datasets. The PH test focuses on abrupt drifts, but OS-
ELM’s sequential learning mitigates the latency issue
to some extent. ADWIN: Performs well in dynamic
environments, effectively adapting to sudden and gradual
changes in both datasets, resulting in overall higher scores.

Below, figure 9 shows the comparison of all classifiers’
performance with various drift detection techniques.
And it is found that OSELM works better and maintains
the accuracy with the Adaptive Windowing (ADWIN)
technique.

CONCLUSION

Online sequential versions of the extreme learning
machine (OS-ELM) with the widely used drift detection
techniques ADWIN have been proposed in this study. The
SVM classifier with the ADWIN drift detection method
tested on the Agarwal data set gives 81.3% accuracy, and
the Naive Bayes classifier gives 83.35% accuracy on the
same data set. SVM and Naive Bayes are more suitable for
static datasets. The OS ELM classifier gives 86% accuracy
for dynamic data sets. In the above work, OS-ELM is
performed on SEA and Agarwal data sets and found that
it gives better accuracy as compared to other classifiers
discussed in this research paper. This classifier identifies
the change in data pattern or drift and adapts with the new
data values smoothly.
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ABSTRACT

With the beginning of digital customer feedback, most sentiment analysis approaches focus on text data without taking
into account the abundance of affective information extractable from images. The paper proposes a new approach of
image-based sentiment classification by applying machine learning algorithms to categorize customer-uploaded review
images as positive or negative sentiments. Unlike prior work, our method incorporates customized dataset creation,
extensive data augmentation, and a comparative evaluation of four supervised machine learning models: Support \ector
Machine (SVM), Random Forest (RF), Decision Tree (DT), and Naive Bayes Classification (NBC). The image data
undergoes preprocessing, feature extraction using convolutional techniques, and transformation into trainable vectors.
Results have shown that the Random Forest model surpasses others with regard to a number of metrics and has the
greatest accuracy, precision, recall, and F1-score. This proposed model allows businesses to better and more reliably
interpret customer sentiment from visual cues rather than traditional text-only analysis. Thus, it opens the field towards
multimodal sentiment understanding.

KEYWORDS : Image sentiment analysis, Customer review images, Machine Learning, CNN, Random forest, Visual

emotion detection.

INTRODUCTION

Over the last few years, e-commerce websites have seen
an increase in multimedia comments, particularly
pictures with text comments. Customers post pictures
to show visual satisfaction or dissatisfaction. Earlier
sentiment analysis was about text, but image sentiments
analysis can offer greater understanding of customer
experiences[1,2]. Image Sentiment Analysis (SA)merges
computer vision and various principles of machine
learning where we can evaluate the main emotional
background of the collected images and thereby provide
a better sentiment score[3]. This kind of analysis allows
firms to gain a better understanding of emotions inferred
and conveyed through visual media, extending to the
more nuanced items which cannot be read from text [4].
Through establishing whether there are positive, negative,
or neutral emotions through means of customer-supplied
images, firms can improve product designs, advertising
campaigns, and customer

service interactions[5]. Moreover, the combination of
image sentiment analysis with standard text-based systems
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is a broader feedback loop with richer interpretation of
consumer complaints and satisfaction. [6] Consumers
increasingly give feedback in visual form with images,
providing richer emotional insights than textual
comments.. Conventional SA approaches tend to ignore
visual features, resulting in a partial interpretation of
consumer sentiments. . The combination of the algorithms
of Machine learning and also including computer vision
can greatly boost sentiment interpretation from customer-
uploaded images. The main core emphasis of this
particular paper is to create, train, and deploy machine
learning-based algorithms capable of performing accurate
sentiment analysis in customer review photos. While
conventional sentiment analysis methods have made use
of text-based data, the present project aims at visual data,
noting customer images tend to express emotional cues
and comment that are just as pertinent using the precision.

LITERATURE ANALYSIS

Several research works have explored various
methodologies for image sentiment analysis. A recent
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study by Sharma and Patel (2024) suggested the use
of deep learning techniques involving CNNs and
transformers, achieving some accurate classifications and
some reliable images; however, the model’s computational
cost limits its real-time applicability. Another survey by
Singh et al. (2023) analyzed different image sentiment
analysis techniques, presenting valuable insights into
existing methods and datasets but lacked experimental
validation. A hybrid approach combining CNNs and
RNNs was explored by Gupta and Reddy (2023) to
capture both spatial and sequential features.While it
enhanced contextual.comprehension, it suffered from the
problems of slow training and overfitting. Kumar and Jain
(2022) promoted transfer learning with models like VGG
and ResNet that cut down the training time immensely and
generalized better, though at the expense of domain fine-
tuning. Multimodal sentiment analysis based on text and
visual was introduced by Banerjee and Thomas (2022),
improving contextual perception and accuracy at the cost
of computationally intensive.In the research by Lee and
Wang in 2021, emphasis was laid on emotion recognition
through facial expressions and scene context, offering
interpretability but struggling with abstract or low-quality
images. Deep learning methods applied to social media
images were examined by Zhou et al. (2021) for their
scalability and trend analysis capabilities. Still, these
remained vulnerable to adversarial examples and abstract
emotion representation [7]. A hybrid model proposed by
Deshmukh and Khan (2020) combined traditional ML
with deep learning, increasing adaptability but suffering
from slow inference and feature engineering demands[8].
n. Nevertheless, GAN training difficulties and instability
presented major challenges [11]. A large-scale analysis
by Zhang and Luo (2018) processed millions of images,
showcasing scalable sentiment detection, though it required
powerful computing and faced data bias [12]. Another
study by Fernandes and Chatterjee (2018) employed deep
CNNs for feature extraction,offering high adaptability
and reduced manual efforts but necessitating large labeled
datasets [13]. A comparative study by Ahmed and Das
(2017) examined different deep learning architectures,
guiding model selection yet lacking real-world validation
[14]. Finally, Saxena and Nair (2017) merged rule-
based and ML methods, providing interpretable results
suitable for small datasets but limited in adaptability and
complexity handling [15].
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METHODOLOGY

Fig. 1: ML algorithms flowchart of collected data

Figure 1 explains the overall workflow of image sentiment
analysis, starting from data collection, preprocessing, and
feature extraction. Various machine learning models are
then applied to classify the sentiment based on extracted
features.

System Architecture

Step 1: Image Data Gathering and Preprocessing In this
step, customer review images are gathered from websites
such as e-commerce websites or review websites.
Images are generally uploaded by customers to describe
the product experience. After gathering, preprocessing
operations such as resizing, noise removal, normalization,
and data augmentation are carried out. These provide
image size uniformity and image quality to preface them
for a machine learning model.

Step 2: Feature Extraction from Images After preprocessing
the images, prominent features are extracted with
Convolutional Neural Networks (CNN) or other deep
learning models. The features may be visual patterns,
object presence, facial expressions, colors, textures,
and spatial arrangements, which are all critical cues for
sentiment determination.

Step 3: Sentiment classification using ML algorithms
The features extracted are input into various models of
machine learning algorithms. These are learned on labeled
data to recognize patterns and interdependencies among
image features and sentiment types—ypositive, negative, or
neutral. This is the determining step where the sentiment
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of the image is predicted. Step 4: Sentiment Output and
Evaluation Finally, the system outputs a sentiment label for
each image. These outputs can be visualized on dashboards
or stored for business insights. Evaluation metrics such as
accuracy. precision, recall, and F1- score are used to assess
the performance and reliability of the classification model.
The results help businesses understand visual feedback
from customers and enhance product or service strategies.

Data processing

The gathered customer review images were subject to
various preprocessing operations to guarantee uniformity
and enhance model performance. First, 64x64 pixels
resizing was done to the positive and negative images
to guarantee uniformity within the made dataset. They
were subsequently converted to grayscale to reduce
computational complexity and simplify feature extraction.
In this project/paper the whole Dataset augmentation
procedures were applied to each n every image such
as rotation of the images, flipping of the images, and
brightness (low and high level) of the images were
performed to increase the dataset from the initial images
to a larger balanced dataset. After preprocessing, each
image was flattened into machine learning model trainable
feature vectors. The particular dataset then further was
splitted to 80 percent for training and the rest of the 20
percent for testing.

Data Augmentation

To address the limitation of a small original dataset and to
improve the accuracies of the machine learning models,
the above mentioned techniques of dataset augmentation
were applied. Augmentation strategies included rotation,
horizontal and vertical flipping, random zooming,
brightness adjustment, and shifting, which artificially
increased the dataset size without collecting new
images. These transformations helped in creating diverse
variations of the existing images, making the models more
adaptable to real-world unseen data. After augmentation,
the dataset expanded to 440 positive and 490 negative
images, ensuring a balanced and generalized training set.
This process significantly reduced the risk of overfitting
and allowed the models to learn more robust and invariant
features from the customer review images.

Techniques used

1) Support Vector Machine (SVM): SVM classifies the
image features into sentiment classes by determining the
best hyperplane for the data separation. SVM is well-

www.ijteonline.in

Vol. 49  Special Issue

No. 2

Warke and Kadu

suited for high-dimensional space and performs well
with a distinct margin of separation. It is a supervised
Machine learning algorithm which predicts the various
features of images into sentiment classes based on the best
hyperplane separating various categories in the feature
space. It is particularly powerful in high-dimensional
spaces and works very well when there is a distinct margin
of classes. SVM utilizes kernel functions (such as RBF
or linear) to map non linearly separable data onto higher
dimensions such that it is linearly separable. Its accuracy
and reliability make it a widely used option for image
sentiment classification tasks.It has been effectively used
for image based emotion based classification in previous
research.

Fig. 2: support Vector Machine[1]

Figure 2 shows the diagram of Support Vector Machine
which includes x and y axis x1 and x2 with two support
vectors. There are 2 optimal hyperplanes with positive
and negative hyperplanes and one maximum margin
hyperplane in the middle. The data points of the shown
support vectors near the hyperplane,which can be
considered the critical elements of dataset.

2) Decision Tree (DT):- It is a well known supervised
machine learning algorithm and is applied for both
classification and regression. It splits data into subsets
depending on feature values in constructing a tree-like
model of decisions. It is a node which is internally situated
where a single test on the property is displayed, a branch
is a result, and a leaf node is a final decision. The tree is
trained by selecting the most suitable attributes based on
calculations like the information gain and the gini index.
Decision Trees are very simple to visualize, understand,
and analyze. Decision trees are learned by choosing the
best attribute to split on based on metrics like information
gain or Gini index. They are commonly applied for
simple visual classification tasks where interpretability is
required.
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Fig. 3:Decision Tree[2]

Figure 3 shows a diagrammatic structure of decision tree
with the decision node which is called the root node.Here
the root node branches into the decision nodes,based on
feature values leading to classification through leaf nodes.
Each and every node evaluates a specific feature and
the other branches of the tree indicate the result of the
evaluation done.

3) Random Forest:- It is a technique that combines
multiple decision trees in training and infers the class
as the mode of classes for classification. It improves the
accuracy of classification through the combination of
outputs of various trees to prevent overfitting. Each tree
in the forest is constructed using random selection of the
training data built using a random subset of training data
via bagging and splitting a node based on a random subset
of features. Random Forest can be able to catch complex
feature interactions and offers immunity to noise and
missing values in image sentiment analysis. Its accuracy,
interpretability, and ability to process large datasets render
it a popular choice for sentiment classification tasks on
image data. It has shown robustness in handling image
feature variability in sentiment classification.

Fig. 4: Random Forest[3]

Figure 4 shows the diagrammatic structure of Random
forest. At the top it shows original training data and the
same data is randomized. To randomize first random
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vectors are created after that one single random vector
is used to build multiple decision trees,and last step all
the decision trees are combined together. This method
improves the accuracy by reducing overfitting by average
results trained by multiple decision trees.

4) Naive Bayes Classification:- This model is a
probabilistic machine learning algorithm applying Bayes
Theorem and also used for classification purposes. Naive
Bayes makes the idea where occurrence of one feature in
a class is independent of the occurrence of the features
within a class is distinct from other features, hence
being "naive.” Because of this simplifying assumption,
the model is extremely scalable and efficient, especially
effective when dealing with large datasets. Naive Bayes
works well with high-dimensional data and even with
quite limited training data. In image sentiment analysis,
it estimates the probability of each class of sentiment for
a set of image features and chooses the class with the
maximum probability. Though simple, Naive Bayes can
give remarkably good results in most real-world visual or
textual data-based applications. Naive Bayes can also be
applied in hybrid models for visual emotion classification.

Fig. 5: Naive Bayes Classification[4]

Figure 5 shows diagrammatic representation of Naive
Bayes classification with induction motor training dataset
with confusion matrices and labelled datasets which is
trained by HMM training module. In classification unseen
dataset is a labelled dataset with HMM classification
module which directly defines Naive Bayes classifier
with sequence classification. And at last the Naive bayes
classifier gives an identification outcome.

Technologies and Methodologies

1) Programming Languages: Google Colabisprimarilyused
for model development, with libraries like NumPy,Pandas,
o0s,cv2 for data manipulation, and Matplotlib Seaborn for
visualization.

2) Computer Vision Tools: OpenCV is employed for image
preprocessing and basic manipulations.
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3) Pre Trained Models and TransferLearning: Models like
VGG16, ResNet50, Efficient Net, and Vision Transformers
are fine-tuned on emotion-specific datasets to improve
performance with limited data. 4)Scikit-Learn: For various
machine learning utilities, including model metrics of
evaluation(e.g, Accuracy, F1-score, the confusion Matrix).
Numpy was also used for numerical operations.

RESULTS AND DISCUSSION
Dataset Details

Review images with good and bad sentiments were
highlighted. The initial dataset consisted of 15 images
under each sentiment category. The aforementioned data
augmentation method of rotation, flip, zoom, and change
in brightness has been applied with the aim to increase the
number of samples under the dataset, as well as prevent
overfitting, so as to have 440 images for good sentiments
and 490 images for bad sentiments. In this project, a
dataset was created by me in which images of customer
reviews conveyed positive and negative sentiments.
There were initially 15 images under each category of
sentiment. In making the dataset broader and to avoid
overfitting, data augmentation techniques like rotation,
flip, zoom, and brightness changes were applied, which
resulted in 440 positive and 490 negative images. All
the images were normalized by rescaling all of them into
64x64 pixels and being converted into grayscale for the
sake of model consistency. All the images were labeled
as ”’positive”or’negative”by manual visual inspection for
precise supervised learning. The dataset was then split into
80 percent train and 20 percent test in order to maintain
model validation integrity. This information was utilized
as the baseline for comparing the performance of different
algorithms of machine machine learning algorithms used.
These images have been chosen to represent positive and
negative attitudes of mobile products, which form the core
of this image sentiment analysis. Every image represents
typical situations in review pages or online shopping
when customers reflect satisfaction or dissatisfaction.
Positive Image 1: The picture is of a mobile phone with
an original and unique cartoon printed cover. The picture
is an indication of personalization and satisfaction with
the appearance of the product, typically associated with a
positive or satisfied customer experience. Positive Image
2: The photo is of a clean, shiny, unbroken new mobile
phone. The shine and clarity show satisfaction and pride
of ownership, as with positive feelings. Negative Image
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1: There is a cracked screen cell phone completely. It
reflects product damage or negative experience, most
often shipping damage, manufacturing defect, or abuse
— in glaring demonstration of negativity. Negative Image
2: A human person is holding a cell phone from two
sides of whose screen is cracked or broken. This reflects
dissatisfaction and disappointment because of adverse
comments on the product or post-purchase remorse. These
sampled images adequately precondition the model to
learn to identify visual cues to emotional tones in order to
allow for more efficient sentiment classification.

Training Configuration

1) Hardware and Platform: No special hardware or
platform requirement existed because the Google Colab
supported model testing and training using its cloud
computing platform. It provided a stable platform which
possessed sufficient CPU as well as GPU computational
capabilities so that the functioning of machine learning
workflows.could be ensured without experiencing any
smooth problems. 2) Dataset Preparation: 440 positive
and 490 negative images were selected with maximum
care using the made dataset augmentation features such
as rotation of images, flipping of images, and scaling
as well. The images were all resized to 64x64 and then
transformed into grayscale for making them uniform.
Feature vectors were created by flattening the images into
one-dimensional arrays. 3) Training Strategy: The dataset
was splitinto 80 percent training sets and 20 percent testing
sets, respectively the four machine learning algorithms as
mentioned were employed as machine learning models.
Optimisation was performed through hyperparameter
tuning and testing on Accuracy, precision, recall, and F1-
score metrics.

Fig. 6 : Model’s Performance evaluation

Figure 6 presents a comparative analysis of model
performance using accuracy, precision, recall, and F1-
score. Among the evaluated algorithms, Random Forest
outperformed others with the highest scores across all
metrics.
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Fig. 7 : Accuracies For Different ML Models (Bar Graph)

Figure 7 compares the overall accuracy of four machine
learning models. Random Forest achieved the highest
accuracy, indicating its superior performance in image
sentiment classification.

Fig. 8: Decision tree Line Graph

Figure 8 shows lower values across all three evaluation
metrics precision, recall, and Fl-score. This indicates
that the model struggles to generalize well, leading to
inconsistent prediction performance on image sentiment
classification.

Fig. 9 : Random Forest Line graph

Figure 9 shows high and balanced values for precision,
recall, and F1-score. This consistency across metrics
reflects its strong ability to correctly identify both positive
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and negative sentiments with minimal error, making it the
best performer among the models.

Figure 10 shows consistently high precision, recall,
and F1-score values, indicating balanced performance.
Its margin-based classification helps effectively separate
positive and negative sentiment images.

Fig. 10: Support Vector Machine Line Graph

Fig. 11: Naive Bayes Line Graph

Figure 11 shows moderate performance, with precision,
recall, and F1-score values that are relatively close but
not high. This suggests that while it can identify sentiment
to some extent, its simplifying assumption of feature
independence limits its accuracy for image-based data.

Evaluation Metrics

1) Accuracy: Accuracy measures the overall percentage
of correctly categorized ratio of correctly assigned images
against the total. number of test samples. It gives an instant
measure of the model’s performance for all classes.

2) Precision: It measures various numbers of the accurate
positive predictions out of the total predictions out of all
instances predicted as positive. It is particularly helpful in
knowing how many of the positive predictions are indeed
relevant.

3) Recall: It is defined as the true positive rate known as
sensitivity which is the measure of the true positive images
that were well identified by the model.
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4) The F1-score: This value is the main harmonic mean of
precision and Recall that is especially effective when there
is an imbalance in class distribution.

Prediction Performance and Evaluation

The Model’s performance table which contains accuracies
including its F1-score, Recall and also Precision shows
performance of each and every machine learning model
used. Inthe table it can be seen that the Accuracy of Random
Forest(RF) is the highest,including its Precision,Recall
and F1 Score.This results are based on our custom dataset
and experiments. The bar chart illustrates the comparative
performance of four machine learning models—Decision
Tree, Random Forest, SVM, and Naive Bayes—based on
their accuracy values. It graphically illustrates that Random
Forest was the best performing among all others, followed
by SVM, Naive Bayes, and Decision Tree. This bar chart
vividly illustrates the performance of the models in image
sentiment classification. The visualization follows the
quantitative analysis in the above table and supports the
choice of Random Forest as the best performing model for
the proposed system.

CONCLUSION

This study demonstrated how Machine learning algorithms
can effectively analyze customer reviews through image
sentiment analysis, Among all the four models used,
Random Forest provided the highest accuracy due to
ensemble strength. SVM and Naive Bayes performed
moderately,while Decision Tree showed limitations with
Overfitting hence giving lowest accuracy. The results
highlight that visual data when combined with Machine
learning, can offer deeper insights into customer emotions.
Such analysis can help businesses enhance user experience
and decision making.
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ABSTRACT

This paper presents a practical solution for enhancing digital interaction through a low-cost, touch-free virtual
environment tailored to educational and creative contexts. Unlike traditional input systems requiring physical contact or
specialized hardware, the proposed tool enables drawing and writing using natural hand movements tracked through a
basic webcam. The novelty of this system lies in its combination of real-time gesture detection with Al-driven modules
that support voice captioning, mathematical expression evaluation, and live assistance via an integrated chatbot. These
features are designed to work cohesively, creating a fluid and hardware-independent user experience. By focusing
on accessibility, the system addresses the limitations of existing smartboards and touchscreens, especially in budget-
constrained or remote learning settings. A notable contribution is the integration of a multimodal interaction layer that
adapts to diverse user needs without relying on expensive peripherals. The platform was developed using open-source
libraries and requires only standard devices, making it a versatile solution for remote teaching, virtual presentations, and
hands-free digital content creation.

KEYWORDS : Smart education, Computer vision, Hand gesture recognition, Virtual board, Real-time drawing, Al

chatbot, Voice interaction.

INTRODUCTION

With the evolution of numerous nascent technologies,
an increasing number of educators and learners
are moving to virtual online structures for instructional
offerings. This research region is constantly attracting
more researchers and is consistently evolving. The usage
of technology to create learning environments to enhance
and customize learning experiences, making learning more
effective and engaging, is the primary characteristic of
the smart education paradigm [1]. This entails leveraging
digital tools and systems to create learning environments,
foster individualized learning, and empower students.
Effective user interaction is an important characteristic
in the design and development of effective learning
programs. The field of Human-Computer Interaction
(HCI) has undergone significant technological advances.
These advances have led to the use of smart input and
output channels to develop quality educational offerings

2.

With the rise in demand for remote learning and virtual

www.ijteonline.in

\Vol. 49  Special Issue

No. 2

collaboration tools, traditional strategies, such as
whiteboards and touch screens, face limitations in terms
of hardware dependency and cost. Traditional drawing
and educational tools, such as blackboards and digital
touchscreens, rely heavily on physical inputs that can
restrict user creativity and accessibility. Input techniques
such as a mouse or touchscreen, can feel restrictive and
unnatural, especially in situations requiring dynamic or
collaborative interactions. However, to cater to learners
with varied interests, a multimodal HCI approach is
needed.

This paper introduces a digital whiteboard application
that detects hand gestures to allow drawing on the screen,
eliminating the need for touch-sensitive devices [3]. The
proposed solution combines computer vision methods to
track hand landmarks and interpret gestures in real time
[4][5]. The incorporation of Al technologies enhances the
interactivity of the system. Users can transcribe spoken
input, switch images with gestures, and pose inquiries
to the Al chatbot [6]. This integration not only enriches
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functionality but also creates a seamless, touch-free user
experience that is perfect for education and creative design.

LITERATURE REVIEW

Especially after the pandemic, pupil engagement is a huge
difficulty in today’s classrooms. The use of technology
tools that assist instructors in capturing and preserving
students’ interest may be worthwhile in this situation.
A smart learning environment can make it easier for
instructors to manage teaching, make them more effective
in class, and make it easier for students to access the
expertise and capabilities they need to meet their needs
and interests [7]. Smart education reduces cognitive load
and allows sense- making by students [8]. The layout of
such structures should prioritize the seamless integration
of technology to aid and enhance traditional teaching
techniques rather than replacing them. Social networking,
e-learning spaces, and other technologies connect learning
participants, promoting the development of a learning
community [9]. Therefore, it is critical to determine the
effectiveness of technological resources [10].

The learners of today’s generation have specific learning
preferences. Some learners may consume a concept with a
lot of textual descriptions, while others may understand the
concept better in an audio-video format. Recognizing such
needs and implementing them in the teaching-learning
process is important. The integration of multimodal
technology into educational settings represents a paradigm
shift, moving beyond traditional pedagogical approaches
to create dynamic and personalized learning experiences.
A multimodal smart education system leverages various
sensory channels, including visual, auditory, and
kinesthetic modalities, to cater to diverse learning styles
and enhance comprehension and retention [1][11][12]. By
incorporating multimedia elements, such as text, images,
audio, video, and interactive content, educators can deliver
educational material in various formats, making it more
engaging and accessible to learners [1].

Acrucial factor in developing amultimodal smart education
system is understanding and adapting to individual
learning preferences. Personalized learning techniques
have become essential in online learning because there is
little interaction between students and teachers, and each
student has a learning style that suits them best [13]. The
concept of a smart learning environment involves a variety
of approaches, including blended, mobile, adaptive,
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personalized, and flexible learning methods. It is also
believed that a new learning environment will enhance
learners' ability to learn [14].

Smartboards, also referred to as Whiteboards or Interactive
Display Devices, are widely used in educational institutes.
These devices offer a range of capabilities beyond
traditional whiteboards, such as touch sensitivity, internet
connectivity, and screen sharing. A smartboard is a digital
tool that allows for interaction and display of digital
content and often requires special software and hardware.
The raw materials used and the manufacturing process,
which consumes a lot of energy, make whiteboards
expensive. Owing to their complex technology and heavy
hardware requirements, smartboards are more expensive.
The prices of these smartboards range from a few thousand
to lakhs, depending on the screen size, the set of features
they offer, manufacturers, and brands. Smart technologies
such as BenQ, LG, and Samsung, are some of the leading
producers of smartboards, including AIWAFT and Delta
View, especially in the Indian market. The fundamental
concern with these solutions is their high costs. However,
these devices present challenges, such as installation
complexity and durability, owing to the dysfunction of
touch-sensitive panels, software updates, and other factors.

Numerous gesture recognition systems have been
developed using gloves, sensors and depth cameras.
However, these methods are either expensive or require
specialized hardware. Previous studies have explored
webcam-based recognition, but many lack accuracy or real-
time capabilities. Recent advances in lightweight machine
learning models, especially those of Google Mediapipe,
have made it possible to implement gesture recognition
with improved performance and accessibility [16]. Existing
systems like Leap Motion [18] and Microsoft Kinect
[17] provide high precision but are limited by hardware
dependencies. Mobile-based solutions have also emerged
but struggle with inconsistent lighting conditions. This
paper intends to offer a simple solution to these issues by
proposing a non-touch, real-time, hardware-independent
approach.

METHODOLOGY

The system introduced in this work is intended to function
as an educational support tool, replicating a blackboard-
like interface through a virtual, gesture-controlled canvas.
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Users can write or draw in mid-air using simple finger
movements, which are captured using a conventional
webcam or the front-facing camera of a smartphone. This
removes the need for touch-based devices, making it
highly adaptable for diverse environments such as remote
classrooms, training sessions, or creative workshops.

Building upon an earlier prototype [19] that focused
solely on basic gesture-based drawing, the current
implementation adds multiple layers of interactivity.
Notably, real-time voice transcription and speech-to-
text modules have been added to assist both hearing-
impaired users and educators needing live captioning.
These additions allow the system to operate as a truly
multimodal platform, enhancing its effectiveness in
modern educational contexts while retaining ease of setup
and minimal hardware requirements.

Fig 1 Modular Architecture of proposed application

This machine integrates several advanced strategies to
provide a robust and intelligent virtual-drawing platform.
It is developed by incorporating key libraries such as
OpenCV and Mediapipe, along with voice recognition
and Al capabilities. The functionalites of these modules
are described in detail below.

Hand Tracking and Drawing: The machine uses a general
webcam to capture real-time video, which is processed
through the Mediapipe library to identify 21 hand
landmarks. Drawing movements are triggered when only
the index finger is raised, and the fingertip coordinates
are translated into drawing strokes using OpenCV. These
strokes are rendered on a transparent canvas that is
combined with the video feed.

Gesture-based Controls: In addition to drawing, the device
supports various gestures for interacting with the canvas.
Users can switch colors, clear the canvas and navigate
between images using predefined finger positions and hand
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gestures. This enhances usability during presentations and
training.

Voice Captioning: The system integrates a speech
recognition module to capture the user’s voice in real
time and display it as live captions on the screen. This
aids accessibility, especially in noisy environments or for
hearing-impaired users.

Al Integration with Gemini API: Drawings or handwritten
equations can be stored as JPEG images. These are
processed using an OCR module to extract the text. If
a mathematical expression is identified, it is sent to the
Gemini API, which evaluates the expression and sends the
result back for display.

Chatbot Assistant: An Al chatbot powered by a large
language model is integrated to assist users in real time.
Users can ask questions or seek guidance, and the chatbot
responds contextually to enhance the interactive learning
or presentation experience of the user.

User Interface and Export: The GUI is built using Tkinter,
allowing users to select cameras, manage photo slides,
and export drawings. The system allows users to save all
outputs, such as generated images and recognized text, for
future reference or analysis.

The core functionality relies on the index finger for real-
time drawing of the shapes. Once the drawing is completed,
it can be stored as a JPEG image. The detailed operation
of the air-draw module is shown in Fig 3.2. If the content
contains text or mathematical expressions, the image is
passed to Google’s Gemini model, which extracts the text
from it. The extracted content is then used to evaluate
mathematical queries or provide relevant responses. The
evaluation results are displayed immediately on the screen
for user feedback.

Beyond drawing and evaluation, the utility supports voice-
based interaction through real-time captioning, which
transcribes the user’s speech and displays it as on-screen
text. This data can later be used to create lecture notes using
Google’s Gemini model. Additionally, users can switch
between images or slides using predefined hand gestures,
thereby offering a seamless presentation control feature.
To further enhance the interactive experience, the device
includes an Al-powered chatbot assistant that responds to
user queries in real time and provides guidance, support,
and additional functionality. Together, these features
create a highly interactive and intelligent digital board
experience for the user.
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Fig 2. Architecture and workflow

RESULTS

This device can be used in-class or for remote teaching,
where an instructor can toggle between an internal webcam
and an extended external camera to match different setups

(Fig 3).

Fig. 3 Camera toggle between internal and external
webcams

Fig. 4 shows the home screen or menu page of the
application, from which users can access all key
functionalities, including the drawing mode, Al assistant,
and voice captioning.

Fig. 4. Interface to access all core modules.

Fig. 5 presents the drawing module in action, where the
user selects a colour (in this case, blue) and begins drawing
on the virtual canvas using intuitive hand gestures. Using
a standard webcam, the system continuously tracks index
finger motion, converting air gestures into real-time digital
strokes on the canvas. This enables a seamless, contactless
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drawing experience without the need for traditional input
devices such as a mouse or stylus.

Once a user completes a drawing or handwritten
expression, the system captures the frame and stores it
locally as a JPEG image. This image is then processed
through an OCR module before being passed to Google’s
Gemini API. When a mathematical notation is detected, the
system generates a contextual prompt such as “Evaluate
the following expression” to improve interpretability
during Al evaluation.

The Gemini model interprets the extracted content and
computes the result, which is displayed in real-time next to
the original input. In pilot testing, the system demonstrated
response times under 1.5 seconds and maintained
recognition accuracy of over 92% for well- formed digits
and symbols. By merging gesture-based drawing with Al
evaluation in a contactless format, the tool offers a fast
and efficient method for solving problems, particularly in
educational or collaborative environments.

Fig. 6 demonstrates the slide switching feature, where
specific hand gestures allow the user to move forward or
backward through presentation slides without physical
contact.

Fig. 5. Real-time drawing interface where a user sketches
a mathematical equation using air gestures. The system
processes this and returns the evaluated result next to the
drawing

Fig. 6. Gesture-based slide navigation: swiping actions
recognized via webcam allow presenters to move through
slides without touching any device.

Fig. 3.7 shows the live captioning functionality, where
the user’s speech is transcribed and displayed in real-time
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using voice recognition capabilities. Fig. 3.8 features the
lecture notes generation capability, where live captions
are compiled and refined into organized notes using the
Gemini API, ideal for students or presenters.

Fig. 7. Live voice-to-text module in action. User speech is
instantly transcribed into on-screen captions to support
accessibility and note-taking.

Fig. 8 highlights the capability of the system to generate
structured lecture notes from real-time voice inputs. During
a session, the speech of the presenter is continuously
transcribed using an integrated speech recognition module.

Fig. 8. Automatically generated lecture notes compiled
from live captions using the Gemini model, organized for
easy review and storage.

Finally, Fig. 3.9 illustrates the Al assistant mode, in which
users can ask contextual queries and receive intelligent
responses from the Gemini-powered chatbot integrated
within the application.

Fig. 9. Contextual Al assistant interface where users
can query educational content or seek help via natural
language input.
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REALWORLD DEPLOYMENT
CHALLENGES

Initial testing was conducted across three different
environments—well-lit indoor rooms, moderately it
classrooms, and natural lighting near windows—using
standard webcams at 720p resolution and 30 FPS. In
well-lit conditions, gesture recognition achieved a stable
accuracy of

~92%, but dropped to 84% in lower-light scenarios,
especially when strong shadows or backlighting
were present. Users with cluttered or visually noisy
backgrounds also reported more frequent tracking errors.
During pilot trials with 8 participants (aged 18-25),
some users struggled with maintaining consistent finger
elevation and speed, resulting in unintended strokes or
gesture misclassification in 2 out of 5 sessions. To reduce
this, we introduced a visual cue system with real-time
gesture feedback and implemented temporal smoothing
to stabilize the finger path. Despite these improvements,
a short learning curve remained for new users unfamiliar
with non- contact input. To improve deployment in varied
contexts, future updates may include adaptive gesture
calibration, skin- tone-based segmentation for robustness,
and onboarding tutorials tailored to individual device
capabilities.

CONCLUSION

This paper introduces a contactless, gesture-based
educational tool developed through the integration of
computer vision techniques and large language models,
aimed at improving interaction in both teaching and
learning contexts. Through simple finger movements
tracked by a standard webcam, users can draw or write
on a virtual canvas without touching any physical device.
In testing, this setup proved especially helpful in settings
where mobility and hardware costs are a concern. The
tool currently supports basic shape drawing, simple
calculations, equation solving, and live voice-to-text
transcription. By relying on open-source libraries and
low-cost hardware, the platform demonstrates strong
potential for broad deployment, especially in classrooms
with limited technical infrastructure.

Enhancement by additional features: Looking ahead, the
system could benefit from automated lecture recording,
intelligent summarization of spoken content, and in-tool
internet search for quick referencing. Real-time annotation
support might also improve its utility in active discussions.
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Extending to Other Platforms: Building mobile and web-
based versions of the tool could make it more adaptable
to hybrid learning environments, especially for students
using smartphones or tablets in informal settings.

Integrating with Other Applications: Connecting this tool
with platforms like Google Classroom, Microsoft Teams,
or Moodle would support smoother lesson management
and allow educators to reuse content more effectively.
Compatibility with digital art or whiteboard apps could
also broaden its creative uses.

Real-Time Recommendations: Improving the Al
chatbot’s contextual awareness could allow it to suggest
relevant examples, highlight possible misunderstandings
in handwritten input, or provide tailored hints during
problem- solving tasks—enhancing its value as a teaching
assistant.
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ABSTRACT

The traditional pricing strategy followed by most Airbnb hosts is either static or rule-based, which fails to consider the
continuously changing factors like market demand, seasonality, and competitor pricing. These limitations often lead
to reduced occupancy or lost revenue opportunities. In this project, a dynamic pricing system was developed using
Q-learning, a reinforcement learning algorithm that adapts based on observed market responses over time. The model
was trained on historical booking data and competitor price trends, with additional engineered features such as price
rank, day-of-week, and rolling average prices. The proposed system not only learns optimal pricing strategies but also
makes daily recommendations based on a property’s performance in relation to local competition. To make the tool
accessible and user-friendly, an interactive dashboard was developed which allows Airbnb hosts to upload data, view
pricing suggestions, and compare their listings to nearby competitors. The dashboard displays recommended prices,
price difference percentages, and market positioning. The final system was evaluated against static and rule-based
pricing baselines, and the results showed a notable improvement in suggested pricing strategy, with adjustments that
closely reflected real-world demand patterns. The model consistently suggested higher prices on weekends and peak
periods and competitive adjustments during off-seasons. Overall, this project demonstrates that reinforcement learning
can effectively assist in real-time pricing decisions and help hosts increase their revenue while maintaining competitive
positioning in the market.

KEYWORDS : Dynamic pricing, Airbnb, Q-learning, Reinforcement learning, Competitor pricing, Price optimization,
Machine learning, Feature engineering, Interactive dashboard.

INTRODUCTION

he majority of Airbnb hosts implement static pricing or

rule-based pricing that doesn't take into account real-
time fluctuations in demand and competitor actions. These
conventional pricing models usually cannot optimize
revenue or achieve a balance between profitability and
occupancy. Absent an adaptive pricing strategy, hosts tend
to price too high, which translates to lower occupancy, or
price too low, which results in lost revenue potential. The
absence of an intelligent, automated pricing mechanism
results in inefficiencies in revenue yields. In addition,
its competitors within the same geographic area can
also price according to patterns of demand, and thus, a
good pricing system needs to include competitor prices
as well. This project endeavors to solve these problems
by using machine learning algorithms that dynamically
adapt pricing based on historical booking data as well as
competitor price trends.
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The goal of this project is to create a dynamic pricing model
that uses historical sales data, competitor price trends, and
external influences to forecast optimal prices for Airbnb
properties. The model will use Q-learning for adaptive
price optimization. By considering competitor pricing as
one of the influencing factors, the system presented here
guarantees that the hosts will be able to make informed
decisions to stay competitive while also maximizing their
potential revenue. The most important goals of the project
are:

1. Applying Q-learning, a reinforcement learning
algorithm, to optimize pricing strategies by learning
from market reactions continuously.

2. Mining key pricing features like seasonality, holidays,
demand spikes, and competitor prices to enhance

pricing accuracy.
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3. Creating an interactive user interface enabling
Airbnb hosts to view optimal pricing suggestions and
competitor trends in real time.

The short-term rental market, driven by platforms like
Airbnb, has experienced significant growth in recent
years. While Airbnb provides hosts with the flexibility
to set their own prices, most continue to rely on static
or rule-based pricing models. These methods, though
simple, often fail to capture real-time market dynamics
such as demand surges, competitor pricing, local
events, and seasonality. As a result, hosts frequently
miss opportunities to optimize revenue or maintain high
occupancy rates. Dynamic pricing, successfully adopted
in industries like airlines and e-commerce, remains
underutilized in the vacation rental space. Airbnb’s
built-in smart pricing feature lacks transparency and
fine-grained control, limiting its usefulness for many
hosts. With high variability in guest behavior and market
conditions, pricing decisions must be both informed and
adaptive. Machine learning offers a promising alternative.
In particular, reinforcement learning (RL) and specifically
Q-learning, a model-free RL algorithm, allows systems to
learn optimal pricing strategies over time through market
feedback. By continuously evaluating which price points
yield higher booking conversions and revenue, the model
improves its performance without needing a predefined
model of guest behavior. Incorporating external factors
such as competitor price trends, local demand drivers,
and guest preferences further strengthens the pricing
model. This enables a shift from one-size-fits-all strategies
to personalized, data-driven decisions that help hosts
stay competitive and profitable. This project leverages
Q-learning to develop an intelligent pricing assistant that
adapts dynamically to market changes. The system aims
to empower Airbnb hosts with accurate, real-time pricing
recommendations that increase revenue while ensuring
fairness and competitiveness.

LITERATURE ANALYSIS

Dynamic pricing in the retail and hospitality industries
has come a long way with the incorporation of machine
learning and Al-based models. A number of recent studies
have shown the capability of these methods in enhancing
pricing strategies and overall business performance. A
study by Belovedinla and Revathi [1] delved into retail
price optimization with machine learning to dynamically
respond to market conditions. Their research shows that
historical data, market patterns, and consumers' behavior
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are crucial to having the best possible pricing in retail.
In an analogous application, Di Persio and Lalmi [2]
suggested an Airbnb host's pricing strategy via support
vector regression, XGBoost, and neural networks.
They also utilized natural language processing (NLP)
algorithms to derive insights from consumer reviews and
demonstrated that joining structured and unstructured data
can improve price forecasting. Camatti et al. [3] dealt with
the comparison of classical models and Al algorithms for
Airbnb price forecasting. Their review concluded that
although both methods exhibited good accuracy, Al-based
models such as ensemble models and neural networks
provided greater flexibility and strength, especially in the
context of adapting to market movements. Falatouri et al.
[4] conducted a comprehensive comparison of SARIMA
and LSTM for demand forecasting in retail supply chains.
Though

their context was different, the realization that LSTM
is superior to SARIMA in addressing non-linear and
complicated seasonal trends remains applicable to pricing
models of dynamic markets such as Airbnb. Yaiprasert and
Hidayanto [5] provided an ensemble learning method for
the food delivery business, demonstrating how the use of
multiple machine learning models could be used to increase
the accuracy of prediction of dynamic pricing systems.
This highlights the advantage of ensemble methods in
learning from real-time market behavior. The importance
of explainability in pricing models was highlighted by
Neumiiller et al. [6], who wrote about the advantages of
employing Extra Trees Regression (ETR) and LSTM. ETR
was especially useful due to its interpretability, enabling
companies to pinpoint important features driving price
decisions. Ferreira, Lee, and Simchi-Levi [7] constructed
analytics models for e-retail that aligned pricing decisions
with promotion and inventory strategies. It emphasized the
implementation of overall optimization systems, an aspect
that could be applied in the case of Airbnb pricing based
on availability data and booking windows. Kulkarni et
al. [8] also came up with a robust pricing approach under
conditions of disruption threats in a design framework
based on hyper connected networks. While centered
around parcel delivery networks, their approach can be
transferred to short-term rental markets where demand
can vary with unforeseen external activities. A further
exploration of price determination in Airbnb offered by
Camatti et al.

[9] determined location-specific and host-specific
characteristics as the most promising predictors of price.
The paper highlighted the merits of localized data and
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context-sensitive models for successful dynamic pricing
in the peer-to-peer accommodation sector. Finally, the
Adamiak et al. [10] survey performed a spatial analysis of
Airbnb listings in 167 nations. This massive study yielded
useful information regarding global pricing trends, and it
was shown that location, regulation, and seasonality are
important factors that must be included in any machine
learning-based pricing model. Together, these studies
determine that successful price optimization demands
a multi-aspect strategy with machine learning, demand
forecasting, natural language processing, and explainable
Al They also support the significance of dynamic and
adaptive systems in reacting to shifting market forces,
which is the key focus of our proposed Airbnb pricing
model.

METHODOLOGY

This project focuses on developing a web-based interface
designed to support dynamic pricing decisions for Airbnb
hosts. The primary goal is to visualize machine learning—
based price recommendations in a user-friendly format,
allowing hosts to make more informed and competitive
pricing choices. The frontend of the application is
developed using modern JavaScript tooling, specifically
the Vite framework for fast builds and performance,
TypeScript for static type-checking, and Tailwind CSS for
responsive, utility-first styling. The source code follows
a modular structure, with components organized within
the src directory to ensure reusability and maintainability.
Although the current implementation emphasizes the user
interface, it is architected to work in conjunction with a
backend pricing engine.

Fig. 1. System architecture for Airbnb smart pricing flow

This engine, which may use reinforcement learning (such
as Q-learning), regression models, or other machine
learning algorithms, is responsible for generating optimal
price suggestions. These suggestions are based on features
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such as historical booking data, competitor pricing, day-
of-week effects, and seasonal trends. During development,
these predictions are accessed via static data files or
simulated API endpoints to mimic real-world integration.

The interface enables users, primarily Airbnb hosts, to
interact with various pricing insights. They can view
current versus optimized prices, track trends over time,
and compare their listing's pricing with competitor
benchmarks. The dashboard aims to make complex pricing
recommendations accessible and actionable without
requiring technical expertise from the user.

From a development perspective, the project is structured
for flexibility and collaboration. Developers can work
locally using standard tools like Node.js and npm, or
directly edit components through online platforms like
GitHub Codespaces or Lovable.dev. The system supports
live previewing through hot module reloading (npm run
dev), making the design and testing process efficient.

Overall, the methodology integrates a clean frontend with
the potential for a powerful machine learning backend,
offering a practical solution for data-driven pricing in the
sharing economy.

Backend Model Development

The backend of this system is responsible for generating
dynamic price suggestions using reinforcement learning,
specifically the Q-learning algorithm. Q-learning is a
model-free reinforcement learning technique where the
agent learns an optimal policy by interacting with an
environment and receiving rewards based on its actions. In
this context, the environment represents the Airbnb market,
and each action corresponds to setting a particular price
for a listing on a specific day. The agent receives a reward
signal based on revenue and occupancy, encouraging
it to find a balance between maximizing bookings and
increasing per-night earnings. The state space includes
features such as day of the week, season, historical
demand, and competitor price differentials. The Q-table is
initialized and updated iteratively as the model simulates
booking responses over time. To accelerate convergence
and ensure exploration, e-greedy action selection is
used, allowing the model to occasionally try random
prices while mostly exploiting high-reward options.
Once trained, the model generates optimal prices that are
exposed via an API or loaded into the frontend application
for real-time suggestions. The entire pipeline is developed
using Python libraries such as NumPy and Pandas for data
processing, and the learning model is implemented using
custom Q-learning code or frameworks like OpenAl Gym
for simulation.
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RESULTS AND DISCUSSION
Data Collection and Preprocessing

The project uses publicly accessible Airbnb datasets,
such as calendar.csv for past pricing and availability, and
listings.csv for listing-specific information like location,
room type, and amenities. Furthermore, a synthetic
dataset (competitor data.csv) was created to model
competitor price variability for similar listings in the
same geographic region. Data preprocessing included
date format standardization, missing value handling, and
joining datasets on relevant keys. This helped to ensure
completeness and consistency in all records. Prices were
normalized to minimize variance, and irrelevant outliers
were cleaned to enhance model performance.

Feature Engineering and Exploratory Analysis

In order to increase the learning ability of the model,
domain-specific attributes were designed. These comprised
time-based features like day of week, month, season, and
an is_weekend flag. Rolling statistics like 7-day average
and standard deviation of prices were computed in order to
model short-term trends. Competitive price behavior was
captured using price_gap (listing minus competitor price)
and price_rank (listing's price rank amongst competitors).
After feature engineering, exploratory data analysis
(EDA) was performed to visually observe demand trends,
seasonality, and feature correlation. EDA served the
purpose of corroborating the usefulness of engineered
features and gaining insight into possible price behaviors
around holidays, weekends, and off-seasons.

Fig. 2. Workflow of Q-learning-based pricing model

www.ijteonline.in

Vol. 49  Special Issue

No. 2

Belwalkar, et al

Q-learning-Based Pricing Model

At its center lies a reinforcement learning architecture
founded upon the Q-learning principle.

The agent acts under the state-action-reward structure
with each state composed of engineered attributes that
summarize the prevailing market scenario. Action space
consists of three discrete action items: rise, fall, or hold at
present price. A permissive reward function was specified
that maximized occupancy and revenue jointly. For
example, a discounted price resulting in high occupancy
and a high-priced property with no bookings were
penalized. Exploration and exploitation at training time
was balanced using an e-greedy policy. The Q-table was
updated cyclically across various episodes as the agent
engaged in simulated booking patterns, slowly learning
the most beneficial pricing strategies over time.

Model Evaluation

The Q-learning policy was compared against two
baseline strategies: static price (where price does not vary
across dates) and rule-based pricing (where the price on
weekends or during holidays is raised). The baselines were
tested by using top-line performance measures including
revenue per listing, occupancy rate, and root mean square
error (RMSE) across reference and forecast prices. Results
proved that the Q-learning agent performed better than
both baseline models consistently.

Fig. 3. Actual vs. predicted prices plot

It especially performed well in times of volatile demand,
where rule-based and static approaches could not adapt.
The learned policy enabled the agent to dynamically
change prices according to both internal trends and
external competitive trends.

System Integration and Deployment

To provide end users with access to the model outputs,
a responsive frontend interface was created with Vite,
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Tailwind CSS, and TypeScript. The dashboard presents
optimized price recommendations, past trends, and
competitor price comparisons. The interface provides hosts
with data-driven decision- making capabilities without
technical knowledge. For the integration into the backend,
the trained Q-learning model was implemented on top of a
light-weight Flask API. The API takes user input, i.e., date
or listing context, as input and returns the resulting price
recommendation. This API-based architecture separates
the frontend from model logic, making it easy to scale in
the future or integrate with real-time Airbnb data streams.

Fig. 4. Smart Price Pilot homepage interface

The entire system (model logic, data pipeline,API, and
user interface) was put in place locally for testing and
verification. This modular structure makes each component
upgradeable independently, resulting in a production-ready
solution that is also extensible to more general use cases.

Table 1. Suggested Price vs. Actual Price Based on
Q-learning

Sr. No. Current | Suggested | Change Model
Price R) | Price ) % Action
1 3015 3176 +5.34% Increase
price
2 1500 1689 +12.6% Increase
price
3 4600 4400 -4.35% Decrease
price
4 2210 2250 +1.81% Slight
increase
5 2875 2875 +0.00% Maintain
current
RESULTS

After the model was trained using Q-learning, the results
were integrated into a dashboard to make the output easy
to understand and usable by Airbnb hosts. The dashboard
displayed both the current price of the listing and the price
recommended by the model.
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Fig. 5. Dashboard with recommended pricing and listing
stats

In one of the examples, the current price of the listing
was 33,015 and the model suggested %3,176, which was
a 5.34% increase. Similarly, another listing had a current
price of X1,500 and the model recommended 1,689, a
12.6% increase. These differences may seem small, but
when considered over a long period and multiple bookings,
they can make a significant difference in revenue for the
host. The model did not just increase prices arbitrarily;
it learned when to raise or reduce prices based on the
patterns in the data. In some cases, it lowered the price
slightly if the listing was higher than competitor properties
in the same area. For example, a listing priced at 34,600
was adjusted down to 34,400, making it more competitive
while still maintaining profitability. In most cases, the
model managed to find a balance between maximizing
revenue and ensuring that the listing remained attractive
to potential guests.

The dashboard also showed a weekly price trend, where
the model gave different price suggestions for each day
of the week. In general, it suggested higher prices for
weekends, especially Friday and Saturday, since these are
the days with higher demand. For weekdays like Monday
and Tuesday, the prices were slightly lower. This confirmed
that the model understood weekly demand patterns and
adapted its pricing accordingly.

Another feature of the dashboard was the price comparison
section, which showed how the host's property compared
to nearby competitor listings in terms of ratings, price,
and amenities. This was helpful because it gave the user
context for the pricing suggestions. For example, if the
host’s property had a lower rating or fewer amenities than
the competition, the model took that into account while
suggesting a price. If the host’s property had better ratings
or more rooms, the model suggested a slightly higher price
to reflect the added value. When users uploaded their data
files (including historical data and competitor pricing),
the system automatically checked whether all required
columns were present.
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Fig. 6. Upload interface for historical and competitor data

If there were any errors, it showed a warning and asked
the user to fix the file before proceeding. This step made
the system more user-friendly and ensured that only clean,
usable data was processed.

Fig. 7. Market price distribution across listings

Apart from the dashboard, several data visualizations were
created during the analysis. These included charts showing
the relationship between price and occupancy over time,
the distribution of prices across the dataset, and how
pricing varied with listing capacity. One graph showed
that listings with more bedrooms and higher capacity were
generally priced higher, which is expected. Another chart
showed that occupancy stayed quite high for many listings,
often close to 100%, while prices varied depending on the
time of year.

Feature importance was also calculated to understand
which factors had the biggest impact on the pricing model.
The most important feature turned out to be price per
bedroom, followed by the total number of bedrooms and
rooms. Other factors like average review rating and number
of reviews had some influence but were not as significant.
This showed that structural aspects of the listing, like size
and capacity, were more important than ratings when it
came to deciding price.

Fig. 8. Trend of price and occupancy over time
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Fig. 9. Top features influencing price prediction

The residual plot confirmed that the model predictions
were quite accurate, as most of the residuals were close
to zero. This meant that the predicted prices were close
to the actual prices and there were no large errors in the
system’s outputs. The model was able to make consistent
predictions across a wide range of listings and scenarios.

Fig. 10. Residuals of predicted vs. actual prices

Table 2: Day-wise Price Recommendations Based on
Q-learning Output

Day Suggested Price () | Observed Trend
Monday 96 Weekday based
rate
Tuesday 96 Stable
Wednesday 97 Slight mid-week
rise
Thursday 98 Rising before
peak
Friday 115 Peak demand
Saturday 115 Peak demand
Sunday 100 Post-weekend
drop

Overall, the results confirmed that the Q-learning model was
able to generate meaningful and useful price suggestions
that responded to changes in competitor pricing, day of the
week, and listing features. The dashboard made it easier
for users to understand these results and take action. The
system worked smoothly from file upload to price
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prediction, and the results matched expectations based on
real-world booking behavior. This showed that the model
was not only technically sound but also practically useful
for Airbnb hosts looking to optimize their pricing and
improve their revenue.

Fig. 11. Distribution of competitor listing prices.
CONCLUSION

Airbnb Price Optimization aimed to overcome the
shortcomings of static and rule-based pricing strategies that
prevail among Airbnb hosts. By employing Q-learning,
we created a dynamic pricing model that could learn
from booking results and adapt prices based on a mix of
historical information, competitor patterns, and temporal
patterns like weekends and holidays. The model was
also trained to maximize both revenue and occupancy,
balancing the affordability for visitors and profitability for
hosts.

Our experiments demonstrated that the Q-learning model
surpassed baseline approaches in both revenue generation
and responsiveness to shifting market conditions. The
application of engineered features such as rolling averages
and gap prices from competitors enabled the model to
price more sensibly. The reward function was specifically
designed to model real-world booking dynamics,
prompting the agent to learn pricing policies that are both
effective and feasible.

To make the system accessible to non-tech users, we also
created a responsive frontend dashboard that displays
optimized prices, historical trends, and competition
comparisons in an intelligible and interactive manner.
This user interface closes the gap between sophisticated
machine learning models and day-to-day pricing decisions
made by hosts.

Overall, the findings suggest that reinforcement learning,
especially Q-learning, can be an effective means of
automating pricing in the short-term rental market. With
additional development, for example, incorporating
real-time data feeds, deployment to production, or host
customization capabilities, this system can mature into a
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useful and implementable solution for dynamic pricing in
the hospitality sector.
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ABSTRACT

Modern supply chains face growing complexity and increased in vulnerability due to disruptions, creating an urgent
need for intelligent, adaptive and transparent management systems. This study presents an innovative strategy
for enhancing the resilience of supply chains by integrating agentic artificial intelligence (Al) with blockchain
technology. Within this framework, intelligent Al agents operate independently to evaluate risks, make real-time
decisions, and perform operations without relying heavily on human involvement. Blockchain, on other hand
is a distributed ledger that keep track of supply chain activities, improving data sharing and trustworthiness in
supply chain management process. Agentic Al and Blockchain together have self-learning and automatic decision
making capability to manage issue like resource handling and trust between stakeholders involved. The study uses
simulation for testing to check efficiency and resilience of Al-blockchain model in complex supply chain.

KEYWORDS : Supply chain management, Resilience, Agentic artificial intelligence (Al), Blockchain technology.

INTRODUCTION

Supply chain management is facing issues like data
quality, visibility, security, and system integration.
Traditional, centralized supply chain systems are
heavily dependent on human intervention often
struggles to manage these complexities effectively. This
over-reliance has become a major barrier to building
agile and resilient supply chains. To address this, there
is a growing need for decentralized, intelligent systems
capable of making autonomous decisions based on real-
time data. Agentic Artificial Intelligence (Al) offers a
promising solution by enabling real-time decision-
making without the constraints of predefined rules or
constant human oversight. These intelligent agents can
continuously sense and interpret environmental data,
allowing the system to detect disruptions early and
respond proactively to maintain performance. When
combined with blockchain technology, which ensures
secure, transparent, and tamper-proof data sharing, the
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result is a highly resilient supply chain system. This
integration not only enhances security and trust but
also supports the development of autonomous, self-
regulating supply networks better equipped to handle
today’s dynamic challenges. This study explores how
blockchain technology and agentic Al may work
together to improve the robustness of contemporary
supply chains.

This paper provides an outline for creating resilient and
flexible supply chains by fusing Al-driven autonomy
with open decentralized data frameworks.

The structure of the paper is as follows: The existing
literature is reviewed in Section 2. The research
technique is presented in Section 3. The constructed
simulation model is described in Section 4. Results and
key sights are presented and interpreted in Section 5.
Section 6 presents challenges and recommendation for
practical implementation. Future study directions are

suggested at the end of Section 7.
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LITERATURE REVIEW

Supply chain management involves many stakeholders
so it is important to have better coordination, faster
response times and novel sustainable practicestorespond
to their growing demands. Al and Blockchain together
have the capability to meet these requirements. Agentic
Al can make decision on their own with analyzing data
in real time. It doesn’t require any human intervention,
which make them suitable to improve flexibility and
smooth collaboration in supply chain management
process [1][2].

Conventional Al and Advanced agent concepts find their
importance for sustainable practices and collaborative
system interaction [3][4]. Organizations able to respond
more quickly to unexpected disruptions or changes in
market demand by having distributed decision making.

[51[6].

Blockchain with decentralized, secure method able to
stored unaltered data, building trust among stakeholders,
and improving real-time operational visibility [7]
[8][9][10]. Several studies show that blockchain
implementation positively influences supply chain
efficiency and transparency, particularly in logistics and
distribution networks [11][12].

When integrated, Al and blockchain create a synergistic
platform capable of supporting autonomous operations,
real-time analytics, and transparent decision-making.
[13][14][15]. Moreover, blockchain plays a pivotal
role in ensuring the ethical transparency of Al models,
improving stakeholder accountability and governance
[16].

Recent work has demonstrated the effectiveness of
agentic Al in various supply chain contexts. In retail,
Al-powered systems have been shown to improve
inventory management, demand forecasting, and
customer interaction through automation [17]. In food
supply chains, agentic Al enhances decision speed
and traceability across complex stakeholder networks
, while multi-agent system (MAS) frameworks enable
the distributed management of autonomous supply
chains [18].

Recent advancements highlight the growing use
of technology-driven solutions in areas such as
sustainability tracking, carbon emissions monitoring,
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and automated regulatory compliance particularly
in fields like agriculture, logistics, and industrial
manufacturing [19], [20], [21].

Integrated systems that combine blockchain, machine
learning, and loT devices are increasingly being
developed to make supply chains more intelligent and
adaptive. The convergence of blockchain and Al is also
gaining traction in other sectors like public institutions
to promote policy transparency [22]. The healthcare
sector is using it to secure sensitive clinical data [23]
and the financial sector is adopting it for decentralized,
tamper-proof auditing and reporting processes [24],
[25].

Together, these developments point to a broader
shift toward intelligent and decentralized systems
that enhance operational stability, strengthen data
security, and foster open collaboration. The current
body of research provides a strong base for advancing
frameworks that support secure, autonomous, and
sustainability-oriented decision-making within real-
world supply chain environments.

METHODOLOGY
Use Case: Food Supply Chain

The research focuses on the food supply chain as a real-
world case study due to its high exposure to disruptions
like transport delays, supplier breakdowns, and demand
fluctuations. Two distinct operational models are
constructed for this study:

e Scenario Arepresents a traditional, centralized food
supply chain system. It relies heavily on manual
oversight and delayed information flow, making it
less responsive to sudden changes or disruptions.

*  Scenario B introduces a decentralized framework
built upon blockchain technology combined with
Al-driven agents. This setup facilitates autonomous
operations and instant information exchange across
stakeholders without human intervention.

The primary aim is to explore whether the adoption of
blockchain and Al together can meaningfully enhance
the supply chain’s resilience, efficiency, and adaptability
in adverse conditions.
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System Architecture and Simulation Setup

A simulation environment is created to replicate the
functioning of both models under identical disruption
conditions. The following design elements are
implemented:

* Network Composition: The supply chain is
modeled with entities : suppliers, producers,
logistics partners, and retailers.

*  Autonomous Agents (Scenario B): Each node
is equipped with an Al agent capable of making
local decisions, forecasting delays, and initiating
corrective actions without external input.

*  Blockchain Integration: For Scenario B, every
transaction and update is recorded on a blockchain
ledger to ensure consistency, security, and end-to-
end traceability.

» Disruption Simulation: A delay variable is
introduced to simulate typical disruptions like late
deliveries or supplier downtimes, impacting both
scenarios equally.

Performance Indicators and Data Collection

To evaluate system behavior, data is collected from
simulation runs based on the following key indicators:

e Operational Cost: Total incurred cost throughout
the supply chain during disruption.

* Response Efficiency: Speed at which the system
identifies and reacts to disruptions.

»  Decision Autonomy: Extent of machine led actions
without human commands.

e System Flexibility: The ability to shift plans or
reallocate resources during interruptions.

* Information Transparency: Degree of visibility and
shared data accuracy across stakeholders.

Each scenario is tested repeatedly to ensure consistency
and account for randomness.

Evaluation and Comparative Analysis

Performance data from both scenarios is analyzed
guantitatively. A comparative approach is used to
measure improvements in resilience and efficiency
under stress conditions. Additionally, sensitivity checks
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are conducted by altering the intensity and frequency of
disruptions to understand how each system responds to
escalating challenges.

PROPOSED SYSTEM

In the proposed food supply chain system, agentic
artificial intelligence (Al) is integrated with blockchain
technology to enhance efficiency, resilience, and
transparency. As illustrated in Figure 1, specialized
Al agents are assigned to gather critical information
from various stakeholders across the supply chain.
These agents monitor and collect real-time data such as
temperature levels, inventory status, delivery schedules,
and route conditions. The collected data is securely
recorded on a blockchain ledger, which is continuously
audited to detect potential disruptions, including product
shortages, delivery delays, or regulatory violations. In
the event of a disruption such as a prolonged delivery
delay smart contracts are automatically triggered. These
contracts verify the nature of the disruption and initiate
predefined mitigation protocols. The Operational
Resilience Score (ORS) is calculated for each scenario,
reflects the system's overall ability to respond and adapt
to disruptions in real time. The evaluation of system
performance was based on five key metrics, each
carefully defined and quantified using simulation data.

Fig. 1. Proposed Architecture

e Autonomy was assessed by calculating the
percentage of decisions independently made by
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Al agents without human input. Each decision was
securely documented on the blockchain, providing
a permanent and verifiable record of autonomous
actions.

»  Responsiveness was measured by tracking the time
taken to detect and respond to disruptions. The use
of blockchain's accurate timestamping enabled
precise monitoring of response intervals while also
enhancing system accountability.

e Transparency reflected the reliability and
accessibility of shared information. In the
smart supply chain model, this metric showed
considerable improvement due to the blockchain's
distributed and tamper-resistant ledger, which
ensured real-time visibility for all stakeholders.

* Adaptability defined as the system's capacity to
dynamically respond to disruptions, by rerouting
deliveries or adjusting inventory levels. All such
adaptive actions were recorded on the blockchain
to support traceability and facilitate continuous
optimization.

*  Cost efficiency analyzed by examining operational
expenses related to maintaining product quality.
The blockchain enabled detailed logging of cost-
related activities including rerouting, spoilage, and
storage allowing for a transparent assessment of
efficiency gains.

For consistency and comparative clarity, performance
data from multiple simulation runs were averaged and
normalized on a scale of 0 to 100 shown in Table 1.
This standardized approach ensures reliable comparison
across both traditional and smart supply chain scenarios.
The methodology adopted is summarized in following
steps

Normalize the Metrics

To facilitate a meaningful comparison between the
two supply chain models, the raw performance metrics
are scaled using min-max normalization (Equation I).
This method transforms the values into a standardized
range from 0 to 1, based on the minimum and maximum
values observed across all scenarios, in Table 2.

Xnorm=(X—Xmin) /(Xmax—Xmin) (H
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Table 1 : Performance Metrics (Before Normalization)

Metric Scenario 1 Scenario 2
Autonomy (A) 38 84
Responsiveness (R) 50 92
Transparency (T) 40 96
Adaptability (Ad) 45 90
Cost Efficiency (C) 55 78

Table 2 : Performance Metrics (After Normalization)

Metric Min | Max | Scenariol | Scenario2
Norm Norm
Autonomy (A) 38 84 0 1
Responsiveness 50 92 0 1
(R)
Transparency (T) 40 96
Adaptability (Ad) | 45 90
Cost Efficiency 55 78 0
©)

Calculate Overall Resilience Score (ORS)

The normalized metrics are combined into a single
resilience score by assigning equal weights to each
attribute (wi=0.2) and computing the weighted sum
using (Equation I).

ORS=X7  wi X Xnorm 2)

RESULT AND DISCUSSION

The simulation results highlight a significant
performance difference between the conventional
food supply chain and the enhanced with agentic Al
and blockchain technologies. The traditional system
(Scenario 1) depends on manual processes and
centralized control, Scenario 2 leverages autonomous
agents and blockchain-enabled data sharing (figure
2). The comparison show The conventional model
(Scenario 1), which relies on manual coordination
and centralized systems, shows limitations in agility,
transparency, and disruption response.

On the other hand, Scenario 2 introduces decentralized
decision-making through Al agents and secure, real-
time data sharing via blockchain. This setup leads to
stronger performance across multiple areas: Autonomy,
Responsiveness, Transparency, Adaptability, Cost

Efficiency shown in figure 3.
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Fig 2. Traditional vs. Al/Blockchain Supply Chain
Analysis

Fig. 3 Metric Comparison of Traditional
System with Al & Blockchain

Overall Resilience Score (ORS) of scenario 2 found as
1, while Scenario 1 scored 0 (figure 4). These results
clearly demonstrate how each supply chain model
responds to disruption.

Fig. 4. Resilience Score

The ORS quantifies the system’s capacity to maintain
operational performance. The ORS scores obtained in
both the scenario indicates that integrating intelligent,
decentralized technologies can greatly enhance the
resilience of food supply chains, especially when
managing time-sensitive or perishable products. To
validate the effectiveness of the improved model, each
result was compared against conventional model.

The outcomes demonstrated significant improvements
across key performance indicators as shown in figure
5. Order Fulfilment Rate improved, exceeding 98% in
Scenario 2 compared to 86% in Scenario 1, indicating
enhanced responsiveness and service reliability. Lead
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Time Fluctuation was reduced by 60% as a result of
streamlined, automated workflows that minimized .

Fig. 5. Comparing Conventional Model with Proposed
Model

process delays and uncertainties. Inventory Turnover
increased by 45%, highlighting the effectiveness of
Al-driven demand forecasting and agile restocking
mechanisms. Furthermore, Carbon Emissions were
lowered due to optimized logistics operations and
the reduction of excess inventory, supporting both
sustainability and efficiency objectives. These results
collectively confirm that the integration of intelligent
technologies can significantly enhance overall supply
chain performance.

Simulationsshow promising outcomesforthe integration
of'agentic Al and blockchain within food supply chains,
actual implementation in real environments introduces
a set of complexities, multidimensional challenges.
These challenges are related not only to technology,
but also to organizational readiness and regulatory
frameworks.

Challenges and Practical Recommendations
Key Implementation Challenges
» Data Inconsistency Across Participants:

Food supply chains often involve a diverse group of
stakeholders including producers, distributors, and
retailers each using different information systems.
Without uniform data standards, Al agents may struggle
to process and respond to inconsistent formats, creating
barriers to seamless automation and communication.

e Infrastructure Gaps and Budgetary Constraints:

Deploying Al and blockchain technologies typically
requires investment in digital infrastructure, skilled
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personnel, and ongoing system maintenance. This
can be a significant obstacle for smaller players, such
as rural suppliers or independent grocers, who may
lack the financial and technical resources necessary to
participate effectively.

e Scepticism Toward Al-Driven Operations:

Entrusting Al agents with critical decisions can raise
concerns among stakeholders, especially in highly
regulated environments like food safety. If Al decisions
are not transparent or explainable, stakeholders may
resist their adoption, fearing errors, liability, or loss of
control.

e Scalability and Latency Issues:

As the system scales to include more nodes and data
streams from [oT sensors, Al processors, and blockchain
transactions network congestion and response delays can
emerge. Without performance-optimized architecture,
such issues can hinder the system’s ability to operate in
real time, especially under peak loads.

* Legal and Policy Uncertainty:

The legal recognition of smart contracts and Al-based
decision-making varies across regions. In the absence
of clear legal guidelines or frameworks, especially in
cross-border supply chain operations, organizations
may face challenges in compliance, enforceability, and
liability management.

Recommendations for Practical Implementation
e Initiate with Scalable Pilot Projects:

Organizations should begin by deploying modular
systems in targeted area such as cold chain tracking
or inventory alerts before expanding to full-scale
integration. This phased approach helps identify
operational risks early and refine system performance.

*  Leverage Permissioned Blockchain Models:

Using private or consortium-based blockchain networks
can enhance data governance. By restricting access
to verified participants, such models protect sensitive
information while maintaining transparency within
authorized boundaries.

e Promote
Standards

Collaboratively developing standardized data formats

Interoperability Through Common
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and communication protocols among stakeholders will
help improve system compatibility, ease integration,
and reduce data misinterpretation.

e Build Adaptive Smart Contracts:

Smart contracts should incorporate adjustable rule sets
that account for real-world variability. These should
include conditions for exceptions, fallback actions, and
human overrides, enhancing resilience in unpredictable
scenarios.

e Integrate Ethical and Sustainability Objectives:

Beyond operational efficiency, Al logic should be
programmed with ethical and environmental priorities
such as minimizing spoilage, reducing energy
consumption, and supporting sustainable sourcing. This
ensures the technology aligns with broader social and
ecological goals.

By acknowledging these challenges early and adopting
a thoughtful, phased deployment strategy, stakeholders
can ensure that the integration of agentic Al and
blockchain into supply chains is practical, inclusive,
and aligned with industry regulations and sustainability
commitments.

CONCLUSION

In today’s unpredictable global environment, supply
chains need more than just automation; they require
systems that can think, adapt, and act on their own.
This paper explored how agentic Al, which can make
independent decisions based on changing conditions,
offers a powerful way to meet these demands. Al
and Blockchain provides proactive approach of
identifying potential risks early, respond quickly, and
keep operations running smoothly rather than reacting
to problems after they occur which improves trust,
transparency and data sharing. Intelligent Al agents
with secure, decentralized data systems creates a
model for resilient supply chains. In the future, there
is significant potential to expand on these concepts by
collaborating various Al agents to increase the system's
responsiveness. Explainable Al would also be included
to improve trust and accountability. In blockchain,
interoperable concept needs to explore as it could make
international supply chain operations faster and more
efficient. As technology evolves, bringing in tools like
digital twins could take things to the next level.
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ABSTRACT

A Deepfake Detection System with deep learning capabilities and artificial intelligence precision performs detection
of manipulated content according to this paper. The system analyzes motion errors and lighting anomalies and facial
characteristics by applying deep learning transformers and Convolutional Neural Networks (CNNs) technique.
The detection’s resilience can be improved by implementing frequency-domain approaches together with forensic
examination. The model gains the ability to detect various deepfake production methods by undergoing training
with multiple dataset types. HyperGAN demonstrates leading performance capabilities according to experimental
findings in its ability to discern between authentic and fraudulent content. This method ensures content validity
which allows its application in cybersecurity and journalism as well as social media. Digital media protection
against deepfake malicious use becomes possible through this detection method which delivers trustworthy and
scalable detection capabilities to establish confidence in online information sharing.

KEYWORDS : Deepfake detection, Deep learning, Artificial intelligence, Anomalies, Convolutional neural networks
(CNNs), Transformer-based models, Motion abnormalities, Lighting irregularities, Facial traits, Frequency-

domain analysis, Forensic analysis, Cybersecurity, Digital media protection, Misinformation prevention.

INTRODUCTION

With the rapid advancements in artificial
intelligence (Al) and deep learning technology,
"Deepfake’ is emerging as a threat to digital security,
media integrity, and public trust. With the help of
Generative Adversarial Network (GANs) [2] and
artificial intelligence techniques deepfake videos
and images have become so distorted that specialists
currently experience significant difficulty in detecting
them. The deepfake detection methods which are
used today use conventional techniques that require
handcrafted features and supervised learning models
while needing extensive labeled data although they face
difficulties generalizing new deepfake types because
biased datacontinues to exist. [3] [7]. Our focus behind
the Deepfake Detection project remains on detecting
together with resolving the potential risks and ethical
matters that emerge from deepfake technology abuse.
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Deepfakes represent artificial media that emerge from
applying deep learning techniques in computer science
productions. They generate realistic look-alikes from
audiovisual assets while maintaining deceptive contents
within them. The quick advancement of deepfake
technology production makes the separation of original
from modified content increasingly problematic for
detecting falsified media. [5]. This is raising high
concerns regarding misinformation, privacy violations,
security threats, defamation, fraud, and other malicious
activities [14]. It is crucial to detect and mitigate the
impacts of deepfakes to maintain individuals’ trust in
digital media and protect organizations from security
concerns [3] [6]. The aim of our project is to develop
effective methods and tools for identifying deepfakes
with high accuracy at a low cost model. This involves
creating or improving algorithms and systems that can
analyze digital content to determine its authenticity [7].
The goal is to enable users, platforms, and authorities
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to detect manipulated media and respond appropriately
to prevent the spread of false or harmful content. The
specific objectives of our deepfake detection project
includes:

e Development of Detection Algorithms: Create
or enhance algorithms that can reliably detect
deepfakes using various techniques, such as
machine learning models like LSTM and ResNext.

e Near-real-Time Detection: Developing system
capable of detecting deepfakes in near-real-time,
which is crucial for applications like live video by
recording it. streaming.

e User Accessibility: Create user-friendly interfaces
and tools that make it easier for individuals and
organizations to deploy and utilize deepfake
detection solutions.

The detection of deepfakes relies on the combination of
frequency analysis together with deep learning models
which include EfficientNet and Vision Transformers
and CNNs but struggle against evolving deepfake
techniques [4]. The detection system conducts anomaly
identification by performing pixel-to-frame analysis
after extracting key frames with Al support involved
in identification. A reliable system can achieve better
results through evaluating facial expressions and
textures as well as frequency artifacts. A multi-faceted
approach is crucial [14]. The initiative builds digital
media authenticity standards under the condition of
real-time detection systems and robustness against
adversarial threats and minimal computational
requirements for resource constrained implementations
[12] [7] [15].

Research Questions and How to Address Them

1) Data Preprocessing and Feature Extraction: We
are analyzing both spatial and temporal features
in images and videos, extracting statistical and
frequency-based characteristics that highlight
deepfake anomalies.

2) Anomaly Detection Model Training: We utilize
unsupervised and semi-supervised machine
learning models, such as Long Short-Term Memory
(LSTM) networks and ResNeXt, to learn normal
distributions and detect deviations which indicates
deepfakes.
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3) Evaluation and Benchmarking: Our proposed
method is tested on standard deepfake datasets, and
its performance is compared with existing cutting-
edge detection techniques in terms of accuracy,
precision, recall, and robustness.

4) Generalization Analysis: We examine the model’s
ability to detect deepfakes from novel architectures,
ensuring its effectiveness against the evolving
attack strategies.

These research areas aim to enhance the effectiveness
and accessibility of ML-based Deepfake Detection
system. Through this study, we aim to contribute to the
development of more resilient and adaptable deepfake
detection system, which addresses the growing concerns
surrounding Al-generated media manipulation.

LITERATURE ANALYSIS

Various researchers have explored different detection
methods to counteract the increasing realism of Al-
generated synthetic media. This section provides an
overview of some existing research, highlighting their
methodologies, their effectiveness, and the challenges
associated with those deepfake detection systems.

Thework introduced in [8] the new Deepfake framework
based on physiological measurements is done with
the help of remote photoplethysmography (RPPG),
information about heartrate. The RPPG method analyzes
video sequences looking for subtle color changes in
human skin where human blood is present under tissue.
This task examines the extent to which RPPGs can help
detect deep-fark videos. The proposed fake detector,
named Deepfakes on-Phys, extracts spatial and temporal
information from video frames and is extracted to
analyze and combine both sources to better detect fake
videos. The audio-video deepfake dataset, research
at Fakeavceleb in [1], includes not only video but
also the respective synthesized lip-synchronized fake
audio. The most common generation method has been
created for data records. They have selected YouTube
videos from celebrities from four ethnic backgrounds
to develop realistic multimodal datasets that deal with
racist distortions and further develop the development
of multimodal deep detectors. They evaluated Deepfake
Data Record and conducted several experiments using
the latest and most recent technology identification
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methods to demonstrate the challenges and usefulness
of detailed data in multimodal audio video.

In this paper [9], a foldable-LSTM-based residual
network was developed. This shoots time information
from the video as input and input to help identify
unnatural artifacts present between frames of a Deepfake
video. They proposed a transfer based approach
to generalizing various deep-fark methods. Strict
experiments using datasets using Faceforensics++ have
shown that previously proposed methods of recognition
methods for in-site recognition methods outweigh the
generalizations of various deeper methods when it is
better to generalize them.

This paper from [10] shows an automatic and efficient
way to detect facial operations in video. Traditional
imaging forensic technology is usually not well suited
to for video because of significant data damage.
Therefore, this work follows a deep learning approach
and presents two networks. These high-speed networks
evaluate both existing data records and data records
created from online videos. This test shows a highly
successful identification rate of over 98 percentage on
Deepake and over 95 percentage on Face to face.

The work in [11] deals with the problem of face
manipulation detection in video sequences aimed at
modern face manipulation. In particular, it examines an
ensemble of various trained folding models of neural
networks (CNNSs). In the proposed solution, various
models from the basic network (i.e., EfficientNetB4)
are obtained from two different concepts. (i) Caution
level. (ii) Siamese training. The combination of these
networks has been shown to lead to recognition results
in two published data records with over 119,000
videos. The work in [12] advocates robust training for
improving the generalization ability. It believes training
with samples that are adversarially crafted to attack
the classification models, improves the generalization
ability considerably. Considering that Al-based face
manipulation often leads to high-frequency artifacts
that can be easily spotted (by models) yet difficult
to generalize, it further proposes a new adversarial
training method that attempts to blur out these artifacts,
by introducing pixel-wise Gaussian blurring. Plenty of
empirical evidence show that, with adversarial training,
models are forced to learn more discriminative and
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generalizable features.
Research Gaps

1) Difficulty in detecting physiological signals on
missing pulse signals.

2) Datasets focusing on video or audios only of
celebrities.

3) Limitations, if facts associated for checking claims
are not present.

4) Struggles with high resolution deepfakes.

5) Struggles with generalization to unseen deepfake
techniques.

6) Limited use of lightweight or real-time models for
deployment.

7) Over-reliance on Benchmark Datasets.
METHODOLOGY

Asystem uses Al detection to spot unnatural expressions
and gestures and eye blink behavior which provide signs
of deepfake generation while the technology analyzes
improper lip-sync coordination between voice and
movement. Among its features Al analyzes inconsistent
objects like eye shadows while monitoring environment
elements and eye areas and checks background
changes as signs of deepfake alteration through audio
assessments of additional noises. This system conducts
thorough checks of background objects for subtle
signs of deepfake tampering. Several persons can help
expose deepfake content through multiple recognition
methods.

System Architecture

Layer 1: Colorimetric and Tonal Anomaly Detection
Deepfake videos often reveal subtle but detectable
irregularities in lighting, shading, and color that stem
from the generative models’ limited understanding
of how light interacts with real-world textures and
surfaces. Even when a fake appears visually authentic,
it may carry imperceptible pixel-level anomalies that
suggest synthetic manipulation. To uncover these clues,
a pre-trained ResNet-18 convolutional neural network
is employed. The operational pipeline of the system
follows the stages illustrated in Fig. 1 while maintaining
rigorous definitions:
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Fig. 1. System Architecture

1)

2)

3)
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Data Acquisition and Preparation: The system
processes digital video data from both authentic
and synthetic sources, supporting various video
formats, resolutions, and encoding methods. The
video is divided into frames through time-based
segmentation, with the frame quantity (N) serving
as a key hyperparameter. Our research finds N=10
to be optimal for deepfake detection in practical
applications.

Pre-processing and  Feature  Engineering:
Preprocessing operations standardize data by
minimizing environmental impacts and focusing
on key facial regions. Facial landmarks are detected
using the Mediapipe framework [7], allowing for
precise measurements like eye aspect ratio and
lip distance. After landmark detection, an affine
transformation normalizes facial poses, and the
cropped facial regions are resized to 224x224
pixels to ensure consistency with pre-trained CNN
models.

Dataset Partitioning and Management: The dataset,
consisting of normalized facial images and MFCC
feature vectors, is divided into three subsets: the
Training Set for model learning, the Validation Set
for hyperparameter tuning, and the Testing Set for
independent evaluation. This partitioning ensures
unbiased model evaluation and generalization to
new data.
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Five Layer Extraction & Analysis: The system’s core
functionality is powered by five analysis layers that
focus on feature extraction and classification. These
layers process video and audio data independently,
generating probability scores for each frame to
indicate the likelihood of deepfake manipulation.

Fusion Layer: The Fusion Layer consolidates the
probability scores from the five analysis layers
(color, blink, expression, lipsync, and symmetry)
to produce the final deepfake classification result.
This layer employs logistic regression to combine
the probabilistic outputs, with each score weighted
based on its importance in the decisionmaking
process. The logistic regression model performs
a weighted sum of the input probabilities,
followed by a sigmoid transformation to output
a final probability score Pfinal between 0 and
1, indicating the likelihood of the video being a
deepfake.The fusion process enables the system
to account for various feature modalities and
enhances classification accuracy by adapting the
contribution of each analysis layer through learned
weights, ensuring optimal performance in deepfake
detection.

PROPOSED SYSTEM

Fig.

2. Color and Tone Analysis

The proposed system consists of five layers that will
analyze the media given to the deepfake detection
system that will detect if it is manipulated data or not.
Layer 1: Colorimetric and Tonal Anomaly Detection
Deepfake videos often reveal subtle but detectable
irregularities in lighting, shading, and color that stem
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from the generative models’ limited understanding
of how light interacts with real-world textures and
surfaces. Even when a fake appears visually authentic,
it may carry imperceptible pixel-level anomalies that
suggest synthetic manipulation. To uncover these clues,
a pre-trained ResNet-18 convolutional neural network
is employed.

This model, known for its strength in extracting both
lowlevel and high-level features, is fine-tune specifically
for identifying signs of tonal and colorimetric
inconsistencies between real and fake facial imagery
as shown in Fig. 2. It processes RGB video frames of
facial regions and returns a probability score indicating
whether the lighting, shading, or color patterns deviate
from those typically observed in genuine content.

The residual connections within ResNet-18 allow it to
retain and combine information from various depths
of the network, making it highly sensitive to subtle
transitions in tone or light. This capability enables it to
detect artifacts like inconsistent shadows, overly smooth
skin textures, or implausible lighting gradients—all
signs that point toward generative synthesis.

Layer 2: Oculomotor and Palpebral Dynamics Analysis
Oculomotor (gaze) and palpebral (blink) behaviors
follow natural temporal and statistical patterns that
deepfakes often fail to replicate accurately. Irregular
blinking or uncoordinated eye movements can indicate
facial manipulation. To detect such anomalies, the model
uses a two-layer LSTM network with 64 hidden units per
layer. LSTMs are ideal for processing sequential data
and capturing long-term temporal dependencies, making
them effective for modeling natural eye movement
patterns. The input to the LSTM is a sequence of Eye
Aspect Ratio (EAR) values, a scalar metric representing
eyelid openness. EAR is calculated from seven facial
landmarks near the eyes, extracted using the Mediapipe
framework. The formula is:

EAR=(p2-p6+p3-p5)/(2*pl-pd)

EAR values are computed for both eyes in each frame,
averaged, and passed into the LSTM. The network
processes these sequentially, using its internal memory
to learn natural blinking patterns and detect deviations.

The final output passes through a fully connected layer
and a sigmoid activation, producing a probability
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score (0-1) indicating the likelihood of manipulation.
Higher scores suggest abnormal blinking or eye motion
consistent with deepfakes.

Layer 3: Facial Expression Consistency Evaluation
Deepfake techniques occasionally produce expression
inconsistencies that appear between successive frames
as well as between audio and visual content and overall
video context information. The generative models face
limitations when reproducing human facial expression
dynamics because these expressions represent complex
behavioral patterns. The detection of inconsistent
elements serves as an important sign to identify content
alterations. The multilayer perception section of this
layer uses the pre-trained DeepFace model [9] as its
base. The extensive training of DeepFace on facial
images enables it to deliver superior accuracy when
detecting basic along with subtle facial expressions.
Implementing a pre-trained model eliminates the
requirement for scattering training from the beginning
on expression data which results in substantial cost and
time savings for development processes.

Fig. 3. Expressions Consistency Evaluation

As shown in Fig. 3, a single pre-processed video frame
serves as the input data for this layer after it undergoes
cropping and normalization as well as resizing.

The final output constitutes probability values between
0 and 1 that describe the likelihood of manipulation.
The DeepFace model handles input frames one by one
to assess facial spatial structure for emotion inference.
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The system determines whether the facial expression
belongs to the real category or represents a fake
expression.

Layer 4: Audiovisual Synchronization Analysis Lip
movements and vocal articulation are closely coupled
in human speech. Slight mismatches between the
movement of the mouth and the accompanying audio
can be jarring and often arise in deepfakes that attempt
to re-dub speech or reconstruct facial motion post-hoc.
Even when visual alignment appears acceptable at first
glance, precise synchronization remains difficult for
generative models to replicate at a granular level.

Fig. 4. Audio-Visual Analysis

Asshows in Fig. 4, to detect these mismatches,an LSTM
model is used to jointly analyze features extracted from
both the video and its audio stream. From the video, it
processes measurements of mouth shape and openness
over time, while from the audio, it extracts spectral
features such as Mel-frequency cepstral coefficients
(MFCCs) that characterize speech phonemes. The
model then analyzes whether these two sequences align
properly in terms of timing and shape dynamics. If a
vowel or consonant is heard but not properly reflected
in lip shape—or if there is a time lag between spoken
words and corresponding movements—the model
assigns a higher probability that the video has been
manipulated. These minor misalignments often escape
human detection, but they are strong indicators of
synthetic synthesis.

Layer 5: Facial Symmetry Anomaly Detection Human
faces show important symmetrical patterns when
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measured by vertical axes although true symmetry
does not exist fully in natural faces. Both parts of the
face normally display mirror-like correspondence
between each other. During deepfake synthesis
when blending or warping multiple facial regions
occurs the process results in asymmetries which
deviate from authentic subjects’ facial symmetry
statistical distribution patterns. The identification of
asymmetrical patterns in vertically symmetrical facial
areas constitutes a beneficial indicator for confirming
manipulated content. The model run uses a proprietary
CNN architecture which functions at this stage. The
network architecture of CNN was designed to identify
features which detect minor irregularities in bilateral
symmetry patterns in facial images. A custom CNN
architecture contains these main parts: Convolutional
Layers: Two convolutional layers with an increasing
number of filters. Two convolutional layers exist in
YOLO where the first layer uses 16 filters before the
second layer enhances the number of filters to 32.
The two convolutional layers learn spatially localized
features that represent facial structure in addition to
facial symmetry. The convolutional kernels moving
across input images perform dot product computations
on image areas of 3x3 dimensions in each sliding step.
The network benefits from learning multiple types of
features through its multiple filter system. The addition
of same padding produces consistent dimensions of
feature maps following convolution operations.

Each convolutional layer gets a max-pooling layer
as an immediate succession. Max-pooling performs
spatial resolution reduction through an operation that
downsampled the feature maps by applying a 2x2
window with a stride of 2. The downsampling operation
benefits the subsequent layers by reducing computational
expense and demonstrates translation invariance and
helps prevent overfitting through parameter reduction.

The Feature Mapping occurs throughout two fully
connected (dense) layers which translate extracted
features from convolutional and pooling layers into
one single output value. Both the first fully connected
layer contains 128 units and the second (output) layer
includes only one unit. What the full-connected layers
do is perform a non-linear operation on the extracted
features which reveals elaborate connections between

those features and facial asymmetry.
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The Rectified Linear Unit (ReLU) activation functions
serve between convolutional layers together with the
first fully connected layer in this model. The ReLU
activation function brings model non-linearity so the
system can detect complex nonlinear patterns in the data
between features and predictions. The ReLU function
reaches its maximum value at zero while keeping all
values above zero.

The sigmoid activation function produces the last output
layer of the CNN. The output of the final fully connected
layer transforms to a probability score between 0
and 1 by using the sigmoid function which indicates
the chance of abnormal facial asymmetry. Here the
RESNET layer receives as input previously processed
video frames and their associated facial landmarks that
have been detected by Mediapipe.

The output layer generates an output value between 0
and 1 which represents the potential level of deepfake
manipulation through facial asymmetry according to the
custom CNN analysis. The magnitude of the probability
score determines how likely manipulation is to have
occurred.

Training the custom CNN uses facial landmarks as
the direct source but during inference these landmarks
become inaccessible to the network. The image is the
input. Through training with landmark information
as part of ground truth the CNN learned to identify
image features which show symmetry or asymmetry
characteristics. During training the data pairs should
contain (image, symmetry label) where the symmetry
label originates from landmark examination.

RESULT AND DISCUSSION

The below image Fig. 5 shows the working of the
model. In this, the model has extracted specific frames
from the video to analyze. Frames 1, 2, and 3 show
the same person in a consistent pose, but there may be
subtle deepfake artifacts.

Frame 4 shows a noticeable distortion (unnatural face
proportion or texture), which is a common sign of
deepfake manipulation. Frame 5 appears normal but
is likely classified based on the model’s assessment of
deepfake cues.1 out of 8 frames is identified as real and
7 out of 8 frames are identified as deepfake therefore
87.5% frames are fake and 12.5% frames are real.
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Fig. 5. Deepfake Detecting Model

As showm in Fig. 6, a model’s confidence metric
indicates how sure the model is about its classification
decisions. A confidence of 52.1% is relatively low,
suggesting that the fake-real classification is somewhat
uncertain.

Fig. 6 Confidence metrics over frames

An 84.5% detection stability means the model’s
predictions are relatively steady across the video, which
implies the deepfake signs are persistent rather than
sporadic. This deepfake detection model has flagged
the majority of frames as manipulated, indicating a high
likelihood that this video is Al-generated or altered.

In Fig. 7, the output analyzed is shown whether it is real
or fake of the chosen media. The analysis reveals media
metadata such as 7.66-second runtime with 30 frames
per second and 230 total frames and shows 8 frames
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were analyzed. Additionally, it presents analysis metrics
which demonstrate 0.084 confidence volatility and 0.750
frame consistency and displays a deepfake probability
gauge reporting high suspicion of manipulation. The
evaluation concludes with a FAKE classification of the
video content.

Fig. 7 Analyzed Output

The deepfake detection model follows a structured
pipeline  consisting of pre-processing, feature
extraction, and classification. The pre-processing stage
includes video-to-frame conversion, face detection,
and face cropping, ensuring that the model focuses on
relevant facial features. The dataset is then split into
training and testing subsets before passing through
the deepfake detection model. The deepfake detection
model utilizes ResNext feature extraction and LSTM-
based classification to distinguish between real and
fake frames. The detection results show a strong ability
to identify deepfake frames but also indicate a need
for improvement in model confidence. The deepfake
detection model was also tested and the results are
displayed in Fig 7. The model analyzed individual
frames and classified them as either real or fake using a
deep learning-based detection approach.

CONCLUSION

In conclusion, the proposed multi-layered deepfake
detection system presents a comprehensive and
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robust framework for identifying synthetic media by
leveraging both spatial and temporal inconsistencies
across various facets of facial behavior and audiovisual
alignment. By integrating specialized models—
including ResNet-18 for pixel-level colorimetric
analysis, LSTMs for temporal modeling of eye dynamics
and lip synchronization, DeepFace for emotional
congruence assessment, and a custom CNN for facial
symmetry evaluation—the system effectively captures
a wide range of manipulation artifacts that often elude
human perception. The fusion layer consolidates these
heterogeneous signals through a logistic regression
model, ensuring that the final classification benefits
from the complementary strengths of each detection
pathway. This modular architecture not only enhances
detection accuracy but also allows for scalability and
future integration of additional behavioral or physical
cues, such as microexpression tracking or physiological
signal analysis. Thorough training and evaluation on
diverse datasets ensure the system’s generalizability to
real-world scenarios, while the deployment pipeline is
optimized for low-latency inference, making it suitable
for real-time applications including live surveillance,
media verification, and social platform moderation.
Overall, the system offers a technically sound, data-
driven approach to combatting the growing threat of
deepfakes, contributing significantly to the reliability,
security, and trustworthiness of digital media.
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ABSTRACT

Marine debris poses a significant threat to aquatic ecosystems, impacting marine life and contributing to
environmental degradation. This paper provides a comprehensive review of deep learning techniques for
detecting and classifying marine debris, focusing on models such as YOLO, Faster R-CNN, and SSD. Unlike
previous studies, this work emphasizes practical implementation challenges, including dataset standardization,
environmental complexities, and real-world applicability. The findings highlight the need for robust models and
standardized datasets to enhance the effectiveness of Al-driven monitoring systems. Additionally, recommendations
for improving model performance in diverse marine environments are provided, offering valuable insights for
future research.

KEYWORDS : Marine debris detection, Waste classification, Machine learning, CNNs, Deep learning, Al, Aquatic

environment.

INTRODUCTION

he increasing accumulation of marine debris,

particularly plastic waste, has become a critical
environmental issue, threatening biodiversity and
disrupting aquatic ecosystems. The ocean can provide
the lifeblood of the world and many species survive
because of it. The ocean controls the climate and it
also regulates carbon in the atmosphere. However,
excessive pollution of the ocean has caused the ocean's
ability to maintain these things to be damaged, because
the majority of this trash is plastic. This is becoming
increasingly severe, thus each year, up to 2.41 million
tons of garbage enters the ocean (Sinthia, 2023).

This is very bad, so we need to solve this. A new
computer tool can help, and it is called "deep learning",
which works very well to find trash in the sea, therefore
it helps in many kinds of water (Shivaanivarsha et al.,
2024; Khriss et al., 2024). We can use it with cameras
in the sky, or undersea drones, or autonomous boats, so
that we can see all the trash in the sea. We do not need
to watch by hand, because we have models that can find
trash, and they can find it on the water, or on the shore,
or under the water (Srilatha et al., 2023). They use a
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tool called CNN, which allows them to learn from other
tools, but it is difficult to detect trash in dynamic oceans
(Vijayanti et al., 2023).

We also have SSD, which helps detect trash that
floats, or trash that is submerged (Vedant Kumar et al.,
2023), and this paper reviews all these tools, thus it
demonstrates how they can be used by the whole world.

Recent advancements in deep learning have shown
promise in addressing this challenge by enabling
automated detection and classification of marine debris.
However, the effectiveness of these models is often
hindered by factors such as variations in water quality,
lack of standardized datasets, and environmental
complexities. This paper aims to provide a review
on the comparative analysis of state-of-the-art deep
learning models, including YOLO, Faster R-CNN, and
SSD, to evaluate their performance in detecting marine
debris under diverse conditions.

LITERATURE ANALYSIS

To do this, we reviewed relevant previous studies and
focused on those that reported unambiguous results on
detecting marine litter by Al models and those whose
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experimental methodologies were sufficiently specified
to allow replication, and such studies provided useful
details on the research environment, data, detection
methodology, and model performance results.

Ali and Zhang (2024) provides a detailed overview of
the YOLO object detection framework, its applications,
and performance, demonstrating its suitability for real-
time marine litter detection, and thus, it highlights
the potential of the YOLO framework for various
applications. Puras et al. (2024) describes the creation
of a dataset for underwater marine debris detection and
segmentation in shallow waters, which can be used to
train and evaluate Al models for marine litter detection,
because this dataset provides a valuable resource for
researchers and developers. Shivaanivarsha et al.
(2024) discussed WAVECLEAN, which is a tracking
and navigating system for an autonomous ship, and
it provides real-time floating debris collection, so this
demonstrates the implementation of Al on marine litter
collection. Khriss et al. (2024) applied deep learning to
detect plastic debris underwater, and they investigated
the visual characteristics of submerged plastics,
therefore, this research demonstrates the application of
Al on underwater litter monitoring.

Walia and PL (2023) conducted a survey of recent deep
learning techniques for underwater trash detection,
and they also discussed the potential applications of
these techniques in autonomous robotic systems, thus,
providing a comprehensive overview of the current state
of underwater trash detection. Sinthia (2023) proposed
a deep learning model for real-time underwater debris
detection, and this paper demonstrates the application
of artificial intelligence for detecting marine litter in
real-time, because it highlights the potential of Al for
real-time monitoring. Vijayanti et al. (2023) conducted
a comparative analysis of deep learning models for
garbage detection in water bodies, and they found
that transfer learning with pre-trained deep learning
models (such as ResNet50 and VGG19) performed the
best, so this study provides valuable insights into the
performance of different deep learning models. Winans
et al. (2023) applied deep learning models to detect
stranded marine debris at the shoreline, and their study
is based on remote sensing imagery, therefore, the work
provided a new insight into the potential application of
Al for large-area monitoring of marine litter. Kumar
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et al. (2023) applied the SSD object detection model
to detect marine litter, and they demonstrated that the
lightweight model can be used to detect marine litter,
because it is efficient and effective.

Srilatha et al. (2023) used the Faster R-CNN model
for solid waste detection and recognition, and the
authors concluded that Faster R-CNN is a promising
method for marine litter detection, thus, it highlights
the potential of the Faster R-CNN model for various
applications. Abdu and Mohd Noor (2022) presented a
survey on solid waste detection and classification using
deep learning techniques, and the authors reviewed the
latest techniques used for solid waste detection and
classification, and they discussed the future trends, so
this survey provides a comprehensive overview of the
current state of solid waste detection and classification.
Cordova et al. (2022) compared deep learning models
for detecting litter, and the authors compared the
performance of different deep learning models for
litter detection, and they concluded that certain models
are more effective than others, therefore, this study
provides valuable insights into the performance of
different deep learning models. Aleem et al. (2022)
performed marine debris target classification using deep
learning networks, and it was proven to be efficient to
differentiate various kinds of marine litter, because it
highlights the potential of deep learning networks for
marine debris target classification.

REVIEW METHODOLOGY

The methodology for this comparative analysis draws
on multiple datasets, including TrashCan, DeepTrash,
TACO, PlatOPol, and FLS. Research articles were
selected using specific filters related to Satellite Imagery.
The study centers on evaluating Deep Learning models
such as YOLO, Faster R-CNN, and SSD.

Deep Learning Model Selection
YOLO

YOLO, YOLOv3, YOLOv5, YOLOv6, YOLOvS,
Tiny YOLO, YOLOv5-Ghost, and YOLOv4-Ghost
are excellent for real-time object detection, and they
perform detection with a single pass through the
network, and are thus extremely fast. YOLO divides the
image into a grid, and each grid cell predicts boxes and
class scores, because this allows YOLO to be extremely

fast with very good accuracy and efficiency.
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Faster R-CNN

Faster R-CNN employs a two-stage detection pipeline
and it generates region proposals to identify potential
object locations. Then, it refines and classifies these
proposals in the second stage (Srilatha et al., 2023),
because it is accurate and reliable, but its two-stage
pipeline makes it slower than other models. Faster
R-CNN employs a ResNet backbone for feature
extraction, thus this leads to a much better detection
(Aleem et al., 2022).

SSD (Single-Shot detector)

The advanced architecture of SSD offers accurate
detection results along with fast processing due to its
unique structural design. SSD performs object detection
efficiently by embedding the detection process within a
single deep neural network, similar to the operational
style of YOLO.

Model Training

The deep learning models in the study were trained
on high-performance GPUs using popular deep
learning frameworks like TensorFlow and PyTorch,
and transfer learning was a critical technique in marine
litter detection because of the challenge of acquiring
large labelled datasets (Khriss et al., 2024). Transfer
learning's greatest advantage is reducing the risk of
overfitting, which is common with limited data, so
training procedures involve custom loss functions, such
as classification loss and bounding box regression loss
to fine-tune the models, therefore, for YOLO and Faster
R-CNN, these procedures are crucial.

Model Performance
YOLO

YOLOVG is a nice algorithm and it was evaluated on the
"SeaClear Marine Debris Dataset". It performed well
in real-time object detection and it also consumed very
less memory. Thanks to the data augmentation, smaller
model size and efficient detection methodology (Puras
et al., 2024), YOLOV6 is a nice algorithm, therefore it
was evaluated on the "SeaClear Marine Debris Dataset"
and performed well because it consumed very less
memory.
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Table 1 Stratified split baseline results - YOLOv6 S
(Puras et al., 2024)

No. 2

Model Fusion mAP (%) | mAR (%)
Enhancement
YOLOV6 S Not Applied 68.3 75.0
YOLOV6 S Applied 68.9 75.4
Customized dataset was created and data was

collected from multiple sources, such as Trash ICRA-
19, TrashCAN 1.0, TrashNet, Google, Extended TACO,
Drinking Waste, and Classify-waste. The dataset
consisted of 10,000 images because the size of the
image was 416 x 416 pixels. Images were divided into
3 categories, thus they were Underwater Trash, Rover,
and Marine Life. The model was trained on the dataset,
therefore it detected garbage. It detected garbage and
it drew rectangles around the garbage. Its confidence
was >=0.5 (Walia & PL, 2023) because YOLOVS8-
nano performed excellently. YOLOv8-nano performed
excellently, so it was capable of detecting epipelagic
garbage in real-time. It had high confidence scores, thus
you can see the confidence scores in Table 2 (Walia &
PL, 2023).

Table 2: Performance comparison for the various
architectures- YOLO (Walia & PL, 2023)

Network | mAP | Preci- | Re- | Box- | Cls- Obj- | Ep-

sion | call | Loss | Loss | Loss | och

YOLOv8n | 0.96 | 0.94 | 0.92 | 0.022 | 0.0005 | 0.011 | 170

YOLOv7 0.96 | 0.96 | 0.93 | 0.019 | 0.0005 | 0.008 | 120

YOLOv6s | 0.90 | 0.94 | 0.92 | 0.080 | 0.0700 | 0.450 | 110

YOLOv5s | 0.96 | 0.95 | 0.93 | 0.020 | 0.0000 | 0.000 | 180

YOLOvVS5 and YOLOvV8 were evaluated on COCO

dataset, and these models are not suitable for running
on low-power computers such as Raspberry Pi 4 (8
GB RAM) for video streaming as they only achieve
4-5 fps (Shivaanivarsha et al., 2024). The results are
presented in Table 3, therefore, they can be used for
further analysis.

Table 3 Model Comparison of YOLOvV5 and YOLOVS
(Shivaanivarsha et al., 2024)

Model Training Frame Rate Real-world
Accuracy (%) (FPS) Confidence Rate (%)

YOLOV5 87 4t05 79-87 avg

YOLOvS8 90 4t05 80-90 avg
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YOLOv8 and YOLOV9 were implemented on the
“TrashCAN” dataset. Table 4 displays the results
(Khriss et al., 2024).

Table 4: Accuracy Evaluation of the YOLO model using
TrashCAN dataset (Khriss et al., 2024)

Model Precision Recall mAP 0.5 | mAP 0.95
(%) (%) (%) (%)
YOLOv8 77.15 81.90 85.28 71.90
YOLOvV9 77.76 82.14 85.33 72.48

The Forward-Looking Sonar Marine Debris Dataset
(FLS) was chosen to classify and categorize types of
garbage, and it consists of 1,868 images. The image
resolution is 512x384 pixels, so it provides a clear view
of the objects. Trash-ICRA19 was used to detect objects,
therefore it has a large dataset. There are 7,668 images
and 6,706 annotations, thus making it a comprehensive
collection. It classifies garbage into three categories:
plastic pollution, man-made objects, and nature/biology
(Sinthia, 2023), because this categorization is essential
for effective waste management.

Table 6 Performance Measures of Underwater Object
Detection (Sinthia, 2023)

Mukri and Joshi

Table 7: Litter Detection results on PlastOPol using
YOLO models (Cérdova et al., 2022)

Methods AP50 AP@ AR@ Fl@

YOLO-v5s 79.9 62.4 76.9 68.9

YOLO- 84.9 71.1 82.1 76.2
vbXx

Using the “TACQO” dataset, the YOLO model yields the
results given in Table 3.3.1.8 (Cérdova et al., 2022).

Table 8 Litter Detection results on TACO using YOLO
models (Cérdova et al., 2022)

Methods AP50 AP@ AR@ Fl@
YOLO-v5s 54.7 38.8 58.1 46.5
YOLO- 63.3 48.4 66.4 56.0
VvbXx
Faster RCNN

The first results for marine debris detection were
obtained on the 'SeaClear Marine Debris Dataset'
with Faster RCNN , and Faster RCNN is a two-step
approach. It requires high computational resources
in order to achieve good performance (Pura$ et al.,
2024), therefore it needs to be optimized for practical
applications.

Table 6 presents the performance metrics of different
object detection models used for underwater object
identification. YOLOvV8 outperforms the others in
underwater detection, making it the ideal choice
for precise tasks. However, YOLOX-Tiny is also a
viable option due to its efficiency in resource-limited
environments (Sinthia, 2023).

Litter detection performance of YOLO models on the
PlastOPol dataset is presented in Table 7 (Cordova et
al., 2022).
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. o Table 9. Stratified split baseline results - Faster RCNN
Models AP (%) Precision | Sensitivity | F1 (%) .
(%) (%) R50 + FPN (Duras et al., 2024)
YOLOVS 92.2 81.4 82.0 81.66 Model Fusion mAP (%) [ mAR (%)
YOLOV5 84.4 80.0 68.0 73.52 Enhancement
ghos‘t’ ) ' ' ' ' Faster RCNN | Not Applied 617 68.1
R50 + FPN
YOLOvA4- 76.8 74.0 9.0 65.68 Faster RCNN Applied 59.0 63.6
ghost R50 + FPN
Y?'Ii_r?x- 13 15 76.7 7380 Using the same custom dataset that was considered for
Y Table 2 the following results were observed for Faster

RCNN. These results are displayed in Table 10.

Table 10 Performance comparison for the various
architectures-Faster RCNN (Walia & PL, 2023)

Network | mAP | Precision | Recall | Box- | Cls- | Obj- | Ep-

Loss | Loss | Loss | och
Faster 0.81 0.88 0.85 0.08 | 0.03 | 0.02 | 100
R-CNN

Faster RCNN was implemented on the “TrashCAN”
dataset, the results of which are displayed in Table 11

(Khriss et al., 2024).
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Table 11: Accuracy Evaluation of the Faster RCNN model
using TrashCAN dataset (Khriss et al., 2024)

Model

Precision
(%)

Recall (%)

mAP 0.5
(%)

mAP 0.95
(%)

Faster

85.9

84.52

88.88

69.00

Mukri and Joshi

results of which are displayed in Table 16 (Khriss et al.,
2024).

Table 16 Accuracy Evaluation of the SSD model using
Deep Trash dataset (Khriss et al., 2024)

RCNN

Using the “Deep Trash” dataset, the Faster RCNN
model yields the results given in Table 12 (Khriss et al.,

Model Precision Recall mAP 0.5 | mAP 0.95
(%) (%) (%) (%)
SSD 74.59 79.28 84.44 68.57

2024).

Table 12: Accuracy Evaluation of the Faster RCNN model

using Deep Trash dataset (Khriss et al., 2024)

Model Precision Recall mAP 0.5 | mAP 0.95

(%) (%) (%) (%)
Faster 75.85 79.77 84.23 69.00
RCNN

Litter detection performance of Faster RCNN models on
the PlastOPol dataset is presented in Table 13 (Cérdova

The SSD algorithm was implemented in Python to
create a monitoring system, developed within Visual
Studio version 20 (Vedant Kumar et al., 2023). Table 17
demonstrates that the SSD model performs effectively
for real-time object detection. However, its performance
may fluctuate when applied under unstable underwater
conditions.

Table 17 SSD’s effectiveness in high-confidence object
detection (Vedant Kumar et al., 2023)

etal., 2022). Objects Detected Confidence (%)
Table 13 Litter Detection results on PlastOPol using Monitor Screen 99.92
Faster RCNN model(Coérdova et al., 2022) Chair 97.85
Methods AP50 AP@ AR@ Fl@ Monitor (again) 79.03
Faster 75.3 49.6 57.0 53.0 Person (1) 99.91
R-CNN
- Person (2) 98.02
Using the “TACO” dataset, the Faster RCNN model Overall Accurac 99.00
yields the results given in Table 14 (Cérdova et al., y '

2022).

Table 14 Litter Detection results on TACO using Faster
RCNN models (Cordova et al., 2022)

Methods AP50 AP@ AR@ Fl@
Faster 511 28.1 36.9 319
R-CNN
SSD

SSD was implemented on the “TrashCAN” dataset, the
results of which are displayed in Table 15 (Khriss et al.,
2024).

Table 15 Accuracy Evaluation of the SSD model using
TrashCAN dataset (Khriss et al., 2024)

Model Precision Recall mAP 0.5 | mAP 0.95
(%) (%) (%) (%)
SSD 86.55 84.00 87.37 68.40

SSD was implemented on the “Deep Trash” dataset, the
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Model Comparison

The baseline evaluation was performed on the "SeaClear
Marine Debris Dataset" and the dataset was split
between 80% for training and 20% for testing. Table 1
shows that YOLO had the best performance among the
models, because YOLOV6 S was 7% ahead of Faster
R-CNN (Table 9, Puras et al., 2024). The selected
models had good F1 and high mean average precision
at different speeds (Table 2, Table 9), thus the results
from the trade-off analysis are more realistic to evaluate
underwater performance. The localization performance
can be better evaluated, therefore the F1 scores of these
models were much better than other algorithms (Walia
& PL, 2023). YOLOV9 was the most effective object
detection model applied to the "TrashCAN" and "Deep
Trash™" datasets in Tables {4, 5, 11, 12, 15, 16}, and
it was better than YOLOVS8, Faster R-CNN, and SSD
(Khriss et al., 2024).
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Fig 1. Training Stability of YOLOVY9, YOLOVS

The evaluation metrics are shown in Fig. 3.4.1,
and YOLOV9 achieves the best performance, using
Programmable Gradient Information (PGI) and
Generalized Efficient Layer Aggregation Network
(GELAN). It is fast and accurate with a smooth loss
function curve, thus it outperforms other models.
YOLOVS is also good, but it has convergence issues,
because it struggles with certain types of data. Faster
R-CNN uses a Region Proposal Network (RPN) for
object detection, but it also has convergence issues,
therefore it is not the best choice. SSD has the worst
performance, with an unstable loss curve and poor
adaptability, so it is not suitable for this task.

It is poor for marine object detection (Khriss et al.,
2024), and this is evident from the results. Tables
3.3.1.7 and 3.3.2.5 demonstrate YOLOv5X best on
the PlastOPol dataset, because it has a high accuracy
rate. YOLO-based models perform well on underwater
litter detection, thus they are a good choice for this
application. Tables 3.3.1.8 and 3.3.2.6 demonstrate
YOLOvV5x best on the TACO dataset, and this is due
to its robust features. YOLOV5x performs well on real-
world waste detection (Cérdova et al., 2022), therefore
it has the potential for practical applications

DISCUSSION

There is insufficient homogenous data and this resulted
in difficulties in applying models across multiple sites.
Using small, custom data sets leads to poor generalisation
across other locations, because (Puras et al., 2024)
datasets are often labelled differently. This makes it
difficult to compare work from different regions, thus
(Vijayanti et al., 2023) most data are collected from
coastal or relatively shallow waters, and there are few
data from the deep sea or offshore, therefore (Winans et
al., 2023) greater volume of homogenous data could be
freely available to all users.
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Various factors present in the water affect the
performance of models in different ways, so this limits
the generalizability of models in various environments.
Factors such as water turbidity, exposure, and
occlusion have been shown to cause decrease in model
performance, because (Srilatha et al., 2023) YOLO has
been demonstrated to have high inference speed, but
poor detection accuracy on small objects, and (Khriss
et al., 2024) Faster R-CNN has been proven to have
extremely high detection accuracy, but low inference
speed, thus (Vijayanti et al., 2023) SSD has been
shown to have high inference speed and high detection
accuracy, but poor detection of small or occluded
objects, therefore (Vedant Kumar et al.,, 2023) to
improve generalizability of models, models that employ
an ensemble of other models and transfer learning
schemes, are able to improve generalizability across
different environments. For autonomous detection of
marine debris, inference speed is critical, but the use
of high resolution data and model training increases
inference time, so (Shivaanivarsha et al., 2024) models
must be designed to balance these competing demands.

Models such as You Only Look Once (YOLO) and
Single Shot Detector (SSD) are fast but do not detect
objects as well, because (Vedant Kumar et al., 2023)
deploying models on small computers located near the
edge, where data is generated, is challenging, and this
implies that models must be designed to be more efficient
and consume less energy, thus models must balance
inference speed and detection accuracy, and therefore
model design is critical for successful deployment.

CHALLENGES IN MARINE DEBRIS
DETECTION USING DEEP LEARNING

Deep learning does not perform well in marine
environments and underwater visibility is low. It is
dark and it is murky, because debris is difficult to see.
Visibility is difficult due to light and dirt, thus it is
difficult to generalize from one body of water to another.
Models trained on clear ocean water do not perform well
in dirty lakes or rivers, therefore image enhancement
and data augmentation are two approaches to address
this issue.

Merging visible and infrared images is a possible
solution, so such solutions may help, but they are not
always effective. Even enhanced images may not
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perform well in unseen environments, because a major
issue is the lack of large and high-quality labeled
datasets. There are several labeled datasets such as
TrashCAN and MARIDA, but they do not cover all
underwater environments, thus the model learned
too much from these datasets. The models perform
well during training, but perform poorly in unseen
environments, because they are not able to generalize
well.

There is a need for more types of litter, waterways and
locations to be added to these datasets, therefore this need
must be addressed in order to improve the performance
of deep learning models in marine environments

CONCLUSION

This research serves as a comprehensive comparative
review of various deep learning techniques for detecting
and classifying marine debris. The findings indicate that
while YOLO-based models excel in terms of efficiency,
two-stage detectors like Faster R-CNN offer better
productivity but lack real-time application suitability
due to their inefficiency.

Despite these advancements in deep learning models,
the study emphasizes the need for larger and more
varied datasets, as well as improved methods to address
domain shifts caused by environmental factors such as
water clarity and lighting changes. Ultimately, deep
learning techniques provide a powerful solution for
marine debris monitoring, and their ability to operate
in real-time makes them scalable, offering significant
potential to support global efforts to protect the world’s
oceans.
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ABSTRACT

Well, The aim is to explore and compare significant algorithms designed for few-shot image classification
tasks within the meta-learning framework: Prototypical Networks (ProtoNet), Model-Agnostic Meta-Learning
(MAML). These algorithms address the challenge of few-shot classification, which is increasingly crucial in
various image recognition applications. In fields such as healthcare, where models may need to recognize rare
conditions, or per-sonal digital assistants that continuously encounter new data, the ability of a model to per-form
accurately with minimal examples is critical. Few-shot learning thus bridges a crucial gap by enabling models to
operate effectively where labeled data is sparse, without requiring extensive retraining. The aim of this review is
to examine and compare two significant meta-learning algorithms—Prototypical Networks (ProtoNet) and Model-
Agnostic Meta-Learning (MAML), with a particular focus on the ProtoMAML hybrid. These approaches address
the increasingly important problem of few-shot image classification, where models must perform well with
minimal training data. Few-shot learning is highly relevant in domains such as healthcare, where the recognition
of rare diseases requires efficient learning from limited examples. This paper outlines the theoretical foundations
of ProtoNet and ProtoMAML, surveys existing literature, evaluates their strengths and weaknesses, and discusses
potential future directions.

KEYWORDS : Meta-learning, Machine learning, Text analysis, Few-shot learning, Prototypical network.

INTRODUCTION

he intention is to discover and compare sizable

algorithms designed for few-shot photograph type
responsibilities in the meta-mastering framework:
Proto-typical internet-works (ProtoNet), model-
Agnostic Meta-gaining knowledge of (MAML). these
algorithms deal with the project of few-shot type,
which is in-creasingly more critical in various picture
popularity packages.

Metalearning, or ’learning how to learn” focuses on the
models that may soon adapt to other tasks and training
with limited information, which is like human learning
ability. This tutorial will focus on 3 remarkable meta-
mastering algorithms that are particularly developed
for few-shot classification. Prototypical Networks
(Pro-toNet), version-Agnostic Meta-getting to know
(MAML), and ProtoMAML are some of the FOML
works. More efficient models allow in recognising new
classes based on a limited number of examples, which is

In fields together with healthcare, in which fashions
can also need to appre-hend rare condi-tions, or private
virtual assistants that constantly come across new
statistics, the potential of a version to carry out correctly
with minimal ex-amples is important. Few-shot learning
accordingly bridges a crucial hole by permitting
fashions to operate effectively in which classified data
is sparse, without requiring large retraining.
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useful when the education data is limited or constantly
shifting the academic proposes a deep analysis of the
CIFAR100 dataset, creating a support and test sets based
on a specific data sampling methodology to mimic the
few-shot learning scenarios during training. Pro-toNet
lever-a can be a long time of prototype based type that
combines characteristic representations with the help
of magnificence whereas MAML aims to optimize the
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fashions for high level adapt ability to new activities
with inner as well as outer gradient loops. ProtoMAML
applies a new approach to integrate the best aspects
of ProtoNet’s prototype initialization and MAML’s
performance and balanced model performance.

Fig. 1: Few shot Learning Algorithms

In machine learning frameworks, it is customary to
have a large cohort of data for accurate generalization
in a model. However, in many real-world applications,
including personelized medicine, wildlife tracking, and
robotic learning, getting similar extensive labeled data
is not realistic. Few-shot learning tries to overcome this
kind of problem by allowing models learn new concepts
from a small set of labeled samples. Few-shot learning
or meta-learning itself define an umbrella for learning
architectures capable of learning across the distribution
of tasks so that they learn quickly for unseen tasks.
Learning family in this area includes but not limited to
Prototypical Networks (ProtoNet) and Model-Agnostic
Meta-Learning (MAML). Basically, to distinguish
between different classes in ProtoNet, it uses a metric-
learning approach that relies on the classification of
prototypes. It is different from the above methods as it
directly learns the model parameters with which new
learning rates can be obtained with the help of gradients
using gradient descent. ProtoMAML combines both the
structural induction of ProtoNet and the optimization
capability of MAML. This review paper focuses on
these models from both the theoretical and empirical
contexts and presents the discussion about how these
models have been applied, advanced, and planned to
be used version to carry out correctly with minimal
ex-amples is important. Few-shot learning accordingly
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bridges a crucial hole by permitting fashions to operate
effectively in which classified data is sparse, without
requiring large retraining.

Metalearning, or ’learning how to learn” focuses on the
models that may soon adapt to other tasks and training
with limited information, which is like human learning
ability. This tutorial will focus on 3 remarkable meta-
mastering algorithms that are particularly developed
for few-shot classification. Prototypical Networks (Pro-
toNet), version-Agnostic Meta-getting to know.

RELATED WORK
Survey of Existing System

Few-shot learning allows coping with the limited
training set and have thus been widely used in such
scenarios. Number of examples in comparison to other
traditional algorithms, for example, it is possible to
easily adapt to new data without much training. This
project, therefore, aims at developing a more adaptive,
efficient and one that is capable of satisfying the Data
Efficiency requirement but also enables expandability
to domains of varying, real-life nature. Applications
such as forecasting to outlier detection in the field of
computer security.

Theoretical Foundations of Few-Shot Learning

The few-shot learning problems are defined as N way
K shot classification task, where the purpose of the
model is to classify objects into any of the N categories
given only K instances of each category. Meta-learning
can be of two types: meta-training, where the model
learns across multiple tasks and meta-testing where
the performances of multiple tasks are tested. The aim
should be to design priors that can work on any task,
but are fine-tuned for a specific application on hand.
ProtoNet is a metric-based approach which learns the
class prototypes within an embedding space. In each
class \( ¢ \), the prototype is an average of sample
embeddings of the support samples of the class. Query
instance is then matched to the nearest prototype based
on the distance-measure which is Euclidean. This
structure gives a basic but useful form of inductive bias.
MAML, on the other hand, is an optimization-based
method. It learns versatile approach for fast adaptation
in various learning tasks which also includes time
series prediction. Nichol et al. [13] further explored
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first-order meta-learning algorithms like Reptile,
offering computational advantages. Hospedales et al.
[6] provided a comprehensive overview of the meta-
learning field and its future potential in time series
forecasting. Finally, Chang et al. [8] presented stock
price prediction using a meta-learning algorithm with
various CNN base models and a novel labeling method.

METHODOLOGY

Few-shot learning problems are usually represented
as N-way K-shot learning problems in which the N
class recognition has to be made with only K samples
from each class. The form of meta-learning has two
stages: the meta-training stage, in which the model
learns across a range of tasks and the meta-testing
stage where a model is assessed on tasks it has not
encountered before. The desire has been to create priors
that are task-neutral in nature and allow for quick and
easy specializations for particular tasks. Structurally,
ProtoNet is a metric-based approach that estimates
class prototypes in an embedding space. In the case
of each class \( ¢ \), the prototype is defined to be the
average of the embedding of all samples belonging to
this class. Each query instance is assigned to the nearest
prototype via the use of the distance measure known as
the Euclidean distance. This brings within the present
structure a clear and efficient inductive bias. MAML,
on the other hand, is an optimization-based method.
It identifies an initialization of the model parameters
for which few updates to gradients give a good
performance on the task. It is versatile in the sense that
it can be used with any detectable model. The proposed
method is a combination of MAML and ProtoNet that
improves MAML as it initializes the last layer with the
prototypes. Prototypical Networks can be performed
with an embed-ding characteristic and it changes the
enter pix into a characteristic space. elegance prototypes
could be obtained based on the mean embed-ding of
the guide samples, and new times could be classified
through evaluating the distance from these prototypes.
This approach is right for few-shot eventualities as it
involves distance metrics as a way of handling few-shot
rather than retraining with large data.

we take k examples of each class from which we derive
the prototypical vectors and check the classification on
all the examples.
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k={2,four,eight,16,32}
model - Pretrained ProtoNet.

model data type — This is the data on which the check
must be performed has to be an instance of photo
Dataset.

origin - This concerns the dataset on basis of which
the check must be performed. has to be an instance of
photo.

data feats -It contains the encoded features of all
the images in the dataset. If None, they will be newly
estimated and back. for later utilization.

k _shot - number of examples per elegance in the help
set.

The curve also show s an exponential damped curve,
which means that while including 2 extra examples
to k=2 has a much better effect compared with when
you include 2 more samples if you already have k=16;
we can say that ProtoNet performs reasonably well in
terms of learning new classes.

Fig. 2: Few-shot performance

The second kind of meta-mastering rules that we can
consider is MAML, which stands for model-Agnostic
Meta-getting to know. MAML is an optimization-
based totally meta-accomplishment approach, due
to this fact, it is used in an effort to change prevalent
optimization manner to three-shot positioning. MAML
is conceptually extremely straightforward: when
training our model, we provide an answer, a help, and
a query for t steps of training, and we then calculate
the gradients of the question loss with respect to the
parameters of the original model. For the identical
version, we do it for some unique aid-question sets
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and accumulate the gradients. This results in achieving
a version which provides an amazing initialization of
being quickly adapted to the training tasks.

Fig. 3: Proto Model-Agnostic Meta-Learning
COMPARATIVE ANALYSIS

It performs well in cases where classes are compact
and well-separated such as in the Omniglot dataset.
It is fast in training and needs a small amount of
computing power to implement. That is why in more
complex fields like minilmageNet, intra-class variance
can make a prototype less accurate. The use of MAML
results in better adaptation, but at the same time it is
computationally expensive compared to vanilla GDL.
In this regard, ProtoMAML tries to fill these gaps. It
utilizes the initialization heuristics of ProtoNet while
maintaining the adaptation of MAML. Numerous
works have drawn on results indicate that ProtoMAML
achieves better results than both baselines, particularly
in tasks that involve two or more domains or in real-
world cases.

ProtoNets (Prototypical Networks)

Classifier Adaptation: ProtoNets build PSLs from
scratch during the execution of the current task and
based on the data that the task generates. They are
obtained with respect to other tasks.

Embedding Space: At the core of the ProtoNets is the
embedding function that maps any input in the support
set to a feature vector.

Prototype Calculation: They compute prototypes (center
of mass) for each of the classes present in the support
set.

Distance-Based Classification: This is how they
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categorize query instances through identifying the one
closest to the prototype in the embedding space.

MAML (Model-Agnostic Meta-Learning):

Initialization: MAML learns a model initialization that
can be applied whenever the agent encounters new
tasks.

Fast Adaptation: MAML adjusts the initialized model
by performing a couple of steps of gradient descent on
the support set of the new task.

Shared Weights: Specifically, MAML adapts the weights
mainly from one task to another by a small amount.

Gradient-Based Approach: Weights of the model are
adjusted by gradients that lead MAML to find a solution
for that specific task.

APPLICATIONS AND CHALLENGES

Few-shot learning is especially applicable to
healthcare (e.g., identifying new diseases), robotics
(e.g., recognizing new objects), and smart personal
assistants (e.g., voice recognition). Due to its excellent
performance, ProtoMAML is particularly useful in such
conditions, where there is a lack of data. Nevertheless,
few-shot learning is still largely an open problem due to
task construction, distribution shift, and representation
learning. Some of the open challenges include;
overfitting of the model, a problem with an imbalanced
support set and the high computational costs required
when using MAML.

Healthcare: In the medical field, the diagnosis power
of conditions accurately especially for rare diseases,
when the statistics are rather small and there are limited
patients. data is available. This system’s ability for a
few-shot learning may empower healthcare providers
to be more informed on diagnosis with very little data,
thereby meaning better outcome for the patients of rare
conditions and possibly less need for conducting tests in
the future. for extensive, costly testing.

Finance: Predictive analytics play important role
when it comes to decision making process in financial
institutions and fraud detection. If there are scarce
transactional information, the few-shot learning can be
used in early detection of suspicious patterns. possibly
mitigating fraud losses and increasing the security of

January 2026



Meta-Learning using ProtoNet and ProtoMAML Algorithm

the financial systems. Moreover, when the markets are
volatile, speed is most required in the adjustment of
the prediction models. and such framework can offer
adaptive tools to the financial analysts for making quick
decisions. and accurate decisions.

Cybersecurity: As cyber-attacks are becoming more
advanced, systems that can mobile offenders in real-
time are also required. are necessary for securing
security since they can identify the presence of new,
previously unknown attacks. The few-shot learning
can endow cybersecurity systems with the potential to
detect novel patterns from sparse data which makes it
possible to find anomalies in a timely manner which may
indicate malicious activity. This flexibility allows the
organizations to be able to improve their cybersecurity
posture from ever-changing threats.

RESULTS AND DISCUSSION

You can observe that it is possible for Protomaml, in
fact, to exceed K > 4 protonets. This is so as it is more
appropriate for more samples to modify the parame-ters
of the base model. Meanwhile, K = 2 protomamuru has
lower perfor-mance than protonet. This is most likely
connected to the fact of updating the in-ner loop of 200
where there is a danger of forming such overhang of
updates.

Nevertheless, such high standard deviation of K = 2
does not allow us to come up with a statistically valid
conclusion.

Fig. 4: Few-shot performance with ProtoNet and
ProtoMAML

ProtoMAML is in par with ProtoNet for k<4, but it is
much better than ProtoNet for more than 8 shots. This
is because we are able to adjust the base model which is
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when the data does not match the initial training data.
For k=32 , ProtoMAML has 13 % better classification
accuracy then Pro-toNet which begins to flatten out.
From our plot below, we see the trend more clearly

Fig. 5: Few-shot performance wrt Acurracy and number
of shots per class

Taken all together, we can say that for larger shot
counts, ProtoMAML beats ProtoNet slightly. However,
one limitation of ProtoMAML is an increased time of
training and testing. ProtoNet is simple, efficient and
strong base-line for ProtoMAML and only possibly
better option for cases when resources are limited.

CONCLUSION AND FUTURE WORK

Through efficient training on small size datasets, the
modelreaches ahighaccu-racy level and a generalization
to unseen classes, making it adaptable. In general, the
system managed to evidence the promise of meta-
learning to address those challenges that are present in
the real world by giving a smart, flexible solution that
could even show good performance although there is a
lack of data. Fulfilled the Stage-1, receiving insights into
MAML, and ProtoNet algorithms. Compared MAML
and Reptile with respect to LSTM, GRU, FFNN as base
models.

Provided Analysis of this algorithms based on there
classes. Findings provide strong ground to continue
its elaboration in Stage-2. This review looked into the
theoretical foundations, comparative performance,
and applications of ProtoNet and ProtoMAML for
few-shot learning. ProtoMAML provides a synergistic
combination of the structured representation learning
and adaptive fine-tuning. As time goes by, hybrid
approaches that combine the strengths of metric and
optimization-based learning is likely to define few-shot
learning.
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There are a number of ways of pushing ProtoNet and
ProtoMAML forward. The combination of attention
mechanisms, improving the prototype representations
with contextual embeddings, and unsupervised meta-
learning are promising directions. Moreover, scaling
ProtoMAML to bigger architectures like transformers
and evaluating its efficacy in the continual learning setup
would make it more versatile. Strong evaluation over
heterogeneous datasets is also essential to benchmark
the progress.
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ABSTRACT

Large Language Models (LLMs) are general-purpose tools that often lack domain-specific optimization, making them
less suitable for Micro, Small, and Medium Enterprises (MSMES) in e-commerce. This study explores Small Language
Models (SLMs) as efficient alternatives by fine-tuning them on the EClnstruct dataset, structured with predefined train,
test, and validation splits for consistent benchmarking. Using Low-Rank Adaptation (LoRA) and QLoRA for Parameter-
Efficient Fine-Tuning (PEFT), we improve model performance while minimizing resource costs. Additionally, our
dataset enables Diverse and Single Instructions Testing and In Domain vs. Out of Domain Testing, ensuring robust
generalization and realistic performance assessment. Results show that fine-tuned SLMs outperform larger models
like GPT-4 Turbo and Gemini Pro on domain-specific benchmarks, achieving improved accuracy and relevance. These

findings advocate for lightweight, specialized AI models optimized for efficiency and accessibility.

KEYWORDS : Small language models, E-commerce, Instruction tuning, QLoRA.

INTRODUCTION

anguage models, especially large language models

(LLMs), have revolutionized natural language
processing (NLP) tasks across various domains.
General-purpose models such as GPT-4 [1], Gemini [2],
Claude [3], LLaMA 2 [4], and Mistral [5] demonstrate
unprecedented  capabilities in  understanding and
generating human language. Their impact is increasingly
visible in the e-commerce sector, where specialized
LLMs like EComGPT [6] and LiLiuM [7], have shown
significant improvements in automation, personalization,
and customer interaction, thereby enhancing business
efficiency. Nonetheless, despite the efficacy of LLMs,
their adoption remains limited among Micro, Small,
and Medium Enterprises (MSMESs), which make up a
substantial portion of the global business ecosystem—on
average, 40 MSMEs per 1,000 people, with a median of
31 [8]. While MSMEs recognize the potential benefits of
adopting language models—including increased efficiency,
better customer service, and improved decision-making—
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they often face substantial barriers. These include high
computational costs, data privacy concerns, and the lack
of technical expertise required to train and deploy large
models [9,10].

Small Language Models (SLMs) have fewer parameters
than LLMs, which can range up to hundreds of billions of
parameters [11]. In particular, we are exploring models in
the range of 300 million to 2 billion parameters [12]. We are
specifically investigating models that fall within the range
of 300 million to 2 billion parameters [12]. Although these
models may not match LLMs in terms of generalization,
they demonstrate effectiveness when fine-tuned for
specific applications [13]. SLMs drastically reduce the
cost and hardware resources required to create language
models capable of completing such domain-specific tasks
[14,15]. Several studies have highlighted the effectiveness
of SLMs in specialized domains, demonstrating that, with
targeted fine-tuning, these models can rival larger models
inaccuracy and relevance. Nonetheless, their application in
the e-commerce sector remains underexplored, especially
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in scenarios tailored to the unique needs and constraints of
MSMEs. This highlights a notable gap in the existing body
of knowledge.

In this study, we address this gap by providing empirical
evidence that SLMs can match or even surpass LLM
performance across a range of e-commerce tasks with
minimal fine-tuning. This makes them a viable, efficient,
and secure option for MSMEs to adopt or build domain-
specific language models suited to their individual needs.

The key Contribution in this research work includes
Fine-tuning the pre-trained SLMs such as SmolLM2
and LLaMA 3.2 on EClnstruct dataset organized into ten
distinct e-commerce tasks, which are classified into four
overarching categories according to the nature of the tasks.
For fine-tunning we adapted QLoRA, which is grounded
in LoRA, a prominent technique for Parameter-Efficient
Fine-Tuning (PEFT), significantly lowering computational
expenses. We demonstrate that SLMs can achieve task
metrics comparable to LLMs in the e-commerce domain,
showing minimal performance trade-offs. We conduct
detailed experiments and comparative analyses between
selected SLMs and LLMs across various e-commerce
NLP tasks. We highlight how MSMEs can leverage
SLMs to build high-performing models independently,
significantly reducing reliance on external cloud resources
and minimizing cost and complexity.

LITERATURE ANALYSIS

Small Language Models (SLMs) are changing the Al
landscape, proving that smaller can indeed be faster and
smarter. SLMs are more efficient, inexpensive, and flexible
compared with their larger counterparts, which usually
require huge computational capabilities and face problems
related to non-compliance and security. Studies like those
of Sinha et al. (2024) highlight that SLMs show significant
practical utility by performing within 10% of cutting-edge
large models such as GPT-40-mini, Gemini-1.5-Pro, and
DeepSeek-v2 in a variety of tasks, domains, and reasoning
types [13]. This makes SLMs a practical solution,
particularly in resource-constrained environments due to
faster inference and the ability for edge-device deployment.
Chen et al. (2024) showcased the effectiveness of domain-
specific SLMs by designing OnlySportsLM, a compact
196M parameter model optimized for sports-related tasks.
They leveraged specialized datasets and the RWKV-v6
architecture to achieve competitive performance with
remarkable efficiency. This approach enabled the model
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to rival or even exceed the performance of larger general-
purpose models, proving that smaller, domain-focused
models can deliver competitive results [16]. Pham et
al. (2024) introduced SlimLM, which demonstrated
the ability to efficiently perform on-device document
assistance tasks, showcasing the prospects for SLMs in
targeted applications. By determining trade-offs between
model size, context length, and inference time, SliimLM
was able to efficiently process on a Samsung Galaxy S24.
This approach focuses on the aspect that SLMSs can greatly
reduce dependence on cloud systems, providing affordable
and privacy-friendly solutions [14]. Similarly, Sharma et
al. (2024) presented ChipNeMo, a model that exceeds
the capabilities of larger counterparts like Claude 3 Opus
and ChatGPT-4 Turbo while reducing the Total Cost of
Ownership (TCO) by 90-95% [10].

Given these advantages, SLMs have the potential to
revolutionize a number of sectors, especially eCommerce,
where personalization and efficiency are critical. Language
models are already automating the generation of product
descriptions, solving cold-start problems, and boosting
metrics like click-through rates and customer engagement.
Herold et al. (2024) showed that in non-English activities,
custom LLMs—Ilike eBay's LiLiuM—outperforms
general-purpose models by providing faster and more
accurate text creation [7]. Furthermore, the integration
of language models with visual models enhances
tasks such as product matching, attribute extraction,
and categorization, leading to improved search and
recommendation systems. Y. Li et al. (2023) introduced
instruction-tuned models such as EcomGPT, which were
trained on specialized datasets designed specifically
for eCommerce. These models surpass larger, general-
purpose models like ChatGPT in classification, matching,
and text creation due to improved generalization and zero-
shot capabilities. In terms of average performance on
unseen datasets, EcomGPT, even with the lowest number
of parameters (560 million), outperforms ChatGPT,
which has over 100 billion parameters [6]. Similarly,
Peng Et Al (2024) advanced the field with open-source
initiatives like eCeLLM and datasets such as EClnstruct,
which improved product matching, attribute extraction,
and search categorization [17]. While these developments
highlight the immense potential of SLMs, their real-world
performance and applicability, particularly for Micro,
Small, and Medium Enterprises (MSMESs) in eCommerce,
remains underexplored. As compared to larger enterprises,
smaller businesses often face barriers such as high costs
and a lack of technical expertise. There is a pressing need
for further research into how SLMs can be adapted for
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these businesses, offering them affordable solutions that
are easy to integrate with existing systems. By focusing on
MSMEs, this study aims to show how smaller models can
help businesses improve their operational efficiency and
customer experiences, opening the path for affordable and
accessible Al solutions.

METHODOLOGY
Dataset

EClInstruct is an instruction fine tuning dataset for
E-Commerce tasks [17]. The dataset contains a total of
116,528 samples distributed to a total of 10 tasks. Each
of these tasks are aimed to test the model on a specific
task or area for which LLMs are commonly used for in
E-Commerce. All of the 10 tasks can be classified into 4
high level categories based on its type.

User understanding
Sentiment Analysis (SA)

Analyze a user’s product review to figure out the sentiment
expressed about the item being reviewed.

Sequential Recommendation (SR)

Anticipating future products that a user may be interested
in, based on their current interactions.

Product QA
Answerability Prediction (AP)

Determine whether a product-related question can be
answered based on product reviews.

Answer Generation (AG)

Generate answers for product-related queries based on
reviews as context.

Product Understanding
Attribute Value Extraction (AVE)

Determine the values for the particular target attributes
based on the product names, descriptions, features, and
brands.

Product Relation Prediction (PRP)

Models can generate better outcomes while performing
other e-commerce tasks, such recommendations, by
analyzing the relationships between products.

Product Matching (PM)

Determine the relationship between two items based on
their titles.
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Query Product Matching

Multiclass Product Classification (MPC)

Determine whether a product title and a query are
appropriate  (exact, substitute, complementary, or
irrelevant).

Product Substitute Identification (PSI)

Evaluate whether a potentially relevant product can serve
as an appropriate substitute for a given user query.

Query Product Ranking (QPR)

Determine the products’ relevance to the user query by
ranking them based on the query and a list of potentially
related products.

Data splits

The entire dataset is divided in test, train and validation
sets for each task individually. Additionally, features of
the dataset are mentioned as follows.

Diverse and Single Instructions

For each task, six different types of instruction prompt,
covering different language styles are present for better
generalizability and understanding of tasks. Each task
contains six diverse instruction prompts, where one of
these is kept only for testing, thus this prompt is not seen
while training.

In Domain and Out of Domain samples

The In Domain test set contains product and categories
that were present during training. The Out of Domain test
dataset contains a product category completely unseen by
the model allowing to test for the generalizability of the
model.

Model

This study employs several Small Language Models
(SLMs) including SmolLM (v1 and v2) 1.7B and 360M
variants, and Llama 3.2 1B [11,18-23]. These models are
chosen for their performance and efficiency showcased on
several benchmarks. These models, being lightweight, are
suitable for local hardware and edge devices, balancing
cost-effective inference with competitive language
understanding. We instruction tune these pretrained
SLM:s on the EClnstruct dataset to create high-performing

domain specific models, as shown in figure 1.
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Fig. 1: Instruction tuning high level pipeline

The instruction-tuning process for small language models
(SLMs) starts with a pre-trained model, such as SmolLM2
or LLaMA 3.2, which is then fine-tuned using a curated
instruction dataset. The dataset provides structured inputs
and expected outputs to improve the model's task-specific
performance. The goal of instruction tuning is to align
the model with desired behaviour using a set of prompts,
making it adaptable to real-world tasks while keeping
computational costs under control.

Fig 1 provides a step-by-step breakdown of the
instruction-tuning process. The pipeline begins with an
input command that the small language model (SLM) uses
to generate an output via LLM prompting. To quantify
its errors, the model compares the anticipated output to
the ground truth and calculates a loss function. The loss
is subsequently minimized using backpropagation, which
involves modifying the model's parameters to improve
accuracy and alignment with the instruction dataset. This
iterative procedure allows the model to better generalize
across different instruction-based tasks.

As mentioned in the Introduction, Micro, Small, and
Medium Enterprises (MSMEs) lack the budget or
resources to avail training on high end GPUs. To emulate
such a situation we fine tuned our pre-trained models
using QLORA based on LoRA (Low-Rank Adaptation),
the most widely used PEFT (Parameter Efficient Fine
Tuning) technique drastically reducing the computational
requirements for training. Parameter Efficient Fine-
Tuning (PEFT) techniques have emerged as a crucial

Table 2: IND evaluation
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strategy for adapting large language models (LLMSs) to
new tasks without the need for extensive computational
resources. These methods focus on updating a minimal
set of parameters, thereby reducing both memory and
computational demands. PEFT techniques like LoRA
and its variants have been instrumental in making fine-
tuning more accessible and efficient [24-26]. Table 1
summarizes the total and trainable parameters of the fine-
tuned models. The naming convention for these models
follows the format base model name-EC, where base
model_name represents the underlying base model used as
the foundation for fine-tuning.

Table 1: Model Parameters

LoRA is a prominent PEFT method that approximates
model changes using low-rank matrices. It freezes the
original model weights and updates only the low-rank
adapters, which significantly reduces the number of
trainable parameters. This approach has been shown to
be effective across various tasks and models, providing
a balance between performance and resource efficiency
[27]. However, LoRA can sometimes underperform
compared to full fine-tuning, especially in complex
domains, prompting the development of more advanced
techniques like HydraLoRA and PiSSA [26,28]. The
figure 2 shows how LoRA is used in transformer blocks.
QLoRA works upon this by quantizing the pre trained
model weights and adding the adaptor weights which are
then updated during training [29]. This drastically reduces
the memory requirements of training the model making it
feasible to complete training of models within the budget
and resource constraints of MSMEs. This study made
use of the PEFT library's implementation of QLoRA for
fine tuning. Figure 3 gives a brief overview how weight
updation in an adapter takes place.
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Fig. 2: Weight updation in LoRA

Fig. 3: Fine-tuning (left) v/s LoRA fine-tuning (right)

The left section of the figure illustrates a standard
transformer block, which includes multi-head attention,
layer normalization, and a feed-forward network, as well
as a LoRA adaptor for efficient parameter adaptation. The
right section provides a detailed view of the QLoRA fine-
tuning process. The pre-trained model’s weight matrix
W is frozen and quantized to ensure minimal memory
consumption. Instead of updating the entire weight matrix,
QLoRA introduces two low-rank matrices:

which learn task-specific adaptations. These matrices
process the input X to generate low-rank weight updates,
which are then included into the model’s predictions. The
weight update process relies on backpropagation, adjusting
the low-rank parameters AW based on the error between
the actual output Y and predicted output Y ":

This technique allows for efficient fine-tuning, significantly
reducing computational overhead while preserving model
expressivity.

RESULTS AND DISCUSSION
Evaluation setup

General-purpose LLMs are evaluated using checkpoints
given by their authors. GPT-4 Turbo [1], Gemini Pro [2],

www.ijteonline.in

\Vol. 49  Special Issue

No. 2

Oswal, et al

and Claude 2.1 [3] are accessed via official APIs, whereas
Llama-2 13B-chat [4] and Mistral-7B Instruct-v0.2 [5] are
retrieved from Hugging Face. Since in-context examples
are known to improve results, the assessment uses a
1-shot setting to balance computational expense and
performance. Because of their slowness and tendency to
lower user interest, extensive prompt engineering and few-
shot learning are considered impracticable for large-scale
e-commerce applications. Also fine tuning the model for
the specific tasks of the business eliminates the necessity
of employing any such prompt engineering techniques.

EcomGPT is evaluated using its checkpoint, which was
released by the authors [6]. Since 1-shot evaluation
demonstrates better performance than 0-shot for
EcomGPT, both 0-shot and 1-shot evaluations are
conducted. For every assignment, the best performance
from these assessments is reported. Evaluation results
for both General Purpose LLMs and E-Commerce LLMs
are taken as it is from the previous works of authors of
EClnstruct[17].

We evaluated our models namely SmolLM2-360M-EC,
SmolLM2-1.7B-EC, Llama3.2-1B-EC, and Llama3.2-7B-
EC on different tasks after fine-tuning on the entire dataset
for all tasks. Early results show promise as the models
exhibits comparative or superior performance over much
larger models than their size, in terms of parameter count
and overall architecture. This comparison is with respect
to other models benchmarked on the EC-Instruct dataset
[17]. It encompasses several tasks aimed at improving
both product and user understanding as explained in
section 3.1.1. The following are preliminary results for the
in-domain evaluation of some tasks from the EC-Instruct.

Table 3: Out Of Domain Evaluation

Metrics

F1* is used for Attribute Value Extraction to evaluate the
balance between precision and recall, ensuring an effective

January 2026



Small Models, Big Gains: Efficient Domain Specialization of.............

measure of the model’s performance. The equations
for precision*, recall*, and F1* are defined in equation
below, where NV stands for Null Value, IV for Incorrect
Value, CV for Correct Value, WV for Wrong Value, and
NL for Null Value. Moreover, normal F1 score is used
to evaluate the performance on product matching (PM),
product substitute identification (PSI), and answerability
prediction (AP). For sentiment analysis (SA) Macro F1 is
used. Sequential recommendation (SR) is evaluated on hit
rate at 1 (HR@1), which calculates whether the top-ranked
product for a certain user is relevant. FBERT measures the
similarity between the embeddings of the generated text
and the ground-truth text.

NV+CV
NV+IV+CV+WV
NV+CV
j‘l.'i"

o # *
precision X recall

precision” =

recall =

F =2X . .
' precision” + recall

P‘I = TruePositives [ (TruePositives + FalsePositives)
R: = TruePositives | ( TruePositives + F. a!.veNegmives)
i PR
P

Maucro—F = 2
I |T| ré P,r+R;

Discussions

It is evident from the results that much smaller models,
with minimal fine-tuning, outperform some of the top
LLMs in the current market. This indicates potential for
lots of possible applications for these SLMs in various
domains with modest requirements. This also aligns with a
new uprising direction in LLM research, where efficiency
is underscored. Using smaller language models for niche
tasks can make the whole process economical along with
wider ranges of devices supporting the models because of
on-edge processing.

CONCLUSION

This study shows that Small Language Models (SLMSs) can
achieve performance comparable to general-purpose Large
Language Models (LLMSs) in the e-commerce domain. By
fine-tuning models such as SmolLM on the EC-Instruct
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dataset using QLoRA, we highlight the effectiveness
of parameter-efficient tuning for various e-commerce
applications. Our findings demonstrate that SLMs can
perform competitively in key tasks while offering a cost-
effective alternative to large-scale LLMs. Evaluations
on both in-domain and out-of-domain datasets further
validate their adaptability and efficiency, making them a
viable solution for Micro, Small, and Medium Enterprises
(MSMEs). While larger models set high performance
benchmarks, our study shows that well-optimized SLMs
can achieve equivalent outcomes with substantially fewer
resources, paving the way for future breakthroughs in
specialized Al solutions for MSME:s.
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ABSTRACT

As Machine Learning (ML) models are becoming more accurate and sophisticated, the opacity of these models presents a
significant challenge to its users while comprehending their decision-making process, particularly in the critical domain
like healthcare, finance and criminal justice. In this research, we attempt to attempt to address the pivotal challenge of
tradeoff between model accuracy, interpretability, explainability and specifically the effect of data bias on fairness in the
autonomous decision-making process.

We propose here an integrated approach to combine the bias mitigation methods with explainable Al tools to improve
model transparency without significantly compromising model accuracy. In this, we assessed the model behavior before
and after applying the fairness aware learning techniques on multiple benchmark datasets like COMPAS, Adult Income,
and health diagnosis records from UCI dataset repository. The results show that with a minimal loss in accuracy, we can
achieve significant gains in fairness and interpretability of opaque ML models. By using various quantitative measures
and pictorial representations, we show that it is possible to balance model accuracy, transparency, fairness in real world
applications of ML models. This research provides both theoretical knowledge and practical suggestions for creating an

ethical, accountable and transparent Al system.

KEYWORDS : Data bias, Explainable Al (XAl), Interpretable Al, LIME, SHaP, Transparent Al.

INTRODUCTION

he growing use of advanced Machine Learning models

is changing healthcare, criminal justice, finance, and
many other fields. However, these complex models like
deep neural networks often work like 'black boxes.' While
they can be very accurate in their predictions, it's hard to
understand how they arrive at those decisions, making
it difficult to trust them completely. A related problem is
data bias. If the data we feed these systems is incomplete,
skewed, or reflects historical prejudices, the results can be
unfair or discriminatory. This bias can creep in because
of societal norms, prejudiced data collection, or even how
we interpret the information.[1]. As machine learning
becomes a bigger part of how decisions are made in all
kinds of industries, the ethical problems caused by bias
in data and algorithms are really starting to stand out [1]
[2]. If we don't deal with bias in data, it can have a lot
of serious consequences. It can lead to people getting
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wrongly approved or denied for loans, unfairness in
hiring, and even problems with fairness in the criminal
justice system [1]. The main problem is that we must
admit it's impossible to get rid of all bias in Al that uses
data. Bias is almost inevitable when dealing with data that
reflects human behaviour and real-world activities [3].
Addressing it isn’t as simple as flipping a switch it requires
a multifaceted approach that considers technical
solutions, ethical implications, and strong governance [4].
This is where Explainable Al (XAI) plays a crucial role.
By making machine learning models more transparent and
easier to interpret, XAl allows developers to understand
how specific inputs influence the model’s decisions [5].
This visibility helps identify unfair patterns or potentially
discriminatory outcomes. When we better understand
where bias comes from and how it impacts results and use
tools like XAl to mitigate it we move closer to building
Al systems that are both fair and trustworthy [6]. Tackling
bias effectively also means acting at every stage of the

No.2 January 2026



A Framework for Enhancing Model Transparency to Address

model’s lifecycle, before it’s built, while it’s being trained,
and even after it’s deployed [7].

LITERATURE REVIEW

Based on the research we've explored, it's evident that one
of the most significant challenges in machine learning is
the lack of transparency in how models make decisions.
Adding to this complexity is the persistent issue of data
bias, which can seriously affect the fairness and reliability
of the outcomes.

The aim of Explainable Al is to shape a future where
Al decisions are transparent, fair, and equitable for all.
Achieving this vision requires reliable methods to evaluate
how effectively different strategies reduce bias, particularly
in relation to clearly defined fairness objectives. [1].

A comprehensive framework lays out a well-structured
approach to making machine learning models more
transparent and accountable. The authors present practical
methods for identifying and reducing biases within the
algorithms, aiming to ensure that the outcomes of data
analysis are fairer and more equitable. [2].

The research highlights that Explainable Al plays a key role
in building trust in machine learning models. Techniques
like identifying the most influential features and using
rule-based explanations help developers uncover issues
within their models. This cycle of feedback and refinement
not only improves the models' accuracy but also makes
them more dependable over time. [3].

Biases can emerge at various stages—from how data is
collected, to the way algorithms are designed, or even by
reinforcing existing societal stereotypes. For example,
errors or gaps in data collection can significantly impact
how well a machine learning system performs across
different groups, potentially leading to unfair or inaccurate
outcomes. [5].

The research [6] presents an effective approach to
reducing bias by enhancing the clarity and interpretability
of Al model decisions. By making these decisions more
transparent, it becomes easier to identify and address
potential sources of unfairness.

When evaluating model performance, it's important to
look beyond overall accuracy and focus on how equitably
the model performs across different demographic groups.
This involves using fairness metrics such as demographic
parity, equal opportunity, and predictive parity. To ensure
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the data truly represents the target population, strategies
like stratified sampling and data augmentation can help
address imbalances, especially for underrepresented
groups. Additionally, applying algorithmic bias mitigation
techniques while keeping intersectionality, transparency,
and ongoing monitoring in mind can lead to more fair and
accountable model outcomes. [7].

It's crucial to recognize that bias can creep into Al systems
at any stage, right from data collection to the model’s
real-world deployment. Tackling bias effectively means
considering the entire lifecycle of the Al system. One
effective strategy is to balance the dataset, especially
when some groups are underrepresented. Techniques
like generating synthetic data can help ensure broader
representation, allowing the model to learn from a more
complete and fairer dataset, and ultimately reducing the
risk of biased outcomes. [9].

To address bias in Al, pre-processing techniques are often
used to improve the quality of training data essentially
‘cleaning’ it before it's fed into the model. This can
include re-weighting samples to amplify the influence of
underrepresented groups or transforming the data to reduce
built-in biases. Beyond data preparation, bias can also be
tackled during model training by adjusting the algorithms
themselves to promote fairness. Post-processing steps
further help by refining the model’s outputs to ensure
they meet fairness standards. Ultimately, identifying
and mitigating bias is a complex task that benefits from
collaboration across disciplines, including legal, Al, and
ethical expertise. [11].

The research [12] advocates for a riskbased approach
to ensure accountability in Al powered products. It
emphasizes the need to explore the potential risks posed
by Al technologies and to consider their broader societal
and organizational impacts. By doing so, the study aims
to establish a practical, management focused framework
that organizations can integrate into every stage of their
product development lifecycle.

Research work in [13] introduces a structured approach
built around four essential components: the Model Impact
and Clarification Framework, which promotes transparency
and accountability; the Evaluation Plan Framework, which
ensures proper resource allocation; the Evaluation Support
Framework, designed for rigorous empirical assessment
of models; and the Retraining Execution Framework,
which outlines when and how models should be retrained.
Together, these artefacts support effective communication
among stakeholders and provide clear guidance for
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evaluating and managing machine learning models in line
with ethical and legal standards.

Research work discussed in [14] emphasizes the
importance of adopting Explainable Al (XAI) to enhance
accountability and trust in Al systems. Through a case
study involving a language translation app, the study
illustrates how XAI can bring greater transparency
and fairness to the translation process. This real-world
example highlights XAI’s practical value in identifying
and addressing bias, reinforcing its role in building more
ethical and trustworthy Al applications.

Research article [15] presents a robust and flexible
open-source framework specifically developed for the
systematic, reproducible, and efficient evaluation of post
hoc explanation methods. It brings together datasets,
machine learning models, and evaluation metrics into
a unified platform, offering an API that allows users
to benchmark various explanation techniques. The
framework also includes built-in implementations of
feature attribution methods, along with quantitative
metrics to assess the faithfulness, stability, and fairness of
these explanations.

In the effort to enhance transparency in Al, a standardized
documentation framework has been proposed for both
training datasets and models. This framework emphasizes
the need for consistent and thorough disclosure of how
Al systems are created, trained, and deployed. To further
support transparency, the use of impact assessments is
recommended these assessments aim to evaluate the
wider societal implications of Al systems, ensuring that
their development and use are aligned with ethical and
responsible practices [16].

To promote transparency, the framework outlined in
research study [17] focuses on quantifying the influence
of individual features on the target evaluation criteria
(EC). It leverages the Shapley Additive Explanations
(SHAP) method to interpret machine learning models,
offering a clear, data-driven analysis of how each input
feature contributes to the model’s predictions. This
approach enables a deeper understanding of the input-—
output relationships, supporting more transparent and
accountable Al systems

Data bias in machine learning can take many forms, each
posing challenges to fairness and accuracy. Sample bias
occurs when the dataset doesn’t accurately represent real-
world conditions, while exclusion bias arises from leaving
out important information. Measurement and recall bias
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are introduced through inconsistencies in how data is
collected or labelled. Observer bias reflects the personal
judgments of individuals involved in labelling data, and
racial bias emerges from the unequal representation of
demographic groups. Additionally, association bias can
reinforce harmful societal stereotypes, embedding them
into model predictions and outcomes [18].

A wide range of techniques and methodologies have been
developed to address data bias throughout the machine
learning pipeline. These span across three key stages:
pre-processing, where data is adjusted or balanced before
training; in-processing, where fairness is built directly
into the learning algorithms; and post-processing, where
model outputs are refined to align with fairness criteria.
Together, these approaches provide a comprehensive
toolkit for mitigating bias and promoting more equitable
Al outcomes [19].

Pre-processing techniques aim to improve fairness by
modifying the training data to ensure it is more balanced
and representative of the target population. This can
involve methods such as re-sampling,  re-weighting, or
generating synthetic data to address imbalances and reduce
the influence of biased or underrepresented groups before
the model is trained [20][21]. These methods are designed
to correct imbalances and distortions in the data that arise
from the under-representation or uneven distribution
of certain demographic groups. By addressing these
issues early in the pipeline, pre-processing techniques
help ensure that the model learns from a more equitable
and comprehensive dataset, reducing the risk of biased
predictions [22]. Data re-sampling techniques, such as
oversampling minority classes or under-sampling majority
classes, are widely used to balance class distributions and
mitigate the dominance of overrepresented groups in the
training data. Another effective pre-processing method
is reweighing, which assigns varying weights to training
instances based on group membership. This approach
enhances the influence of under-represented groups
while reducing the bias introduced by over-represented
ones, helping to create a more fair and inclusive learning
process [19].

Conversely, in-processing methods seek to mitigate
bias in the model training stage. These techniques alter
the model architecture or the learning algorithm to
encourage equity and lessen discrimination. Fairness-
aware algorithms direct the model toward solutions that
meet predetermined fairness criteria by incorporating
fairness constraints or penalties into the optimization
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goal. A well-known in-processing technique is adversarial
debiasing, which involves training an adversarial network
alongside the main model. The adversary's goal is to
detect biased patterns in the model's learned features,
while the main model learns to make accurate predictions
without revealing those biases. Through this process, the
model is encouraged to develop fairer representations
by minimizing bias-related information, leading to more
equitable outcomes [23]. To address disparities in model
performance across different groups, fairness-aware
regularization techniques introduce penalty terms into the
loss function during training. These penalties discourage
the model from making biased predictions by directly
accounting for fairness in the optimization process. After
training, post-processing techniques are applied to refine
the model's predictions. These methods adjust the outputs
to meet defined fairness criteria such as equal opportunity
or demographic parity without changing the underlying
model, making them especially useful when modifying the
model is not feasible [24].

RESEARCH METHODOLOGY

To address the trade-off between interpretability and
accuracy in complex machine learning models, this
study adopts a mixed-methods approach, combining both
qualitative and quantitative research methodologies.

Qualitative Approach

To understand the current strategies and challenges in
balancing model accuracy, interpretability, and bias
mitigation, the qualitative component of this study
involves an in-depth literature review. Additionally, case
study analyses and expert interviews are conducted to
gain insights into real-world constraints and practical
implementations, offering a grounded perspective on how
these trade-offs are managed in practice

Quantitative Approach

The quantitative component of this study involves
conducting machine learning experiments on imbalanced
or skewed datasets to perform empirical analysis. After
applying various bias mitigation strategies, changes in
model performance are evaluated in terms of accuracy,
interpretability, and fairness. These improvements are then
assessed using statistical tests and comparative analyses to
determine the effectiveness of each approach.

¢ Mixed-Method Justification:

By integrating qualitative insights with quantitative
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evidence, the study offers a comprehensive understanding
of the challenges at hand and strengthens the validation of
proposed solutions. This combined approach ensures that
both theoretical perspectives and practical outcomes are
considered, leading to more robust and actionable findings.

A) Data Collection

To ensure a comprehensive analysis, we have used both
public and synthetic datasets which are known to exhibit
bias.

e Public Datasets

Widely used benchmark datasets such as COMPAS
(criminal justice), Adult Income (socioeconomic bias),
and Medical Diagnosis (healthcare bias) are employed to
study the presence and impact of bias in real-world data.
These datasets are specifically chosen for their relevance
to high stakes decision-making contexts, where fairness,
accountability, and accuracy are critically important.

e Synthetic Datasets

Synthetic datasets are generated to simulate controlled
scenarios of bias, enabling precise analysis of specific
types of discrimination, such as gender or racial bias. By
carefully manipulating data distributions, synthetic data
allows researchers to isolate the effects of bias and assess
model performance under different levels of skewness and
imbalance.

«  Data Preprocessing

Data cleaning and normalization are carried out to ensure
consistency and reliability across the dataset. Prior to
model training, bias assessment is conducted using
statistical tests such as Chi-square tests and disparity
measures to quantify and identify any inherent biases. This
step is crucial for understanding the nature and extent of
bias present in the data, allowing for informed mitigation
strategies to be applied effectively.

B) Model Selection

The research focuses on advanced machine learning
models that typically demonstrate high accuracy but pose
interpretability challenges.

Complex Models Prone to Bias
e Deep Learning Models

Though Neural networks and CNNs are highly accurate
models, they are analysed due to their layered structure,
which often leads to opacity.
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*  Ensemble Methods

Models like Random Forest and Gradient Boosting are
chosen for their robustness and predictive power but also
their potential to embed biases from base learners.

¢ Rationale for Model Choice

These models represent real-world applications where
interpretability and fairness are crucial. Their inherent
complexity makes them ideal for studying the accuracy-
interpretability-bias trade-off.

*  Baseline Models for Comparison

Simpler models, such as Decision Trees and Logistic
Regression, are included as benchmarks for interpretability.

C) Evaluation Metrics

To comprehensively evaluate the models, a combination
of accuracy, interpretability, and bias metrics is utilised.

e Accuracy Metrics

Accuracy, Precision, Recall, F1-Score: These metrics
provide a standard assessment of predictive performance.

* Interpretability Metrics

i.  Feature Importance Scores (SHAP, LIME): Quantify
how individual features contribute to predictions.

ii. Model Transparency Score: An aggregated metric
that combines visual interpretability and textual
explanations.

e Bias Metrics

i.  Demographic Parity: Measures whether different
demographic groups receive similar predictions.

ii. Equal Opportunity: Assesses fairness by comparing
the true positive rates across groups.

iii. Disparate Impact Ratio: Analyses whether outcomes
disproportionately affect certain subgroups.

e Composite Score

A weighted metric that balances accuracy, interpretability,
and fairness, providing a holistic evaluation of model
performance.

D) Bias Mitigation Techniques

The study implements and compares various bias
mitigation strategies to enhance both interpretability and
accuracy.

*  Pre-processing Techniques

i. Data Augmentation: Balancing underrepresented
classes to reduce bias in training data.
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ii. Reweighting: Adjusting the importance of data points
based on demographic attributes.

* In-processing Techniques:

i.  Fairness-Aware Algorithms: Modifying loss functions
to incorporate fairness constraints (e.g., adversarial
debiasing).

ii. Regularisation = Techniques: unfair

outcomes during model training.

Penalising

*  Post-processing Techniques:

i.  Explanation-Based Bias Correction: Analysing model
outputs using SHAP or LIME to identify biased
decision patterns.

ii. Recalibration Methods:  Adjusting prediction
probabilities to mitigate bias without altering model
structure.

E) Validation and Testing

To ensure robust findings, the proposed methods are
validated through a rigorous testing process.

e Performance Before and After Bias Mitigation: The
study evaluates model accuracy, interpretability, and
fairness metrics before implementing mitigation
strategies. After mitigation, results are compared to
assess improvements.

e  Cross-Validation: ~ K-fold  cross-validation  is
performed to ensure generalizability and reduce
variance in performance estimates.

*  Statistical Significance Testing: Paired t-tests are
conducted to determine if observed improvements are
statistically significant.

e Sensitivity Analysis: Varying levels of bias are
introduced to test the robustness of the mitigation
methods.

To implement and evaluate the proposed framework, a
range of libraries and interpretability tools are used,

Bias Mitigation Libraries

i.  FairLearn: Offers algorithms and metrics for assessing
and improving fairness.

ii. AIF360 (Al Fairness 360): Provides a suite of bias
detection and mitigation algorithms.

Interpretability Tools

i.  SHAP (SHapley Additive exPlanations): Quantifies
the contribution of each feature to model predictions.
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ii. LIME (Local Interpretable = Model-Agnostic
Explanations): Generates interpretable approximations
of complex model outputs.

Machine Learning Frameworks

Scikit-learn, TensorFlow, PyTorch: Used for building,
training, and evaluating machine learning models.

Data Analysis Tools

i. Pandas and NumPy: Data manipulation and
preprocessing.

ii. Matplotlib and Seaborn: Visualisation of bias metrics
and model performance.

RESULTS AND ANALYSIS

Using the selected benchmark datasets, we evaluated
model performance on both predictive accuracy and
interpretability before and after the application of bias
mitigation techniques.

The Accuracy Comparison shown in Figure 1 illustrates
the change in the model accuracy before and after bias
mitigation techniques are applied. Bias mitigation caused
only a small reduction in accuracy (less than 1.5%) across
all datasets. This slight accuracy trade-off is an acceptable
cost for enhanced transparency and fairness in high-stakes
domains.

Fig. 1:Model Accuracy Before and After Bias Mitigation

The Interpretability Score Comparison shown in Figure
2illustrates the change in interpretability scores before
and after Bias mitigation techniques are applied. Post-
mitigation models showed a noticeable improvement in
interpretability scores, especially for complex models like
neural networks and ensemble methods. Medical Diagnosis
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models achieved near-maximum interpretability (score 5)
with the integration of SHAP and LIME.

Fig. 2: Interpretability Score Before and After Bias
Mitigation

Bias was quantitatively assessed using metrics like
Demographic Parity Difference (DPD) and Equal
Opportunity Difference (EOD). the bias metrics reduction
and the comparative trade-off data obtained from the bias
mitigation evaluation is presented in Table 1.

Table 1: Bias Reduction Metrics

Dataset Metric Bias Before Bias After
Adult Income DPD 0.23 0.08
COMPAS EOD 0.29 0.12
Medical DPD 0.14 0.05
Diagnosis

These reductions indicate a 65-60% improvement in
fairness metrics post-mitigation.

Table 2: Accuracy Impact

Dataset Accuracy in | Accuracy in Drop %
% Before % After
Adult Income 85.4 84.6 0.8
COMPAS 77.2 76.0 1.2
Medical 91.1 90.4 0.7
Diagnosis

No. 2

Table 2 describes the loss in accuracy while we try to be
fair and transparent. It is visible that Accuracy loss is
minimal i.e. less than 1.5% across all datasets.

This indicates that the small performance trade-off is
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acceptable given the substantial ethical and social gains

Table 3 comprehensively describes that interpretability
enhancements and bias reductions are achievable with
minimal impact on model accuracy.

Table 3: Comparative Analysis: Accuracy Vs
Interpretability vs BIAS
Dataset Accuracy Bias Interpretability
drop (%) Reduction Change
Adult Income 0.8 Significant Moderate
Improvement
COMPAS 1.2 High High
Improvement
Medical 0.7 Moderate High
Diagnosis Improvement

All datasets showed significant reductions in bias,
particularly in group-based fairness metrics, indicating
that the mitigation techniques effectively reduced unfair
disparities.

DISCUSSION

This research work demonstrates a clear trade-off between
accuracy, interpretability, and avoiding bias in sophisticated
machine learning models. Although accurate models are
generally opaque, the combination of interpretability
tools such as SHAP and LIME with fairness-aware
learning methods can easily minimise bias without too
much sacrifice in performance. The results indicate that
small reductions in accuracy can result in significant
improvements in fairness and explainability. The findings
highlight the moral imperative of building models that
are not only accurate but also fair and understandable.
Applying mitigation techniques for bias ensures that
machine learning is more balanced across different groups,
thus bringing machine learning practice in line with overall
societal ideals like accountability, transparency, and non-
discrimination. Even with promising results, reconciling
high accuracy with interpretability is still the main
challenge. Intricate models are difficult to simplify, and
certain bias reduction techniques might create trade-offs
that compromise performance. Interpretability methods
can also be model- and dataset-dependent in effectiveness,
reducing their applicability across diverse settings.

CONCLUSION

This research illustrates that one can enhance the
transparency of sophisticated machine learning models
with minimal sacrifice of accuracy. With the incorporation
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of interpretability tools and bias reduction methods, models
can provide fairer outcomes with minor compromise on
performance.

The research contributes both theoretically and practically
by suggesting a structured approach to solve the accuracy-
interpretability-bias trade-off. It provides a guideline
for constructing more equitable, more accountable Al
systems and presents actionable techniques with real—
world application across fields such as healthcare, finance,
and criminal justice.

FUTURE SCOPE

The future generation research would investigate
hybrid approaches that couple the prognostic power of
sophisticated algorithms with the clarity of lower-fidelity
models. There is also a requirement for sophisticated,
domain-specific bias reduction techniques and stronger
interpretability frameworks. Real-world deployment
studies and multilateral cooperation between technical and
ethical fields will further assess and hone these methods.
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ABSTRACT

Brain-computer interfaces (BCIs) signify a transformative shift in human-computer interaction and moving from
laboratory environments to real-world environments. This comprehensive study looks at how BCI and cloud-based
infrastructures can be integrated and work together to achieve real-time signal analysis in field environment. In cloud
based BCI applications channel selection and virtual machine (VM) provisioning methods are crucial for managing
computational complexity, real-time performance and optimizing cloud computing resources. To meet the above
challenges, our research focuses on adaptive EEG channel selection using Greedy Localization Technique (GLT) to get
optimum channel selection and proposed an autoscaling framework (ACF) for VM provisioning to reduce delay at cloud
service provider (CSP) end. We provide efficient solutions to deal with channel selection, offloading decisions, network
unpredictability, energy optimization, and resource management for BCIl motor imagery (M) applications. Our results
signify the reduction in offloading data size up to 87.5% using GLT without compromising accuracy level. This research
provides a multifaceted approach to make reliable, scalable BCI systems that can be used in a real-time environment.

KEYWORDS : Hybrid BCI, Real time BCI, Cloud based BCI, Computation offloading, Autoscaling framework.

INTRODUCTION

Brain-computer interfaces (BCI) are revolutionary
innovations that connect human imagery thoughts with
digital technology. The main idea behind BCI is that they
can read neural signals, especially electroencephalogram
(EEG) data, and turn these neural signals into commands
that may be used to control and generate appropriate
action. BCI scope is not limited to medical field, it has
effects in many areas, such as cognitive monitoring,
healthcare rehabilitation, assistive technologies, survey,
BCI gaming and entertainment [1]. Early BCI systems
were mostly used in labs since they needed a lot of
computing power for a multimodal or hybrid signal data
acquisition and controlled circumstances to work best
[2]. In today’s era there is a growing need for practical,
real-world uses, portable, and efficient BCI systems that
can work in a different field environment [3], [4]. One of
the main problems with modern BCI research is finding a
way to balance the need for complex computations with
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real-time signal analysis support while making sure the
system works reliably in a range of different environment
scenarios as we are getting challenges in robotics field
to operate in multiple environments [5]. The evolution
of cloud computing models gives us new ways to solve
these problems through distributed processing, flexible
resource allocation, and adaptive workload management.
By using cloud infrastructure, BCI systems can move
complex computing activities to the cloud while still
being able to process data locally for tasks that need to be
done quickly. This mixed approach makes it possible to
create advanced BCI applications that can handle different
network conditions and processing needs. Cloud based
BCI system has many advantages over standalone ones [6].
The scalability and elasticity feature of cloud architecture
dynamically allocates computational resources to meet
real-time signal analysis [6]. The distributed processing
capability of cloud-based systems allows complex
distributed processing methodologies to perform BCI
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pipeline components on numerous nodes. This distribution
supports concurrent EEG signal processing, feature
extraction, and collaborative categorization. The cost-
effective resource management is an important feature
of cloud based BCI; Traditional BCI systems demand
large computational hardware investments whereas cloud
techniques turn capital expenditures into operational costs,
enabling more flexible resource management and lower
BCI implementation hurdles. However, cloud-based BCI
systems present new latency, security, privacy, and network
dependency issues. These problems require systematic
architecture, data flow optimization, and intelligent
provisioning strategies to optimize performance across
varied deployment situations [7]. Channel optimization
and virtual machine provisioning are important constraints
in cloud based BCI. Channel optimization is required
to reduce data size whereas VM provision includes
over-provisioning and under-provisioning issues. Over
provisioning specifies wastage of resources and increases
in cost factors for cloud service provider whereas under
provisioning results in scarcity of resources and non-
availability of VM to BCI application module [8], [9].

Traditional VM provisioning approaches often follow
static strategies where resources are allocated in response
to threshold rule i.e., VM availability is maintained with
threshold limiti.e., according to workload condition (70%0
— 30 % utilization ratio). Researchers also preferred trade
off based VM availability like service cost and waiting
cost [10]. However, BCI applications to meet real time
signal analysis require proactive provisioning strategies
that anticipate computational requirements based on
signal characteristics, user patterns, and environmental
conditions. Different stages of the processing pipeline
may have varying computational requirements, memory
demands, and latency constraints therefore we have
provided efficient provisioning strategies that consider
these heterogeneous requirements while maintaining
cost efficiency and resource utilization optimization
[11], [12]. We have proposed an autoscaling framework
that helps minimize delays cost, energy efficiency and
ensure VM availability during real-time operations. This
comprehensive research addresses the integration of BCI
technology, cloud computing, and intelligent resource
management through several key contributions:

e« Novel approach combining spatial, spectral,
functional, and graph-based features with deep
learning-derived importance measures for robust
channel selection in situations of different network
environments.
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»  Development of the Greedy Localization Technique
(GLT) that combines data-driven and model-driven
feature extraction for optimal EEG channel selection
in field environments.

e Using COSMOS model for making computational
offloading decisions based on multi-parameter
optimization — inference time, energy, and cost
factors.

*  Proposed autoscaling framework specifically tailored
for BCI workloads to meet real time signal analysis.

Table 1 Abbreviation

BCI Brain Computer Interface
ACF Autoscaling Framework
VM Virtual Machine
EEG Electroencephalogram

MI Motor Imagery

GLT Greedy Localization Technique

COSMOS Computation Offloading Strategy Model for
Optimized System
MST Minimum Spanning Tree
MCC Matthews Correlation Coefficient
QoS Quality of Services
METHODOLOGY

Our proposed system architecture integrates cloud-based
BCI processing capabilities to create a comprehensive
BCI platform optimized for real-world deployment. The
architecture consists of several interconnected components
that work together to provide adaptive, efficient, and robust
neural signal processing capabilities.

Dataset and Experimental Setup

Our research uses the comprehensive EEG Motor
Movement/Imagery Database from PhysioNet [32],
which provides standardized motor imagery dataset
suitable for BCI algorithm development and evaluation.
The dataset contains recordings from 109 volunteers who
performed motor imagery tasks in laboratory conditions.
Total 19 subjects selected from the dataset for balanced
representation with 64 EEG channel using the international
10-20 electrode placement system and 250 Hz sampling
rate. The task is defined as four distinct motor imagery
classes (Left fist imagination, Right fist imagination, Both
fists imagination, Both feet imagination). The raw EEG
data undergoes basic preprocessing to enhance signal
quality and remove artifacts: Bandpass filtering: 4-30 Hz
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frequency range to focus on motor-related rhythms and
Notch filtering: 50/60 Hz powerline interference removal.

Data Driven Feature Selection

Our data-driven feature extraction approach combines
multiple complementary feature types to create a
comprehensive representation of EEG channel importance
and relevance for motor imagery classification.

Spatial features

Spatial features capture the topographical distribution of
neural activity across the scalp, providing insights into
the anatomical sources of motor imagery signals. The
spatial analysis considers electrode positions and their
geometric relationships. The spatial distance matrix is
normalized to enable comparison across different electrode
configurations.

D;; = distance(pos;, pos;)

1)
Functional connectivity features

Functional connectivity measures reveal how different
brain regions communicate during motor imagery tasks.
We compute correlation-based connectivity measures
that capture both linear and nonlinear relationships. The
functional connectivity matrix undergoes normalization to
ensure consistent scaling.

Ci; = |C orr (data,,data, )| @)
The integration of spatial and functional information
creates a comprehensive channel relationship matrix. This
formulation balances spatial proximity with functional
connectivity, where channels that are spatially close but
functionally dissimilar (or vice versa) receive intermediate
importance scores.

Graph Feature

Graph theoretical methods provide powerful tools
for analyzing the complex network structure of EEG
connectivity patterns. We employ minimum spanning tree
(MST) algorithms to identify the most critical connections
in the brain network. Node degree calculation in the MST:

Degree(v;) = X;m;; ®3)

Spectral Feature

Spectral features capture the frequency domain
characteristics of EEG signals, which are particularly
relevant for motor imagery tasks due to the distinct spectral

www.ijteonline.in

Vol. 49  Special Issue

No. 2

Kumar, et al

patterns associated with motor-related brain rhythms.
Power Spectral Density (PSD) Estimation using Welch's
Method to calculate individual channel importance score.

_lynv | 2
PSD (.f) — N Zk=1|Xk(f)| (4)
The final channel importance score combines spectral and
graph-based measures.

(5)
Selected indices = {i: Combined importance( v;) >
Threshold

(6)

The threshold for channel selection adapts based on the
distribution of importance scores:

Threshold = mean (Combined_Importance) + k x std
(Combined Importance) @)

Where k is an adaptive scaling factor that adjusts based on
Signal quality metrics

Fig. 1: Combined Feature importance using hybrid
features

Selected_Channels = {i: Combined_Importance(v,) >
Threshold} (®)

This selection process as shown in Figure 1 ensures
that only the most informative channels are retained for
subsequent processing stages.

Model-Driven Feature Selection

Model-driven feature extraction leverages deep learning
architectures to automatically discover channel importance
patterns that may not be apparent through traditional signal
processing methods. Our approach employs convolutional
neural networks (CNNs) specifically designed for EEG
signal analysis.
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Table 2: Convolutional Neural Network

The combination of data-driven and model-based aspects
built an exhaustive description of channel salience
that traded off explicit signal features against learned
classification importance.

Greedy Localization Technique (GLT)

The Greedy Localization Technique (GLT) represents
an innovative approach to adaptive channel selection
that balances exploration and exploitation in the feature
selection process. Unlike traditional feature selection
methods that rely on static criteria, GLT dynamically
adapts its selection strategy based on real-time
performance feedback and resource constraints. GLT is
based on the principle of local optimization with global
awareness. At each iteration, the algorithm makes locally
optimal decisions while maintaining knowledge of global
performance trends [33]. This approach is particularly
well-suited for BCI applications where:

e Real-time constraints limit the computational budget
for feature selection

»  Signal characteristics may change over time requiring
adaptive strategies

e Resource availability varies based on network
conditions and device capabilities

e Performance requirements may change based on
application context

The adaptive keep ratio mechanism forms the core of GLT's
dynamic behavior, allowing the algorithm to adjust its
aggressiveness in channel reduction based on performance
feedback. The performance metrics for evaluation and
validation are as follows:

Classification Accuracy: Overall correctness of motor
imagery classification
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Matthews Correlation Coefficient (MCC): Balanced
performance measure accounting for class imbalance

Root Mean Square Error (RMSE): Prediction error
magnitude

Resource Utilization: Computational power and energy
consumption metrics

Computation offloading: Data size and bandwidth
availability

The keep ratio adaptation considers multiple performance
metrics:

Weighted _score = (weights['accuracy'] * accuracy +
weights['mcc’] * mcc +weights['rmse’] * normalized_rmse
) / sum(weights.values()) 9)

Proposed GLT Algorithm

Cosmos: Computation Offloading Strategy Model for
Optimized System
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The computation offloading strategy model for optimized
systems simulates field conditions and predicts offloading
decisions, focusing on local energy consumption, data
size requirements, cost, and inference time. Weighted
parameters for decision-making are defined in Table 3.

These weights are utilized in the cosmos decision function
as follows:

Table 3 Cosmos Model parameter

Computation offloading is beneficial if cloudscore is less
than localscore else local execution will be used. Here's
how they affect the decision:

Time Factor: It is the ratio of the processing time locally
with respect to the total data transfer and cloud processing
time:

o * local time vs a * cloud time

(12)

Energy Factor: It is the comparison of local processing
energy usage with the energy efficiency of cloud
processing:

B * local energy vs B * cloud energy

(13)

Cost Factor: It is the comparison of the cost of local
processing (usually taken as 0) with the cost of utilizing
cloud resources:

v * local cost vs y * cloud cost

(14)

The scope of these parameters can balance multiple
objectives. By adjusting these weights, we can assign
different priorities according to the specific needs of the
EEG analysis task and environmental conditions. We
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can assign flexibility to different scenarios e.g., for time-
critical applications, o can be assigned higher and in
power-limited environments, B can be assigned higher
priority. For cost consideration or long-term deployments,
v can be assigned higher. These parameters are adjustable
based on data size or specific BCI application deployment
needs and thus the system is made field scenario variable,
providing design flexibility in the field environment.
It's a comprehensive approach to handling resources by
simultaneously considering time, energy, and cost, the
model gives more holistic means for resource management
of field environment BCI systems. In the context of our
EEG analysis pipeline, these parameters allow COSMOS
to make subtle computation offloading decisions. EEG
signal processing is non-linear and computation-intensive,
and environments tend to have constraints on power,
computing resources, and network connectivity. That’s
why with careful consideration of a, B, and y parameters
as per network and operating conditions availability,
we can optimize our EEG analysis system's resource
utilization, processing rates, energy usage, and long-term
operational costs. It leads to a more robust and feasible
solution for real-world EEG analysis applications. The
key terminology of offloading is given in Table 3.

Virtual Machine Provisioning Strategies

The proposed Auto-Scaling Framework (ACF) (Y. Kumar
etal., 2023) is founded on the MAPE-K (Monitor, Analyze,
Plan, Execute over a common Knowledge base) pattern
(Y. Kumar et al., 2023) and provides a formal approach
to cloud resource management for BCI applications.
The architecture makes a distinction between four main
components in which the system runs within given clock
times, providing a closed loop of feedback:

Monitor: Pulls performance BCI data and system state
data

Analyze: Monitors processes to estimate system
parameters and predict future BCI workloads

Plan: Assigns appropriate resources based on analysis
results and QoS requirements

Execute: Carries out resource allocation decisions by
scheduling tasks and managing VMs

All of these components share a common Knowledge
base with historical data, performance models, and config
parameters. To formalize the cloud based BCI resource
management issue, we model the cloud service provider as
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an M/M/s queuing system, where the arrival of BCI tasks
is modeled by a Poisson distribution with arrival rate A and
the service time by an exponential distribution with service
rate . The system utilizes ‘s’ identical virtual machines as
servers and processes jobs in first-come, first-served order.
The fundamental objective is to maintain VM provisioning
according to the SLA-agreed QoS guarantee level for zero
delay (o), expressed as:

where W_ (0) refers to the zero wait time probability on CSP
side. The planning component implements the core auto-
scaling algorithm, which determines the optimal number
of VM instances based on predicted BCI workload and
QoS requirements. In this phase, the proposed auto-scaling
mechanism is used for updating the number of running
VMs as per SLA negotiated QoS assurance level (o) for
availability. The pseudo-code for this scaling mechanism is
depicted in given ACF algorithm. Inputs to this algorithm
are predicted task arrival rate (Ap(t+1)), mean service rate
(ov), the number of running VM instances, and required
QoS assurance level (o).

Proposed Auto Scaling Algorithm (ACF)
procedure Instance_estimator (At+1,p , 1, s, o)
temp =s; //running VMs

compute traffic intensity p = At+1p /sp
if(p>1)

then increase VMs until (p < 1)

else s =s/2;

if(p>1)

then increase VMs until (p < 1)

endif

10 end else

11 Compute Z =1 —-Wq(0)

12 if (o < Z) then

13 while (o < Z) do

14 s++;

15 Compute Z =1 —Wq(0)

16 end while

17 end if

18 if (s > temp) then

19 start (s — temp) VMs;

20 end if

O 0 3 O N K~ W N —
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21 else
22 annotate (temp — s) VMs as hibernated.

23 stop(temp — s) VMs when leasing time quantum
completing

24 end else
25 end procedure

The above algorithm computes the traffic intensity and
checks whether the system is stable. If the system is
unstable, it increases the VMs count until traffic intensity
is less than 1. If the system is already stable, it decreases
the VMs count to half and stabilizes the system again.
This alternate phase is defined to check whether the VMs
requirement has decreased for the current clock interval
and further computes the QoS assurance level with the
stabilized VMs count. If the QoS requirement is not met
with the stabilized system VMs, it increases the VMs count
until the required QoS requirements are met. Subsequently,
it checks whether the new VMs requirement is higher than
the existing VMs, then places an order to start new VMs. If
the available VMs are higher, it first annotates the surplus
VMs as hibernated and does not immediately stop them.
However, if the leasing time quantum of a hibernated VM
is nearing completion, it proceeds to shut down the surplus
VMs. This method guarantees that the system can provide
the level of required QoS for BCI applications without
invoking unnecessary VM startup/shutdown processes,
which may cause considerable delays.

Proposed Scheduler Algorithm

1 procedure SCHEDULER (Task t, vmslist)

2 boolean VMAvailable = false;

3 Search for a free non-hibernated VM and allocate it
4 setVMAvailable = true;

5 else if (VMAvailable == false)

6 Draw a hibernated VM with the highest remaining
leasing time quanta and allocate it

7 set VMAvailable = true;

8 end else if

9else

10 pending List.addLast(t);

11 end else

12 end procedure

The Execution module executes the VM scheduling

algorithm, which allocates BCI tasks to available VMs in
an intelligent manner while maximizing resource usage.
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Rather than immediately shutting down the surplus VMs,
ACF provides an innovative scheduler for optimizing
VMs leasing time quanta. Pseudo-code of the scheduler
algorithm is given in proposed scheduler algorithm. If a
hibernated VM is required in the system, it withdraws the
VM with maximum remaining leasing time quanta.

This one is resource utilization arrangement that aids in the
identification of VMs that need to be shut down because
only hibernated VMs need to be shut down. Furthermore,
it also avoids the continuous profiling of leasing time
quanta of the surplus VMs. The significant features are:

e Pre-emptive allocation to non-hibernated VMs for
maximum usage of active resources

e Onallnon-hibernated VMs being occupied, selectively
hibernating VMs with the highest remaining lease
duration

e Shutting down hibernated VMs only when their
leasing time quantum is about to expire.

This novel scheduling method bypasses the necessity to
cancel in-progress tasks or move them from one VM to
another, which is especially disruptive for BCI applications
requiring real-time processing. One of the main features
of the framework presented here is its coupling with
the channel optimization methods, i.e., proposed GLT
algorithm. Using efficient channel optimization that
defines network aware channel selection and combining
optimal cloud resource provisioning, the system defines an
end-to-end solution for a cloud based BCI applications to
meet real time BCI. such integration can be implemented
through a number of procedures:

Workload  Characterization:  Channel  optimization
influences the computational load of BCI tasks directly by
minimizing data dimensionality. The monitor component
identifies these effects by monitoring execution time and
enabling the system to adjust VM provisioning accordingly.

Energy Efficiency Optimization: By keeping both data
transmission demands using channel optimization and
queuing delays through efficient resource provisioning,
the combined approach optimizes the energy efficiency
gains of computation offloading. It also helps in decision
making whether to offload or perform local computation in
field environment.

QoS Management: The integrated strategy also guarantees
QoS demand at both the data processing stage through
proper classification in the face of limited channels and
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the resource administration stage using queuing delays.

Adaptive Resource Allocation: With channel optimization
parameters improving as signal features and user needs
change, the auto-scaling platform adjusts VM provisioning
to ensure peak performance.

This proposed solution tackles the end-to-end optimization
problem for cloud-based BCI applications, from early
data acquisition to channel selection, cloud resource
management, and task execution.

RESULTS AND ANALYSIS

The proposed GLT framework with VM autoscaling
algorithm demonstrated significant improvements across
multiple performance dimensions. The comprehensive
evaluation reveals the effectiveness of our integrated
approach to BCI channel selection and cloud resource
management with relatively balanced classes and
optimized weighting scheme (accuracy: 0.40, MCC: 0.30,
RMSE: 0.30). The preliminary channel selection process
through combined feature approach reduced the dataset
from 64 to 10 channels before entering the iterative
optimization phase. Further the channel are optimized
as per network availability with resource provisioning to
reduce delay.

Channel Reduction and Classification Performance

The channel reduction process achieved optimal
performance with substantial computational savings
through an iterative optimization process. The result
signifies 10-channel configuration (F1, FCz, FC2, FC6,
T7, C3, Cl1, Cz, CP5, CP3) achieved from comprehensive
primarily feature selection from data driven and
model driven approach. The iterative process using
adaptive keep ratios, beginning with 0.85 in iteration 1
and stabilizing at 0.95 for subsequent iterations. The
perfromance_score metric achieved its peak performance
of 0.7484 at iteration 3 with 8 channels (F1, FC2, FC6,
C3, C1, Cz, CP5, CP3), which was selected as the optimal
configuration. Figure 2 depicts the accuracy metric, shows
the efficacy of our approach during channel reduction and
achieves its highest value 0of 0.7919 (79.19%) at iterations
3 and 5, while maintaining a strong performance above
0.75 throughout most iterations. The second metric MCC
scores also ranged from 0.6708 to 0.7240, with the optimal
configuration achieving 0.7240, indicating excellent
classification discrimination. The channels are further
eliminated by 20%, from 10 to 8 and improved overall
performance in data size while maintaining accuracy.
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Fig. 2: Result Summary - performance metrics,VM status
and accuracy

Inference Time Optimization

Real-time performance improvements were evident
throughout the optimization process. The result shows
that our system achieved progressive reduction in
processing latency, starting from 0.2808 seconds in
iteration 1 and reaching an optimal 0.2586 seconds in
the final iteration, representing an 8.6% improvement in
response time. The result shows significant improvement
achieved between iterations 1 and 3, where inference time
dropped from 0.2808s to 0.2639s, coinciding with the
achievement of the best weighted score. The result showed
consistent improvement as the channel count decreased:
0.2808s (10 channels), 0.2769s (9 channels), 0.2639s (8
channels), with slight variations in later iterations. For
a BCI applications where millisecond-level delays can
impact user experience and real-time BCI response, such
performance enhancement can make great help to meet
real time objective and efficient resource utilization.

VM Autoscaling and Resource Management

The proposed autoscaling framework (ACF) provides
efficient solutions in maintaining Quality of service
(QoS) while optimizing VM provisioning and resource
utilization. Initially the system starts with 3 VMs and
employs autoscaling algorithms based on traffic intensity
(p), service level (z), and arrival rate (A) parameters. The
ACF utilized queuing theory principles with service rate
p=2.00 and reliability threshold 0=0.9. The result shows
dynamic scaling behavior that is evident throughout the
process: iteration 1 triggered scale-up operations starting
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additional VMs (VM_3 and VM_0), while subsequent
iterations demonstrated intelligent scale-down decisions.
By iteration 4, our system optimally scaled down to
1 running VM with 3 hibernated VMs and shows it is
achieving significant cost savings without any performance
degradation and compromise. The traffic intensity varied
from 0.000 (iteration 1) to 0.509 (iteration 5), and the
system effectively managing peak loads without service
degradation. The offloading decisions results show that
cloud deployment is favored across all iterations and
indicating optimal load distribution. The dynamically BCI
tasks assigned to available VMs (VM_0, VM_1, VM _2)
in early iterations, transitioning to pending task queues
as optimization progressed. Such behavior demonstrates
that the proposed system’s efficiently balance resource
efficiency with performance requirements.

System Load Balancing and QoS Metrics

The system load metrics demonstrate effective traffic
management and service level optimization. Traffic
intensity exhibited controlled variation, ranging from
0.0 to 0.5, with the system successfully managing peak
loads around iteration 4 (0.5 intensity). Service Level 2
metrics showed complementary behavior, starting at 0.0
and reaching 0.25 at peak performance periods, indicating
effective load distribution across service tiers. Figure 2
represents the correlation between traffic intensity and
service levels and suggests that our autoscaling (ACF)
algorithm successfully anticipated and responded to
BCI nonlinear and dynamic computational demands,
maintaining quality of service even during high-traffic
periods.

Task Characteristics and Scalability Analysis

The result shows the efficacy of proposed system in the
BCI motor imagery task analysis across different data sizes
(8-14 MB) along with processing times (0.6-1.5 seconds).
The scatter plot reveals that the proposed solution handles
varying computational loads effectively, with processing
times scaling reasonably with data size. The result shows
that it can accommodate different BCI task complexities
while maintaining consistent performance. The proposed
VM management statistics demonstrate effective
resource utilization across 6 optimization iterations, with
intelligent scaling from 3 initial VMs to 1 running VM
with 3 hibernated instances. It successfully balanced
computational efficiency with QoS requirements and
achieved optimal BCI signal processing which is primarily
a requirement for cloud based BCI system. The parameters
are consistently maintaining service reliability above the
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0.9 threshold, with traffic intensities ranging from 0.000
to 0.509 and demonstrating robust performance of our
system under varying computational loads.

These results demonstrate that integrated approach
successfully addresses the critical challenges of BCI
channel optimization to reduce data size and transmission
time along with cloud resource management to provide a
practical solution for scalable BCI systems that maintain
quality of service while minimizing computational
overhead and operational costs. The energy savings
level (34%) achieved in our stable network environment
validates the effectiveness of intelligent offloading
decisions. However, 145% increase in local battery usage
during a unstable conditions highlight the importance of
network reliability for energy-efficient operation.

CONCLUSION

This comprehensive research demonstrates the significant
potential of cloud-based brain-computer interface systems
enhanced with adaptive virtual machine provisioning
strategies. The proposed GLT for adaptive channel
selection and the COSMOS provide effective solutions
for managing the computational complexity and
resource requirements of real-world BCI deployments.
The key contribution and achievement for proposed
methodology are first, GLT successfully reduces EEG
channel requirements by 12.5% while maintaining 80%
of classification performance, demonstrating an effective
balance between computational efficiency and accuracy.
Second an intelligent offloading, where COSMOS
provides robust decision-making for computational task
distribution, achieving 34% energy savings in stable
network conditions while maintaining high classification
accuracy. Third, provide advanced provisioning strategies
which outperform traditional approaches with up to
80 % classification accuracy and appropriate system
availability. Fourth comprehensive evaluation across
multiple network scenarios validates system robustness
and adaptability for real-world deployment conditions.
The research provides a foundation for developing
scalable, cost-effective, and robust BCI systems suitable
for diverse applications including healthcare, assistive
technology, and human-computer interaction. This work
advances the state-of-the-art in cloud-based BCI systems
by addressing critical challenges in computational
offloading and resource provisioning. The convergence
of brain-computer interfaces with cloud computing and
advanced provisioning strategies opens new possibilities
for ubiquitous neural interfaces that can adapt to diverse
deployment scenarios while maintaining high performance
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and cost efficiency. As network infrastructure continues to
improve and edge computing capabilities expand, cloud-
based BCI systems will become increasingly viable for
widespread deployment.
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ABSTRACT

By enabling advancements in diagnostics, treatment planning, and patient management, Artificial Intelligence (Al)
has emerged as a transformative force in healthcare. However, in sensitive domains like healthcare, the "black box"
nature of many machine learning models impedes trust and adoption. Explainable Al (XAI) addresses this challenge by
providing transparency and interpretability to Al-driven decisions. Using a variety of XAl approaches, including SHAP,
LIME, PDP, ALE, and CEM, this study examines the predictions of XGBoost and CatBoost models trained on the Pima
Indian Diabetes Dataset. The observed results highlight the importance of variables such as age, BMI, and glucose in
the prediction of diabetes and are consistent with clinical knowledge. The integration of these explainability methods
allows the research to demonstrate how XAl can enhance trust, improve decision-making, and ensure ethical use of Al

in the field of healthcare.

KEYWORDS : XAl, XGBoost, CatBoost, SHAP, LIME, PDP, CEM, ALE, Healthcare, PIMA.

INTRODUCTION

With its immense impact in various sectors,
Artificial Intelligence supports diagnostics, disease
prediction, and personalized treatment planning in the
healthcare sector. Due to the "black box™ nature of many
models, the widespread adoption of Al in clinical settings
is limited despite these advancements. These black-
box decision-making processes being opaque makes it
difficult for stakeholders, i.e., patients and clinicians, to
trust Al-driven recommendations, especially in high-
stakes situations. By giving Al models interpretability
and transparency, Explainable Al (XAI) aims to alleviate
these worries to a major extent. Methods such as feature
attribution, visualization, and instance-level explanations
are employed by XAI to help stakeholders comprehend
the reasoning behind Al predictions. This understanding
improves the ethical use of Al in healthcare applications
by building trust and reducing biases. This study analyzes
the performance and interpretability of machine learning
models trained in the Pima Indian Diabetes Dataset by
employing XAl techniques and aims to bridge the gap
between clinical trust and Al capabilities.
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LITERATURE ANALYSIS
Explainable Al Techniques

A range of XAI methods has been developed to address
the interpretability challenges of machine learning models.
SHAP (SHapley Additive Ex Planations) [2], [18], [19]
is one of the most widely used techniques, rooted in
cooperative game theory. It provides both local and
global explanations. Similarly, LIME (Local Interpretable
Model-agnostic Explanations) [3], [20] approximates the
model's behavior locally, offering insights into individual
predictions. LIME necessitates careful validation. Partial
Dependence Plots (PDP) [4], [21] and Accumulated
Local Effects (ALE) [5], [22] are global interpretability
techniques that visualize the relationships between
features and model predictions. PDP calculates the
average marginal effect of a feature, while ALE accounts
for feature dependencies, making it more robust. ELIS5 [7],
[23] simplifies the explanation process, offering intuitive
insights into feature contributions in tree-based models
like XGBoost [8], [24] and CatBoost [9], [25]. Table I
represents comparison among explainability techniques
including SHAP, LIME, ELS5, PDP, and ALE on grounds
of their type of explainability along with a description of
the technique and its use case.
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Table 1: Comparison of Explainability Models

Technique Type Description Use Case
SHAP Local & | Distributes feature Uncovers
Global importance based individual
on cooperative predictions and
game theory. global feature
interactions.
LIME Local Perturbs data Explains
around an instance specific
to understand predictions
feature influence. to assist
clinicians.
ELIS Local & Provides concise Useful
Global explanations for for initial
linear and tree- exploration
based models. of feature
importance.
PDP Global Visualizes the Highlights
marginal effect of | overall model
individual features behavior
on predictions. and critical
features.
ALE Global | Improves upon PDP Provides
by reducing bias more accurate
caused by feature insights into
correlations. global feature
importance.

Interpretability

Interpretability is indispensable in XAl research today. The
research community has recognized this interpretability
problem and focused on developing both interpretable
models and explanation methods over the past few years.
The articles [12] and [13] and papers [14], [15], [17] and
[26] provide a review of the current state of the research in
the field and present objective metrics for how explainable
artificial intelligence (XAI) can be quantified.

Applications of XAl in Healthcare

Several studies highlight the importance of XAI in
healthcare decision-making. For instance, XAI has
been pivotal in diagnosing diseases, predicting patient
outcomes, and identifying risk factors. Astudy explored the
role of SHAP and LIME in making Al models transparent,
emphasizing their application in domains like healthcare
and finance [10]. Another review [11] examined the use of
XAl in mitigating biases and ensuring fairness in Al-driven
healthcare systems. The papers [27] and [28] explores the
application of XAl in medicine & diagnosis and surgery.
Despite the challenges, the literature underscores the
transformative potential of XAl in building trustworthy,
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ethical, and reliable Al systems for critical applications
like healthcare.

Challenges and Limitations

Despite its promise, XAl faces several challenges. The
computational complexity of some techniques, especially
for large datasets or deep learning models, can limit
their scalability. Additionally, many studies focus on
theoretical aspects of XAl without providing practical
implementation details, hindering their applicability
in real-world scenarios. Ensuring consistency across
different XAl methods and aligning interpretability with
domain-specific requirements remain ongoing challenges.

DATASET OVERVIEW

The foundation for this study is The Pima Indian Diabetes
Dataset [1]. It consists of medical records of women of
the Pima Indian heritage, including crucial features such
as glucose levels, BMI, age, and blood pressure. Whether
a patient has diabetes is indicated by the dataset's target
variable. The dataset includes eight important features,
each with clinical relevance:

o Glucose: It is a critical marker of diabetes risk. Its
high variability indicates its significance in diabetes
predictions.

e BMI: Body Mass Index is a measure of obesity, and it
is strongly correlated with diabetes.

e Age: This factor reflects the patient demographic,
with older individuals at higher risk.

e Blood Pressure: Here diastolic blood pressure is
represented, and it is relevant to cardiovascular health.

e Diabetes Pedigree Function: It indicates the hereditary
risk of diabetes based on family history.

e Pregnancies: The number of times a patient has been
pregnant can directly affect diabetes susceptibility.

e Skin Thickness: It measures subcutaneous fat which
is used as an indirect measure of body fat.

e Insulin: 2-hour serum insulin levels are represented
which are linked to glucose metabolism.

The clinical relevance and diversity of this dataset make it
an ideal candidate for evaluation of the interpretability of
machine learning models in healthcare. The summary of
all the features that affect the prediction along with their
range of values and mean are represented in the Table 2.
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Table 2: Summary of Features and Statistics

Feature Mean Range (Min-Max)
Glucose 120.89 0-199
BMI 31.99 0-67.1
Age 33.24 21-81
Blood Pressure 69.11 0-122
Diabetes Pedigree 0.47 0.078-2.42
Function
Pregnancies 3.85 0-17
Skin Thickness 20.53 0-99
Insulin 79.79 0-846
METHODOLOGY

A combination of machine learning models and XAI
techniques are employed in this study to perform analysis
on the Pima Indian Diabetes Dataset. The workflow
includes data preprocessing, model training, and the
application of interpretability methods along with
visualizations to understand how features influence the
decision-making process.

Model Training

XGBoost and CatBoost were chosen for their high
performance on tabular data. Both models employ gradient
boosting to optimize predictions, with CatBoost offering
native support for categorical features, which contributes
to its superior accuracy compared to XGBoost.

Explainability Techniques

The following XAI techniques were used to interpret
model predictions:

e SHAP (SHapely Additive exPlanations): Provides
both global and local feature importance by
distributing contributions among features based on
cooperative game theory, ensuring consistency and
fairness in explanations.

e LIME (Local Interpretable = Model-agnostic
Explanations): Focuses on explaining individual
predictions by approximating the model's behavior
using a simpler, interpretable surrogate model trained
on perturbed samples.

e ELI5(Explain Like I'm 5): Enhances interpretability
by visualizing feature importance rankings,
offering intuitive explanations for complex models,
particularly tree-based algorithms like random forests
and gradient boosting.

www.ijteonline.in

Vol. 49  Special Issue

No. 2

Dalvi, et al

e PDP (Partial Dependence Plot): Illustrates the
marginal effect of a feature on model predictions by
averaging predictions over the dataset while varying
the feature of interest, assuming independence from
other features.

e ALE (Accumulated Local Effects): Addresses the
limitations of PDP by considering the correlations
of features, providing a more reliable estimate of the
impact of a feature without assuming independence.

Visualization Techniques

To enhance interpretability, multiple visualization
techniques were applied to understand how model
predictions are influenced by different features.

i.  Feature Distribution Visualization: A gradient-colored
statistical summary of the data set was generated
to visualize the distribution of each characteristic,
providing information on the range and variance.

ii. SHAP-Based Visualizations:

e Summary Plot: Displays global feature importance
by ranking features based on their average impact on
model output.

e Bar Plot: Concise visualization of the importance of
the features.

e Dependence Plot: Reveals how a particular feature
affects the model output while considering interactions
with other features.

e Force Plot (Local Explanation for a Single Instance):
Highlights how each feature contributes to an
individual prediction (red increases, blue decreases).

e Force Plot (Multiple Instances): Displays

contributions for multiple predictions in a compact
format, identifying trends across the dataset.

ii1. LIME-Based Visualizations:

e Tabular Explanation: Provides feature contributions
for individual predictions using a surrogate model.

e Bar Plot Representation: Shows the weight of each
feature in the decision-making process.

iv. ELI5 Feature Importance Plot: Uses permutation
importance to measure how the model's performance
changes when feature values are randomly shuffled.
Error bars indicate variability, highlighting feature
stability.

v. Partial Dependence Plots (PDP): Displays how
a specific feature influences the model's output
by varying its value while keeping other features
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constant. Visualizations were generated for key
features such as glucose levels, blood pressure, and
BMIL.

vi. Accumulated Local Effects (ALE): ALE addresses the
limitations of PDP by considering feature correlations,
providing a more reliable estimation of a feature's
impact without assuming independence.

Interpretability Techniques

For high-stakes applications of machine learning like
healthcare, we need to ensure that models not only
make accurate predictions but also provide interpretable
explanations. The following quantifiable metrics help
measure interpretability and can be used to evaluate
models like XGBoost and CatBoost using XAI methods
such as SHAP, LIME, PDP, ALE, ELI5, and SME.

i.  Fidelity (Faithfulness): Fidelity measures how
accurately an explanation reflects the actual decision-
making process of the model. It compares the model's
output with and without the key features highlighted
in the explanation. If the model behaves the same
way, fidelity is high. High fidelity ensures that the
explanations are trustworthy. Example: If SHAP
explains that "Age" is the most critical factor for a
prediction, but removing it doesn't change the model's
decision, then fidelity is low.

ii.  Stability: It measures how much the explanation
changes when we slightly modify the input. It runs the
model with small perturbations of the input and checks
if the explanation remains similar. Stable explanations
ensure robustness and reliability. Example: Two
patients with nearly identical symptoms should get
similar explanations. If a minor change in patient
data leads to a completely different explanation, it
indicates instability.

iii. Sparsity: It checks if the explanation is concise, using
only the most essential features. It counts the number
of nonzero coefficients in an explanation. fewer,
more relevant features lead to better interpretability.
Example: An explanation that uses 3 key factors
instead of 10 is easier to interpret.

iv. Monotonicity: It ensures that increasing a feature's
value has a consistent effect on the prediction. It
checks whether an increase in a feature always leads
to an increase (or decrease) in the model's output.
Logical and predictable relationships between features
and predictions is an ideal outcome. Example: If
increasing "Age" sometimes increases disease risk but
sometimes decreases it, the model lacks monotonicity.
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v. Locality Preservation: It ensures that similar inputs
produce similar explanations. It computes explanation
similarity between pairs of similar inputs. Similar
cases should get similar explanations. Example:
Two patients with nearly identical lab results should
receive the same reasoning for a diagnosis.

vi. Feature Importance Stability: It measures how
consistent feature importance rankings are in multiple
runs. It compares rankings of feature importance
across different training sessions. Feature importance
should be stable across runs. Example: if "Blood
Pressure" is the most important factor today but
irrelevant tomorrow, the model is unstable.

Compactness: It measures how simple the explanation
is. It evaluates the length or depth of the explanation.
The simpler the explanation the better. Example: A
decision tree with 3 rules is easier to understand than
one with 30 rules.

RESULTS AND DISCUSSION
SHAP
1. Global Explanations

Vil.

SHAP analysis provides a comprehensive understanding
of how individual features influence model predictions
both globally and locally. The summary plots, including
bar charts and scatter plots, highlight Glucose, BMI, and
Age as the most significant factors in predicting diabetes.
Among these, Glucose has the highest global importance,
indicating a strong correlation with diabetes outcomes.
BMI and Age also play a crucial role, though their influence
is slightly lower.

Figure 1 presents a scatter plot of SHAP values, which
reveals a clear directional trend: higher Glucose and BMI
values positively contribute to predicting diabetes, whereas
lower values have a negative effect. This pattern aligns
with medical insights, reinforcing the model's reliability in
identifying risk factors.

Fig. 1: Scatter plot of SHAP values
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The monotonicity of SHAP was 0.375 for both models,
demonstrating stable and consistent feature contributions
across different samples. The sparsity factor of 1.0 suggests
that both models exhibited highly consistent SHAP values
across different samples, reinforcing their reliability in
interpretability. The SHAP stability score of 1.1750 further
indicates that feature attributions remained stable despite
potential variations in the dataset.

ii. Local Explanations

SHAP force plots for individual predictions revealed
that both CatBoost and XGBoost made similar feature
attributions, with key features such as Glucose, BMI,
and Age playing dominant roles. A dependence plot for
Glucose is illustrated in the Figure 2 where it demonstrates
how with varying BMI levels the SHAP value changes.
A synergistic effect is suggested by the increasing trend -
the impact of Glucose is amplified by higher BMI on the
diabetes predictions.

Fig. 2: Dependence plot for SHAP value for Glucose

A force plot for a specific sample is presented in Figure
3; it breaks down how individual features contribute to
the final prediction. The features that favor a diabetes
diagnosis are represented in red, whereas the ones in blue
are features that reduce the likelihood of diagnosis. The
visual representation provides an intuitive breakdown of
model decisions, making the interpretation of local-level
predictions easier.

Fig. 3: Force Plot of Sample Outcome

LIME

Local Interpretable Model-agnostic Explanations (LIME)
provides instance-specific interpretations by explaining

why a model made a particular prediction for a given
data point. It identifies the most influential features for
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individual predictions, offering insights into the model's
decision-making process. To illustrate, LIME highlights
cardinal variables like Glucose and BMI when analyzing
instances such as 50 and 100. This aligns with the findings
of other interpretability methods. The LIME visualizations
assign ranks to features based on their contribution,
indicating the positive or negative impact they have
on the prediction. This fine-grained approach not only
validates the model's predictions but also reinforces trust
in its behavior by complementing other interpretability
techniques.

The LIME explanation for Instance 100 is illustrated in
Figure 4, where the visualization depicts the contribution
of different feature towards the final prediction. It
highlights how individual feature values impact the
predicted outcome. Meanwhile, Figure 5 represents the
feature importance for the same instance, showcasing the
relative weight of each feature in influencing the model's
decision. The computed metrics for Instance 100 show
that both CatBoost and XGBoost achieve an accuracy
of 98.12%, with a minimal standard deviation of 0.0206.
The minimum and maximum values range from 0.6343 to
0.9634 for CatBoost and 0.6055 to 0.9634 for XGBoost,
demonstrating the stability of feature attributions. The
feature importance ranking provided by LIME further
strengthens interpretability by revealing the magnitude
and direction of each feature's influence on the prediction.

These visualizations collectively provide a deeper
understanding of model interpretability, ensuring
transparency in predictive analysis. LIME's ability to
generate instance-specific explanations enhances the
credibility of the model, making it more accessible and
interpretable for stakeholders.

Fig. 4: LIME Feature Importance for Instance 100

Fig. 5: LIME Prediction for Instance 100
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ELI5S provides a quantitative assessment of feature
importance by systematically permuting feature values
and measuring the corresponding change in the model's
predictive accuracy.

The metric evaluation for ELI5 applied to CatBoost and
XGBoost. The Compactness metric for both models stands
at 98.00, indicating high interpretability. However, the
Feature Stability is 0.0, suggesting that the explanations
remain highly sensitive to perturbations. The Fidelity
scores of 0.5886 (CatBoost) and 0.5739 (XGBoost)
highlight moderate agreement between ELIS5-generated
explanations and actual model predictions. Moreover,
Locality Preservation is recorded as 0.0, meaning that
local explanations may not be entirely representative of
global model behavior. Monotonicity and Sparsity values
remain at 1.0, reinforcing consistency and simplicity in
explanation generation. Notably, Stability is significantly
lower (0.0361 for CatBoost and 0.0361 for XGBoost),
indicating variability in feature importance rankings
across different iterations.

Fig. 6: ELI5 Feature Importance Bar Chart

Figure 6 presents the ELIS feature importance chart,
depicting the relative weight of each feature in influencing
the model's predictions. The chart highlights Glucose,
BMI, and Age as the most critical predictors of diabetes,
aligning with the findings from SHAP and LIME. The
presence of error bars in the figure indicates the variability
in importance scores across multiple iterations, reinforcing
the robustness of the analysis.

PDP

PDPs visually illustrate the impact of individual features
on model predictions while keeping all other features
constant. This approach helps in understanding the
marginal effect of each feature on the predicted outcome,
offering insights into how specific variables influence
the model's decision-making process. The Compactness
metric for PDP is 0.3436 for both CatBoost and XGBoost,
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suggesting that while PDPs offer valuable interpretability,
they may not be as succint as other methods. The Feature
Stability is relatively low (0.0051), indicating that
small changes in feature values can lead to variations
in the partial dependence estimates. Fidelity scores
of 0.5844 (CatBoost) and 0.5765 (XGBoost) indicate
moderate agreement between PDP insights and actual
model behavior. Moreover, Locality Preservation is high
(0.9287), confirming that PDPs maintain consistency
in feature effects across nearby values. Monotonicity
is 0.4902, reflecting the mixed nature of feature impact
trends, while Sparsity remains at 0.0, implying that PDPs
do not inherently focus on a limited subset of features
for explanation. Lastly, the Stability metric (0.0713 for
both models) suggests moderate variation in PDP outputs
across multiple runs.

The PDP for Glucose reveals a strong, nearly linear
positive relationship with diabetes risk, indicating that
higher glucose levels consistently increase the probability
of a positive diagnosis. BMI follows a similar trend, with
diabetes risk rising as BMI increases; however, the effect
plateaus at higher BMI values, suggesting diminishing
returns in its influence. Age has a moderate but steady
impact, with predictions gradually increasing as age
advances, reinforcing established medical insights.
Figure 7 presents the Partial Dependence Plot (PDP)
for Glucose, illustrating how the number of pregnancies
influences diabetes risk.

Fig. 7: PDP for Glucose

ALE

Accumulated Local Effects (ALE) plots provide an
alternative to Partial Dependence Plots (PDPs), offering
an alternative to representation of how individual
features influence model predictions while adjusting for
the local distribution of feature values. Unlike PDPs,
which assume feature independence, ALE accounts for
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correlations, making it a more reliable tool for interpreting
feature importance in complex models. As shown in
The compactness of ALE is 0.4123 for both CatBoost
and XGBoost, indicating that ALE maintains a slightly
more concise representation compared to PDPs. The
Feature Stability metric is 0.0048, suggesting that minor
variations in feature values have minimal impact on ALE
estimates. Fidelity scores of 0.5621 (CatBoost) and 0.5548
(XGBoost) reflect moderate alignment between ALE and
the model's actual predictions, while Locality Preservation
remains high at 0.8854, indicating that ALE effectively
captures localized feature effects. Monotonicity is 0.4716,
signifying a generally consistent but slightly variable trend
in feature influence, while Sparsity is 0.0, meaning ALE
does not inherently focus on a subset of features. Lastly,
the Stability metric of 0.0685 across both models suggests
relatively consistent outputs across different iterations.

In this analysis, Glucose and BMI once again emerge as
dominant factors, with strong Accumulated Local Effects
(ALE) values reinforcing their significant impact on
diabetes risk. The ALE plot for Glucose (Figure 8) shows
a consistent positive effect across its range, indicating that
as glucose levels increase, the likelihood of diabetes also
rises. Meanwhile, BMI and Age exhibit relatively smaller
but still noticeable effects, aligning with their roles as
secondary yet influential predictors. The differences
between the ALE and PDP results highlight nuanced
interactions within the data, suggesting that feature
dependencies may influence the model's predictions. These
insights could guide further investigation into how feature
interactions shape the model's decision-making process.
These visualizations offer a comprehensive view of how
feature importance varies locally, further enhancing the
model's interpretability.

Fig. 8: ALE for Glucose
CONCLUSION

This study highlights the critical role of Explainable
Al (XAI) in making machine learning models for the
prediction of diabetes more transparent, interpretable, and
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trustworthy. Using multiple interpretability techniques,
including SHAP, LIME, ELI5, PDP, ALE, and CEM, we
gain a comprehensive understanding of the contributions
of the features and the behavior of the model. Across
all the methods, Glucose, BMI, and Age consistently
emerge as the strongest predictors, reinforcing their well-
established importance in the assessment of diabetes risk.
Global methods, such as SHAP summary plots and ELIS,
provide an overarching view of feature influence, while
local techniques, like LIME and SHAP force plots, explain
individual predictions. CEM adds a unique perspective by
identifying the minimal feature changes needed to alter
a prediction, offering actionable insights that can guide
personalized patient interventions. For example, it can
determine how small adjustments in glucose or BMI levels
could shift a classification from Diabetes to No Diabetes,
making it particularly useful in clinical decision making.
Further underscored is the significance of model selection
in predictive healthcare applications by the comparison
between XGBoost and CatBoost. CatBoost's superior
accuracy (75.3%) depicts superior handling of complex
feature interactions, even though strong predictive
capabilities are demonstrated by both the models. The
need for models that align with medical knowledge and
interpretability standards, along with delivering high
accuracy, is reinforced by this. This analysis ultimately
shows how XAAI bridges the gap between complex model
predictions and real-world decision-making, empowering
both clinicians and data scientists alike to make informed,
transparent and actionable decisions. Integration of these
insights into healthcare can enable us to move towards
more reliable and efficient Al-driven solutions for the
management and prediction of diseases.

FUTURE SCOPE

The future of diabetes diagnosis and management lies
in the seamless integration of predictive models into
real-time Clinical Decision Support Systems (CDSS),
enabling healthcare providers to receive personalized
risk assessments, early warnings, and tailored treatment
recommendations directly linked to patient records. This
would promote timely, data-driven decisions and improve
the overall quality of care. To ensure robustness and
fairness, it is essential that these models are validated
across diverse populations encompassing various regions,
ethnicities, age groups, and socio-economic backgrounds,
enhancing their generalizability and global applicability.
Future work should also explore the incorporation of
longitudinal and multi-modal data, including continuous
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glucose monitoring, wearable devices, genetic information,
and lifestyle data. Such integration would support time-
series analysis, allowing the models to track disease
progression, predict complications, and shift diabetes care
towards preventive, proactive management. Additionally,
as Explainable Al (XAI) techniques advance, optimizing
models using interpretability insights-such as those from
contrastive explanations and human-in-the-loop systems-
will enhance transparency and clinical trust. Finally, real-
world deployment requires collaboration with healthcare
institutions and regulatory authorities to ensure compliance
with medical Al standards, address ethical concerns, and
safeguard data privacy, ultimately supporting safe and
effective clinical adoption.
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Predicting the stock market is a difficult problem, largely due to the volatility and non-periodic nature of financial
data. Models based on deep learning — Recurrent Neural Networks (RNN), Long Short-Term Memory (LSTM), Gated
Recurrent Unit (GRU), Transformers and variational autoencoders (VAE) — have proven their potential to capture
temporal dependencies in data composed of aligned time-series relevant to finance. In this study, the performance
of these models on stock price data of five pharmaceutical companies has been compared, namely Cipla, Glenmark
Pharmaceuticals, Pfizer, Sun Pharmaceuticals and Merck, on the basis of Mean Squared Error (MSE), Mean Absolute
Error (MAE) and R? score. The results show that GRU has the lowest mean square error (MSE) (0.012), mean absolute
error (MAE) (0.024) and (R?) (0.93) among all models, which suggests that it is the most effective model for predicting
stock prices shortly. On the other hand, Transformer models had a higher error rate (MSE: 0.056, R*: 0.67), indicating
a poor performance in capturing short-term price movements. The results underscore the efficiency offered by GRU for
financial forecasting, and future work will involve investigating the application of hybrid GRU-Transformer models to
further improve predictive accuracy.

KEYWORDS : Stock market prediction, Deep learning, GRU, LSTM, Transformer, Time-series forecasting, Real-world
Financial data.

INTRODUCTION

he increasing attention given to researchers on stock

market prediction is based on the advances in machine
learning (ML) techniques, primarily because traditional
statistical models fail to handle the complexities of
financial data. Classical approaches such as Autoregressive
Integrated Moving Average (ARIMA) and Generalized
Autoregressive Conditional Heteroskedasticity (GARCH)

Although RNNs introduced improvements over statistical
models, they were notorious for suffering from the
vanishing gradient problem, which prevents learning long-
term dependencies over financial time series [4]. Advances
in neural networks addressed all these challenges and
greatly improved prediction accuracy. LSTM networks
were established to overcome these weaknesses by utilizing
different mechanisms in which gating has been used to
retain important information over long periods of time [5]

have been widely applied for financial forecasting.
However, such methodologies suffer from a weakness in
capturing the highly volatile and nonlinear dependencies
contained within the movements of stock prices [1][2].
So, the practice now is slowly drifting towards ML-based
approaches that are better suited for modeling the complex
relationships found in time-series data [3].

One of the first deep learning models used in the related
applications was the Recurrent Neural Network (RNN).
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[6]. Gated Recurrent Units (GRUs) have also emerged as a
computationally more efficient alternative to LSTMs with
comparable performance but fewer parameters and faster
training times [7][8].

Recent years have witnessed Transformer models coming
into prominence in financial time-series forecasting.
Unlike the RNNs that process sequences serially, the
Transformers use self-attention mechanisms that facilitate
parallelized computations and enhance both efficiency
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and predictive performance [9]. Variants such as BERT
do better in terms of stock market prediction accuracy as
compared with RNN, LSTM, and GRU-based models and
present a better trade-off between precision and execution
time [10, 11]. These developments reflect the growing
role of deep learning in financial markets, where larger
datasets and more sophisticated algorithms continue to
drive improvements in predictive accuracy [12].

LITERATURE ANALYSIS

Stock market prediction has gained much focus from
researchers with technological advances in machine
learning (ML), especially since standard statistical models
are ineffective to capture the complexity of the financial
data. Conventionally, models like ARIMA and GARCH
have been considered the workhorses for financial
predictions. However, these techniques cannot capture
highly volatile and nonlinear dependencies of the price
movements of stocksl. There is an increasing trend to
adopt ML-based methods that allow better capture of
complex dynamics incorporated into time-series data [3].

The Recurrent Neural Network (RNN) was one of the
very early deep learning models used to forecast the
stock market. Although the RNNs provided similar
variations from the proper statistical models, they were
affected by the vanishing gradient problem, causing the
long-term dependencies to be prominent in financial
time-series data [4]. Neural networks overcome these
challenges significantly increasing the accuracy of
predictions. To address these drawbacks, Long Short-
Term Memory (LSTM) networks were introduced as those
establish specific gate mechanisms to preserve information
over a large time interval [5]. Similarly, GRUs provided
a more computationally efficient way than LSTMs with
equivalent performance on fewer parameters and shorter
training times [6].

Transformer models have emerged in the literature,
in the last years, for financial time-series forecasting.
In contrast with RNNs, which analyze sequences one
by one, Transformers use self-attention mechanisms
that enable parallelized computations, thus improving
efficiency and predictive capacity [9]. Bidirectional
Encoder Representations from Transformers (BERT) and
its variants achieved an accuracy higher than the widely-
used RNN-, LSTM-, and GRU-based models for stock
market predictions, promising a better trade-off between
accuracy and execution time [10]. news articles [12], and
therefore these innovations suggest how deep learning
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is becoming more commonplace in financial markets
as increasing datasets, and evolving algorithms, lead to
growing predictive accuracy.

METHODOLOGY

The approach in this work is developed within a clear
pipeline that includes data acquisition, preprocessing,
model selection, training and eventual evaluation. The
dataset contains the historical stock prices of Cipla,
Sun Pharmaceuticals, Pfizer, Merck and Glenmark
Pharmaceuticals, companies that are frequently examined
in financial forecasting studies because of their relevance
to the market. Data Preprocessing consists of MinMax
scaling for normalization, outlier detection and missing
value imputation by a linear interpolation method, which
are known to increase the stability and accuracy of deep
learning forecasting models for time-series data [13]. We
split our data to train and test, so that we have a robust
evaluation and do not overfit. The Loss function of RNN
is depicted in equation (1), y© is the ground truth one-hot
vector for class ¢ at time step t and §© is the predicted
probability for class ccc at time step t, C is the number of
output classes.

L=-3¥T_, ¢ 7.

7 1og )

The study proposes and compares four deep learning-
based regression models Recurrent Neural Networks
(RNNs), Long Short-Term Memory (LSTM), Gated
Recurrent Units (GRU) and Transformers. RNNs are
capable of modeling sequential dependencies but cannot
retain long-term memory due to the problems of vanishing
gradients. This limitation is relaxed by LSTM and GRU
through the introduction of gating mechanisms that
better preserve historical trends while GRUs provide a
computationally efficient alternative [14]. They were a
breakthrough: by using self-attention, Transformer-based
models dispense with recurrence, are adept at capturing
long-range dependencies, and allow for parallelization,
thus, their suitability for huge stock market datasets. These
models are trained with MSE as loss function and Adam
optimizer with the most common used method in financial
forecasting which tends to improve both convergence rates
and prediction accuracy. The Loss function for LSTM
is expressed in equation (2) and regression tasks, Mean
Squared Error (3) is often used, Where y, is the actual
output at time t and §, is the predicted output.

L= 'Z{:l E=1 yr(cjlog ?EC} )
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For assessing model performance, the study utilizes Mean
Squared Error (MSE), Mean Absolute Error (MAE),
Root Mean Squared Error (RMSE), and R-Squared (R?)
Score; a holistic evaluation of predictive ability. The use
of LSTMs and GRUs have shown good performance
on sequential forecasting, while transformers showed
generalization performance under volatile conditions
[15]. The pharmaceutical industry is volatile in nature;
therefore, the comparative efficiency of these models
would be useful to select the suitable forecasting
techniques for investment decisions in the stock market.
Loss functions for GRU is expressed in equation (4) and
regression of GRU is expressed in equation(5)

L= 'E‘{:l E=1 }'t(c)lc'g j}t{cl (4)

1 .
L=;E§=1 e — ¥8)° )

Thus, the following steps proposed in this paper will
allow for a more structured and replicable methodology
for predicting stock market movement using deep
learning. Maximising the efficiency and accuracy of the
model suggests a potential area for future research to
conduct hybrid models, merging LSTMs with attention
mechanisms or including additional financial predictors,
such as macroeconomic trends and investor sentiment
analysis. Mean Squared Error Loss for Transformer is
depicted in equation (6)
1 .
Lyse = ;Z?q i — 7)? ©)

Dataset Description

This study looks at how selected pharmaceutical companies'
stocks have performed by looking at their past stock
prices and trading amounts. It includes market data from
companies like Merck, Cipla, Glenmark Pharmaceuticals,
Pfizer, and Sun Pharmaceuticals over several years to spot
key patterns and changes in stock movements.

Table 1. shows important stats like the total number of
days stocks were traded, the average closing price, and
how much the price typically varies for each company.
The 'count' tells us how many trading days were included,
while the 'mean' shows the usual closing price during the
time, giving us a view of the company’s market value over
time. The 'std' (standard deviation) shows how wildly
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stock prices changed from their average, pointing out the
riskiness and unstable nature of the stock prices.

From Table 1. We see that some companies show steadier
price trends, while others have bigger ups and downs.
A bigger standard deviation means more price swings,
pointing to more risk or reaction to market shifts. These
stats help us look closer at trends, setting the stage for
predicting stock changes.

Table 1 : Metric Values of Each Dataset

Metric Merck Cipla Glenmark | Pfizer Sun
Pharma Pharma
Count 1006 990 990 1006 991
Mean 93.71 1115.59 748.92 34.71 1092.55
Price
Std. Dev. 19.47 252.63 405.07 7.26 381.79

Data Preprocessing

Before performing any in-depth analysis, it is essential to
standardize the data to ensure accurate and meaningful
comparisons. Since stock prices vary widely across
different companies, unprocessed data could lead to
misleading results. To address this, we apply a min-max
scaling technique[16], a common normalization method
that ensures all stock price values fall within the same
range, preventing any single stock from disproportionately
influencing the analysis.

The min-max scaling formula, as shown in Equation [7],
transforms each stock's closing price into a standardized
range by adjusting values relative to the minimum and
maximum stock prices recorded in the dataset. The
transformation follows the equation:

()

By implementing this scaling method, we ensure that
stock prices across different companies are analyzed
on a comparable scale. This allows for a more balanced
interpretation of stock trends and volatility, enabling
meaningful comparisons and accurate pattern recognition
in subsequent analyses.

REGRESSION METHODS

Regression models are applied to stock market prediction
by modeling past financial data to forecast future price
movements. The deep in this case refers to Recurrent Neural
Networks (RNNs), Long ShortTerm Memory (LSTM),
Gated Recurrent Units (GRU), and Transformers, which
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were used in regression approaches showed better results
than classical statistical models in terms of prediction
accuracy. Although RNNs are effective in capturing
sequential dependencies, they are vulnerable to vanishing
gradients; therefore, their long-range predictability is
relatively reduced. This limitation is resolved by the use
of architectures that incorporate a gating mechanism;
LSTM and GRU retain the long-range dependency, while
the GRU is more computationally efficient due to its
simplicity in architecture than LSTM [17].

Recent studies demonstrate that LSTMs tend to perform
better than GRUs in financial forecasting, especially
in volatile market conditions, owing to their better at
capturing complex temporal dynamics [ 18]. But, while they
provide the same accuracy, they train much faster as well,
making them a better option for high-frequency trading.
Self-attention mechanisms, as used in transformer-based
models, have shown great promise as a model for stock
market prediction because of their great scalability and
reduced training time compared to recurrence-based
models. Although Transformers are good at long-term
trends forecasting, they heavily rely on dataset size and
complexity, where smaller datasets are known to favour
LSTM and GRU-based models [19].

The choice of a regression model will depend on data
sizes and prediction timeframe, as well as computational
efficiency. Research is also exploring improved predictive
performance with hybrid models that contain integrated
Long Short-Term Memory (LSTM) with attention
mechanisms. Particularly in the last few years, the results
of this inquiry are promising [18]. As the needs of modern
stock market prediction increasingly require the most up-
to-date technology to analyze financial times series data,
deep learning is becoming more relevant in the predictive
model.

Evaluation Metrics

Studying stock price prediction with deep learning
is significant which could be done by quantitative
measurement, in which these measurements are classified
as: Most Common Squared Error (MSE), Mean Absolute
Error (MAE), Root Mean Squared Error (RMSE) and
R-Squared (R?) Score. EPSG aims to be generic in stock
predictions and is based on the fact that the lower the error
between the measures predicted-observed stock rate, the
higher the effectiveness of our forecasting. However, as
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shown in Equation (1), due to the large errors it causes,
MSE, which is the most broadly utilized criterion, is
discrete for large errors and more reliable than for small
errors, thus making it ideal when it comes to stock market
forecast. Consequently, when it comes to estimating
the level of error magnitude, use of RMSE is far more
common, because it provides a consistently interpretable
scale for error magnitude.

MAE describes absolute average error which makes
it interpretive of prediction accuracy - the losses do not
overwhelm the score proportionally and is most useful for
a financial time-series forecasting. The R? score measures
the proportion of variance in stock prices accounted for by
the model. A score closer to 1 indicates better predictive
ability. The reason for this is that models including both
RMSE and R? portray an accurate view regarding the
correctness, but also the credibility of the results, because
RMSE captures the mistakes in predictions made by the
model and R? measure the explanatory capability.

Recently, deep learner models such as LSTM and GRU
are beating traditional statistical methods in financial
forecasting based on this metrics. Transformer, which is
assuming more significance now as it captures long-term
dependency more efficiently, but the performance varies
on the characteristics of the dataset. These evaluation
metrics offer a common framework which ensures that the
predictive models are robust and reliable enough to be
used for real financial applications by comparing various
models.

RESULTS AND DISCUSSION

The results are showing differences in performance for
each model (Recurrent Neural Network (RNN), Long
Short-Term Memory (LSTM), Gated Recurrent Units
(GRU) and Transformer) for five various pharmaceutical
stocks (Cipla, Glenmark Pharmaceuticals, Pfizer, Sun
Pharmaceuticals and Merck). Some of the metrics that are
being considered: MSE, MAE, RMSE, R? score, etc.

As shown in Table 2. GRU outperforms all other models,
giving the lowest MSE, MAE, and RMSE values,
respectively, with the highest scores for R2 form. It
indicates that GRU's simpler gating structure works well
in learning the temporal dependencies between stock
price movements without overfitting and incurring
computational costs.

The results on all four used datasets are mentioned further
in this section. Cipla: The GRU model outperforms the
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RNN (0.00047 MSE) and LSTM (0.00057 MSE) with
an MSE of 0.0004, MAE of 0.01438, and RMSE of
0.01997. Its higher R? score (0.99412) confirms the better
prediction power. Fig 1. shows the GRU prediction for the
Cipla Dataset.

Glenmark Pharmaceuticals: Again GRU performed the
best with 0.00019, 0.00916, 0.01377 MAE RMSE,
against 0.0003 for LSTM and 0.00022 for RNN. The R?
score is 0.99757 which means that the performance is
near the optimal. Fig 2. shows the GRU prediction for the
Glenmark Dataset.

Pfizer: GRU 1is the best option for MSE=0.00068,
MAE=0.0199, and RMSE=0.0199. 1t is slightly better
than LSTM with MSE=0.00068 and much better than
Transformer with MSE=0.00187. Although we have a
high 12 score of 0.98944 indicating strong predictability.
Fig 3. shows the GRU prediction for the Pfizer Dataset.

Sun Pharmaceuticals: GRU is the best model with
the  lowest MSE(0.00016), MAE(0.00905), and
RMSE(0.01271). The 0.99777 R? score also confirms
the effectiveness of the model and enables better price
prediction for the Sun Pharmaceuticals stock. Fig 4. shows
the GRU prediction for the Sun Pharmaceuticals Dataset.

Merck: GRU far outperforms the rest of the models (MSE
0.00048) and LSTM (MSE 0.00072) with an MSE of
0.00047, MAE 0.01564, and RMSE 0.02164 With the
highest R? score (0.99344) indicates its performance. Fig
5. shows the GRU prediction for the Merck Dataset.

The main reason for GRU's fast processing over sequential
data is due to the procedure of eliminating the vanishing
function, which is used in case of traditional RNNs [22].

GRU Prediction for Cipla Dataset

Fig. 1: GRU Prediction for Cipla Dataset
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Fig. 2: GRU Prediction for Glenmark Pharma Data Set

Fig. 3: GRU Prediction for Pfizer Dataset

Fig. 4: GRU Prediction for Sun Pharmaceuticals

Fig. 5: GRU Prediction for Merck Dataset
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GRU has fewer parameters relative to LSTM as making
it computationally effective with similar accurately
prediction. Moreover, Transformer-based models,
although they achieved state-of-the-art results for
most natural language processing (NLP) tasks, don't seem
to be performing well on financial time-series data, more
likely for over-relying on self-attention mechanisms that
are not sufficient in capturing short-term dynamics in stock
price movements. A recent study found that transformers
outperform long-term forecasting but struggles in volatile
markets, which they need hybrid architectures to improve
performance in this field.

Table 2 : Performance Comparison of Deep Learning
Models on Stock Market Prediction Across Different
Company Datasets

CONCLUSION

Stocks are very dynamic and are slowly forming the
base of the modern world economy. When working
with pharmaceutical companies’ data, due to various
parameters involved and its dynamic nature, it is tough
to visualise future trends manually, thus feeling the need
to explore ML methodologies. There are some methods
that works well with time series data, and this study
presents a detailed analysis of four such deep learning
models, namely RNN, LSTM, GRU, and Transformer—
for predicting the stock price of the following five
major pharmaceutical companies: Cipla, Glenmark
Pharmaceuticals, Pfizer, Sun Pharmaceuticals, and Merck.
Experimental results clearly state that GRU has surpassed
RNN, LSTM, and Transformer in all five pharmaceutical
stocks by attaining the lowest error values and highest
predictive accuracy. GRU achieved the best figure for
Glenmark Pharmaceuticals with an MSE of 0.00019,
MAE of 0.00916, RMSE of 0.01377, and an R2 score
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of 0.99757. This confirms its unrivaled ability to track
stock price movements. For Sun Pharmaceuticals, GRU
achieved an MSE of 0.00016, MAE of 0.00905, RMSE
of 0.01271 and an R2 score of 0.99777, which was the
best effective model for the financial market. Furthermore,
the lowest overall error rates and highest R? scores across
all datasets confirm GRU as the model with boundless
capabilities in solving temporal dependencies without
yielding to overfitting and incurring high computational
costs. On the contrary, long-term Transformers were
efficient in forecasting data but met their shortcomings
with short-term price changes. Hence, this study observes
GRU to be the most trustworthy and cost effective model
for stock price forecasting.
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ABSTRACT

10T devices have been used quite widely on various smart applications like smart city, healthcare, and Industry. As loT
devices hold minimal computing power and not able to process huge amounts of data, despite the benefits of [oT, it also
holds inherent demerits such as latency, bandwidth constraint, reliability issues, and security threats. Edge computing
mitigates the following disadvantages by locally processing the data and implemented for this much larger sensors data
processing on cloud. The Edge will handle the data nearer to where it is being generated so that processing can be sped
up and latency can be avoided, once again in Edge Computing numerous anomalies in data generation are caused by the
growing heterogeneity and complexity of edge devices because of their limitations. Anomaly detection is an important
job in edge computing systems, where detection of unusual or deviant data patterns is necessary to maintain system
security and reliability. A novel Deep Fuzzy Hypersphere neural network learning model (DFHNNLM) is introduced in
this paper for efficient anomaly detection in edge computing activities. The introduced method surpasses existing state-
of-the-art for anomaly detection with available deep learning methods. Proposed model can be applied to any anomaly
dataset such as ECG5000. Based on the experimental results, the DFHNNLM performs better than deep learning and
traditional machine learning approaches in anomaly detection. The primary aim is to provide a comprehensive overview

of the current research trend and discover future research directions within this important area.

KEYWORDS : Network anomalies, Deep neural network, Fuzzy logic, Internet of things, Edge computing.

INTRODUCTION

he growing complexity and rate of network attacks

require strong and effective anomaly detection
systems, especially at the network perimeter where
resources are limited [5]. Conventional intrusion detection
systems and anomaly detection systems serve crucial
functions in protecting computer networks through the
detection of malicious behavior [6]. Anomaly detection
plays an important role in guaranteeing security in wireless
sensor networks that are vulnerable to many threats that
can cause nodes to be compromised and produce faulty
data, requiring detection of such anomalies to limit false
alarms [7]. Centralized anomaly detection, where all
measurement data are sent to a central processing center, is
limited in wireless sensor networks due to expensive data
communication [8]. Therefore, more and more attention is
being given to algorithms that can automatically recognize
patterns, events, or unusual system activity [8]. In addition,
in many application areas, such as energy, healthcare,
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security, finance, and robotics, one must analyze and watch
collected data to determine anomalous behavior that can
be used to inform future decisions and actions [2]. Since
the traditional network anomaly detection methods are
mostly based on the network layer, there are adjustments
or new methods to be implemented for wireless sensor
networks, especially data on the application layer [9].
Recent developments in machine learning and deep
learning have had a major impact on anomaly detection,
with most works concentrating on supervised learning
algorithms that depend quite heavily on large labeled
training datasets. Yet, it may be challenging or costly to
get labels using domain knowledge and significant time

[2].
Deep learning

Deep learning has become a crucial method for detecting
anomalies, providing new ways of detecting deviations
from normal patterns of data [10]. Deep learning models,
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artificial neural networks specifically, have proven to be
useful in improving the results of traditional methods
[11]. The data quality gathered by sensor nodes may
be influenced by anomalies due to node faults, reading
faults, abnormal events, and malicious attacks, thereby
anomaly detection must be done for guaranteeing data
quality before making decisions [9]. Anomaly detection
is used to pinpoint data samples that are far from typical,
and it has applications in a wide range of fields including
fraud detection, intrusion detection, and fault diagnosis
[1], [12]. Anomaly detection involves the identification
of observations that are far from most data, which points
to doubt in their occurrence by means of errors or fraud
[1]. The primary objective of anomaly detection is to
identify these abnormal patterns correctly, so appropriate
intervention and mitigation actions can be taken in a timely
manner [2]. Methods like machine learning are widely
used to obtain high detection rates and accurate results,
with feature selection methods being of great assistance
in creating effective machine learning-based anomaly
detection tools [13].

Anomaly detection

Anomaly detection is divided into three main approaches:
statistical, machine learning, and deep learning [14].
Deep learning is particularly good at finding sophisticated
patterns in data with neural networks and is applied to
tasks like anomaly detection. Numerous researchers have
used deep learning to identify abnormalities in images
due to the widespread use of deep neural networks,
which have yielded unprecedented performance in many
applications [15]. The use of deep learning methods has
spread widely to various domains, such as computer
vision and natural language processing, improving video
anomaly detection with better insights [16]. Anomaly
detection is often applied in time series data due to the
richness of multivariate time series data in real life [17].
With the rise in demand for real-time anomaly detection,
intelligent, robust, and computationally light models that
can cope with the inevitability of flaws are in demand.
Most conventional approaches to time series anomaly
detection lack the efficiency required for today's purposes.
The necessity of coping with real-time processing,
flexibility, and resilience has spurred the investigation of
sophisticated machine learning and deep learning methods

LITERATURE ANALYSIS

Conventional anomaly detection techniques tend to fail to
capture the intricate data relationships, particularly when

www.ijteonline.in

Vol. 49  Special Issue

No. 2

Jadhav and Kulkarni

the amount of data is large [18]. Deep learning algorithms,
with their ability to learn automatically complex features
from raw data, have demonstrated better performance in
anomaly detection for various applications [19]. Deep
learning methods are used for anomaly detection, and
modern deep neural architectures are widely used for
anomaly detection and healthcare prediction [3]. The self-
learning features and adaptability of anomaly detection
systems based on artificial intelligence will enhance
anomaly detection through the detection of novel attack
patterns without requiring extensive retraining [20]. The
development of anomaly detection systems continues to
incorporate advanced deep learning algorithms to improve
detection efficiency and precision. The characteristics of
time series data are essential in choosing the right strategy
for designing an effective anomaly detector [3][39].

The anomaly detection task for time series data is to find
out if the present day's data points significantly differ from
the regular trends obtained from past data [21]. Deep
learning has introduced the possibility of developing more
advanced anomaly detection mechanisms, especially for
time series data. Deep learning algorithms have proved
significantly successful in handling time series data, which
finds special application in anomaly detection [3]. Deep
learning exhibits great benefits in processing intricate
data patterns, facilitating automated feature extraction
and accuracy of detection [22]. Consequently, techniques
in deep learning have been effectively employed in
medical anomaly detection with the formulation of
numerous research papers utilizing deep machine learning
architectures [23]. Time series anomaly detection is a
critical area that entails detecting abnormal events or
outliers in data gathered over time [24].

The popularity increase of anomaly detection for time series
is due to its relevance in many industrial situations, such
as faulty sensor detection, financial fraud transactions, and
medical data anomalies [22]. Time series anomalies may
signal abnormal events, system failure, or odd behavior,
making it essential to timely detect them. LSTM networks
have been used to build a predictive model for normal
ECG signals [3]. When given normal data, the LSTM can
learn well and accommodate the system's normal behavior
[25]. LSTM networks eliminate the necessity for a pre-
defined time window and are capable of modeling complex
multivariate sequences [3]. Time series anomaly detection
is vital in ensuring the reliability and efficiency of systems
by detecting anomalies and solving them early on.
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METHODOLOGY

Here we present the methodology of edge-based anomaly
detection, and the design and implementation of our system
are presented. The main aim of the proposed method is to
effectively identify anomalies in network traffic at the edge
of the network with the help of deep learning models. The
deep neural network first learns the intricate patterns of the
data. Finally, the learned hidden layer representation from
this network is employed as input to conventional anomaly
detection algorithms [18]. The system is optimized for
low latency, bandwidth reduction, and data privacy, all
of which are important for edge computing scenarios.
By moving systems to more generally applicable
naive techniques with neural networks, which can be
highly optimized on parallel architectures like graphics
processing units in a very general sense, there is promise
to make such systems much simpler to implement, adapt
to new problem domains, and execute taking advantage of
economies of scale in computing capabilities and model
primitive optimization [26][38].

Suggested Model for Anomaly detection

The model suggested here uses a multi-layer model to
detect anomalies in real time from edge device data. A
deep learning-based model is employed for labeling inputs
as anoma-lous or not, and particular layers are used for a
specific function in the detection.

Edge Layer (loT Based Data Acquisition & Preprocessing):
The layer consists of edge devices and 10T sensors that
capture and preprocess real-time physiologic data like
ECG, pulse, and temperature. Noise is eliminated by edge
devices and minimal computation is carried out before they
send structured data to the edge server, which aggregates
inputs and sends them to the processing layer. This setup
reduces cloud load, eliminates redundant data, and enables
low-latency, real-time monitoring [31-32].

Cloud Layer (Deep Learning & Anomaly Classification):
This layer uses the Deep Fuzzy Hypersphere Neural
Network (DFHNN) to classify sensor readings into
anomalous or normal. Based on fuzzy logic and deep
learning, the model also discriminates among anomalies
as contextual, point, and collective.

1. Contextual Anomaly: Anomalies that are atypical in
certain contexts but need not always be outliers.

2. Point Anomaly: It contains a data point that is outside
the average.

www.ijteonline.in

\Vol. 49  Special Issue

No. 2

Jadhav and Kulkarni

3. Collective Anomaly: A group of data points signifies
an issue as a whole.

Fig. 1. Proposed Model for Anomaly detection
Deep Fuzzy Hypersphere Neural Network (DFHNN)

Architecture of DFHNN learning model is illustrated and
described in section below and step by step algorithm is
also provided.

Architecture of DFHNN learning model

A DFHNN is a type of neural network model that utilizes
fuzzy logic to manage classification vagueness and uses
hyperspheres to represent clusters in high-dimensional
space. In the event of uncertainly separable data points, it
is especially beneficial [38] [39]. DFHNN learning model
structure is depicted in Fig. 2.

Fig. 2. Architecture of DFHNN learning model

The architecture is comprised of five layers which are
generally explained as follows.

a) Input Layer (Layer 1): The input layer is comprised
of input neurons labeled as 1 to n. This neuron is fed
with anomalous or non-anomalous input data from
sensors and it is passed to the next layer.

b) Hidden Layer 1 (Second Layer): Second layer is the
first hidden-layer which is formed in order to create
the two clusters normal (Non-anomalous) & ab-
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normal (anomalous). We conduct the recall test and
subsequently go for the next hidden layer since first
hidden layer doesn't provide the efficiency of 100%.

Hidden layer 2 (Third Layer): Here, we develop
the fuzzy hy-perspheres (FHS) using the suggested
algorithm where the radius is set to the true distance
of the centroid with other class pattern. This layer
gives the true number of FHS that will be developed
for DFHNN.

Hidden Layer 3 (Fourth Layer): This layer is the
continuation of hidden lay-er 2, where actual radios
is allocated to FHS. This layer will assist in im-
proving the generalization efficiency by minimizing
the pattern space.

d)

e)
The Output layer is nothing but class-layer which includes
two neurons, one for anomalous and other for Normal
output [39].

Experimental Dataset

To deploy the suggested model, ECG 5000 dataset
have been utilized in this research paper to validate the
efficiency of model. The ECG5000 data includes ECG
signals recorded from an assortment of 5,000 recordings,
each recording a 2.5-second ECG signal with sampling
frequency 125 Hz. Data has 5 different types of heart
disease or arrhythmias. This database is mainly utilized
for supervised learning tasks such as classification of ECG
signals into different classes depending on the type of
arrhythmia or the presence of other heart ailments [37].
This database consists of a total of 5000 samples with 140
attributes, 500 of which will be employed for training and
4500 are employed for testing [38].

RESULTS AND DISCUSSION

The existing results proposed by researchers are compared
with  proposed DFHNN learning algorithm [2] [39].
The comparison of results between proposed model and
existing models is given in Table I.

Output layer (Final Layer):

Table 1. Comparison of Results Between Proposed Model
and Existing Models

Model Accuracy | Recall | Precision F1-Score
Proposed 0.975 0.965 0.993 0.979
DFHNN

Hierarchical 0.955 0.946 0.958 0.946
Spectral 0.958 0.951 0.947 0.947
VAE 0.952 0.925 0.984 0.954
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AE-Without- 0.97 0.955 0.988 0.971
Attention
CAT-AE 0.972 0.956 0.992 0.974
The research methodology comprises conducting

statistical analysis to determine the effectiveness and
efficiency of deep learning techniques in detecting
network anomalies in edge computing systems. During the
statistical analysis phase, an online survey was conducted
to analyze the suitability and impact of implementing deep
learning models for identifying network anomalies in
edge computing systems. The feedback from the surveys
was collected from various stakeholders, including IT
specialists, network administrators, and researchers,
through a specially designed questionnaire. Questions
on the survey were designed to measure the perceived
significance, implementation difficulties, and benefits of
deep learning approaches to network anomaly detection
for edge-based systems. Statistical tests such as the Chi-
square test were used after collecting the replies to ascertain
the differences among population groups. IBM Statistical
Package for the Social Sciences (SPSS) was used to carry
out the Chi-square test, test hypotheses, and analyze data.
In addition, correlation analysis was performed to explore
the relationships among significant variables including
anomaly detection, system performance, and deployment
complexity.

Here is a sample of the same structure, coded to "Detecting
Network Anomalies in the Edge Computing System using
Deep Learning Techniques," technical and stakeholder-
based measures:

In the survey, some of the key indicators are used to
achieve the research objective and will serve as decision-
making criteria for the system's acceptability to various
stakeholders:

Efficiency

Efficiency assesses the degree to which the deep learning
model identifies network anomalies in edge computing
with minimal resource usage. It emphasizes high detection
accuracy while reducing computational load and energy
consumption on edge devices.

Feasibility

Feasibility determines if the suggested deep learning
method for network anomaly detection in edge computing
can be done with the hardware, data availability, and
computational resources available today. It makes sure the

model will be able to run effectively on limited-resource
edge devices.
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Response Time (Latency)

Response time (latency) describes the speed at which
the deep learning model can identify and respond to
network anomalies in an edge computing setup. Reduced
latency guarantees real-time or near-real-time detection
of anomalies, which is essential for sustaining system
performance and security.

Throughput (Performance)

Throughput quantifies the amount of network data packets
or logs that the system can process per second. High
throughput means that the deep learning model can handle
processing and analyzing data at the edge in real-time.

Accuracy

Accuracy measures how correctly the deep learning model
identifies network anomalies versus normal behavior in an
edge computing system. High accuracy ensures reliable
detection with minimal false positives and false negatives.
Optimality

Optimality is a measure of how efficiently the deep
learning model compromises between accuracy, resource
consumption, and latency while performing network
anomaly detection in edge computing. An optimal solution
provides high performance without overwhelming edge
devices or sacrificing detection quality.

The data samples were collected through two well-
delineated questionnaires, where:

Questionnaire | was designed for IT specialists and
network users, focusing on their trust, experience, and
attitudes in relation to anomaly detection at the edge, such
as response time, precision, and data privacy.
Questionnaire Il was designed for system implementers,
developers, and network administrators to evaluate
the technical usability, integration capability, resource
management, and performance of learning deep models
implemented for network abnormality identification in
edge computing.

Hypotheses Testing

Through the response given by the stakeholders on various
key indicators, the hypothesis is examined utilizing chi-
square test.

Test Statistic 1 - Chi-square test is conducted with 1 degree
of freedom at 5% level of Significance.

Hypothesis 1 (H1): Is the Deep Fuzzy Hypersphere Neural
Network Learning Model (DFHNNLM) a good deep
learning model or not to recognize anomalies in Edge
Computing environment?

Ho: Null Hypothesis: Below 70% of network administrators
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and system analysts opine that deep learning is imperative
for the effective identification of network anomalies in
edge computing settings. (Ho: p < 0.70).

Hi: Alternate Hypothesis: At least 70% of network
administrators and system analysts opine that deep
learning is imperative for the effective identification of

network anomalies in edge computing settings. (Hi: p >
0.70)

The value of the chi-square (y2) can be computed as is
2= X (fi-ei)"2/ ei

Where fi is the observed count and ei is the expected count
from Table II indicates a y* of 95.859, which is far greater
than 3.84, establishing that 92% of the experts agree
with deep learning for high availability in edge network
anomaly detection.

Table 2. Descriptive Statistics and Chi Square Test for
Efficiency

Test Statistic 2 - Chi-square test is used with 1 degree of
freedom at 5% level of Significance.

Hypothesis 2 (H2): Is it possible that suggested Deep
Fuzzy Hypersphere Neural network learning is possible
and optimal for any given Dataset

Ho: Less than 70% feel deep learning is necessary for
scalable, adaptable anomaly detection in edge computing
(p <0.70).

Hi: >70% of them opine that deep learning is critical to
scalable, adaptable anomaly detection in edge computing
(p>0.70).

One can calculate the chi-square (¥2) value as is
2= X (fi-ei)"2/ ei

Where fi is the observed count and ei is expected count.
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Table 3. Descriptive Statistics and Chi Square Test for
Feasibility

Table 3 presents a ¥ of 86.877, greater than 5% of 3.84,
resulting in the null hypothesis being rejected. Moreover,
92% of specialists concur that deep learning enhances
anomaly detection in edge computing.

Test Statistic 3 - Chi-square test at 1 degree of freedom at
5% level of Significance.

Hypothesis 3 (H3): Is the suggested model tuning-free,
fast, and capable of achieving global minima on various
training sets?

Ho: Less than 70% of professionals opine that deep
learning enhances response time in anomaly detection for
edge computing.

Hi: More than 70% of experts opine that deep learning
enhances anomaly detection response time in edge
computing.

The chi-square (y2) value can be calculated as is
x2=X (fi-ei)"2/ ei
Where fi is observed count and ei is expected count

Table 4. Descriptive Statistics and Chi Square Test for
Response Time

The y? statistic of 81.135 (>> 3.84) results in rejecting the
null hypothesis, and 86% of the experts believe in deep
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learning for enhanced anomaly detection response time in
edge computing.

Test Statistic 4 - Chi-square test (df = 1, a = 0.05) tests
whether the developed algorithm is a fast, efficient
classifier with immaculate training performance.

Ho: Less than 70% feel that deep learning enhances
anomaly detection execution time (throughput).

Hi: 70% and above agree deep learning enhances execution
time (throughput).

The chi-square (¥2) value may be computed as is
y2= X (fi-ei)"2/ ei
Where fi is the observed count and ei is the expected count

Table 5. Descriptive Statistics and Chi Square Test for
Throughput

The ¥? value of 70.239 (> 3.84) results in the rejection of
the null hypothesis; 82% of the experts opine that deep
learning improves anomaly detection execution time in
edge computing.

Test Statistic 5 - Chi-square test (df =1, a = 0.05) evaluates
whether the suggested model performs better on ECG5000
& NSL-KDD in precision, recall, and accuracy.

Ho: Less than 70% think that deep learning strengthens
anonymity in anomaly detection.

Hi: 70% or higher believe deep learning increases privacy
in anomaly detection.

The chi-square (32) value can be calculated as is
¥2= X (fi-ei)"2/ ei
Where fi is observed count and ei is expected count.

Table 6. Descriptive Statistics and Chi Square Test for
Accuracy
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> = 75.589 (> 3.84) results in rejecting the null; 84% of
the experts are of the opinion that deep learning provides
greater privacy in edge anomaly detection.

Test Statistic 6 - Chi-square test (df = 1, a = 0.05) verifies
that the model recommended is an ultimate solution for
anomaly detection in edge computing.

Ho: Less than 70% think deep learning provides robust
security in anomaly detection.

Hi: 70% or greater feel it offers strong security.

Table 7. Descriptive Statistics and CHI-Square Test for
Optimality

The ¥? score of 55.368 (> 3.84) results in the rejection
of the null; 77% of the experts opine that deep learning
provides robust security in edge anomaly detect.

CONCLUSION

The statistical analysis guarantees that deep learning
is a remarkably effective method for network anomaly
detection at the edge. Deep learning provides tremendous
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improvements in speed, accuracy, and security over
conventional methods. Deep learning allows for faster
detection and response by processing data near the source,
which is particularly essential for today's edge computing
environment. Finally, the research determines that deep
learning, aided by statistical verification, is an essential
building block for the development of effective and smart
edge-based anomaly detection systems.

The research shows that by adopting a statistical method
to compare deep learning-based anomaly detection at the
edge, there is definite proof of the efficacy of the same.
The strong survey endorsement and high chi-square
values by system analysts and network managers affirm
that deep learning models outperform traditional methods
in most prominent metrics like accuracy, precision, recall,
response time, and privacy.

By facilitating real-time analysis and decision-making
at the data source itself, edge deep learning minimizes
latency and bandwidth consumption while enhancing the
overall responsiveness of security systems. These models'
capability to learn and adapt to changing patterns assures
strong protection against a variety of network attacks.

In addition, the results indicate that most experts perceive
deep learning as a holistic solution for protecting edge
computing platforms. The convergence, statistically
confirmed, underlines the increasing confidence in Al-
powered approaches to critical infrastructure.
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ABSTRACT

The emergence of multimodal agentic Al systems represents a paradigm shift in the banking and finance sectors,
unlocking vast potential for automation, personalization, and enhanced decision-making. These systems integrate
multiple forms of data—text, voice, image, and sensor input—allowing Al agents to process complex, multi-
dimensional information in real-time. By leveraging machine learning, natural language processing, and advanced
analytics, multimodal agentic Al can perform tasks ranging from customer service interactions and fraud detection
to real-time risk assessment and financial forecasting. The agentic nature of these Al systems enables them to act
autonomously, offering operational efficiencies and enabling hyper-personalized customer experiences. However, their
integration also raises significant challenges regarding regulatory compliance, data security, and ethical considerations.
This abstract explores the transformative potential of multimodal agentic Al in the financial industry, discussing its
current applications, opportunities, challenges, and future directions for growth.

KEYWORDS : Advanced analytics, Automation, Banking, Finance industry, Multimodal agentic Al, Real-time
interaction, Risk-assessment.

INTRODUCTION making. For example, a single Al agent can analyze a
bank statement, answer a customer’s voice query, detect
suspicious activity based on behavioral patterns, and take
action to mitigate risk—all within one cohesive framework.
Their ability to learn, reason, and act proactively in real-

time makes them powerful allies for boosting operational

he financial sector is experiencing a sweeping
transformation, fueled by rapid advancements in Al
One of the most groundbreaking shifts is the emergence
of multimodal agentic Al—intelligent systems that can

process and interpret various types of data, including text,
speech, images, and structured inputs, while also making
autonomous decisions and adapting to complex, changing
environments. In banking and finance, these Al agents
are beginning to reshape how institutions operate, engage
with customers, and manage risk. What sets multimodal
agentic Al apart from earlier Al systems is its versatility
and independence. While traditional Al was often limited
to a single type of input or required significant human
oversight, these next-generation systems combine deep
perception capabilities with autonomous decision-
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efficiency, accuracy, and customer satisfaction.

This paper explores how multimodal agentic Al is being
integrated into the financial ecosystem—examining its
applications across core banking functions, the tangible
value it delivers to financial institutions, and the broader
ethical, regulatory, and technological questions it raises.
As the industry adopts more intelligent and autonomous
systems, understanding both the potential and the
responsibilities tied to these technologies will be critical
for leaders looking to future-proof their organizations.
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ROLES OF MULTIMODAL Al AGENTS IN
BANKING AND FINANCE

Multimodal agentic AI—AI systems capable of processing
and acting on diverse types of data such as text, images,
voice, and documents—are rapidly reshaping the
banking and finance sector. These systems go far beyond
performing narrow, predefined tasks. Instead, they
function more like intelligent assistants or collaborators,
capable of autonomous reasoning and decision-making
across multiple formats and channels.

One of the key applications of multimodal agentic Al is
in the role of Al Relationship Managers. These systems
interact with customers through various modalities
like chat, email, phone calls, app-based chat, and even
through image and document analysis. They are designed
to understand customer sentiment, intent, and financial
needs, providing personalized advice on savings, loans,
and investments. They can also handle KYC updates using
image and document verification. For example, an Al
system might analyze a customer’s investment portfolio,
respond to a voice query, and suggest rebalancing based
on real-time market developments.

Another vital function is played by Multimodal Fraud
Detection Systems. These systems integrate data from
structured transactions, biometric sources (voice and
image), and textual information such as emails and logs.
They detect fraud by analyzing behavioral patterns, voice
mismatches, and visual discrepancies. For instance, if a
caller’s voice does not match the known voiceprint, the
system can flag the interaction as suspicious, potentially
preventing fraud in real time.

Autonomous Compliance Monitoring Agents also
illustrate the power of these Al systems. By analyzing
communications, legal documents, contracts, and voice
recordings, these agents can identify potential misconduct,
insider trading, or regulatory breaches. For example, an
Al may flag a recorded trader’s call that hints at market
manipulation and cross-reference it with recent trade data
to alert compliance teams.

In the domain of credit, Loan Origination and Underwriting
Agents leverage multimodal inputs such as scanned
forms, identity images, structured financial data, and
spoken interviews. These agents assess applications by
combining qualitative and quantitative data—processing
a scanned income certificate and interpreting a video
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explanation of irregular income, for instance, to determine
creditworthiness.

Document Intelligence for Wealth and Tax Advisory is
another promising use case. These agents parse tax returns,
handwritten notes, financial charts, and verbal goals to
build a complete picture of a client’s financial situation.
They synthesize the data to generate personalized
investment or tax strategies. For example, a client might
upload several financial documents and describe their
goals verbally, and the Al would produce a summary and
tailored financial plan.

Multimodal agentic Al is also revolutionizing trading
through Trading and Market Intelligence Agents. These
systems analyze a mix of market data, news feeds,
financial charts, social media sentiment, and earnings call
audio. By correlating discrepancies between, say, a CEQO’s
tone during a call, public sentiment, and chart behavior,
they can take autonomous trading actions to optimize
portfolios.

Al Co-Pilots for Bank Employees offer internal support
by processing emails, chats, dashboards, and documents to
assist human staff. They summarize customer interactions,
prepare documents, and analyze portfolios in real time. For
example, a banker might ask the Al to summarize a client’s
recent communications and investment history, and the Al
will deliver a consolidated, actionable overview instantly.

Equally important is the role of Al Agents for Financial
Inclusion. These agents use voice and image inputs,
often in vernacular languages, to help serve underbanked
populations. For users with limited literacy, the Al
can interpret spoken requests and images like identity
documents to open bank accounts and provide basic
financial services. A farmer might simply send a photo
of their ID and speak in their native language, and the Al
could complete the onboarding process autonomously.

The significance of combining multimodality with agency
lies in its ability to handle the complexity of real-world
financial interactions. Customers don't communicate in
a single format—they send voice notes, scanned forms,
emails, and queries simultaneously. Traditional Al, which
is task-specific and format-limited, cannot meet this
challenge. Agentic Al, however, can reason, plan, and act
across modalities, enabling true end-to-end automation—
from reading and understanding to decision-making and
execution.
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Traditional approaches suffer from several limitations.
Human capacity is inherently limited, leading to delays
and operational bottlenecks. Data is often siloed, lacking
a unified, cross-format perspective. Manual processes
increase costs and introduce inconsistencies, while
also making it difficult to scale services to millions.
Furthermore, traditional decision-making is prone to
bias and human error. Multimodal agentic Al directly
addresses these challenges, offering a scalable, accurate,
and intelligent solution fit for the future of finance.

HUMAN ACTIONS REPLACED BY Al
AGENTS IN BANKING AND FINANCE

Multimodal agentic Al is gradually replacing a wide
spectrum of human actions in banking and finance by
automating tasks that traditionally required specialized
skill, judgment, and manual effort. In customer-facing
roles, human agents who once answered inquiries,
verified documents, or guided users through processes are
increasingly being supplemented—or even replaced—by
Al agents capable of understanding and responding to
natural language, recognizing documents and images, and
offering personalized, real-time support. In onboarding and
KYC procedures, what once involved a bank employee
manually reviewing forms, verifying identification,
and entering data into systems is now being handled by
Al agents that can simultaneously scan ID documents,
perform facial recognition, extract structured data, and
cross-check it against regulatory databases with little to
no human oversight.

Similarly, inthe lending and creditapproval process, human
underwriters traditionally assessed creditworthiness
by manually analyzing documents such as payslips, tax
returns, and bank statements. Today, Al agents can read
and interpret these documents using computer vision and
natural language processing, run automated risk models,
and make recommendations or even final decisions. In
fraud detection, where analysts once manually flagged
suspicious patterns and reviewed transactional anomalies,
multimodal agents now monitor large volumes of data—
ranging from voice recordings and behavioral biometrics
to image and transaction history—in real time, identifying
threats with greater speed and accuracy than manual
processes.

In back-office operations, tasks like compliance
monitoring, regulatory reporting, and auditing, which
previously required teams of analysts to comb through
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emails, call transcripts, spreadsheets, and reports, are now
being increasingly managed by Al agents that can process
multimodal inputs, identify violations, and even generate
compliance reports. In wealth management, Al agents
are starting to replace aspects of the human advisor’s
role by understanding client goals through conversations,
reviewing investment documentation, and offering tailored
portfolio recommendations—functions that once relied on
personal financial advisors.

While these Al agents don’t yet replace the nuanced
judgment, emotional intelligence, and ethical reasoning
that experienced human professionals bring to high-stakes
decisions, they are transforming routine, repetitive, and
data-intensive tasks at scale. The result is a shift from
human-led workflows to Al-augmented or Al-driven
systems, freeing professionals to focus more on strategic
oversight, complex problem-solving, and relationship
building.

POTENTIAL IMPACT OF Al AGENTS

The rise of Al agents, particularly multimodal and agentic
systems, is poised to create profound and lasting impacts
across the banking and financial services landscape. These
intelligentagents have the potential to dramatically increase
operational efficiency by automating routine, repetitive,
and data-heavy tasks that once required substantial human
labor. By reducing dependency on manual processing,
banks can lower operational costs, shorten turnaround
times, and improve accuracy in key areas such as customer
service, compliance, risk assessment, and fraud detection.
Al agents can operate 24/7, respond instantly to customer
inquiries in multiple languages and formats, and deliver
highly personalized financial experiences—helping
institutions better serve increasingly digital and diverse
customer bases.

At a strategic level, Al agents can unlock new models of
customer engagement. By understanding goals, behavior,
and context across text, speech, images, and documents,
these agents can proactively guide users toward better
financial decisions, recommend products suited to
their needs, and anticipate issues before they arise.
This not only enhances customer satisfaction but also
opens up opportunities for more inclusive and tailored
financial services, particularly for underserved or remote
populations who may face language or literacy barriers. In
doing so, Al agents can play a crucial role in expanding
financial inclusion.
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Furthermore, Al agents have the potential to transform the
regulatory and risk landscape by providing continuous,
real-time monitoring and reporting. With their ability to
ingest and analyze multimodal data from emails, voice
calls, documents, and transactions, they can flag compliance
issues or fraudulent activity with far greater precision and
speed than traditional systems. This shift enables a more
proactive approach to governance, reducing the likelihood
of regulatory breaches or systemic risks.

In the long term, the integration of Al agents into core
financial workflows could redefine the structure of financial
institutions themselves. It may lead to leaner, more agile
operating models, where the role of human employees
shifts toward oversight, ethical judgment, and strategic
innovation. Simultaneously, the competitive landscape
will evolve, with institutions that adopt responsible
and explainable Al gaining significant advantage in
customer trust, cost leadership, and service differentiation.
Ultimately, the potential impact of Al agents is not just
technological—it is transformative, shaping the very future
of how finance is delivered, regulated, and experienced.

CHALLENGESAND FUTURE DIRECTIONS
Challenges

While the promise of multimodal agentic Al in banking
and finance is immense, its deployment introduces a
range of critical challenges that must be thoughtfully
addressed. One of the most immediate concerns lies in
the accuracy and reliability of multimodal inputs. These
systems must process diverse data types—such as voice,
text, documents, and images—with high precision. Errors
in optical character recognition (OCR), misinterpreted
speech, or inconsistent image classification can lead to
major issues, such as incorrect identity verification, failed
transactions, or poor customer experiences.

Another pressing challenge is ensuring regulatory and
legal compliance. The financial industry is subject to some
of the world’s most stringent regulations, including anti-
money laundering (AML), Know Your Customer (KYC),
General Data Protection Regulation (GDPR), and more.
Al agents must operate within these frameworks, yet
many advanced models function as “black boxes” that
are difficult to audit or explain. Regulators and internal
auditors need transparent, traceable systems—something
not always inherent in current Al architectures.

The increasing autonomy of Al agents also introduces risks
around control and oversight. Defining the boundaries of
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what an Al agent can do without human intervention is
essential to avoid overreach or inaction. For example,
should an Al agent be allowed to approve a large transaction
or report a client for suspicious activity without human
confirmation? The balance between efficiency and control
will demand robust “human-in-the-loop” or “human-
on-the-loop” systems that enable supervision without
undermining automation.

Data privacy and security pose another major obstacle. Al
agents process highly sensitive multimodal data—such as
facial images, voice recordings, and financial documents—
and must do so while maintaining strict privacy standards.
Without end-to-end encryption and secure data handling
practices, these agents could become vectors for breaches
or misuse. Moreover, with rising concerns around Al-
generated fraud and deepfakes, there is a growing need
for sophisticated identity verification that goes beyond
traditional biometrics.

Interpreting natural language accurately is also a key
technical hurdle. Customers communicate in varied
ways—using different dialects, emotional tones, slang,
or even mixed languages—often providing incomplete
or ambiguous input. Misinterpretations by Al agents
could result in failed tasks, lost trust, or legal exposure.
Developing language models that handle diverse financial
contexts and cultural nuances remains an ongoing
challenge.

A more structural barrier is the integration of Al with
legacy banking systems. Many institutions operate on
decades-old core platforms that were never designed to
support real-time, autonomous agents. These systems
often lack modern APIs or the ability to handle multimodal
inputs, creating bottlenecks that can limit the effectiveness
of Al deployments. Without significant investment in
digital infrastructure or middleware, the full potential of
agentic Al cannot be realized.

There are also growing concerns around bias and fairness
in Al decision-making. If trained on biased or incomplete
data, agents may unintentionally discriminate in lending,
fraud detection, or customer service—leading to ethical,
legal, and reputational risks. Rigorous fairness audits,
diverse training data, and ongoing monitoring will be
essential to mitigate these outcomes.

As the use of multiple Al agents becomes more common,
there’s the additional complexity of coordination between
agents. Without proper orchestration, agents may take
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contradictory actions or duplicate efforts. Ensuring
seamless collaboration among specialized agents—for
tasks like onboarding, compliance, and credit scoring—
requires new frameworks for communication, delegation,
and shared context.

Lastly, cultural and workforce resistance remains a
human barrier to adoption. Employees may fear job
displacement or struggle to adapt to new workflows driven
by autonomous systems. This highlights the importance
of change management, transparent communication,
and upskilling programs that position Al as a tool for
empowerment rather than replacement.

Future Direction

The future of multimodal agentic Al in banking and finance
is poised to redefine the way financial institutions operate,
interact with customers, and deliver value. Rather than
aiming for full automation and workforce replacement,
the direction is shifting toward human-Al collaboration,
where Al agents function as co-pilots that enhance
human decision-making. These agents will increasingly
serve as the primary interface between customers and
banks, enabling seamless interactions across voice, text,
documents, images, and even gestures. This evolution will
move customer experiences away from static apps and
web forms to dynamic, conversational, and context-aware
interfaces that operate across devices and platforms.

In the coming years, Al agents will become goal-driven
financial assistants capable of understanding long-term
financial objectives and acting proactively to help users
plan, save, invest, and borrow. These agents will not
only understand multimodal inputs — such as a spoken
financial goal or a scanned income document — but will
also personalize actions based on behavioral, contextual,
and historical data. Additionally, as the financial
ecosystem becomes more open and interoperable, we will
see the rise of personal finance agents that operate across
multiple institutions on behalf of the user, negotiating
with banks, insurers, and wealth platforms in a secure and
decentralized manner.

To support such autonomy, banks will need to adopt
architectures that ensure transparency, explainability, and
accountability. Regulations will demand auditability of Al
decisions, and financial institutions will embed governance
frameworks into their Al systems to track and justify every
decision made by an agent. These systems will include
agent-level logs, real-time compliance checks, and ethical
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guardrails to prevent bias, discrimination, and unintended
actions. Security and privacy will also be paramount, with
multimodal Al agents needing to guard against deepfakes,
identity spoofing, and data leakage across sensitive voice
and image inputs.

Simultaneously, Al agents will become more intelligent
and self-improving. Through federated learning and
real-time feedback loops, agents will continuously adapt
to new regulations, products, and customer behaviors
without requiring constant reprogramming. Banks
will begin adopting modular agent frameworks, where
different Al agents — for identity verification, fraud
detection, compliance, lending, and advisory — work
together, sharing context through orchestration platforms
like LangGraph or AutoGen.

Importantly, these advances will enable greater financial
inclusion. Voice-first and camera-enabled Al agents will
support users with low literacy, limited access to formal
banking, or basic mobile phones. By operating in local
languages, offline modes, and through intuitive interfaces,
banks can reach millions in underserved communities,
offering credit, savings, and insurance services where
branches can’t go.

Finally, the strategic focus will shift from merely deploying
Al to governing it effectively. Ethical and transparent Al
will become a core element of brand trust and competitive
advantage. Banks that invest in responsible Al — ensuring
fairness, reliability, and compliance by design — will be
better positioned to gain customer loyalty and regulatory
confidence in the years ahead.

CONCLUSION

In conclusion, the emergence of multimodal agentic Al
marks a transformative shift in the banking and finance
sector, with the potential to redefine how financial services
are delivered, managed, and experienced. These intelligent
systems are moving beyond narrow automation to take on
adaptive, goal-oriented roles that were once the exclusive
domain of skilled human professionals. From streamlining
customer interactions and enhancing fraud detection
to automating compliance and democratizing financial
access, Al agents are reshaping operational efficiency and
customer engagement at scale.

However, as this transformation unfolds, it is accompanied
by complex challenges—ranging from data privacy
and algorithmic bias to explainability and regulatory
compliance—that demand strategic attention and robust

January 2026



Multimodal Agentic Al in Banking and Finance

governance. The path forward requires a thoughtful
balance: leveraging the power of Al agents to drive
innovation and inclusion, while embedding strong ethical,
legal, and operational safeguards to ensure transparency,
fairness, and accountability.

Ultimately, the future of finance will not be defined solely
by automation, but by human-Al collaboration, where
intelligent agents work alongside people to create smarter,
safer, and more inclusive financial systems. Institutions
that proactively embrace this evolution—while staying
committed to responsible innovation—will not only gain
a competitive edge but also shape a more resilient and
accessible financial future for all.
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ABSTRACT

The Indian banking sector is going through intense digital transformation. This change is driven by swift
advancements in Al and rising demand of customers for quick, seamless and intelligent financial services. This shift
is being led by agentic Al—a new generation of Al systems capable of autonomous decision-making, multimodal
interaction, and continuous learning. This paper explores the strategic pathways through which Indian banks can
evolve into fintech-driven enterprises by leveraging agentic Al. It outlines key roles that Al agents can assume
across banking functions such as customer engagement, credit underwriting, fraud detection, compliance, and
personalized financial advisory. The study contrasts traditional human-driven processes with emerging Al-powered
approaches, highlighting areas where automation and augmentation can create operational efficiencies, enhance
customer experience, and drive financial inclusion. It also discusses the potential impact of these technologies, the
regulatory and ethical challenges they pose, and the infrastructural changes required for integration. Finally, the
paper presents a forward-looking roadmap for Indian banks to adopt agentic Al responsibly focusing on innovation,
collaboration with fintech ecosystems, and governance frameworks that ensure transparency, accountability, and
trust. As India positions itself as a global digital leader, the convergence of banking and agentic Al presents a
transformative opportunity to redefine the future of financial services.

KEYWORDS : Agentic Al, Automation, Banking, Fintech enterprise.

INTRODUCTION

uch like their global counterparts, Indian banks,

today, are at a crucial juncture where they must
upgrade their legacy systems to modern technologies as
also innovate to remain competitive in a dynamically
evolving and rapidly expanding fintech ecosystem.
Agentic Al promises to deliver this transformation. It
blends the ability to process various types of data—like
text, images, voice, and other inputs—with the capacity
to make independent decisions and act intelligently.
Conventional Al typically responds reactively to

specific tasks, while Agentic Al works as a proactive
system that can reason, plan, decide, act, learn and
improve continuously. With multimodal capabilities,
these Al agents can interact seamlessly with both
customers and internal systems across different input
and output formats thus enabling banks to deliver
highly personalized and efficient financial services and
driving their transformation into agile, intelligent, and
customer-centric fintech or fintech-style enterprises.

This paper inspects the ways on how Multimodal Agentic
Al can be leveraged by Indian banks to transform key
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business areas like customer onboarding, customer
management, fraud detection, creditassessment, lending
process, regulatory adherence, wealth management, and
personalized financial advisory etc. It examines how
manual and labor-intensive processes can be automated
using Al It also delves into some important factors that
will influence this transformation—Ilike regulatory and
ethical considerations, infrastructure requirements and
workforce (re)skilling. This study aims to contribute
to the broader conversation on the future of banking in
India by advising a pathway for responsible adoption of
Al and enabling banks to evolve into platform-driven
Fintech leaders.

MULTIMODAL AGENTICAI INDIGITAL
ERA

As we step deeper into the digital era, artificial
intelligence is evolving from narrow, task-specific
tools to intelligent, autonomous systems capable of
reasoning, planning, and interacting across multiple
modes of input. This evolution has given rise to
multimodal agentic Al—a new class of Al systems that
not only comprehend and generate responses across text,
image, audio, and video inputs but also act with goal-
oriented autonomy. These agents can make decisions,
adapt to dynamic environments, and execute tasks
with minimal human intervention. Their emergence
marks a significant inflection point in the design of
human-machine interaction, offering transformative
applications across industries including healthcare,
education, governance, and financial services.

Multimodal agentic Al combines two critical advances
in artificial intelligence: multimodal learning and agentic
behavior. Multimodal learning refers to the ability of
Al systems to process and correlate information from
different formats—text, speech, vision, and sensor
data—to build a more comprehensive understanding of
tasks or contexts. Agentic behavior, on the other hand,
describes Al systems that can proactively set goals, plan
sequences of actions, make decisions, and revise their
strategies in response to feedback or environmental
change. Together, these capabilities allow machines
to function not merely as tools, but as intelligent
collaborators capable of interacting in real-world,
complex, and ambiguous environments.

www.ijteonline.in

\Vol. 49  Special Issue

No. 2

Vishwakarma, et al

Applications Across Sectors

In the digital era, multimodal agentic Al is poised to
redefine automation, decision-making, and customer
experience. In healthcare, such agents can interpret
radiology images, medical histories, and patient
speech in real time to assist in diagnosis and care
coordination. In education, they can serve as adaptive
tutors—interpreting student queries through voice and
writing, and tailoring content dynamically across visual
and verbal media. In customer service and finance,
multimodal agents act as smart assistants capable of
understanding user intent through voice commands,
facial expressions, uploaded documents, and behavioral
patterns—delivering personalized responses and
executing transactions with minimal supervision.

The integration of agentic Al is also central to the
rise of digital twins, autonomous vehicles, and smart
cities—where real-time, multimodal perception and
decision-making are essential for safety, efficiency, and
personalization. Furthermore, these agents can operate
in low-resource environments, enabling inclusive
digital access for populations with limited literacy or
technological fluency, using voice, images, and gestures
instead of only text-based interfaces.

Challenges and Ethical Considerations

Despite their immense potential, multimodal agentic Al
systems face substantial challenges. The complexity of
fusing multiple data types introduces issues in model
alignment, training data imbalance, and semantic
coherence. Bias, explainability, and fairness become
even more critical in such systems, as errors in one
modality can compound across others—Ileading to
misinterpretations or unjust outcomes. Moreover,
the agentic nature of these systems introduces new
questions around autonomy, accountability, and safety,
particularly in high-stakes domains like finance,
healthcare, and law.

There are also concerns about privacy and surveillance,
as multimodal systems often require continuous access
to cameras, microphones, and sensitive personal data.
Regulatory frameworks have yet to fully catch up with
these advancements, and there is a growing need for
standards that guide responsible design, deployment,
and governance of agentic Al.
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Future Directions on Agentic Al Era

The future of multimodal agentic Al lies in human-
centered design, where agents work alongside
individuals, augmenting human capabilities rather than
replacing them. Research must prioritize explainable,
trustworthy, and privacy-preserving architectures,
along with tools for model introspection and ethical
evaluation. Cross-disciplinary collaboration will be
crucial—bringing together technologists, ethicists,
domain experts, and policymakers to shape the
trajectory of these powerful systems.

Advancements in compute infrastructure, foundation
models, and real-time edge processing will further
enable the deployment of multimodal agents in
decentralized and resource-constrained environments.
As society becomes increasingly reliant on digital
systems, multimodal agentic Al offers a pathway
to richer, more adaptive, and inclusive machine
intelligence—if developed and governed responsibly.

MULTIMODAL Al AGENTS IN FINTECH
ENTERPRISES

Multimodal agentic Al offers fintech enterprises a
powerful leverto accelerate innovation, scale operations,
and deliver hyper-personalized financial experiences.
Unlike traditional automation tools, agentic Al systems
are not limited to executing predefined rules—they
can understand goals, plan actions, reason through
uncertainty, and make autonomous decisions across
dynamic contexts. When enhanced with multimodal
capabilities, these agents can process and respond to a
wide array of inputs—such as customer voice queries,
handwritten forms, scanned documents, and behavioral
data—making them highly versatile in real-world
financial interactions. This flexibility enables fintechs to
provide seamless, omnichannel experiences that mimic
human understanding while operating at machine speed
and scale.

For customer engagement, these agents can serve
as always-on virtual relationship managers, offering
real-time support, financial advice, and transaction
handling through conversational interfaces. In backend
operations, they automate complex workflows such as
KYC verification, fraud monitoring, loan origination,
and compliance reporting by intelligently extracting and
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synthesizing data from multiple formats. This reduces
turnaround times, cuts operational costs, and minimizes
human error—giving fintechs a clear efficiency edge.
Additionally, agentic Al facilitates continuous learning
from user interactions and outcomes, enabling systems
to adapt to new regulations, market conditions,
and customer behaviors without requiring constant
reprogramming.

Most importantly, multimodal agentic Al enhances
financial inclusivity by enabling services that are
accessible to users across languages, literacy levels,
and geographies. For instance, a user in a rural area
with low literacy could apply for a loan through voice
input and ID photo submission—tasks the agent can
process instantly. Overall, by embedding intelligence,
adaptability, and accessibility into their core offerings,
fintech enterprises leveraging multimodal agentic Al
can deliver next-generation financial services that are
faster, smarter, and more inclusive.

EVOLVING INDIAN BANKS INTO
FINTECH ENTERPRISES THROUGH
MULTIMODAL AGENTIC Al

The convergence of banking and fintech is accelerating
in India, driven by digital adoption, regulatory support,
and evolving customer expectations. To remain
competitive and relevant, Indian banks must transition
from legacy, transaction-oriented institutions to
intelligent, agile, and service-driven fintech enterprises.
A key enabler of this evolution is multimodal agentic
Al, which allows machines to not only process diverse
inputs like text, voice, images, and documents, but
also act autonomously, learn continuously, and make
context-aware decisions. This shift redefines traditional
banking roles across multiple domains.

Customer Onboarding and KYC

Traditionally, customer onboarding in Indian banks has
involved significant paperwork, manual verification,
and time-consuming checks. Multimodal agentic Al
can streamline this by integrating facial recognition,
document OCR (Optical Character Recognition),
speech recognition, and biometric verification. An
Al agent can autonomously extract and cross-verify
information from ID documents, compare facial
images with live video or selfies, understand verbal
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instructions, and validate against regulatory databases
like Aadhaar, PAN, or CKYC. This reduces onboarding
time from days to minutes and enhances compliance
without human intervention.

Customer Support and Relationship Management

Multilingual, multimodal Al agents can engage with
customers through voice, chat, and visual inputs,
enabling personalized support across mobile apps, web
portals, and call centers. These agents can interpret
queries, retrieve relevant account or transaction
information, escalate complex issues, and even offer
proactive financial advice. In a multilingual market
like India, where language diversity is vast, such agents
ensure inclusivity and improved customer satisfaction.
They can also act as virtual relationship managers for
mass-affluent and retail clients, once only served by
branch-based staff.

Credit Risk Assessment and Loan Processing

Agentic Al systems can assess creditworthiness by
analyzing a combination of structured financial data
and unstructured data such as employment verification
letters, utility bills, or even behavioral patterns derived
from mobile usage. Unlike traditional scorecard
models, Al agents can dynamically adjust risk profiles
and provide near-instant loan approvals, especially for
underserved populations such as gig workers or rural
customers. This expands credit access while improving
risk management.

Fraud Detection and Security

By analyzing multimodal data—such as voice tone,
facial cues during authentication, transaction patterns,
and device metadata—AlI agents can detect anomalies
and flag potential fraud in real time. They can act
autonomously to block transactions, trigger alerts,
or request additional verification, thereby reducing
the need for manual fraud investigation teams. These
systems also adapt to evolving fraud techniques by
learning from new patterns and contexts.

Wealth Management and Investment Advisory

Multimodal Al agents can act as robo-advisors,
interpreting user input through speech, documents, or
forms to understand financial goals, risk tolerance, and
investment history. They can generate personalized
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portfolio recommendations, simulate outcomes, and
provide interactive reports with voice and visual
explanations. This democratizes wealth advisory
services, making them accessible to a broader population
at lower cost and with higher scalability.

Regulatory Compliance and Reporting

Agentic Al can automate the monitoring of
transactions, emails, customer interactions, and internal
communications to ensure compliance with RBI and
SEBI norms. These agents can autonomously flag
suspicious activities, prepare audit trails, and generate
real-time reports for regulators. Multimodal processing
enables them to understand not only numerical data but
also legal documents, customer forms, and transcripts—
improving the scope and accuracy of compliance
systems.

Internal Operations and Workforce Augmentation

Beyond customer-facing functions, banks can deploy
agentic Al to optimize internal workflows. Agents can
manage repetitive tasks like document classification,
email triage, employee onboarding, and knowledge base
management. They can serve as intelligent assistants
to bank staff—retrieving documents, summarizing
regulations, or suggesting next steps—freeing
employees to focus on higher-order decision-making
and relationship building.

CHALLENGES IN ADOPTING
MULTIMODAL AGENTIC Al IN INDIAN
BANKING

While the adoption of multimodal agentic Al offers
transformative potential for Indian banks, its integration
is not without significant challenges—technical,
regulatory, operational, and cultural. One of the foremost
obstacles is data quality and infrastructure readiness.
Legacy core banking systems often operate in silos,
with fragmented and inconsistent data that hampers Al
model performance. The multimodal nature of agentic
Al requires clean, integrated datasets across text, voice,
image, and structured data sources—something many
Indian banks are still far from achieving.

Additionally, regulatory compliance and explainability
pose major hurdles. The Reserve Bank of India (RBI)
and other financial regulators demand transparency
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and accountability in all decision-making processes,
especially in areas like lending, fraud detection, and
customer service. However, agentic Al systems—
especially those using deep learning and autonomous
reasoning—often function as "black boxes," making
it difficult to trace how decisions were made. Without
robust explainability and audit mechanisms, deployment
in critical functions remains risky and potentially non-
compliant.

Bias and fairness are also critical concerns. If Al agents
are trained on biased or incomplete data—especially
in a socio-economically diverse country like India—
they may unintentionally discriminate against certain
customer segments, exacerbating financial exclusion.
Multimodal systems introduce even more complexity,
as bias may arise from voice, facial data, or document
formats, leading to fairness issues across multiple
modalities.

Cybersecurity and privacy are further concerns, as
multimodal systems collect and process sensitive
personal data across various channels. Ensuring data
protection under frameworks like the Digital Personal
Data Protection Act (DPDPA) while enabling real-time,
Al-driven interactions is a difficult balance. Moreover,
the cost and skill gap associated with deploying and
maintaining such sophisticated Al infrastructure
remains steep. Most Indian banks, particularly public
sector ones, face talent shortages in Al, data science, and
MLOps (machine learning operations), and may rely
heavily on third-party fintech partnerships, introducing
dependencies and risks.

Lastly, organizational inertia and change management
cannot be overlooked. Embedding agentic Al into
workflows challenges long-standing hierarchies, roles,
and processes. Resistance to change, lack of digital
culture, and concerns about job displacement may
hinder adoption across departments. Therefore, Indian
banks must take a holistic approach—combining
technology, governance, upskilling, and stakeholder
trust—to overcome these challenges and fully unlock
the potential of multimodal agentic Al.

FUTURE DIRECTION

Looking ahead, the evolution of Indian banks into
fintech-like enterprises through multimodal agentic Al
will depend on strategic, phased advancement across
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technology, policy, and organizational dimensions. A
key future direction lies in developing hybrid human-
Al collaboration models, where Al agents handle
high-volume, multimodal data tasks autonomously,
while humans provide oversight in complex, ethical,
or regulatory-sensitive scenarios. This approach
can enhance trust, accountability, and operational
resilience. Banks must also prioritize Al explainability
and governance frameworks, integrating tools for
model transparency, bias detection, and auditability to
meet the growing demands of regulators and consumers
alike. Another critical area is Al infrastructure
modernization—including scalable cloud platforms,
secure data lakes, and unified APIs—which will enable
seamless orchestration of multimodal inputs across
functions.

Furthermore, inclusive Al design will be vital to
ensuring that these innovations serve India’s vast and
diverse population. This includes training Al systems in
multiple regional languages, adapting to varied literacy
levels, and ensuring accessibility through voice-
first and visual interfaces. Partnerships with fintech
startups, regtech firms, and academic institutions will
continue to play a crucial role in bridging talent gaps,
accelerating innovation, and co-developing domain-
specific solutions. From a policy perspective, alignment
with frameworks such as the Reserve Bank of India’s
Digital Banking Unit (DBU) initiative and the Digital
Personal Data Protection Act (DPDPA) will be essential
to ensure secure and ethical deployment.

Ultimately, the future of Indian banking in the Al era
will hinge on creating agile, intelligent, and responsible
ecosystems, where multimodal agentic Al acts not just
as a support system, but as a catalyst for reimagining
the very architecture of financial services—making
them more efficient, inclusive, and responsive to the
dynamic needs of a digital-first economy.

CONCLUSION

The transformation of Indian banks into fintech-
style enterprises is no longer a distant vision but an
emerging reality, powered by the growing capabilities
of multimodal agentic Al. By enabling intelligent, goal-
driven, and multimodal interactions, these Al agents
offer a significant leap beyond traditional automation—
facilitating real-time decision-making, personalized
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customer experiences, and operational efficiency across
the financial value chain. From customer onboarding
and credit assessment to compliance and advisory
services, multimodal agentic Al promises to reshape
banking into a more agile, inclusive, and data-driven
enterprise.

However, realizing this potential requires more than
technological investment. Indian banks must navigate
a complex landscape of regulatory compliance, ethical
responsibility, infrastructure modernization, and cultural
transformation. Addressing challenges related to data
quality, explainability, fairness, and cybersecurity
will be essential for sustainable adoption. At the same
time, fostering partnerships with Fintech, regulators,
and research institutions can accelerate innovation
while ensuring alignment with national priorities and
customer trust.

In conclusion, the integration of multimodal agentic
Al represents both a strategic imperative and a
transformative opportunity for Indian banks. Those that
embrace this shift thoughtfully—balancing innovation
with responsibility—will not only redefine their
competitive edge but also contribute meaningfully to
the broader goal of financial inclusion, digital resilience,
and economic empowerment in India’s rapidly evolving
financial ecosystem.
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ABSTRACT

Named Entity Recognition (NER) is a fundamental task in Natural Language Processing (NLP), essential for information
extraction, question answering, and knowledge organization. Among neural sequence labeling models, Bidirectional
Long Short-Term Memory (BiLSTM) networks have become a widely used backbone due to their ability to model
contextual dependencies in text. More recent developments have introduced hierarchical extensions that incorporate
multi-level context spanning words, sentences, and documents to better address challenges such as entity ambiguity, out
of vocabulary recognition, and long-range dependencies. This survey provides a comprehensive overview of BiLSTM-
based and hierarchical NER architectures. It reviews advancements in encoding strategies, integration of contextual
cues at various granularity levels, and decoding techniques including CRF and Softmax classifiers. Key benchmark
datasets such as CoONLL-2003 and OntoNotes 5.0 are discussed along with evaluation metrics that assess generalization
across diverse entity types and linguistic conditions. The survey also outlines ongoing challenges and future directions,

with a focus on lightweight modeling, domain adaptation, and scalable hierarchical designs for NER.
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INTRODUCTION

amed Entity Recognition (NER) is a foundational

task in Natural Language Processing (NLP), aimed
at identifying and classifying entities such as persons,
organizations, locations, and temporal expressions within
unstructured text. As a core component of information
extraction pipelines, NER plays a critical role in a wide
range of applications, including question answering,
knowledge base population, and event detection [1], [17].

Early NER systems relied heavily on handcrafted rules,
lexicons, and statistical models such as Hidden Markov
Models (HMMs) and Conditional Random Fields (CRFs)
[2], [3]- These methods, while effective in structured
domains, struggled to generalize across diverse contexts
due to their limited capacity to capture semantic and
syntactic variability.

With the advent of deep learning, neural network-based
models began to outperform traditional techniques by
learning contextual representations directly from data.
Among these, Bidirectional Long Short-Term Memory
(BILSTM) networks emerged as a particularly effective
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architecture for sequence labeling tasks [4], [5]. The
BILSTM’s ability to process input in both forward and
backward directions enables it to model dependencies
beyond local windows, a critical advantage in recognizing
entities within complex sentence structures.

To further enhance sequence labeling performance,
researchers have commonly integrated BiLSTM encoders
with CRF decoders [4], [6], [7]. Such combinations
allow the model to capture both token-level features and
label dependencies, leading to improved consistency in
predicted sequences. Additionally, several works have
enriched input representations by incorporating character-
level embeddings or convolutional neural features [6], [7],
resulting in robust handling of rare or morphologically
rich words.

More recently, attention has shifted toward hierarchical
NER models that incorporate multiple levels of contextual
abstraction—word, sentence, and document—uwithin the
network. These models aim to overcome limitations in flat
sequence encoders by integrating broader contextual cues,
which are particularly useful for entity disambiguation,
out-of-vocabulary recognition, and modeling long-
range dependencies [8]-[12]. Hierarchical BILSTM
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architectures, in particular, maintain the core advantages
of recurrent networks while introducing sentence-level or
document-level encoders to capture global structure.

This survey provides a comprehensive overview of
BiLSTM-based and hierarchical approaches for NER. We
examine the evolution of neural architectures, the various
ways in which hierarchical context is modeled, and decoder
strategies including CRF, Softmax, and span-based
labeling. Benchmark datasets such as CoNLL-2003 and
OntoNotes 5.0 [1], [17], along with evaluation settings for
in-vocabulary (1V), out-of-training-vocabulary (OOTV),
out-of-embedding-vocabulary (OOEV), and out-of-both-
vocabularies (OOBV), are discussed in depth [18], [19].

We aim to equip researchers with a clear understanding
of the strengths, limitations, and ongoing challenges
in designing NER models that leverage contextual
information efficiently. Through this survey, we highlight
architectural innovations, empirical trends, and future
research opportunities in the domain of structured, context-
aware named entity recognition.

EVOLUTION OF NAMED ENTITY
RECOGNITION TECHNIQUES

The development of Named Entity Recognition (NER)
techniques has progressed through three main stages:
rule-based/statistical approaches, neural network-based
models, and context-aware hierarchical architectures. Each
stage addressed limitations of its predecessor, leading to
the current generation of high-performing NER systems.

Rule-Based and Statistical Methods

Initial NER systems were constructed using handcrafted
rules, gazetteers, and pattern-matching techniques.
These were effective in controlled domains but failed to
generalize well.

With the availability of annotated corpora, statistical
models became prevalent. Hidden Markov Models
(HMMs) and Maximum Entropy Markov Models
(MEMMs) laid the foundation for probabilistic sequence
labeling. These were soon outperformed by Conditional
Random Fields (CRFs), which allowed global sequence
optimization using rich, overlapping features [3].

Table 1. Comparison of Early Statistical NER Models

Model Strengths Limitations Refer-
ence
HMM Simple, Assumes Markov [2]
probabilistic property, limited features
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MEMM Allows rich Suffers from label bias [2]
features
CRF Global sequence Requires manual feature [3]

modeling, feature
flexibility

The CoNLL-2003 Shared Task standardized evaluation

practices and accelerated research in statistical NER [1].

Neural Network-Based Models

The rise of deep learning led to a shift from feature-
engineered models to representation learning. Early efforts
used feedforward neural networks and convolutional
neural networks (CNNs), but lacked sequential modeling
capabilities.

The introduction of Long Short-Term Memory (LSTM)
networks solved the vanishing gradient problem and
allowed for modeling long-distance dependencies.
Bidirectional LSTMs (BiLSTMs) further enhanced
context capture by processing sequences in both directions
[4], [5].

To enforce label consistency and model transition
dependencies, BiLSTM outputs were paired with CRF
layers. The resulting BiLSTM-CRF architecture became a
de facto standard [4], [6].

Table 2. Advancements in Neural NER Models

engineering

Model Key Strengths Reference
Components
BiLSTM Word-level Context-aware token [5]
BiLSTM encoding
BiLSTM- BiLSTM + Consistent label [4], [6]
CRF CRF sequences
BiLSTM- Adds char- Handles rare/ [6], [7]
CNN-CRF level CNN morphologically rich
embeddings tokens

These architectures demonstrated strong performance
on datasets like CoNLL-2003 and OntoNotes 5.0, with
minimal feature engineering.

Toward Context-Aware and Hierarchical Modeling

Despite their success, flat BILSTM models struggled
with long-range dependencies and lacked document-
level context. To address this, researchers proposed
hierarchical architectures that incorporate multiple levels
of granularity—word, sentence, and document [8] [12].

Hierarchical models typically involve:
*  Aword-level BiLSTM for local context
e Asentence-level BiLSTM for global structure
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e Pooling mechanisms (mean, max) to derive sentence
vectors

Table 3.Characteristics of Hierarchical NER Models

Model Architecture Benefits Reference
Levels

Hierarchical Word + Captures [9], [11]
BiLSTM [9] Sentence inter-sentence

dependencies
Multi-Level Word + Doc Improves [8]
Typing [8] Context fine-grained

classification
Nested NER Layered span | Supports nested [10], [12]
Models [10] encoding entities

Such architectures improve recognition of complex
entities, support nested structures, and enhance out-of-
vocabulary generalization.

BILSTM-BASED ARCHITECTURES FOR
NAMED ENTITY RECOGNITION

Bidirectional Long Short-Term Memory (BiLSTM)
networks have emerged as a central architecture in modern
Named Entity Recognition (NER) due to their effectiveness
in modeling sequential dependencies. By processing input
sequences in both forward and backward directions,
BiLSTMs generate context-rich representations for each
token, which are essential for accurate entity classification.
This section presents a taxonomy of BiLSTM-based
architectures, enhancements in input representations,
decoding strategies, and key model variants.
Core BiLSTM-CRF Architecture
The BiLSTM-CRF model, first popularized by Huang et
al. [4], combines BiLSTM’s contextual encoding with a
Conditional Random Field (CRF) decoder that enforces
valid label transitions. This architecture quickly became
the standard for sequence labeling tasks, including NER.
e BILSTM Layer: Generates token-level hidden states
using both past and future context.
e CRF Layer: Predicts the optimal sequence of entity
labels, considering inter-label dependencies.
Table 4.Advantages of the BiLSTM-CRF Architecture

Component Role Benefit Reference
BiLSTM Captures Context- [5]
Encoder bidirectional aware token

context representation
CRF Decoder Applies Ensures globally [4], [6]
structured coherent output
prediction over
labels
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Enhancements in Input Representations

To improve the quality of input embeddings, various works
have integrated character-level, subword, and pretrained
word embeddings into BiLSTM-based NER systems.

e Character-Level CNN or BiLSTM: Models subword
features such as prefixes, suffixes, and inflectional
patterns [6], [7].

e Pretrained Embeddings: GloVe, Word2Vec, or
FastText vectors are commonly used for initialization
[5].

e Hybrid Embeddings: Concatenating word-level and
character-level embeddings enhances robustness,
especially for rare or unseen words.

Table 5. Common Embedding Strategies in BiLSTM-
Based NER

No. 2

Embedding Description Contribution to Refer-
Type NER Accuracy ence
Glove / Static word General semantic [5]
Word2Vec embeddings context
Char-CNN Convolution over Morphological [6]
characters robustness
Char-BiLSTM | Sequence modeling Context-aware [7]
over characters subword info
Hybrid Word + Char (CNN/ | Best for OOV and | [6], [7]
Embeddings BILSTM) rare words

Decoder Variants: CRF vs. Softmax

Two primary decoding strategies are used in BiLSTM-
based NER models:

CRF Decoder

e Computes optimal label sequence using transition
scores.

»  Well-suited for BIO and BILOU schemes.

o Performs best when label dependencies are important.
Softmax Decoder

* Independently predicts label for each token.

e Faster, but may produce inconsistent sequences.

Table 6. Comparison of Decoding Strategies

Deco-der | Mechanism Pros Cons Refer-

ence

CRF Sequence-level | Global label Slower [4], [6]
decoding consistency inference
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Softmax Token-level Fast, simple May [5]
classification produce
invalid
label
sequences

D. Notable Variants of BiLSTM-Based Models

Many research efforts have adapted the base BiLSTM-

CRF structure to improve robustness, performance, or

applicability to specific scenarios:

*  BIiLSTM-CNNs-CRF: Uses CNNs for character-level
embeddings [6].

e BILSTM + Char BiLSTM + CRF: Combines BiLSTM
at both character and word levels [7].

e BILSTM + ELMO0/BERT Embeddings: Injects
pretrained contextual embeddings (early use before
full transformers) [13].

Table 7. Variants of BiLSTM-Based Models

Model Name | Enhancements Strengths Reference
BiLSTM-CRF Base model Strong [4]
baseline,
sequence
coherence
BiLSTM- Character CNN Handles [6]
CNNSs-CRF subword
variation
BiLSTM Dual-level Enhanced [7]
+ Char BiLSTM subword
BiLSTM-CRF sequence
modeling
BIiLSTM + Uses ELMo/ Better [13]
Contextual BERT (without semantic
Embeds full transformer) | understanding

Evaluation on Benchmarks

BiLSTM-based models have achieved high performance
on standard NER benchmarks like CoNLL-2003 and
OntoNotes 5.0. Evaluation metrics include Precision,
Recall, F1-Score, and more nuanced metrics for OOV
analysis such as IV, OOTV, OOEV, and OOBV [18], [19].

These models have demonstrated:
e Strong generalization across domains

e High F1 scores on both English and multilingual
datasets

e Limitations in long-sequence modeling and cross-
sentence context (addressed later via hierarchical
modeling)
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HIERARCHICAL NAMED ENTITY
RECOGNITION MODELS

Although BiLSTM-based architectures have significantly
advanced the performance of Named Entity Recognition
(NER), their effectiveness is often constrained by the
limited scope of context they can model. Standard
BiLSTM models typically operate at the sentence
level, encoding local token-level dependencies but
failing to fully exploit inter-sentence or document-
level semantic information. This limitation becomes
especially problematic in real-world scenarios involving
long documents, context-dependent entity mentions, or
disambiguation across sentence boundaries. To address
these challenges, researchers have proposed hierarchical
NER models, which aim to incorporate multiple levels of
contextual information—spanning words, sentences, and
documents—within a unified architecture [8] [12].

Hierarchical NER models are motivated by the need
to represent text at different granularities. While word-
level encoders such as BiLSTMs provide effective
representations for local dependencies, they cannot capture
relationships across multiple sentences or recognize
discourse-level cues. Hierarchical models address this by
introducing a second level of encoding: after processing
each sentence through a word-level BiLSTM, sentence
embeddings are computed—often using mean or max
pooling over token-level outputs—and passed through a
sentence-level BiLSTM. This layered approach allows the
model to capture dependencies not only within but also
across sentences, improving its ability to disambiguate
entity mentions and maintain coherence across longer
texts [9], [11].

A range of architectural strategies has been explored
within this framework. For instance, Lin et al. [8]
proposed a multi-level contextualized representation
model for fine-grained entity typing, integrating sentence
and document-level context. Similarly, Zhang and Wang
[9] introduced a hierarchical attention-based NER model
for long documents, showing that sentence-level encoding
significantly improves performance on lengthy inputs. Ju
et al. [10] focused on nested named entity recognition by
designing a layered neural model that handles overlapping
spans through recursive encoding. Luo et al. [11] extended
these ideas further with hierarchical contextualized
representations that leverage sentence-level BiLSTMs to
model entity interactions across discourse segments.
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Sentence representations in hierarchical models are
typically obtained through pooling mechanisms. Mean
pooling provides a general sense of the sentence’s semantic
content, while max pooling emphasizes the most salient
features. Some models also employ hybrid strategies
by concatenating both mean and max pooled vectors.
Although attention-based pooling has been proposed to
assign dynamic importance to tokens [11], simpler pooling
mechanisms are often favored in BiLSTM-based models
due to their lower computational cost and architectural
purity.

Hierarchical NER models have demonstrated strong
performance on benchmark datasets such as CoNLL-2003
[1] and OntoNotes 5.0 [17], particularly in tasks requiring
long-range contextand disambiguation. They are especially
effective in handling out-of-vocabulary (OOV) entities
and in low-resource settings where local context alone is
insufficient. Furthermore, their ability to support nested
entity recognition makes them valuable for biomedical,
legal, and scientific domains where entities frequently
overlap or are embedded within one another [10], [12].

In summary, hierarchical NER architectures extend the
capabilities of standard BiLSTM models by modeling
linguistic structures at multiple levels. By incorporating
sentence- and document-level context into the encoding
process, these models achieve more coherent and
contextually informed entity recognition, making them
well-suited for complex real-world applications.

KEY COMPONENTS IN NER PIPELINES

Modern Named Entity Recognition (NER) pipelines
comprise several interdependent components that
transform raw input into structured entity labels. While
model architecture plays a central role, the design and
configuration of other elements—such as embeddings,
encoders, decoders, and auxiliary tasks—substantially
affect the performance and robustness of a NER system.
This section provides a structured overview of these
components.

Embedding Strategies

The first step in most NER pipelines is the generation
of vector representations for input tokens. Traditional
approaches used static word embeddings like Word2Vec,
GloVe, and FastText, which map each word to a fixed
vector based on distributional statistics from large
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corpora [5], [6]. Although effective for capturing general
semantics, these embeddings cannot adapt to word sense
disambiguation or contextual variation.

To address these limitations, many BiLSTM-based
models incorporate character-level embeddings. These
embeddings are learned using either convolutional
neural networks (CNNSs) or BiLSTMs over the character
sequence of each word [6], [7]. This allows the model to
learn morphological features such as affixes and roots,
making it particularly robust to rare and out-of-vocabulary
(O0V) words. Some models further enhance this by
combining word-level and character-level embeddings
through concatenation or projection layers, resulting in
richer and more informative representations.

Contextual Encoders

Once token embeddings are obtained, the next stage
involves encoding their context within the sequence.
BiLSTM encoders are widely used for this purpose
because they process input in both forward and backward
directions, thus capturing bidirectional dependencies
in text [4], [5]. This is crucial for resolving ambiguities
in entity boundaries and for understanding multi-word
expressions.

In hierarchical NER models, contextual encoding is
extended beyond individual sentences. Here, word-level
BiLSTM outputs are pooled to form sentence vectors,
which are then passed through a sentence-level BILSTM
or similar structure [9], [11]. This enables the model to
capture inter-sentence dependencies and document-
level discourse structures, which are valuable for entity
disambiguation in longer texts.

Decoding Mechanisms

After generating context-aware representations for each
token, the model must assign entity labels. Two primary
decoding mechanisms are prevalent in BiLSTM-based
NER: Softmax and Conditional Random Fields (CRFs).

The Softmax decoder predicts labels independently for each
token. While this approach is computationally efficient,
it may result in label sequences that violate structural
constraints—for example, predicting an "I-ORG" tag
without a preceding "B-ORG" tag. In contrast, the CRF
decoder models the entire sequence of labels jointly,
enforcing valid tag transitions and producing globally
coherent outputs [4], [6]. This makes CRFs particularly
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suitable for structured tagging schemes such as BIO and
BILOU.

Auxiliary Modules and Joint Learning

To further enhance performance, some NER systems
incorporate auxiliary modules or adopt multi-task learning
strategies. A common example is the joint training of
NER and Part-of-Speech (POS) tagging, where the model
learns shared representations that benefit both tasks. Other
approaches include adding sentence-level classifiers that
determine whether a sentence contains named entities,
thereby reducing the noise passed to the decoder [9].

Such auxiliary modules are particularly beneficial in
hierarchical models, where structural information across
sentences or paragraphs can be used to refine predictions.
Though not always essential, these components can
improve generalization, particularly in low-resource
settings or domain-specific applications.

Training Objectives and Evaluation Metrics

The most commonly used training objective in NER
is the token-level cross-entropy loss, where the model
is penalized for incorrect tag predictions on individual
tokens. However, this objective may not fully capture
the span-level nature of the NER task. As a result, some
recent models have explored span-based loss functions or
auxiliary supervision at the entity or sentence level [18].

Evaluation of NER models is typically based on Precision,
Recall, and F1-score calculated over correctly predicted
entity spans. Benchmark datasets such as CoNLL-2003
[1] and OntoNotes 5.0 [17] provide standardized splits
for model comparison. To analyze generalization beyond
vocabulary overlap, several studies have proposed more
nuanced evaluation schemes, such as categorizing tokens
into in-vocabulary (IV), out-of-training-vocabulary
(OO0TV), out-of-embedding-vocabulary (OOEV), and
out-of-both-vocabularies (OOBV) groups [18], [19].
These analyses are essential for understanding model
robustness, especially in real-world applications with
unseen or domain-specific entities.

EVALUATION AND BENCHMARK
DATASETS

Evaluating Named Entity Recognition (NER) systems
requires standardized datasets, appropriate metrics, and
careful consideration of linguistic variability. Benchmark
datasets provide the foundation for model comparison,
while evaluation protocols assess how well a model can
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identify and classify entity spans across different scenarios.
This section outlines widely used datasets, discusses key
evaluation metrics, and highlights evaluation paradigms
that address model generalization and robustness.

Benchmark Datasets

The most frequently used datasets for NER evaluation
are CoNLL-2003 and OntoNotes 5.0, both of which offer
diverse linguistic coverage and standardized evaluation
splits.

The CoNLL-2003 dataset [1] consists of English newswire
articles from the Reuters corpus and includes annotations
for four entity types: Person, Location, Organization, and
Miscellaneous. It is widely used due to its clean annotation
style, limited domain scope, and established baseline
results. CoNLL-2003 has become the de facto standard for
evaluating English-language NER systems.

In contrast, OntoNotes 5.0 [17] offers a more
comprehensive benchmark, containing multiple genres
such as newswire, broadcast news, conversational speech,
and web text. It supports a broader label set, including date/
time expressions, quantities, events, and more, making it
suitable for evaluating general-domain and cross-domain
NER systems. OntoNotes also includes nested and
overlapping entities, which are increasingly important in
complex applications.

Other datasets, such as WNUT (Workshop on Noisy User-
generated Text) and GENIA (for biomedical NER), are
used in specialized domains. These datasets are valuable
for evaluating how well models perform under domain
shift, noise, or low-resource conditions.

Evaluation Metrics

NER models are typically evaluated using span-based
versions of Precision, Recall, and F1-score. A prediction
is considered correct only if the predicted entity span and
label exactly match the ground truth.

e Precision (P) measures the proportion of predicted
entities that are correct.

e Recall (R) measures the proportion of ground truth
entities that are correctly predicted.

»  F1-Score (F1) is the harmonic mean of precision and
recall, providing a single measure that balances both.

These metrics are often reported on the test split of
benchmark datasets, using official evaluation scripts to

ensure consistency across studies.
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For sequence-level labeling models (e.g., BILSTM-CRF),
metrics may also be broken down by entity type (e.g.,
PER, LOC, ORG) to reveal which categories are most
challenging. Some works additionally report token-level
accuracy, though this is less informative for span-based
tasks.

Robustness: 1V, OOV, and Vocabulary-Based Analysis

While aggregate metrics such as F1-score are helpful, they
can obscure performance disparities on different categories
of words. To address this, several studies have proposed
evaluation frameworks that assess generalization beyond
the training vocabulary [18], [19].

Tokens can be grouped into the following categories:

e 1V (In-Vocabulary): Tokens seen during training and
present in the embedding vocabulary.

e OOTYV (Out-of-Training Vocabulary): Tokens present
in the embedding vocabulary but not seen during
training.

e OOEV (Out-of-Embedding Vocabulary): Tokens
seen in training but not present in the embedding
vocabulary.

e OOBV (Out-of-Both \ocabulary): Tokens neither
seen in training nor present in embeddings.

Evaluating model performance across these categories
offers deeper insight into robustness, particularly
for handling rare entities, domain shifts, and noise.
Hierarchical and character-enhanced models often
outperform baseline BiLSTM models in OOTV and
OOBYV categories due to their ability to generalize beyond
surface form memorization.

Span-Level vs. Token-Level Evaluation

NER is inherently a span-based task, yet some models
(particularly those with Softmax decoders) are trained and
evaluated at the token level. This mismatch can result in
inflated token accuracy that does not reflect span-level
correctness. Consequently, recent efforts have emphasized
the importance of span-F1 evaluation, where precision and
recall are computed over entire entity spans.A

COMPARATIVE ANALYSIS

A diverse array of NER architectures—ranging from flat
BiLSTM models to hierarchical and transformer-based
systems—have been proposed to address the challenges of
entity recognition in varied linguistic and domain-specific
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contexts. This section presents a comparative analysis of
these models by examining their design characteristics,
evaluation performance, and strengths across different
categories, particularly under varying vocabulary and
context constraints.

Architecture-Level Comparison

The first axis of comparison is architectural design. While
traditional BiLSTM-CRF models operate at the word-
sequence level, hierarchical variants introduce additional
sentence-level encoders. Transformer-based models
rely on self-attention mechanisms and pretraining for
contextualization.

Table 8. Comparison of Key NER Model Architectures

Model Type Architecture Context | Decoder | Refer-
Scope Type ence
BiLSTM-CRF Word-level Intra- CRF [4], [6]
BiLSTM + sentence
CRF
BiLSTM- Word + Intra- CRF [61, [7]
CNN-CRF Char CNN sentence
embeddings
Hierarchical Word + Cross- CRF/ [9],
BiLSTM Sentence-level | sentence | Softmax [11]
BiLSTMs
Transformer- | Self-attention | Sentence + | Softmax [13],
based NER (e.g., BERT) | Document [14]

As shown, hierarchical models expand the context window
by incorporating sentence-level representations, whereas
transformer-based models extend this further through
global self-attention.

Performance Across Vocabulary Categories

BiLSTM maodels typically perform well on in-vocabulary
(1V) tokens but experience degradation when encountering
out-of-vocabulary (OOV) cases. Hierarchical and
subword-aware models mitigate this through multi-level
encoding and character-level modeling.

Table 9. Relative Performance Across Vocabulary
Categories (Qualitative Summary)

Model AV ooTV OOEV ooBvV
BiLSTM-CRF High Medium Low Low
BiLSTM High High Medium | Medium
+ Char
Embedding
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Hierarchical High High High Medium
BiLSTM
Transformer- | Very High High High High
based NER

Hierarchical and character-enhanced BiLSTM models
offer improvements in OOTV and OOEV categories, while
transformers achieve superior performance in general but
at significantly higher computational cost.

Strengths and Trade-offs

A comprehensive evaluation requires considering trade-
offs between performance, interpretability, computational
efficiency, and generalization. The following table
summarizes these trade-offs:

Table 10.Strengths and Limitation of Major NER
Architectures

Model Type Strengths Limitations

BiLSTM-CRF Simplicity, strong

baseline performance

Weak in long-range
dependencies

BiLSTM + Char Robust to rare and Increased training

Embedding morphologically time
complex tokens
Hierarchical Better document- Sentence
BiLSTM level coherence, segmentation

overhead, model
complexity

disambiguation

Transformer-based
NER

High accuracy, long-
range modeling

High memory usage,
less interpretable

The selection of an appropriate model architecture depends
heavily on the application scenario. For short texts and
constrained environments, BILSTM-CRF variants remain
viable. Hierarchical models are more suited for longer
documents or tasks requiring discourse-level consistency.
Transformer models are effective for high-resource tasks
but are often impractical for deployment in latency- or
memory-sensitive applications.

Dataset-Specific Observations

Performance trends can also be observed across different
benchmark datasets. On CoNLL-2003, which comprises
relatively short and clean newswire text, most models
perform well, and the margin between BIiLSTM and
transformer models is relatively small. However, on
OntoNotes 5.0, which includes conversational data and
longer documents, hierarchical and transformer-based
models exhibit greater improvements due to their ability
to model broader context [17].
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Table 11. Architecture Trends by Dataset

Dataset Best Performing Key Considerations
Model Type
CoNLL-2003 BiLSTM-CRF, Short, clean
BERT-based NER sentences; label
consistency
OntoNotes 5.0 Hierarchical Long text, domain
BiLSTM, and genre diversity
Transformers
WNUT / Biomedical | Char-enhanced or Noisy, domain-
Hierarchical NER specific entities

These observations confirm that hierarchical BiLSTM
models provide a viable and efficient middle ground
between traditional BIiLSTM systems and resource-
intensive transformer models.

CHALLENGES AND OPEN ISSUES

Despite substantial progress in Named Entity Recognition
(NER), a number of critical challenges remain
unresolved. These challenges span across architectural
limitations, linguistic complexities, data availability, and
deployment constraints. This section outlines key open
issues that continue to shape research directions in the
field, particularly in the context of BiLSTM-based and
hierarchical NER models.

Generalization to Low-Resource and Domain-Specific
Settings

One of the most pressing challenges in NER is achieving
robust performance across domains, especially in low-
resource settings where annotated data is scarce or domain-
specific terminology diverges from general corpora. While
BiLSTM models with character-level encodings improve
generalization to some extent [6], [7], they still struggle
when transferred to domains such as biomedical, legal,
or conversational text. Domain adaptation techniques,
including unsupervised pretraining and fine-tuning, have
shown promise, but require further investigation to ensure
stability and data efficiency.

Additionally, cross-lingual NER remains a challenge,
particularly for morphologically rich or low-resource
languages. Multilingual models and zero-shot transfer
techniques are being explored, but existing BiLSTM-
based systems often lack the flexibility needed for such
tasks without significant retraining or parallel corpora.

Handling Nested and Overlapping Entities

Standard sequence labeling approaches are inherently
linear and are thus ill-suited for recognizing nested or
overlapping entities, which are common in biomedical
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texts and legal documents. While hierarchical or layered
models have been proposed to address this [10], [12],
these approaches often introduce architectural complexity
and require custom training regimes. There remains a need
for lightweight yet accurate models that can naturally
handle such structural phenomena without compromising
sequence coherence or computational efficiency.

Modeling  Long-Range  Dependencies
Transformers

One of the principal motivations for hierarchical BiLSTM
models is to address the limited context window of
standard sequence encoders. However, most hierarchical
approaches rely on sentence segmentation and pooled
representations, which can still lose inter-sentence
coherence or overlook dependencies that span paragraphs.
While transformers have demonstrated superior capacity
for long-range modeling [13], [14], they introduce high
memory and inference costs, limiting their practical
applicability.

A significant open question is how to improve long-range
dependency modeling within BiLSTM frameworks without
introducing full self-attention mechanisms. Future work
may explore optimized recurrent architectures, residual
contextual bridges, or light global representations that
preserve efficiency while enhancing semantic cohesion.

Evaluation Limitations and Metric Gaps

Most existing evaluation frameworks for NER focus
on exact match span-based F1 scores, which, although
informative, may not fully reflect a model’s ability to
generalize across vocabulary, handle ambiguous mentions,
or disambiguate entity types in context [18], [19]. More
nuanced metrics, such as category-wise breakdowns (1V,
OOTV, O0BYV), span-F1 with partial overlap, or entity
linking performance, are necessary to assess real-world
effectiveness.

Moreover, current evaluation protocols often assume a
single correct annotation per entity, which is not always
valid in conversational or multi-annotator settings. Thus,
designing evaluation methods that account for annotation
variability and partial correctness remains an open research
direction.

Scalability and Real-Time Deployment

Many state-of-the-art models are difficult to deploy
in production environments due to their high latency,
memory consumption, or hardware dependence. BiLSTM-
based systems offer better efficiency than transformers but
still pose challenges in real-time processing, particularly
when hierarchical components are used. The development
of lightweight, scalable NER models that maintain
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competitive accuracy while reducing computational
overhead is an important direction for applied NER
research.

Additionally, incremental learning and online adaptation—
where models can update continuously without full
retraining—are increasingly necessary in dynamic
applications like customer service, financial monitoring,
and social media analytics.

Interpretability and Debugging

As NER models are increasingly used in high-stakes
applications (e.g., healthcare, finance, legal domains),
the interpretability of predictions becomes crucial.
While BIiLSTM architectures are more interpretable than
transformer models due to their sequential structure,
understanding  decision  pathways—especially  in
hierarchical models—remains non-trivial. There is a need
for transparent diagnostic tools that can visualize context
influence, trace label propagation, and detect erroneous
dependencies, thereby facilitating better human-model
interaction and trust.

FUTURE DIRECTIONS

Despite the progress achieved by BiLSTM-based and
hierarchical models in Named Entity Recognition (NER),
several avenues remain open for further exploration. A
key direction involves the development of lightweight
hierarchical architectures that maintain contextual depth
while reducing computational overhead. Such models
would be particularly useful in real-time or resource-
constrained applications.

The integration of span-based decoding strategies with
traditional sequence labeling could enhance the handling
of overlapping and nested entities, which are common in
biomedical and legal texts. Additionally, self-supervised
and weakly supervised learning methods can help mitigate
the scarcity of annotated data, especially in domain-
specific or low-resource settings.

Another important area is multilingual and cross-
lingual NER, where BiLSTM models could be extended
using shared character-level encoders or multilingual
embeddings. Supporting continual learning—where
models incrementally adapt to new entity types or
domains—is also crucial for long-term deployment.
Finally, improving model interpretability, developing user-
controllable tagging systems, and expanding evaluation to
include robustness, efficiency, and adaptability will ensure
that future NER systems are not only accurate but also
practical and trustworthy.
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CONCLUSION

Named Entity Recognition (NER) remains a critical task
in Natural Language Processing, underpinning a wide
range of applications from information extraction to
knowledge graph construction. This survey has reviewed
the evolution of NER models, tracing the shift from rule-
based and statistical approaches to neural architectures—
particularly BiLSTM-based and hierarchical frameworks.

BiLSTM-based models have demonstrated strong
performance by effectively capturing local contextual
dependencies and integrating character-level
representations to handle rare or unseen tokens. Building
on these foundations, hierarchical models have introduced
multi-level context encoding, enabling better modeling of
long-range dependencies and discourse-level coherence.
These architectures have proven especially useful for
complex scenarios, such as nested entities and multi-
sentence documents, offering a strong alternative
to transformer-based systems in contexts where
interpretability, modularity, and computational efficiency
are essential.

Through comparative analysis, we have highlighted the
trade-offs between model complexity, performance, and
deployment feasibility. Hierarchical BILSTM models offer
a compelling balance, achieving strong results on standard
benchmarks while remaining accessible for deployment in
constrained environments.

Despite these advancements, several challenges remain,
including limited generalization in low-resource domains,
the difficulty of modeling nested or overlapping entities,
and the need for more robust evaluation frameworks.
Future research must address these challenges through
architectural  innovations, self-supervised learning
strategies, and improved interpretability.

In conclusion, BiLSTM-based and hierarchical NER
models continue to be foundational in the design of
practical and adaptable entity recognition systems. As the
field moves toward more robust, multilingual, and context-
aware solutions, these architectures will remain highly
relevant, serving as both strong baselines and platforms
for future innovation.
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Accurate estimation of house prices is a prime task that influences the strategies of various players in the property
business, such as investors, policymakers, home buyers and sellers. The research has been done on two diverse locations,
Gurgaon - Haryana and Boston- Massachusetts. The dataset is designed to provide insights into the vast majority of
property markets world-wide since it captures various details about them. The research uses machine learning algorithms
that can generate accurate pricing models for investing in properties. The research has developed the models to ensure
they accurately predict values of housing units across a wide range of attributes such as size, amenities, and location,
which are all based on vital economic indicators. Leading-edge feature engineering and selection techniques improve
model reliability and interpretability to capture subtle variations within real estate dynamics. This research enables those
interested in the investment and valuation of real estate to make better decisions. Furthermore, this study examines the
major determinants that affect housing prices in the real estate market. Random forest and multivariate regression were
found to be the best-performing models for the Boston and Gurgaon datasets, respectively. For the Boston dataset, the
MAE ranged from 0.8137 to 3.4006, RMSE ranged from 1.1634 to 4.8353, and R2 score ranged from 0.9846 to 0.7339.
For the Gurgaon dataset, the MAE ranged from 1.91 to 2.57, RMSE ranged from 2.46 to 3.61, and R2 score ranged from
0.955 to 0.905.

KEYWORDS : Real estate price prediction, Machine learning algorithms, Feature selection, Predictive modeling,
Ensemble learning, Housing market forecasting.

INTRODUCTION

achine learning (ML) is now an integral part of
modern industry and research, with computer
system performance constantly being improved using
algorithms and neural network models. For this reason,
ML algorithms use sample data called ‘training data’
to automatically build mathematical models that make

With the availability of large datasets for training, machine
learning becomes a viable approach for generating accurate
pricing forecasts tailored to user demand. The objective of
these initiatives is to serve users effectively by utilizing
multiple machine learning techniques and integrating them
into models that help buyers find homes with their desired
features at an affordable price. Meanwhile, vendors hope

decisions without any given program instructions. Fair
assessment is a must have for the real estate industry
where buyers seek properties for personal residence
or investment while agencies engage in property sales
relating to businesses. Nonetheless, it remains challenging
to determine whether house is over-priced or under-priced
primarily because very few well-established detection
methods are available. Although some indicators such
as house price-to-rent ratios provide a preliminary idea,
deeper scrutiny is required before one can make well-
informed choices.
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to come up with a fair asking price for their houses. This
calls for careful examination to avoid underpricing or
overpricing. Buyers and sellers can secure transactions
and reduce the risk of undervaluation and overvaluation
using ML-backed price projections to guide their choices.
This study aims to bridge the gap between traditional
real estate practices and state-of-the-art machine learning
techniques to equip stakeholders with the tools they need
to make optimal decisions amidst constantly changing real
estate market dynamics.

January 2026 188



Analyzing Machine Learning Methodologies towards Efficient

LITERATURE ANALYSIS

The task of forecasting real estate prices accurately has
grabbed significant attention in both academic research
and industry practice, as it directly supports better
decision-making by investors,developers,policymakers,
and homebuyers. Over time, the focus of this research has
evolved from traditional statistical models to sophisticated
machine learning (ML) and ensemble approaches that
address the complex, nonlinear nature of property markets.

Early studies predominantly relied on regression-based
techniques to understand the relationship between housing
prices and explanatory variables. Granger and Pesaran
highlighted challenges such as regional dynamics, market
sentiment, and macroeconomic influences that complicate
price forecasting [4]. Similarly, Geltner and Miller
emphasized the growing need for reliable predictive
models in the face of globalization and increasingly
interconnected markets [3].

With the advent of machine learning, researchers began
to explore more flexible and robust techniques. Ensemble
models like Random Forest, Gradient Boosting, and
XGBoost have gained popularity due to their ability
to handle complex interactions between features while
minimizing overfitting. Wang and Liu demonstrated
how ensemble learning approaches including bagging,
boosting, and stacking - can enhance predictive accuracy
in diverse real estate market conditions [11]. Ravikumar
also found Random Forest to be particularly effective in
housing price prediction tasks, offering practical benefits
for both individual and institutional decision-making [10].

Feature engineering and selection have emerged as
critical steps in improving model performance. Wang et
al. and Lian et al. emphasized that incorporating domain
knowledge through engineered features (e.g., proximity to
amenities, crime rates, environmental quality) significantly
boosts model reliability [12], [8]. This is supported by Yu
and Wu, who demonstrated that Support Vector Regression
(SVR) effectively captures the influence of key attributes
like neighborhood quality and property size [13].

Researchers  have also increasingly integrated
macroeconomic indicators (e.g., GDP growth, interest
rates, inflation) alongside property-specific factors to
build more comprehensive forecasting models. Johnson
et al. proposed frameworks combining both micro- and
macro-level variables, leading to models better suited to
dynamic market environments [6].

www.ijteonline.in

\Vol. 49  Special Issue

No. 2

Todi, et al

Recent studies have explored hybrid models and the
incorporation of additional data dimensions such as
geospatial patterns and temporal trends. Chen et al. and
Dabreo et al. illustrated that combining multiple models
or incorporating user-friendly interfaces can further
improve prediction performance and usability [1], [2].
Muralidharan et al. highlighted the significance of external
factors like crime rates in affecting housing prices, calling
for richer datasets and more holistic models [9].

In summary, the literature suggests a clear progression
towards advanced machine learning techniques,
particularly ensemble and hybrid models, for real estate
price prediction. However, gaps remain in terms of
generalizability across regions, model interpretability,
and the incorporation of broader economic and spatial
factors. Our study seeks to contribute to this evolving field
by comparing various machine learning methodologies
on diverse datasets and identifying the key determinants
influencing real estate prices in distinct markets.

LIMITATIONS FOR PREVAILING
TECHNOLOGIES

Data availability and quality: It is often said that this
field of research has some major challenges including
the accuracy of housing price forecasts. Nevertheless,
Data Camp and Kaggle platforms may not have enough
particulars or all elements needed to determine property
worth. In such a case, it is better to use data with high
quality for accurate predictions.

Model Interpretability: The development of machine
learning does not lead to more understandable forecasting
models like real estate price prediction models. They
could be “black boxes” where those in volved or other
institutional members cannot see be yond their projections.
Lack of interpretability can result in mistrust.

Generalization and Transferability: Another problem
with current state-of-the-art technology is that predictive
modeling doesn’t work across different local real estate
markets. These prediction models are expected to perform
poorly if applied in completely new areas having different
attributes and dynamics.

The intricacy and expandability of computers: The machine
learning algorithms that automate real estate pricing
predictions must be complex and scalable, thus time-
consuming and requiring special skills. This might make
it difficult for predictive models to be adapted in terms
of computing cost, especially among non-computerized
people.
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Considering the current research tools applicable to recent
circumstances regarding real estate price prediction,
one should concentrate on ethical issues, legal aspects
concerning data privacy, security and compliance. In
these processes they can handle sensitive and confidential
information which raise moral questions such as whether
user data privacy rights are being violated or data
protection legislations in fringed. All stakeholders should
observe best practices and relevant legal frameworks
related to property transactions to achieve transparency,
equity or fair ness, responsibility when using predictive
modeling techniques into property markets. Meanwhile
ignoring the ethical as well as the regulatory dimensions
while implementing ML-aided methods for forecasting
real estate housing costs could have legal consequences.

PROPOSED WORK

Fig. 1 : Block Diagram of Proposed System

As shown in Figure (1), model will be created that will
predict the house prices using machine learning by taking
into account different characteristics. The development of
this model is expected to include the following steps:

Data Collection: The first step is to identify a suit able
dataset that includes features which can assist in getting
the selling price of homes. It should be inclusive and
have things like home size, number of rooms, bathrooms,
location among other pertinent things.

Data Preprocessing: The data set will then be pre-processed
until it is ready for training or testing purposes. This means
taking out any outliers and missing values from it.

Feature Selection: Then we select features that help train
our model most efficiently by looking at the correlations
between each feature and house prices. Based on their
coefficient value; top features are selected from this
process. Feature selection techniques like SelectKBest
and chi-square can also be employed to extract the top
features.

Model Selection: Several machine learning models will
then have to be trained using those selected features while
their performance is assessed. Then, during evaluation,
best performing model would make it through selection
for deployment.
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Cross-Validation: To validate the selected model, a cross-
validation will be employed to guarantee its generalization
capability to new data. Cross validation helps us in
reducing the overfitting factor from the machine learning
model and ensures that the accuracy of house price
prediction is intact.

Model Training: The selected model later will be trained
on the training dataset which is obtained from splitting the
entire dataset into and its performance will be evaluated.

Model Evaluation: The performance metrics for the
trained model includes evaluating mean absolute error
(MAE), mean squared error (MSE), root mean squared
error (RMSE) and R-squared (R2) score which is achieved
by comparing the predictions of the model with the value
of independent variable of testing dataset.

Hyperparameter Tuning: Fine-tuning will be per formed
on the hyperparameters of the chosen model in order to
enhance its performance and accuracy.

Final Model Selection: This final model will be chosen
depending on how well the machine learning model
performs on the validation set.

The research work will be based on the traditional machine
learning approach consisting two parts specifically: the
training and testing. The label, input, feature extractor
as well as machine learning algorithm are some of the
elements of this section. Input, feature extractor, regression
model and output label are some of the components of this
section.

The input is a collection of information from different
sources while feature extractor is used to ex tract only
important features that affect prediction results. Afterward,
these features are pre-processed to achieve normalized
dataset and data row labelling is done. Once training
dataset’s outcome is fed into machine learning algorithm’s
input, ML Algorithm result is entered into Regression
model contributing trained model or trained regressor.
This trained regressor can predict the output label by
applying the newly extracted characteristic from the test
data as an input.

DATASET ANALYSIS
Datasets

The research have used two datasets for this research and
a variety of machine learning algorithms that are already
on the market to foresee pricing of real estate properties,
specifically houses.
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A. The UCI Machine Learning Repository provided the
first dataset, which is about suburban Boston house values.
This dataset was first gathered via Carnegie Mellon
University’s StatLib library. The following table depicts
the list of variables required to build the prediction model.
In order to foresee or predict house values, this study uses
thirteen characteristics as distinct variables as described
in Table 1.

Table 1 : Attributes and Descriptions (Boston)

Attributes Description
MEDV Owner-occupied home median value in the
$10,000s
B 1000 (Bk - 0.63) 2 Where Bk Is the Town-Level
Black Population Proportion
TAX Property's Whole Value and Tax Rate Per $10000
DIS weighted distances to five employment centers in
Boston
RM Average Room Count per Household
CHAS Dummy variable Charles River (= 1 if Tract

Bounds River, 0 otherwise)

ZN Residential land zoned for lots larger than 25,000
square feet.

Todi, et al
Floor Level on which the property is located with respect
to ground
Price The price of the property

Data Cleaning

There were only 5 missing records in dataset of Boston city,
which were dropped and the Gurugram dataset that had a
lot of missing values in the price column comparatively
were also dropped as they were less than 5% of the entire
dataset and corresponding carpet area also acted as outliers.

Correlation Between Attributes

Correlation co-efficient between the attributes gives us the
idea of strength of the relationship between them, whether
they are positively or negatively correlated or there exists
no correlation between them at all. This can be viewed as
the following for ‘r’ values:

* 0<r<1 indicates positive correlation
* =0 indicates no correlation
* -1 <r <0 indicates negative correlation

Table 3 : Correlation table of Boston dataset

LSTAT Percentage of Lower Status Population
- - Features R Value
PTRATIO Town-Level Pupil-Teacher Ratio
RAD Radial Highway Accessibility Index MEDV 1.000009
AGE The percentage of owner-occupied residences RM 0.696169
constructed before 1940 ZN 0.360445
NOX Concentration of Nitric Oxides (Parts per 10 B 0.333461
Million)
DIS 0.249929
INDUS Ratio of Non-Retail Commercial Acres in Each
Town CHAS 0.175260
CRIM Town-Level Per capita crime rate AGE -0.376955
. . RAD -0.381626
The second dataset, which relates to house values in
Gurugram is taken from Kaggle which is data from CRIM -0.388305
99acres.com uploaded by Anshul Raj Verma. For the NOX -0.427321
forecast of house prices in Gurugram, we have taken TAX -0.468536
con.51de.:rat10n (?f ﬁv'e key factors which influence the price INDUS 0.483725
which is described in Table 2.
PTRATIO -0.507787
Table 2 : Attributes and Descriptions (Gurgaon) LSTAT 0737663

Attributes Description
Carpet Area | Total area within the walls of the property that can
be covered
Bedroom Total number of bedroom(s) in the property
Bathroom Total number of bathroom(s) in the property
Balcony Total number of balcony (outdoor area) in the
property
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It is quite evident from Table 3 that RM (number of rooms)
and ZN are the two most significantly correlated features,
whereas LSTAT and PTRATIO are least significantly
correlated features. This simply indicates that the price of
a house would rise in a situation when the RM or Z values
increases and would fall in case, values of PTRATIO or
LSTAT increases.
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Table 4 : Correlation table of Gurgaon dataset

Features R Value
NewPrice 1.000000
CarpetArea 0.979041
bedroom 0.613400
bathroom 0.584807
balcony 0.342652
Floor 0.066435

It can be clearly seen from Table 4 that CarpetArea (total
area in sq.ft of property) is highly positively correlated
followed by bedRoom (No of bedrooms). This means that
if value of CarpetArea or/and bedroom increases, the price
of the property would also increase considerably. There is
no attribute which is negatively correlated with Price in
Gurugram dataset.

The heatmap helps in simple visual representation of how
the features are correlated— positively or negatively along
with the strength. In heatmap, the value of ‘r’ is rounded-
off to the nearest 2-decimal integer.

The following Figure (2) shows that RM and MEDV
has highest positive correlation coefficient (r = 0.70) and
highest negative correlation coefficient (r = -0.74) is seen
between LSTAT and MEDV.

Fig. 2 : Correlation Heatmap for Boston dataset

The following Figure (3) shows that CarpetArea and Price
has highest positive correlation coefficient (r = 0.98) and
lowest positive correlation coefficient (r = 0.066) is seen
between Floor and Price.
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Fig. 3 : Correlation Heatmap for Gurgaon dataset

FEATURE SELECTION

For effective analysis of data and accurate predictions, it
is very important to determine the most important features
which affect the independent variable in the dataset which
is price of the house in our case. These are the qualities
that help us build accurate and reliable models.

Various methods are used by SelectKBest to determine
the relationship between features and the output variable.
These statistical approaches include chi square test,
ANOVA F-test and mutual information score. The selection
process involves ranking them before identifying the K
highest scoring ones for inclusion in a final feature subset.

Chi-Square is used in statistics to test the in dependence
of two events. It is calculated from the formula shown in
equation (1) where O = observed value and E = expected
value.

XM0; —E)?
Li(E)? (1)

If two characteristics are independent, their ob served
count tends toward equaling expectancy so we will end
up with smaller values of Chi-Square. To put it differently,
a feature can be chosen for training models if there is
higher value of Chi-Square which shows that it depends
on response more.

X2 =

After applying SelectKBest and chi-square (chi2) methods
on the Boston housing dataset which aims at predicting
house prices in Boston region, we came up with the
following predictors:

I. CRIM
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II. ZN
1. TAX

After applying SelectKBest and chi-square (chi2) methods
on the Gurugram housing dataset which aims at predicting
house prices in Gurugram region, we came up with the
following predictors:

I.  CarpetArea
II. Balcony
1. Floor

RESULTS - EVALUATION METRICS

The evaluation metrics such as Mean Absolute Error
(MAE), Root Mean Square Error (RMSE), R2 Score
and mean cross-validation score for six distinct ma chine
learning models, are shown in the following two tables for
the Boston and Gurugram datasets. The following table
makes it easier to choose which machine learning model is
best for predicting property prices.

For Boston dataset shown in the following Table 5, the best
accuracy has been provided by Random Forest algorithm
closely followed by Gradient Boosting and then by Xtreme
Gradient Boosting (XGBoost) algorithm. Multi-variate
(linear regression) stands at the last position for accuracy
as compared to the other machine learning algorithms
used for Boston dataset. Additionally, by assessing these
values using the cross-validation technique, all of the
model predictions were cross-checked for overfitting. As
a result, these scores are very precise. The metrics for
Random Forest algorithm which stands as the best model
are such that MAE is 0.8137; RMSE is 1.1634; R2 score of
0.9846 which indicates 98.46% accuracy and mean cross-
validation score is 0.7413. A very excellent fit between
the model and the real data is indicated by the R2 score
and mean cross-validation score. After Random forest
model, the best performing model is Gradient Boosting
whose MAE is 1.0766; RMSE is 1.3649; R2 score is
0.9788 and mean cross validation is 0.7348. The metrics
for Multivariate Regression model which stands at the last
position are such that MAE is 3.4006; RMSE is 4.8353;
R2 score of 0.7339 and mean cross validation score of
0.7351.

Table 5 : Boston Dataset (in millions)

Algorithm | MAE | RMSE R? Mean cross Validation

Score
Random 0.81 1.16 | 0.984 0.741
Forest
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Gradient 1.07 1.36 0.978 0.735
Boosting

XG Boost 1.12 1.43 0.976 0.754

KNN 2.62 3.86 0.799 0.650

Decision 2.78 4.13 0.769 0.704

Tree
Regression | 3.40 4.83 0.734 0.735

For Gurugram dataset shown in the following Table 6,
the best accuracy has been provided by Multi-variate
Regression (Linear regression) closely followed by
Gradient Boosting and then by K-Nearest Neighbour
(KNN) algorithm. Decision Tree algorithm stands at the last
position for accuracy as compared to the above mentioned
machine learning algorithms for Gurugram dataset but
only with slight differences. Additionally, by assessing
these values using the cross-validation technique, all of
the model predictions were cross-checked for overfitting.
As a result, these scores are very precise. The metrics for
Multivariate Regression model which stands as the best
model are such that MAE is 1.91; RMSE is 2.46; R2 score
of 0.955 which indicates 95.5% accuracy and mean cross
validation score of 0.956. The 2nd best model is Gradient
Boosting whose MAE is 1.92; RMSE is 2.49; R2 score
is 0.955 and mean cross validation score is 0.941. The
metrics for Decision Tree algorithm which stands at the
last position are such that MAE is 2.57; RMSE is 3.61; R2
score of 0.905 which indicates 90.5% accuracy and mean
cross-validation score is 0.902. The R2 score also matches
with mean cross-validation score for Gurugram dataset
indicating a highly reliable and well-performing model.

Table 6 : Gurgaon dataset (in millions)

Algorithm | MAE | RMSE R2 Mean cross Validation
Score
Regression | 1.91 2.46 0.955 0.956
Gradient 1.92 2.49 0.955 0.941
Boosting
KNN 2.05 2.81 0.943 0.904
Random 2.13 2.85 0.941 0.926
Forest
XG Boost 1.97 3.07 0.931 0.903
Decision 2.57 3.61 0.905 0.902
Tree
CONCLUSION

The final chapter of the research paper describes in detail
predictive modeling methods used to estimate real estate
values of Boston and Gurugram. Also, there have been
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implemented various machine learning algorithms, feature
selection approaches and cross-validation techniques
to build accurate models that predict real estate values
based on certain key attributes. We were able to identify
the key determinants of property value in two areas after
having adequately tested and analyzed both datasets; an
insightful information to investors, sellers, lawmakers,
urban planning bodies and real estate industry players.
The generated models exhibit high predictive performance
that gives useful insights into how the housing market
functions as well as support well-informed decisions.
The top two models for Boston dataset are Random
Forest and Gradient Boosting with 98.46% and 97.88%
accuracy respectively. While, the top two models for
Gurgaon dataset are Multivariate regression and Gradient
Boosting with 95.5% accuracy of both the models. The
links to the dataset used for analysis of machine learning
methodologies for efficient real estate price prediction are
as follows:

1. https://www.kaggle.com/datasets/schirmerchad/
bostonhoustingmlnd

ii.  https://www.kaggle.com/datasets/arvanshul/gurgaon-

real-estate-99acres-com

FUTURE SCOPE

Future research may therefore consider more complicated
modeling approaches or additional data sources or
handle temporal and spatial dimensions so as to enhance
model accuracy and its applicability. In conclusion,
this investigation contributes to the growing body of
knowledge on data-driven decision making in real
estate markets. To help in this regard, more insights
into how the housing market operates will be gained if
we take an interdisciplinary approach and adopt current
methodologies. In future, it would be interesting to explore
more elaborate modeling approaches, use additional data
sources, or address temporal and spatial concerns so as to
enhance the accuracy and relevance of such models. It is
another proof that shows how use of data to make decisions
looks like in an existing real estate market analysis.
Through employing multiple disciplines and advanced
methods, we can best understand market dynamics in
housing sector and overcome industry challenges.
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ABSTRACT

The fast-growing digital business environment requires platforms, which in addition to scaling and performing, are
autonomous and self-regulating. In the existing traditional e-commerce platform, the control and data are still manually
operated and centralized, which results in poor adaptivity and flexibility, inefficiency, and a waste of resources. With
the rise of disaggregated platforms such as the Open Network for Digital Commerce (ONDC), this is a very crucial
time to rethink digital commerce through intelligent, autonomous agents. This paper investigates the use of agentic
(Al) approaches, which integrate contextual decision-making, adaptive learning, and goal-driven reasoning, to include
autonomy into different e-commerce platform components. We introduce an architecture of multiple specialised agents
(e.g. Buyer Agent, Seller Agent, Logistic Agent, Support Agent) who collectively work together to deliver activities
such as Agentic Al Marketing, Customer engagement, dynamic pricing, autonomous onboarding, and dispute resolution.

KEYWORDS : Agentic Al, ONDC, Ecommerce, Autonomous, Multi agent AutoGen, LLM, Reinforcement learning.

INTRODUCTION

oday’s Digital commerce is facing rapid transformation

which is driven by increase in volumetric transactions,
scalable ecosystems and increase user expectations. The
existing traditional e-commerce platforms operate on
tightly coupled lot of human intervention for various
process such as seller onboarding, customer dispute
resolution, customer marketing and analytics and many
other processes. These platforms face lots of bottleneck
including scalability, adaptability, lack of interoperability
and transparency.

With the advent of decentralized ecommerce platforms
like ONDC open network for digital commerce these
ecommerce platforms are shifting to towards interoperable
and open systems. With disaggregation comes lots of
complexity and challenges. Some of the challenges
includes coordination among various stakeholders like
buyer, sellers, payment system, logistic providers. Human
centric processes face lot of struggles to manage these
issues, especially in real time.

In order to address these issues, Agentic Al falls in place
to introduce autonomous capabilities in digital commerce
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systems. Agentic Al can make autonomous decisions,
accordingly take actions and self-optimize itself with
minimal human intervention. With the combination of
various technologies like machine learning, LLM a system
can be made intelligent such that it can analyze and take
actionsaccordingly. Unlike rule-based machine algorithms,
that requires input from various sources, Agentic Al can
learn from the past actions, interpret, understand the
objectives and take decisions dynamically. This paper
explores the how autonomy can be achieved in ecommerce
platform by using Agentic Al, where Intelligent Agents
can perform task like dispute management, customer
marketing, product discovery, seller onboarding.

A Multi agent architecture is proposed that uses various
Al frameworks and Beckn protocol which will help
connect stakeholders seamlessly. By making the systems
autonomous, he digital commerce platforms will become
more adaptive, scalable and resilient. This will result in
reducing human error and operational cost. The proposed
framework also fulfills the vision of ONDC of creating
decentralized model which will empower small and
medium enterprises through technology.
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LIMITATIONS OF HUMAN-DRIVEN
PROCESSES IN DIGITAL COMMERCE

The role of human remains fixed in almost every
process, despite of integration of so many Al tools and
technologies. The human led processes often leads to
errors, inconsistencies, bottlenecks and delays especially
in ONDC like ecommerce platform. Some of the key areas
in which human role is currently played are:

Seller Onboarding System: This role involves various
humans to verify credentials, reviewing business profile
of sellers and then approve their onboarding. Lot of micro
tasks are been done manually which leads to long lead
times and operational inconsistencies.

Customer Support and Dispute Resolution: All the issues
related to customer support and dispute which includes
queries, returns, negotiate compensations and resolving
are human centric. Even though some platforms have
Chatbots, which provides some assistance but escalation
and refund resolution are still manually managed and
takes a lot of time.

Logistics Coordination and Order fulfillment: Human
often manages delivery route planning, logistic partner
selection and inventory forecasting which are constrained
by rigid workflows limiting to use capabilities of real
time scenario.

Thus, the various issues that occur are that of scalability,
delay and cost overheads.

LITERATURE REVIEW

The literature study involves study of ONDC architecture
and also Agentic Al techniques.

Dr. A. George and A.S. Hovan George in [1] ONDC:
Democratizing Digital commerce and curbing digital
monopolies in India, shows how did the need for
transformation in digital commerce come. It also shows
aim of ONDC which shows the important blocks, its
architecture and scope. The author addresses how ONDC
will curb digital monopolies in India. This research gives
overview of ONDC building blocks, it also focuses on what
ONDC can do with other players in digital ecommerce
systems [1].

Dimpy Kumari and Anil Sharma, in the paper in [2]
which shows a study on reviving the Indian E-Commerce
Ecosystem with an Open Network for Digital Commerce.
The author also discussed the types of E-market places
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like inventory and marketplace model. The paper also
discusses some challenges of ONDC. The challenges
identified were based on user experiences on the network
will not necessarily get better because of a greater number
of vendors. The paper addresses the concern how model
will generate revenue [2].

Mamillapalli S.K in [3] introduces the core concept of
Agentic Ai which focuses on the shift to autopilot models
from copilot. The author explains the use of Agentic Al
in shaping intelligent applications which focuses on key
features such as reactivity, autonomy, intelligence and
learning ability which will transform performance of an
organization.

Papadopoulos and V. Komis in [4] presents a study of
Multiagent recommender systems. This survey informs
your architecture by showcasing early examples of agents
working collaboratively—particularly useful for your
Buyer Agent coordinating across SELLER services—and
highlights the importance of inter-agent negotiation and
specialization in Agentic Al systems.

Complementing this, Ghaffari and Sadeghi [5] provide
an earlier but crucial investigation into the deployment of
agents ine-commerce systems. They identify primary agent
roles in product discovery, negotiation, and transaction
facilitation, while also acknowledging coordination
inefficiencies due to static rule-based interactions. These
challenges underpin our shift toward Agentic Al, where
learning-enabled agents dynamically reason, adapt, and
collaborate through context-aware autonomy.

The authors in [6] introduces the automated design of
agentic systems. A Meta Agent framework is proposed
which uses LLM and other frameworks to self-design
agentic system.

Research Gaps:

* Need to develop intelligent autonomous ecommerce
ecosystem

e Lot of human intervention in the process which
reduces operational efficiencies

PROPOSED ARCHITECTURE

The figure below shows how decentralized ecommerce
platforms can be energized by Agentic Al.

The above architecture depicts a multiagent ecommerce
ecosystem. The buyers and sellers are represented with
autonomous agents. They communicate with each other by
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using Agentic Al enabled layer which enables coordination
autonomy and intelligence. On the right-hand side is a set
of ONDC like network services for governance, policies
and interoperability.

Agentic Al enabled layer
. ONDC ke Service Layer
Boer et | ‘sweruaem | suersgen |

[ =
Other o, AV N LV Reputation Agent
Networks | Multi Agent Orchestration Layer ‘ y _—
7~ 7~ Network Policies

Agent for
‘ sellr Agent ‘ ‘ Seller Agent ‘ ‘ Seller Agent ‘ L

Inter network

Interoperability

Fig. 1: Proposed architecture
Key Components of proposed architecture:

* Buyer Agent: The role of the buyer agent is to
discover sellers of its relevance and to thereby check
its offerings. The buyer agent also contacts reputation
agent to check the seller score and thereby buyer agent
decide to trigger transaction. This enable multi agent
communication as buyer agent talks to reputation
agent.

e Seller Agent: The seller agent acts as an independent
entity which display catalog. It is responsible for
setting rules for dynamic pricing. The seller agent
also sets the threshold for negotiation. This entity uses
logistics, inventory levels and customer preferences.

e Multi agent Orchestration Layer:  This layer is
the heart of the architecture. It is responsible for
managing the overall processes. It acts as a mediator
between buyer seller and other ONDC like network.
An LLM or another Agentic Al framework can be
deployed. Some of the suitable ones are LangChain,
AutoGen, SPADE, JADE, etc. This the layer where
real Agentic Al operates. It minimizes the need of
human intervention and provides services like dispute
resolution, customer marketing, seller onboarding
and many other important processes.

e Registry: The registry has information about all the
participants in the network. It stores policies and
metadata. The buyer and seller use this registry to
discover and authenticate each other.

e Reputation Agent: This agent continuously looks for
seller feedbacks, dispute history and transactions.
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This agent maintains the trust score as well based on
transactions.

* Network Policies: It enforces various policies for
disputes, pricing, delivery constraint, data sharing
and other policies.

»  Agent for Logistics: This entity enables the discovery
of available logistic partner which is a third-party
service. It is capable of estimating delivery time
and coordinate between buyer seller and courier. It
removes human intervention thereby providing real
time updates.

* Inter network Interoperability: This entity enables the
platform to interact with other ecommerce systems by
using ONDC, Beckn protocol and other ecosystems.

e Other Networks: It represents external entity. It makes
the architecture extensible such that the platform
operates across platform boundaries which enables a
fully autonomous digital commerce system.

EVALUATION STRATEGY

The proposed architecture reduces Human intervention.
Consider a architecture without agents, 10 manual steps
need to be followed such as Search, Compare, negotiate,
pay, follow-up, dispute. After introducing the agents in
the proposed architecture, only 3 steps will be required.
Thus, there is reduction in human intervention which can
be calculated by:

Reduction in human intervention % =

(Manual Steps before- Manual Steps after)

Manual Steps (Before)

Assuming that the number of steps before introducing
agent were 10 and number of steps after introducing agent
is 3. There is reduction in human intervention which is
calculated by:

% Reduction = (10-3)/10*100= 70%

Average Decision Time: This aspect measures the time
taken by agent to take autonomous decision and act
accordingly.

Avg. Decision time is given by:
=> Time for each decision

N

The average time taken by human to take decision is 20
seconds. Agent based decisions are taken by 4.25 seconds.
Thus, it leads to increase in speed by 4.4 times.

January 2026



Fig. 2: Traditional vs Agentic Al enabled architecture

CONCLUSION AND FUTURE WORK

Thus, this paper proposed a novel agentic Al based
architecture which brings adaptability, resilience and
intelligence in ecommerce platforms. By adding a
multilayer orchestration layer, it shows how activities
can be well managed and organized even in decentralized
platforms. The performance metric shows that the
architecture can reduce up to 70% of human interventions
and also and 4.5X improvement in taking decisions using
Agents. Future work can focus on inclusion of blockchain
for transactions, self-autonomous agents to detect need
of the model, agentic Al for Customer marketing and
analysis, agent interoperability and other areas.
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ABSTRACT

This research explores how artificial intelligence, particularly reinforcement learning, can transform the way businesses
approach pricing in real-time. Think of dynamic pricing as a living, breathing system that adjusts prices on the fly based
on what’s happening in the market, how much customers want your product, what competitors are doing, and other
factors that change throughout the day or season. Until now, most companies have relied on fairly rigid rule-based
systems or basic statistical models to make these adjustments. Our work shows how cutting-edge reinforcement learning
techniques, specifically Deep Q Networks (DQN), can take pricing to a whole new level of sophistication. Instead of
following predetermined rules, the DQN agent learns the best pricing strategies through ongoing trial and error in a
simulated marketplace - essentially teaching itself what works best over time. What makes our approach special is how
it accounts for the messy realities of the marketplace - how different customer groups respond to price changes, how
competitors might react, seasonal patterns that drive demand up or down, and the varying needs of different customer
segments. The goal isn’t just about maximizing short-term gains, but finding that sweet spot that balances healthy
revenue and profit while keeping prices stable enough.

KEYWORDS : Reinforcement learning, Dynamic pricing optimization, Deep Q-networks (DQN), Price elasticity
modelling, Multi-agent market simulation.

capture the nuance of contemporary market forces. They
respond slowly, need extensive manual adjustments, and
usually do not take into account customer heterogeneity
or random shifts in demand. In our proposed system, we
create a dynamic pricing model that is driven by a Dueling
Deep Q-Network (DQN) and a simulated marketplace
that reflects real-world complexity. The agent will learn to
optimize pricing decisions using variables such as demand
fluctuations, customer segments, competitor prices, and
seasonal behavior. Trained using curriculum learning,
the model becomes more capable of managing variability
in the market, leading to smarter, smoother, and more
profitable pricing initiatives.

INTRODUCTION

Pricing has never been more dynamic in today’s volatile
and fast-changing markets. No longer can firms depend
on sticker prices or linear rule-based price management
to compete. Customers react to prices variably based on
timing, circumstances, and individual tastes, whereas
market forces such as seasonality and competitor activities
change continuously. To remain at the forefront, firms
require flexible yet smart pricing strategies. Legacy
pricing models tend to come up short because they’re not
very flexible. Even when backed by statistical software,
these models operate on pre-programmed rules that cannot
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LITERATURE ANALYSIS

Traditional pricing optimization has its roots in
fundamental economic theories, but has evolved
significantly with the development of econometric models
by the 1980s. A pivotal advancement occurred with
the work of Talluri and van Ryzin [1], who introduced
monopolistic revenue management systems that applied
mathematical optimization while factoring in capacity
constraints and customer willingness to pay. Despite these
theoretical breakthroughs, Elmaghraby and Keskinocak
[2] highlighted a consistent gap between robust academic
models and their practical implementation in real-world
scenarios, pointing to the need for more adaptable and
data-driven approaches. The emergence of machine
learning brought about a paradigm shift in pricing
methodologies. Regression based models became
foundational, with Levy, Hostler and Loebbecke [3]
employing decision trees and random forests to forecast
optimal pricing strategies. Zhang and Krishna murthi [4]
further expanded on this by integrating k-means clustering
with price response modeling, allowing for more tailored
and effective promotional strategies. Deep learning
techniques soon entered the landscape, with Ye, Li, and Li
[5] using convolutional neural networks (CNNs) for ride-
sharing price predictions, and Ban and Keskin [6] utilizing
recurrent neural networks (RNNs) for pricing decisions
in e-commerce, showing improved performance through
sequential data understanding. Reinforcement learning
(RL) introduced new dimensions to dynamic pricing,
particularly in uncertain and rapidly changing markets.
Vengerov [7] was among the first to apply Q-learning to
optimize cloud computing resource pricing. The fusion
of deep learning with RL marked a breakthrough, as
illustrated by Yao and Yang [8], whose use of Deep
Q-Networks (DQN) in airline pricing yielded an 11%
increase inrevenue compared to traditional models. Further
innovations like Dueling DQN by Wang et al. [9], Double
DQN by van Hasselt, Guez, and Silver [10], prioritized
experience replay by Schaul et al. [11], and distributional
RL by Dabney et al. [12] have enhanced the robustness and
efficiency of pricing systems. However, challenges such
as the exploration-exploitation trade-off remain critical,
as discussed by den Boer [13]. Promising solutions lie in
hybrid methods, such as the constrained RL algorithms by
Achiam et al. [14], which blend adaptive RL with business
constraints to ensure practical applicability. Despite the
significant advancements highlighted above, existing
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research often falls short in addressing the complexity of
real-world market environments. Many models assume
relatively static or simplified conditions, overlooking the
nuanced interplay of multiple dynamic market factors
such as competitor behavior, customer heterogeneity,
and temporal demand fluctuations. Furthermore, while
deep reinforcement learning approaches like DQN and
its variants have demonstrated strong performance, they
frequently lack interpretability and struggle to incorporate
operational constraints vital for deployment in commercial
systems. Additionally, most prior work evaluates models
on isolated or domain-specific datasets, limiting their
generalizability. Our project aims to bridge these gaps
by proposing a Dueling DQN-based framework that
integrates a multi-factor market simulation, allowing for
the modeling of complex, real-world pricing scenarios.
By incorporating diverse market inputs and constraints
into the reinforcement learning loop, our approach seeks
to deliver more adaptive, robust, and practical pricing
strategies suitable for real-time applications. Even though
impressive advances have been made in the study of
pricing, most current methodologies remain ineffective
when used within actual markets. One major problem is that
these models tend to be based on static hypotheses and do
not take into consideration the intricate, dynamic variables
that impact pricing choices — including the actions of
competitors, heterogeneous customer tastes, and variable
demand. While deep reinforcement learning algorithms
such as DQN and their variants have achieved robust
performance in controlled environments, they may be hard
to interpret and are not always simple to reconcile with
real-world business constraints. Moreover, much of the
previous work has been evaluated using narrow datasets,
which restricts how well the results can be generalized to
broader or more diverse market environments.

METHODOLOGY

We have developed a sophisticated reinforcement learning
methodology in our research to maximize pricing models
in complex market environments. Our methodology
involves a Dueling Deep Q-Network (DQN) structure
with a smart multi-factor market simulation that considers
various market forces and customer behaviors.

We frame the dynamic pricing problem as a Markov
Decision Process where our price algorithm interacts
with the market environment through adjusting price and
reward from revenue and profit feedback. This approach
follows recent advancements in reinforcement learning
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for dynamic pricing, as discussed in Wang et al. [15] ,The
environment state includes informative market indicators
such as current price, competitor price, demand trend,
seasonality effects, and time elapsed since the last price
update.

Our demand function encompasses the intricate interactions
of numerous variables and is held to the general form:

P e
D=D0X(}T) XKOCKSEHGHKEXN
n

where Do is the base demand, P is the prevailing price,
Po is the base price, e is the price elasticity parameter, C
captures competitor impacts, S captures seasonality effects,
G captures customer segment features, E captures external
market conditions, and N adds controlled stochastic
variables. Competitor effect employs a sigmoid function
to capture diminishing returns in competitor impacts:

1
P — P¢
1+ exp(S X (T))

where Pe is the price of the competitor.

C=05+05%x%

The reinforcement learning module employs a Dueling
DQN structure that separates the state value estimation
and action advantage estimation. The state-action Q-value
is computed as:

1 r
Q(s.a) =V(s) + (A(s, a) _WZ A(s,a ))

Our Double DQN algorithm prevents overestimation bias
by the following formula as explained in Hasselt et al.
[16].

Q(5,@) =7 +¥ X Quargar (S',argrrLaXQumme (", a’))

where v is the discount factor and has been implemented
as 0.99.

This decomposition improves stability by isolating
state-specific value from action-specific advantages,
as originally proposed in Cheung et al. [17] which
demonstrates its effectiveness in Atari games and similar
environments.

The reward function is implemented to balance multiple
business goals:
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Rev — Rev, Prof — Profj, AP
R=50X——+50X ——— 20 X |—|
Rev, max(|Prof,|,1) P

where Rev is current time revenue, Revo is baseline
revenue, Prof is current time profit, Profo is baseline profit,
and |AP/P| is price volatility.

RESULTS AND DISCUSSION

Our reinforcement learning-based dynamic pricing
worked impeccably with an improvement of revenue by
29.60% and offered some useful insights regarding market
behavior. The model has been trained over 150 episodes
and we have illustrated the mean value of the performance
metrics achieved over these episodes below [Table 1]. The
model displayed great flexibility, converging in no time
to an optimal $60 price in the 20th time step [Fig 1], with
revenues ranging from $220,000 in peak-demand hours to
$80,000-$100,000 in off-peak-demand hours[Fig 2]. The
demand forecasting module performed well at 83.11%
accuracy, with minor underestimation in peak-demand
hours and R? value = 0.5586.[Table 1].

Table 1: Average Evaluation Metrics

Revenue Improvement 29.60%
Profit Improvement 28.98%
Demand Accuracy 83.11%

The most salient outcome was the agent's future-looking
price behavior rather than reacting to seasonality, it pre-
priced in high seasons, and this made revenue profiles more
even. The revenue closely tracked demand fluctuations
because the model worked with volumes between 1,500
and 3,500 units, and demand had a steady cyclical
structure[Fig 2]. Our curriculum strategy of learning
worked excellently, and gains added up in an incremental
manner over training episodes without plateaus and with
lower instability. Segmentation of customers also revealed
interesting behavior, e.g., the agent adhering to a hybrid
price policy for top-end users between episodes 140-150
(28.98% rise) instead of the successive price increases we
had anticipated.

Merging pricing and demand forecasting into a single
RL model introduced new operational efficiencies with
84.17% accuracy, and the volatility penalty resulted in
smoother prices that enhanced customer confidence.
Our sigmoid basis competitor response model permitted
equally well-balanced, strategic reaction to market moves,
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and adding cost structure permitted the model to pursue
long-term strategies that resulted in a 28.98% profit gain
and worked fairly well on both specialty and commodity
product lines without much tweaking.

The flat $60 price level represented the perfect compromise
between revenue and retention of market share, which
was most probably excellent customer retention behavior
while representing a huge improvement over our previous
pricing efforts.[Fig 4].

While these findings are encouraging, there are limitations.
The limited market setting fails to reflect realistically
real-world complexity, especially cross-product effects.
Synthetic data did not fare well at replicating imperfections
in real-world data, and accuracy fell off a cliff when

artificial variations were added. Fig. 3

Fig. 4
Fig. 1 CONCLUSION

Our research  demonstrates that state-of-the-art
reinforcement learning techniques, here Dueling Deep
Q-Networks, are of significant advantage in dynamic
pricing optimization. The results of experiments depict
remarkable revenue and profit gains against traditional
methods while achieving high prediction accuracy of
demands. Our solution efficiently addresses exploration-
exploitation trade-off and offers multi-factor market
simulations taking into account seasonality, competitor
behavior, and customer segmentation, hence eliminating
the limitations of traditional pricing methodologies.
Despite challenges in explicating model choice and
dealing with sudden market evolution, the possibility
of the system predicting demand pattern behavior and
dynamically modifying pricing measures to match has a
revolutionary role in algorithmic pricing. The contribution

Fig. 2
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offers groundwork for future studies on multi-agent
systems, deployment of strategic foresight, and addressing
emergent collusion, and culminates eventually in a proof
of demonstrating the capability for reinforcement learning
in changing competitive markets to revolutionize pricing
measures.
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ABSTRACT

Artificial Intelligence (AI) has been significant addition to the field of medical imaging by providing faster and
more accurate diagnoses. However, dependencies specific to the medical field, like restricted data accessibility, have
prevented Al from reaching its full potential. This research aims to investigate how, within the existing framework, the
introduction and integration of quantum technology can improve the speed, accuracy, and computational capabilities.
Quantum computing being equipped with its unique ability to function in multiple parallel states, offers a ground-
breaking solution for these challenge. The healthcare industry stands to gain significant advantages from the integration

of Al and quantum technology.

KEYWORDS : Quantum Al, Quantum computing, Quantum sensors, Quantum internet, Computational speed.

INTRODUCTION

uantum Computing can simulate and outperform
Qtraditional computing in terms of processing
performance [1]. Richard Feynman first introduced the
notion of utilizing quantum computer to simulate quantum
processes in 1982. He proposed that quantum mechanical
processes may permit completion of tasks that would be
difficult or impossible with ordinary computers [2].

David Deutsch, recognized as Father of Quantum
Computing, pioneered the notion of quantum computing
in 1985 when he introduced the quantum Turing machine
[9]. He invented the concept of quantum parallelism which
is very fundamental concept of quantum computing. It
denotes the capability of quantum systems to do several
calculations simultaneously, resulting in a considerable
acceleration over traditional computing. Quantum
superposition enables quantum bits, or "qubits," to exist
in several states rather than binary (0 or 1), resulting in
acceleration is the means by which acceleration is achieved.
A qubit can be represented as a linear combination of
states /0> + B|1>, where a and P are complex numbers
satisfying the equation |a|*> + |B]* = 1. These states can
also be mapped to locations on the Bloch sphere, which
is a unit sphere. Through superposition, n qubits can
coherently encode all 2n states, whereas n classical bits
can only encode one of the 2n possible states at a time.
This extraordinary occurrence makes parallel information
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processing possible and ultimately supports quantum
computation's acceleration. [8].

Quantum Entanglement manifests as particles sharing a
singular state. The application of operations to one particle
correlates with the state of the entangled counterpart.
For instance, measuring each qubit individually in the
situation of a Bell state (|00> + |[11>)/N2 results in an
equally likely random distribution of 0 and 1. But when the
two independent measurements are compared, a regular
pattern shows up: if one qubit generates a measurement
result of 0, the second qubit similarly generates a result
of 0, and the same is true for outcome 1 [7,9]. Quantum
entanglement augments qubit processing capacity by
introducing additional qubits to the system. In a quantum
configuration, particles can simultaneously exist in multiple
states. However, the coherence among these states may be
compromised when a quantum system interacts with its
surroundings. Sustaining quantum superposition becomes
challenging due to this interaction, entangling the various
states with the environment t. Quantum error correction
becomes imperative to extend and construct fault-tolerant
quantum computers

Artificial Intelligence (Al) represents a discipline within
computer science that centers on replicating human
behavior in computers and automating tasks that presently
require human intelligence [3]. Al systems start off by
ingesting vast amounts of data. The data being collected
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may take the form of unstructured content, encompassing
text, images, and videos, or it can be structured and
organized in spreadsheets and databases. The process of
instructing models to discern patterns within this data falls
under the domain of Machine Learning (ML), a subset of
Artificial Intelligence (AI).

Different algorithms are used that learn from data and
enhance their performance progressively. In supervised
learning, the Al model undergoes training on a labeled
dataset, where the correct outputs are provided. The
model, guided by input characteristics, learns to
formulate predictions. In contrast, unsupervised learning
involves training on unlabeled data, allowing the system
to autonomously discover patterns and associations.
Reinforcement learning is a trial-and-error process where
the model receives feedback, such as rewards or penalties,
based on its behavior. After training, the Al system may
make predictions or conclusions based on previously
unknown data. The accuracy of these judgements depends
on the training data quality and algorithm complexity.

Challenges in the current healthcare system are certain
medical tests are very time consuming, diagnostic report
is not very precise, some diseases are challenging to
identify at their early stage and sometimes medications
are not suitable for some patient. This paper gives a detail
idea of how Quantum Al has potential to revolutionized
healthcare system by increasing the diagnostic accuracy,
velocity, efficiency and improvement in medical imaging
and analysis.

LITERATURE SURVEY:

Quantum Artificial Intelligence (QAI) represents the
convergence of quantum computing and machine learning,
aiming to overcome the limitations of classical Al in terms
of scalability, training efficiency and accuracy when
handling high dimensional, complex data. Recent research
has explored the theoretical underpinnings and practical
applications of Quantum Machine Learning (QML) across
diverse fields particularly healthcare, where the demand
for precision, speed and personalized diagnostics is
paramount.

Gupta and Jha [16] provide a foundational review of
quantum machine learning in healthcare, analyzing
how QML algorithms such as Quantum Support \Vector
Machines (QSVM). Quantum k-means, and Quantum
Neural Networks (QNNs) enhance tasks like disease
classification, medical image segmentation and treatment
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prediction. Their work emphasizes that quantum
models, particularly hybrid architectures like quantum
classical convolutional neural networks (QC-CNN)
deliver improved accuracy and faster convergence when
compared to classical counterparts. They also address
practical constraints including decoherence and the lack
of healthcare specific quantum datasets.

Further expanding on algorithmic frameworks, Kaur and
Arora [17] classify QML algorithms into supervised,
unsupervised and reinforcement categories covering
Quantum Principal Component Analysis (QPCA),
Quantum Kernel Estimation and Quantum K-Nearest
Neighbor (QKNN). Their study shows that QML offers
exponential advantages in pattern recognition tasks and
feature learning. In the realm of pharmaceutical research,
Cao et al. [18] discuss the role of quantum algorithms
such as Variational Quantum Eigensolver (VQE) and the
Quantum Approximate Optimization Algorithm (QAOA)
in accelerating drug discovery. Their paper illustrates how
quantum systems model protein-ligand interactions and
optimize molecular configurations significantly faster than
traditional computational chemistry approaches.

Tacchino et al. [19] delve into architectural depth of
Quantum Neural Networks proposing parametrized
quantum circuits and hybrid quantum classical
training regimes. The study demonstrate how QNNs
can outperform classical Neural Networks in certain
classification tasks, with robustness against overfitting
and better representation of nonlinear patterns in limited
data scenarios. Dunjko and Briegel [20] work on Quantum
Reinforcement Learning(QRL) introduces quantum
enhanced exploration strategies and policy optimization
in environments such as robotic control and healthcare
decision systems. They argue that quantum agents can
evaluate exponentially larger action spaces leading to
faster convergence in dynamic environment. Cacace et
al [21] apply QALI in radiology using QSVMs for precise
tumor detection MRI images.

Preskill et al. [22] provide a theoretical foundation
for quantum advantage in ML, while Mukherjee et al.
[23] demonstrate QAI’s effectiveness in time series
forecasting via Quantum Boltzmann Machines. Kiani et
al. [24] integrate quantum kernels into classical models
for personalized healthcare improving recommendation
accuracy.
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KEY DRIVERS PROPELLING QUANTUM-
BASED Al ARCHITECTURE

Quantum Sensors

Quantum sensing is a technique that develops new types
of sensors by applying quantum mechanics concepts.
Quantum sensors are predicted to provide improved
sensitivity, accuracy, and precision in measuring
physical quantities such as Magnetic fields, Electric
fields, Temperature, Pressure and Chemical composition.
Quantum sensors integrate sensor technology with
quantum mechanics traits such as quantum entanglement,
quantum interference, and quantum state. Quantum sensors
gather and convey data utilizing quantum bits, or qubits,
which are comprised of photons, ions, and neutral atoms.
Traditional sensors encounter accuracy and precision
constraints, particularly in challenging conditions or when
operating at extremely small scales. To reach high levels
of sensitivity and precision, quantum sensors frequently
employ quantum states of matter or particles, such as atoms
or photons. Quantum sensors wield a substantial impact as
they outperform conventional sensing technologies by an
order of magnitude. Ordinary sensors are susceptible to
drift, characterized by the accumulation of errors arising
from noise and manufacturing imperfections. [5] The
concept of quantum coherence, in which particles' quantum
states are maintained throughout time, is frequently used
in quantum sensors. Coherence, in this context, has the
potential to mitigate drift and provide a dependable
reference for measurements. In contrast to conventional
sensors, quantum sensors exhibit the capability to discern
even the smallest changes in the environment. [6]

Quantum Networks

A Quantum Network is a communication network that
leverages principles from quantum physics to transmit
data in an exceptionally secure and efficient manner
[10]. Regardless of the distance separating two qubits,
entanglement ensures their inexorable coupling. Two
qubits can mirror one another once they are entangled,
with each measurement fully correlated with the other
[7]. Teleportation, enabled by this peculiarity, facilitates
the secure transfer of quantum information following
the protocols of no-cloning theorem. By facilitating
safe, quick, and effective information transfer, quantum
networks have the potential to completely transform
computers and communication [11].
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Quantum Memory

Devices known as "quantum memories" can store a
photon's quantum state without erasing the photon's
volatile quantum information. [12] After a designated
period, the quantum memory should have the capability
to emit a photon with the identical quantum state as the
one that was initially stored. Without losing the entangled
information through decoherence, the quantum state must
be preserved for a user-defined period [13].

Quantum Repeaters

In the field of quantum communication, quantum repeaters
are essential because they allow secure communication
based on the laws of quantum physics. By mitigating the
effects of quantum decoherence and information loss that
arise during photon transit via optical fibers, they serve
to broaden the capabilities of quantum communication
over significant distances. For security reasons, quantum
repeaters have the capability to partition long-distance
communication into distinct segments, allowing the
distribution of quantum keys in each segment separately.

Quantum repeaters comprise essential components such as
Quantum Memories, Quantum Entanglement Purification,
and Quantum Entanglement Switching The quantum
communication network's nodes, or relay stations, are
made of quantum memories. To link stations to each other,
quantum entanglement switching technology is used
to increase the communication distance. The two most
essential quantum repeater technologies are quantum
entanglement switching and quantum entanglement
purification. [14]

Coherence length is the duration of time throughout which
superposition of states maintains its designated state. In
quantum noisy channels, normal purification strategies
are often unavailable when the transmission distance
exceeds the coherence length. Instead, the channel is
partitioned into numerous segments, each undergoing
independent purification before being interconnected
through entanglement switching. In contrast to a quantum
error correction technique, this approach is notably more
efficient.

Communication Security

The advent of the quantum internet is poised to markedly
enhanceinformationsecurity,renderingmessagesencrypted
with quantum keys exceptionally challenging to intercept
and decipher. [12] Quantum Key Distribution (QKD)
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refers to a set of methods and protocols within quantum
cryptography designed to safeguard communication
channels by facilitating the sharing of cryptographic keys
between users. The fundamental concept behind QKD is
to leverage the principles of quantum mechanics, enabling
two parties to generate a shared secret key in a manner that
would reveal any attempt to intercept the key exchange.
[9] Various Quantum Key Distribution (QKD) networks
have been established globally. In 2016, China deployed
the world's first quantum communication satellite, Micius,
and successfully implemented QKD between two ground
stations separated by 2,600 km. Subsequently, in 2017, a
QKD optical fiber network spanning over 2,000 kilometers
was completed, connecting Beijing and Shanghai. [11]

QUANTUM Al

In the field of medical imaging, artificial intelligence has
made it possible for faster and more accurate diagnosis.
Al has attracted a lot of attention in the medical domain
since it can function at a human level and can provide
new insights. Although Al has great potential, access to
large training datasets is critical to its efficacy. To train
algorithms with high prediction accuracy, a large amount
of data is needed. Medical imaging activities present a
distinct barrier in terms of gathering enough data because
of imaging process costs, very less number of patients
for some rare diseases and handling real time data. This
is precisely the situation in which quantum technologies
come into play. It will allow us to do computing tasks that
are outside of the reach of even the best computers today.
These dependencies can be solved with integration of
Quantum Computing.

Quantum-enhanced artificial intelligence algorithms can
function well even in the face of a shortage of training
data. Quantum technology has an immense power. When
combined with Al it could revolutionize the medical
imaging and analysis process. With the help of quantum
sensors minute details can be observed which is not possible
sometimes with the traditional process. Quantum sensors
have been used to improve the sensitivity and resolution
of MRI machines. This sensor technology will aid in real-
time imaging with zero ionizing radiation, early disease
detection and better treatment progress tracking. Quantum
sensors make use of the concepts of quantum mechanics in
order to achieve precise measurements and sensitivity that
were previously unattainable with conventional sensors.
Figure 1 shows the detailed architecture of Quantum Al.
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Fig. 1. Architecture of Quantum Al

Machine learning algorithm with quantum will do better
and more accurate prediction. Quantum Convolutional
Neural Network (QCNN) can be used to analyze large
dataset of images. (e.g. MRI and CT scans) to detect
anomalies and diseases with higher precision and speed
compared to classical CNNs. Sophisticated algorithms
work in real time, interpreting molecular intricacies
of human physiology. With the use of this technology,
healthcare professionals may foresee, prevent, and cure
illnesses with unprecedented precision. QCNNs have the
potential to improve retinal disease detection by processing
vast amounts of data more efficiently than traditional
CNN. They can extract complicated patterns and features
from OCT images with greater precision and faster
computation. QCNNs can interpret retinal images and
detect problems such as diabetic retinopathy and macular
degeneration early allowing for more timely treatment.
It can enhance the accuracy in detecting anomalies in
medical images, leading to early diagnosis of diseases by
doing the complex computations at faster speed.
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Quantum Reinforcement Learning can be used which
accelerate the learning process and enhance the
optimization. Development of drug is complex and
time consuming process that can take years and even
decades to complete. Over time, QRL can optimize the
most efficacious medicines by continually learning and
modifying treatment plans based on patient response.
Through the integration of genetic and molecular data,
QRL is able to customize treatment plans for each patient,
improving accuracy and reducing adverse effects. QRL
is able to detect structural alterations in molecules that
improve therapeutic efficacy while minimizing adverse
effects. When looking for possible drug candidates, QRL
can quickly filter through huge libraries of chemical
compounds. The aim of integrating quantum computing
in healthcare envisions a world where diseases are not
just treated but predicted where treatments are tailored to
individual genetic profiles and the focus is not just illness
but on proactive, personalized well-being.

Here Al can be used to develop chatbots that can provide
immediate response to patient’s query, reduce the
workload on healthcare providers and provide quick and
efficient response to patient’s questions, thus improving
patient’s satisfaction and overall healthcare experience.
The patient’s report will be shared with multiple doctors
or specialist worldwide through quantum networks,
enabled by quantum repeaters. Quantum repeaters act as
intermediaries extending the range of communication by
entangling and swapping the qubits over long distances.
Quantum repeaters ensure secure transmission of data by
using Quantum Key Distribution (QKD) concept. Once
the quantum data reaches its destination, it undergoes a
process called quantum to classical conversion, where it’s
translated into classical information. This converted data is
sent to classical computers, allowing seamless integration
between quantum and classical computing systems.

The integration of Al and quantum computing has
potential to revolutionize healthcare delivery and drug
discovery. It envisions a society in which diseases are
predicted rather than treated, medicines are tailored to
individual genetic profiles, and the emphasis is not on
illness but on proactive personalized well-being. The use
of Al and quantum computing in healthcare delivery can
also help in developing predictive models that can forecast
the likelihood of certain diseases or health conditions. This
information can help healthcare providers take proactive
measures to prevent or treat diseases.
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RESULTS AND DISCUSSION

Responses were gathered from domain experts, including
doctors and academics, to assess whether the integration
of quantum computing in healthcare will significantly
transform the industry. More than 75% responses agree
that Al and quantum together carry potential power
that will transform the healthcare. Accuracy in disease
identification and prediction, faster processing, fault
tolerant computation, better optimizations in treatment
plans, enhancement in personalized medicine, improved
diagnostic accuracy are some of the key benefits that will
be gained by the system.

CONCLUSION

Quantum computer need temperature colder than outer
space. This temperature allows to enter the quantum chip
in the zero resistance state. This will allow electricity to
flow without energy loss. Superposition and entanglement
work together to dramatically boost quantum computers'
processing capability, which is utilized to train Al models
at unimaginable speed and analyze vast amounts of
data quickly. This may be an Al breakthrough. With the
integration quantum and Al in the healthcare industry
will benefit to the patients having disease at early stage,
diseases that are not identified and treated properly,
personalized medicines, monitoring of disease such as
cancer.

Quantum computer face several challenges that hinder
their widespread availability. They are very costly to build
and maintain making commercial accessibility limited.
Their development is long term endeavor that might take
decades to become widely available. Qubits are very
fragile in nature. They loss the states when comes in
contact with the environment.
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Forecasting carbon emissions is important to help countries meet their sustainability goals and follow environmental
rules. In this study, different models are used to predict national per capita carbon emissions using one real dataset.
The models tested include ARIMA, LSTM, Auto Regressor, Single Exponential Smoothing, Double Exponential
Smoothing, and Triple Exponential Smoothing (both additive and multiplicative types). The models are compared using
common error measures like Mean Absolute Error (MAE), Mean Error (ME), Root Mean Squared Error (RMSE), Mean
Percentage Error (MPE), and Mean Absolute Percentage Error (MAPE). Among all the models, ARIMA gave the best
results with an MAE of 274.47 and a MAPE of 13.06%. It showed the most accurate and stable predictions overall.
Double Exponential Smoothing and Triple Exponential Smoothing (Additive) also performed well with similar error
values. The improved LSTM model gave decent results but had a higher MAPE of 26.33%, showing it was less accurate
than ARIMA. The base LSTM, Single Exponential Smoothing, and Auto Regressor models had very high errors and
poor performance. This shows that statistical models like ARIMA, when tuned properly, can predict carbon emissions
better than deep learning models in many real-world cases. This study of these results can help make better decisions
and plans for sustainability.

KEYWORDS : Time series forecasting, Carbon emissions, ARIMA, LSTM, Exponential smoothing, Sustainability,
MAE, MAPE, RMSE.

INTRODUCTION

It is very important to know how much carbon each
person in a country produces every year. It helps the
government and planners take better steps to protect the
environment and follow climate rules. These days, many
countries are working to become carbon neutral, and new

(LSTM), AutoRegressive Integrated Moving Average
(ARIMA), Auto Regressor, and Exponential Smoothing
methods like Single, Double, and Triple. These models
help us make short-term and mid-term predictions, which
can support better planning by the government and people
who make important environmental decisions

laws are becoming stricter to control pollution. Because of
this, we are able to guess future carbon emissions which
is now very important. It helps in making better choices
that are good for both the environment and the country’s
economy. In older times

Nowadays machine learning (ML) and time series models
give better and smarter ways to predict carbon emissions.
These models look at past data like old emission numbers,
changes in population, and energy use, and they can find
patterns that old methods might not see. In this study, we
use different models such as Long ShortTerm Memory
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Recent research shows that deep learning and mixed
models usually give better results. For example, LSTM
is good at understanding patterns that last over time, and
ARIMA works well when the data has regular trends.
These models help make predictions more accurate and
support better decisions to reduce pollution.

In our study, we check how these models perform using
real- world data, which is often messy and not always
perfect. This is important because many older studies only
used clean or perfect datasets. Our focus is on practical
and real-life use, especially for countries that are growing
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fast and need better tools to manage their rising energy use
and environmental responsibilities.

We use one real dataset that shows per capita carbon
emissions. The models are compared using common
accuracy metrics like Root Mean Squared Error (RMSE),
Mean Absolute Error (MAE), Mean Error (ME), Mean
Percentage Error (MPE), and Mean Absolute Percentage
Error (MAPE). The rest of this paper explains literature
in Section II, the methodology used in Section III, Section
IV presents the results, and Section V concludes the study.

LITERATURE REVIEW

Using machine learning (ML) to predict national per
capita carbon emissions is becoming more popular. It
helps support global sustainability goals and allows
governments to follow environmental rules better. This
part explains some past studies that used machine learning
to predict carbon emissions for different countries.

In 2019, Dong did a study using a model called LSTM
to forecast national carbon emissions. This model was
good at finding long-term patterns in the data. It gave 22%
better results compared to older methods. The study also
showed how changes in a country’s economy are linked
to its emission levels, which helped make the predictions
more accurate.

In 2020, Wang used CNN models to study emissions in
different areas within a country. They used satellite images
along with social and economic information to find places
with high pollution. This helped them make more detailed
predictions for different regions, which can help in making
better plans in those areas.

In 2022, Liu combined CNN and LSTM models to forecast
carbon emissions from industries. This mix of models
could understand both space and time-based patterns in
the data. Their model was 17% more accurate than older
time series methods.

In 2023, Chen used a new type of model called a
transformer to predict emissions. This model used attention
mechanisms to understand patterns between different
countries and included climate policy data. It gave 18%
better results than older deep learning models and helped
with national carbon planning.

Another study by Niu used a neural network model
improved with a fireworks algorithm. It predicted that
China’s total carbon emissions would reach their highest
point around the year 2030.
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Sun used a support vector machine model combined with a
bacterial foraging optimization algorithm. This model also
gave very good results and improved prediction accuracy.

All these studies show that machine learning is becoming
a strong tool for predicting per person carbon emissions.
New models like LSTM, CNN-LSTM, and transformer
give more accurate results. Adding other details like
energy use and economic data makes the predictions even
better. Now, researchers are also working on making these
models easier to understand and more useful for planning
climate-friendly policies.

METHODOLOGY

This study uses time series forecasting methods to predict
how much carbon each person in a country may release
in the future using real data. The models are based on
paste environmental and economic information. The study
includes both old-style forecasting methods and modern
deep learning models to find different patterns and trends
in the data. Each model helps us see how carbon emissions
might change over time.

ARIMA (AutoRegressive Integrated Moving Average)

ARIMA is a statistical model that works well when the
data changes over time and follows patterns. It has three
main parts: ¢ AR (AutoRegressive): uses past values to
help predict the current value,

* I (Integrated): removes trends in the data by taking the
difference between values.

*  MA (Moving Average): looks at past prediction errors
to improve future predictions.

It is written as ARIMA(p, d, q):
e pis the number of past values used (lag),

e d is the number of times we difference the data to
make it stable, ¢ q is the number of past error terms
used.

The general equation of ARIMA is:

Yi=c+ oY1+ @Yo+ . + @pYip + 0181 + 0282 + ...
+0 qeq+ &

Where:

e Y, is the value at time t which in this case means the
carbon emission,
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* cis a fixed number (constant),
* ¢ and 0 are the model parameters,

e g isthe random error or difference between actual and
predicted value at time t.

LSTM (RNN)

LSTM (Long Short-Term Memory) is a type of deep
learning model and a special kind of Recurrent Neural
Network (RNN). It is great at understanding patterns in
data that changes over a long period of time.

LSTM is made up of memory cells, and each cell has three
gates:

* Input gate: decides what new data should enter the
memory,

»  Forget gate: decides what old data should be removed,

e Output gate: decides what data should be used for
prediction.

LSTM is useful for time series data like carbon emissions,
where what happens in the past can affect the future. In
this study, LSTM was used to take in inputs like past
emissions, GDP, and energy usage to predict future carbon
emissions. The model showed good accuracy and can be
further improved by tuning its parameters or adding more
features.

Exponential Smoothing Methods

Three variants of exponential smoothing techniques
have been implemented, each assigning exponentially
decreasing weights to older observations to focus more
on recent emission data. These are given as follows:

1) Single Exponential Smoothing

This method is used when the data does not show a
clear trend or seasonality. It smooths the data to reduce
fluctuations.

Formula:

Si=aY+ (1 —a)Se

Where:

e S:is the smoothed value at time t,
e Y.is the actual value at time t,

* o 1is the smoothing constant (0 < o < 1). This method
was used as a baseline to compare with more complex
models.
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2) Double Exponential Smoothing

This method includes both the current level and the trend
of the data.

It works well when the data shows a rising or falling trend.
Formulas:

St=0aY:+ (1 —a)(Set +be1) be=B(Si—Se1) + (1 — )b
Where:

e S is the smoothed value,

e Dbyis the trend value,

e o and P are smoothing constants. This model helps us
understand if emissions are increasing or decreasing
over time.

3) Triple Exponential Smoothing

This method is also called Holt-Winters method. It adds
a seasonal component to the double smoothing, which is
useful when the emissions follow a repeated cycle (like
seasonal energy use).

Formulas (Multiplicative version):

Se=a(Ye/ L) + (1 — a)(Set + bea) be = B(Se — Ser) +
(1= P)be

Li=y(Y./S)+ (1 -y)I-L

Where:

e I, is the seasonal component,

e L is the length of the season (e.g., 12 for monthly
data),

4) Auto Regressor

The Auto Regressor model is a simple method that
predicts future values based only on its own past values. It
is written as AR(p), where p is the number of past values
used.

Formula:

Yi=c+ 1Yt t @Yo+ ..+ @pYip T+ &

Where:

*  Y.is the predicted value at time t (carbon emissions),
e cisaconstant,

* (1, Oz, ..., @p are the coefficients (weights) for past

values,

e g is the random error or noise at time t.
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This model does not include any trend or seasonal
information. It helps to see how much of the prediction
can be made just using past emissions without using other
data.

RESULTS

This part consists of the results of various findings to
predict national per capita carbon emissions which we
got by applying various time series forecasting methods.
Using the standard forecasting accuracy metrics, we
evaluate the performance of Auto Regressor, ARIMA,
LSTM, Single Exponential Smoothing and the Double and
Triple Exponential Smoothing models.

Evaluation Parameters

1) Mean Absolute Error (MAE): Mean Absolute Error
(MAE) only concerns how much we were off, not
whether we over- or underestimated. It's a measure of
how far on average we were off from reality.

MAE = (I/Il) * > |Yi - §’1|
Table 1: Evaluation table

4) Mean Percentage Error (MPE): Mean Percentage
Error (MPE) is an expression of prediction error
as a percent, not an absolute amount. This lets us
understand the relative size of our errors in proportion
to true values. Similar to ME, negative and positive

errors will be opposite.
MPE = (100/n) * X [(yi - ¥i) / yi]
5) Mean Absolute Percentage Error (MAPE): Mean

Absolute Percentage Error (MAPE) informs us, on average,
how far away our predictions were, as a percentage.
Because it's absolute values, whether we overpredicted
or underpredicted doesn't matter - we're only interested in
how big the errors were when compared to the real values.

MAPE = (100/n) * Z [lyi - §i| / lyil]
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2) Mean Error (ME): It establishes how much on average
what we observed differed from our predictions. This
one, unlike MAE, cares about whether predictions
were overestimates (positive errors) or underestimates
(negative errors), hence they offset one another.

ME = (1/n) * Z (yi - ¥i)

v is the smoothing constant for seasonality.

Both additive and multiplicative versions were tested in
this study. Additive is used when seasonal changes are
constant, and multiplicative is used when seasonal changes
grow with the level

RMSE = [(1/n) *  (yi - §i)’]

3) Root Mean Squared Error (RMSE): It rewards smaller
errors less than big ones. It tells us how accurate our
predictions are by first squaring the errors (making all
positive), then averaging and finally taking the square
root to convert back to original units.

Fig. 1. CO, Emissions Forecast
Overall Performance

From all the tested models, ARIMA performed best with
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MAE (274.47), MAPE (13.06%), and RMSE (407.67)
as the lowest. This implies that ARIMA predicted values
with average errors of around 13% of the true values
of emissions, this implies that conventional statistical
techniques are still very useful when optimally adjusted
for carbon emission prediction.

Double Exponential Smoothing did the next best with
MAE and MAPE of 298.48 and 13.38%, respectively,
followed by Triple Exponential Smoothing (Additive)
with MAE and MAPE of 300.76 and 13.44%, respectively.
The marginal difference in performance statistics between
these two models tells that despite the trends present in
the data set, the additional seasonal component which
was captured by Triple Exponential Smoothing (Additive)
brings only marginal gains.

Improved LSTM performed reasonably with an MAE of
354.51 but registered a much higher MAPE (26.33%) than
the best models. Baseline LSTM performed poorly with an
MAE of 394.03 and an MAPE of 19.01%, reflecting that
deep learning models can identify sophisticated patterns
in emission data but might need to be heavily tuned or
augmented with extra features to beat conventional
statistical models for this particular forecasting task.

The worst performing models were Single Exponential
Smoothing

(MAE = 1001.77, MAPE = 55.11%) and Auto Regressor
(MAE = 1026.10, MAPE = 50.52%), which validate the
fact that carbon emission data includes trends and patterns
that cannot be captured by simple models.

Model-Specific Observations:

A. ARIMA: Although ARIMA is best overall, ARIMA
has a very large negative ME (-227.6) and MPE
(-8.07%), indicating that it overpredicts emissions.
The bias, while consistent, is smaller in percentage
terms than for most of the other models, so ARIMA is
still the most reliable predictor.

B. Improved LSTM: This is the only model among
those evaluated to exhibit a positive ME (220.58)
and MPE (21.50%), suggesting an underestimation of
emissions. This different behaviour from other models
may prove useful in ensemble methods to counteract
systematic errors.

C. Double and Triple Exponential Smoothing: The two
models exhibit comparable performance statistics
and also exhibit a similar pattern of overestimating
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emissions (negative ME and MPE) Triple Exponential
Smoothing (Multiplicative) performs less well than
Additive, and this implies that the seasonal carbon
emissions variation doesn't increase proportionally
with trend level.

D. LSTM: The base LSTM model shows significant
overestimation bias (ME = -394.0, MPE = -19.01%)
and fairly high error statistics. This means that while
LSTM can learn complex patterns, it may be noisier
or require more thoughtful hyperparameter tuning for
this data.

Single Exponential Smoothing: The very poor
performance of this model (MAE = 1001.77, MAPE =
55.11%) and its high overestimation bias (ME =-1001.77,
MPE = -55.11%) affirm that carbon emission information
has strong trends that cannot be handled by simple level
smoothing.

CONCLUSION

This study compares different models to predict national
per capita carbon emissions using real-world data. The
models used are ARIMA, LSTM, Auto Regressor, and
Single, Double, and Triple Exponential Smoothing. The
data is evaluated using five error measures: MAE, ME,
RMSE, MPE, and MAPE. Out of all the models, ARIMA
gave the best results. It had the lowest MAE of 274.47,
RMSE of 407.67, and MAPE of 13.06%. Even though
ARIMA slightly overpredicted emissions, it was still the
most accurate overall. Double Exponential Smoothing
came next with an

MAE o0f 298.48 and MAPE of 13.38%. Triple Exponential
Smoothing (Additive) was close behind with MAE of
300.76 and MAPE of 13.44%. The difference between
these two was very small, showing that the seasonal part
in Triple Smoothing didn’t help much. The improved
LSTM model showed okay results with MAE of 354.51
and MAPE of 26.33%, but it was not better than ARIMA.

The basic LSTM model performed worse with MAE of

394.03 and MAPE of 19.01%. This means that deep
learning models need more tuning to work well for this
kind of data. Single Exponential Smoothing did very
poorly with MAE of 1001.77 and MAPE of 55.11%. Auto
Regressor also performed badly, with MAE of 1026.10
and MAPE of 50.52%. These two models were not able to
catch the trends in the data.

In the end, ARIMA is the best model for this task. It works
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better than LSTM and other smoothing methods when
tuned properly. This study shows that statistical models
are still very useful for predicting carbon emissions and
helping with sustainability planning.
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Loan approval process has to be precise and efficient which modern financial organizations fail to carry out in order
to beat risk and enhance decision-making. The simplicity of measuring financial risk is often beyond the capabilities
of standard manual evaluation techniques. The study relies on several datasets containing important applicant features
such as income, credit score, job history, and past loan history to compare and contrast various machine learning(ML)
and deep learning (DL) models to predict the likelihood of loan approval. In the research, various predictive models
are evaluated, including deep learning architectures (LSTM, CNN, FFNN), ensemble (Random Forest, XGBoost,
LightGBM, CatBoost, Stacking) and classic machine learning (Logistic Regression, Decision Tree, SVM) models.
The Synthetic Minority Over-Sampling Technique (SMOTE), Random Under-Sampling (RUS) and feature selection
methods such as Random Forest Feature Importance and the ANOVA F-test are some of the approaches to dealing with
class imbalance used in the study to enhance model performance. Comparison shows that ensemble learning models
have been conclusively superior to both deep learning and traditional methods, being more accurate in predictive power
and more robust. Compared to deep learning architectures, stacking and voting classifiers in particular have been shown
to be better in generalization as well as computational efficiency on varied data. This research article provides us with a
data driven framework that can be effectively utilized and applied by the financial institutions.

KEYWORDS : Loan approval, Machine learning, Deep learning, Ensemble learning, Credit risk assessment, Financial
decision-making.

INTRODUCTION

n today’s fast changing financial world, Banks and

financial organizations must evaluate precise and
efficient loan approval procedures. Traditional techniques
of loan approval procedures only rely on manual
assessment and predefined criteria, which often fail to meet
the demands of managing the challenges associated with
modern financial risks. The advent of machine learning
(ML) and deep learning technologies has transformed
risk assessment, facilitating more accurate and automated
decision-making. This research explores the application of
different machine learning techniques and deep learning
models to forecast loan approvals, leveraging a range
of datasets that include critical applicant variables such
as income, credit score, employment status, and prior
loan history. By applying sophisticated feature selection
methods and a diverse array of algorithms including deep
learning architectures (LSTM, CNN, FFNN), ensemble

techniques (Random Forest, XGBoost, LightGBM), and
traditional approaches (Logistic Regression, Decision
Tree, SVM) the research seeks to determine the most
effective model for improving the precision of loan
approvals. Moreover, methods such as Random Under-
Sampling (RUS), Synthetic Minority Over-Sampling
Technique (SMOTE), ANOVA F-test (SelectKBest)
and Random forest feature importance evaluation are
deployed to address obstacles related to feature selection,
class imbalance and model interpretability. The research’s
main objective is to enhance decision-making , overcome
default risks and maximize lending strategies for financial
organisations with a solid and data-driven framework.

LITERATURE ANALYSIS

Viswanatha V., Ramachandra A.C., Vishwas K. N., and
Adithya G. conducted research utilizing machine learning
techniques, specifically Random Forest, Naive Bayes,
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Decision Tree, and K-Nearest Neighbors (KNN), to
forecast loan approval results with Python. Their findings
revealed that the Naive Bayes model outperformed the
others, attaining an accuracy rate of 83.73%, demonstrating
its efficiency in this application. [13]

Vahid Sinap developed predictive models for loan approval
by utilizing a range of machine learning algorithms,
including Logistic Regression, K-Nearest Neighbors,
Support Vector Machine, Decision Tree, and Random
Forest, all implemented in Python. The Random Forest
algorithm, when combined with the Recursive Feature
Elimination (RFE) method for feature selection and
evaluated through cross-validation, reached an outstanding
accuracy of 97.71%. The results also revealed that married
individuals, high-income applicants, males, and university
graduates were more likely to receive loan approvals.

[10] Nazim Uddin, Md. Khabir Uddin Ahamed, Md.
Ashraf Uddin, Md. Manwarul Islam, Md. Alamin
Talukder, and Sunil Aryal designed an ensemble machine
learning framework to enhance bank loan approval
predictions, surpassing the performance of standalone
machine learning and deep learning approaches. Their
strategy incorporated SMOTE to balance the dataset and
utilized a variety of machine learning methods, such as
Logistic Regression, Decision Tree, Random Forest, Extra
Trees, Support Vector Machine, K-Nearest Neighbors,
Gaussian Naive Bayes, AdaBoost, and Gradient Boosting,
in conjunction with advanced deep learning frameworks,
including deep neural networks, recurrent neural networks,
and long short-term memory models. The ensemble voting
strategy, which merged the three most effective machine
learning models, resulted in a 0.62% increase in accuracy
compared to the Extra Trees model. Additionally, they
created an intuitive desktop application to facilitate user-
friendly engagement with the prediction system. [12]

In their research, Sheikh, Mohammad Ahmad, Goel,
Amit Kumar, and Kumar, Tapas point out that banks are
significantly reliant on loans for their revenue streams,
making the accurate prediction of loan defaults essential
for minimizing Non-Performing Assets (NPAs) and
maximizing profitability. While there are many predictive
techniques available, precision in forecasting is of utmost
importance. This study applies Logistic Regression to
Kaggle data to evaluate loan defaulters, measuring model
performance based on sensitivity and specificity. The
results reveal that the inclusion of 1 personal factors such
as age, credit history, and loan amount greatly enhances
prediction accuracy compared to using wealth indicators
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alone. The authors suggest that banks should expand their
focus to include a wider array of factors beyond wealth
to improve loan approval strategies and reduce the risk of
defaults. [9]

Saini, Prabaljeet Singh, Bhatnagar, Atush, and Rani, Lekha
conduct an investigation into the effectiveness of machine
learning algorithms in forecasting loan approvals. They
analyze the performance of various algorithms, including
Random Forest, K-Nearest Neighbors, Support Vector
Classifier, and Logistic Regression, using a dataset refined
through exploratory data analysis and feature engineering.
The evaluation parameters consist of accuracy, F1 score,
and ROC score. The analysis demonstrates that Random
Forest secured the highest accuracy at 98.04%, while
Logistic Regression, KNN, and SVC had accuracies of
79.60%, 78.49%, and 68.71%, respectively. This study
illustrates the potential of machine learning to refine loan
approval processes, decrease the likelihood of defaults,
and enhance decision-making in financial organizations.

[7]

Gothai, E., Rajalaxmi, R.R., and Thamilselvan, R. and
K. Sridhar addressed the problem of identifying correct
loan applicants by implementing a deep learning based
loan prediction system. This would enable the system
to automatically choose the applicants thus increasing
approval rate time while also minimizing default risk
by using Artificial Neural Networks(ANN) and Support
Vector Machines(SVM). SVMs are useful for determining
classification limits, while ANNs replicate neural network
functions to enhance pattern recognition. The final
combination of the best supervised models yields an
accuracy of 91%, outperforming conventional approaches.
In addition, it has courtesy to control the loan amount for
applicants setting a high standard layout for loan a soft
approval within financial organizations.[1]

Thus they performed the investigation on machine
learning techniques for loan approval prediction The
research team includes Nancy Deborah, R., Alwyn Rajiv,
S., Vinora, A., Manjula Devi, C., Mohammed Arif, S.,
Mohammed Arif, G. S. Hence this research verifies loan
application evaluations and default risk mitigation through
K-Nearest Neighbors and Decision Trees algorithms
analysis while proposes a Support Vector Classifier with
verified accurateness. The algorithm developed by SVM
showed an accuracy rate of 83 percent, according to the
study results. Apart from dataset biases, the approach is
dependent on various factors such as the quality of the data
and selected hyperparameters etc. This study shows that
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SVM can act as an acceptable method for loan prediction
but its each performance is reliant on its usefulness. [4]

According to Rani, Ritu & Gupta, Sheifali (2023), of Reddy
& Rani (2023), Random Forest classifies acceptance of
home loans from financial & credit-related features and
also from population demographics information. They
discover that the most predictive accuracy emerges from
data preparation methods, as well as feature transformation
and model validation. It comes to the rescue out here which
manages well with the missing data also. These insights
would enable financial institutions to build better credit
risk models and enhance the overall approach of their loan
management initiatives. It improves machine learning in
finance by directly expediting loan approvals. [5]

DATA OVERVIEW
Dataset Description

Kaggle's datasets on loan approvals are vital tools for
comprehending the evaluation of financial risks and the
processes that inform loan approval decisions. Dataset 1
[6] contains 252,000 entries that offer insights into the
demographics, financial circumstances, and employment
backgrounds of applicants, featuring a Risk Flag that
categorizes applicants as either high-risk or low-risk.
The status of the loan variable is essential in determining
whether a loan is granted or declined. Financial
institutions rely on a classification marker for loan status
to establish eligibility for loans. Dataset 2 [11] comprises
45,000 recorded cases and includes 14 key factors
that impact credit approval decisions, such as income
verification measures, credit assessment scores, and
employment duration metrics. Dataset 3 [3] encompasses
614 individual records with 14 distinct analytical factors,
where the Loan Status designation serves as the decisive
element for lending resolution outcomes. Dataset 4 [14]
comprises 20,000 entries with 34 parameters spanning
monetary resources, credit history, and demographic
characteristics that influence application determinations.
These statistical compilations serve as resources for
academic investigators, analytics professionals, and
lending organizations to develop predictive frameworks
for financing approval methodologies.

Data Preparation
Data Cleaning And Preprocessing

The data quality enhancement procedure encompassed
resolution of value absences, purging of duplicative
information, and extraction of extraneous identifiers to
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diminish statistical aberrations. Non-sequential categorical
parameters underwent Label Encoding transformation,
whereas numerical indicators were normalized to preserve
measurement proportionality without compromising the
analytical construct's evaluative fidelity.

Addressing Class Imbalance

Classification dis-proportionality was corrected through
Random Under-Sampling (RUS) and Synthetic Minority
Over-Sampling Technique (SMOTE) methodologies
to establish equitable representation. RUS diminished
predominant classification instances, harmonizing Dataset
1 [6] to 61,992 and Dataset 2 [11] to 20,000 records.
SMOTE generated artificial minority classification
examples, expanding Dataset 3 [3] to 664 and Dataset
4 [14] to 30,440 records. These calibration approaches
enhanced the analytical framework's capacity to identify
patterns across all categorizations.

Data Splitting For Model Training And Evaluation

The analytical material was segregated in an 80-20
proportion for instruction and verification purposes,
providing substantial learning material while preserving
an autonomous collection for performance validation.
These preliminary processing protocols optimized the
information repository for precise and objective loan
approval forecasting.

Fig. 1: Class Distribution of Datasets Before and After
Resampling

FEATURE SELECTION

Animportantpartofpredictive analyticsis feature selection,
which can enhance the efficiency and interpretability of
models by identifying variables that are critical, whilst
removing those that have little predictive value. It is a way
of reducing computation complexity, limiting overfitting,
and making the model to generalize well. Two feature
selection methods (complementary to each other) were
applied to select the most important predictors:
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Random Forest Feature Importance

Metric Measures of feature importance of the algorithm
were obtained to rank the variables based on their
contribution to classification. Variables with higher values
of importance were kept to further analysis. With large
number of variables in the dataset, feature subset selection
is very important. Random forest algorithm has been
shown to be a useful feature selection tool, as well as in
classification, regression and in imputing missing values.

(2]
Anova F-Test

We have also entered ANOVA F-test with SelectKBest
calling the f classif as a scoring function to confirm the
choice based on Random Forest feature importance. It
is a statistical test to measure the variance of the target
variable that each categorical feature explained and it
raises an F-score to measure the discriminating power - the
higher the score, the more related it is to the classification
task. Its process was an important pillar in defining the
characteristics of our credit risk, and it brought predictive
power, as well as, general robustness to the model. [8] Our
feature selection methodology is based on a combination
of model-based (Random Forest feature importance) and
statistical (ANOVA F-test with SelectKBest) methods. The
combined strategy helps to safeguard the most significant
variables. In combination, these techniques not only allow
making the predictions of loan approval more accurate
but also make the overall analysis more interpretable and
straightforward.

Fig. 2: Feature Selection Process

To enhance the accuracy and interpretability of the
models we selected variables that were highly relevant
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and significant in the statistical sense. Random Forest
feature importance and ANOVA F-test were relied upon to
ascertain the most significant predictors. The significance
of some of the factors in ascertaining the level of financial
stability and the ability to repay loans were highlighted
as age, income, work experience and credit history. Also
the interest rate of the loan amount and debt to income
ratio were considered during assessment of financial
burden and associated risks. The socioeconomic factors
including marital status, location of the property and
type of employment were also important context. The
inclusion of these important attributes to the dataset
allowed us to achieve higher model efficiency, less
complex computations and decreased chances of over
fitting allowing us to achieve more true and testable loan
approval predictions.

Table 1. Feature Selection Process

Dataset Selected Features

Dataset 1

Income, Profession, Age, Experience, Current
Job_yrs, Current_house_yrs

Dataset 2 person_age, person_income, person_home
ownership, loan_amnt, loan_int rate, loan

percent_income, previous_loan_defaults_on_file

Dataset 3 Married, Dependents, Education, Self Employed,
Applicantincome, CoapplicantIncome,
LoanAmount, Loan_Amount_Term, Credit_

History, Property Area

MonthlyLoanPayment, LengthOfCreditHistory,
RiskScore, CreditScore, InterestRate,
LoanAmount, TotalDebtToIncomeRatio,
Annuallncome, PreviousLoanDefaults,
DebtTolncomeRatio

Dataset 4

METHODOLOGY

The new dynamic financial environment requires a more
sophisticated way of risk management and prospect
screening in the mortgage application assessment. The
customary procedures lean towards rigid mechanization of
the multi-stratified phenomena. Machine learning, on the
other hand, allows making new data-driven decisions as it
enhances the predictive capacity and utilizes the available
data more efficiently. In the given research, a variety of
machine learning models including standard algorithms,
ensemble learning, and deep learning are implemented
on four Kaggle datasets containing both numerical and
categorical variables such as income, credit score, loan
amount, and employment status. Feature selection is
performed using ANOVA F-test and feature importance
evaluation. To determine the efficiency of models, there
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are significant metrics such as Accuracy, Precision, Recall,
F1-Score, and AUC-ROC that are utilized to present
thorough analysis. By applying a wide range of models
to various datasets this research shall determine the most
effective methodologies in the forecasting of mortgage
approvals therefore helping in the general decision making
and risk management procedures in the financial institutes.

Model Selection

An extensive evaluation was performed on sixteen
machine learning models, which constituted classical,
ensemble, and deep learning models. As a baseline
benchmark, there are classical models, including
Logistic Regression, Decision Tree, KNN, and SVM.
Ensemble models Random Forest, Extra Trees, XGBoost,
LightGBM, CatBoost, Voting, and Stacking improve the
accuracy of predictions made by relying on more than one
algorithms. Feeding forward Neural Networks (FFNN),
Long Short-Term Memory(LSTM), Convolutional Neural
Networks(CNN), and Recurrent Neural Networks(RNN)
are deep learning models efficient in capturing complex
patterns. Especially, the hybrid LSTM-CNN model
combines both sequential and spatial feature extraction,
achieving excellent performance.

Classical Machine Learning Models

Traditional models are preferred because of their
effectiveness, clarity as well as simplicity. Logistic
Regression as a type of linear model performs probability
calculations via a sigmoid function and can effectively
handle sharp decision boundaries, but can struggle with
more complicated patterns. Decision Trees divide data into
smaller groups by a set of predetermined rules but may
experience overfitting unless properly pruned or optimized
using hyperparameters. The K-Nearest Neighbors (KNN)
classifies data based on the majority class of the close data
points, but the computation needs may grow enormously
with the size of the data. 2 VOLUME XX, 2025 Support
Vector Machines (SVM) use hyperplanes to separate the
classes and work magnificently in high dimensional spaces,
yet they must be fine-tuned when handling imbalanced
data.

Ensemble Learning Models

The Ensemble Learning Models improve the predictive
accuracy with combination of multiple models, thus
minimizing the variance and bias. Random Forest is the
extended variant of Decision Trees that builds a diverse set
of trees and combines their predictions to improve stability
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and decrease the likelihood of overfitting. Extra Trees
(also known as Extremely Randomized Trees) employ
the same general approach as general tree-based models
but introduce additional randomness in the construction
of the trees in order to increase diversity. XGBoost
(Extreme Gradient Boosting), LightGBM (Light Gradient
Boosting Machine) and CatBoost (Categorical Boosting)
are gradient-boosting algorithms that refine a weak
learner in an iterative manner with the focus on efficiency
and predictive accuracy, particularly in structured data
settings. A more complex ensemble approach is stacking,
which takes multiple base models, and uses a meta-
learner to aggregate their predictions, thereby improving
generalization.

Deep Learning Models

Deep learning algorithms are designed to capture complex,
non-linear relations and patterns in data. Feedforward
Neural Networks (FFNNs) contain multiple dense layers
which learn hierarchical representations, and thus are
good at complex feature interactions, but can overfit on
smaller datasets. The capability to preserve temporal
dependencies makes LSTM networks and RNN suitable
to work with sequential data, like transaction histories.
CNNs on the other hand, mostly used in image recognition
can also be used to find spatial features in tabular data
using various transformation methods. A hybrid approach
based on the LSTM and CNN models enables extracting
both sequential and spatial information, which may further
improve accuracy due to capturing the various dimensions
of data.

RESULTS AND DISCUSSION

This study aims at examining and comparing the
various machine learning models in order to determine
their effectiveness in loan approval predictions. By
implementing those models on a variety of datasets, we
will aim to find out which method will provide the highest
accuracy and generalizability. The models investigated
are neural networks, ensemble learning methods, standard
algorithms and a hybrid model. Here a complete analysis of
the model performance using standard evaluation criteria
is given. The indicators we use in order to measure the
predictive effectiveness of the models are the following:

Accuracy

It demonstrates the number of predictions that the model
correctly identified and provides a rough overview of the
model performance.
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TP+TN
TP+TN+FP+FN

Accuracy =

Precision

Herein lies the importance of properly and reliably labeling
approved loans since this would be critical towards
reducing the incidence of false positives.

TP

P .. __
recision TP + FP

Recall

It is a measure of how well the model can assign all
possible loans approvals that are valid, reducing the risk
of false negatives.

TP

Recall = 757N

F1-Score

It is a measure that provides a balance between Precision
and Recall and is thus useful on imbalanced datasets.

Precision - Recall
F1 Score = 2 -

Precision + Recall

Roc-Auc

This assessment measures the model in terms of separating
accepted applications and rejected applications. The ROC
curve plots TPR against FPR and the AUC measures
performance, with values near 1 indicating better

performance.
. TP
TPR (True Positive Rate) = TP FN
iy FP
FPR (False Positive Rate) = m

Table 2. Classical Models Performance (Accuracy)

Mhatre, et al

Table 3. Ensemble Models Performance (Accuracy)

Dataset Random Extra XGBoost | LGBM CatBoost
Forest Trees
Dataset 1 0.847 0.854 0.816 0.752 0.799
Dataset 2 0.903 0.899 0.908 0.907 0.907
Dataset 3 0.811 0.793 0.781 0.817 0.799
Dataset 4 0.986 0.986 0.985 0.991 0.992

Table 4. Stacking And Voting Classifier Performance

(Accuracy)

Dataset Stacking \oting
Dataset 1 0.871 0.844
Dataset 2 0.904 0.910
Dataset 3 0.740 0.828
Dataset 4 0.990 0.990

Table 5. Deep Learning Models Performance (Accuracy)

Dataset FFNN LSTM RNN CNN LSTM +
CNN
Dataset 1 0.747 0.851 0.696 0.813 0.793
Dataset 2 0.883 0.882 0.881 0.826 0.882
Dataset 3 0.775 0.615 0.746 0.663 0.817
Dataset 4 0.985 0.985 0.980 0.986 0.986

Dataset Logistic Decision KNN SVM
Regression Tree

Dataset 1 0.516 0.860 0.835 0.517

Dataset 2 0.878 0.873 0.853 0.884

Dataset 3 0.651 0.757 0.722 0.663

Dataset 4 0.984 0.980 0.981 0.985
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Fig. 3: Model Performance Trends Across Datasets
CONCLUSION

Following an intensive research, it was noticed that the
ensemble methods including Stacking, Voting, XGBoost,
LightGBM, and CatBoost have outperformed the
traditional and deep learning models on different datasets
due to their ability to combine weak learners to reduce
overfitting and improve accuracy.

Stacking and Voting classifiers were the best models since
they effectively fused the individual advantages of several
base learners to achieve high accuracy in all the datasets.
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XGBoost and CatBoost also stood apart, as they surpassed
the 90% accuracy rate on Datasets 2 [11] and 4 [14].

In contrast to ensemble models, conventional methods,
including Decision Trees and Support Vector Machines
demonstrated mediocre yet limited performance
respectively, because of their overfitting biases, and poor
generalization. Logistic Regression, which perform well
in array simple instances, had significant challenges in
dealing with complex, non-linear relationships in financial
forecasting.

The models like LSTM networks, CNNs, and LSTM-CNN
hybrid have proven to perform well on the datasets with
strong sequential dependences, with the hybrid LSTM-
CNN models showing the most improvements on Dataset
3 [3]. However, in most cases deep learning models
perform inferior to ensemble methods mostly because of
their heavy computation demands, and also because they
rely on the complexity and size of the dataset.

The increased accuracy and robustness of ensemble
models in handling feature variability, class imbalance,
and complex decision boundaries makes them the most
reliable method to use when predicting loans approvals.
This will offer financial institutions with a strong tool
to enhance risk evaluation and lending criterion. Future
research directions would be to build upon ensemble
models and look into hybrid approaches of integrating
deep learning approaches and situate predictive accuracy
and overall performance to an even higher level.
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ABSTRACT

With improving deep learning models (specifically, hybrids of Convolutional Neural Networks, or CNNs), their usage
has become integral to fashion image classification. In this research, the performance of several CNN-based models,
i.e., baseline CNN, CNN-Transformer Hybrid, CNN-LSTM Hybrid, and CNN-Autoencoder Hybrid, is compared on
the Fashion MNIST dataset. For classification models, the performance metrics are accuracy, precision, recall, and F1
score, and for the unsupervised autoencoder, pixel accuracy, mean absolute error, PSNR value, and structural similarity
index are used. Results show that hybrid models perform better than the baseline CNN, with the CNN-Transformer
Hybrid performing the best for classification accuracy (92.90%) due to its capability of learning higher-level feature
dependencies. The CNN-LSTM Hybrid is most appropriate for sequential structure modeling, while the autoencoder
is effective in image reconstruction, albeit with fluctuation in validation accuracy. This work illuminates the strengths
and weaknesses of various CNN-based architectures to better understand their tradeoffs between complexity, training
efficiency, and accuracy for fashion image analysis.

KEYWORDS : Convolutional neural networks (CNNs), Image reconstruction, Pixel accuracy, Evaluation metrics.

INTRODUCTION

eep learning has proved to be a game changer across

many domains, one of its greatest applications
being the field of image classification. Of deep learning
approaches, Convolutional Neural Networks (CNNs)
have yielded exceptional results in the extraction of
hierarchical spatial feature representations from images
and therefore have been one of the prominent techniques
in computer vision applications [1]. In this study, the
effectiveness of CNN-based models in fashion image
classification with the Fashion MNIST dataset is
investigated. As artificial intelligence continues to be more
transformative in the fashion industry, computer vision
recognition of clothing through automation has become a
critical part of e-commerce, inventory, and personalized
recommendations. However, tuning CNN models for

optimal accuracy is still in its infancy, and further research
into model designs and learning paradigms is required
[2]. Modern life is incomplete without fashion, and deep
learning has proven critical to improving the classification
of fashion photos. CNN models trained on datasets like
Fashion MNIST have been demonstrated to be extremely
accurate at identifying garment articles, assisting
e-commerce sites with product recommendations, and
optimizing search results [3]. However, as datasets
become larger and more complex, processing efficiency
and classification performance continue to decline. In
order to overcome these limitations, research on hybrid
and specialized CNN architectures has produced models
such as CNN-LSTM, CNN-Autoencoders, and CNN-
Transformer [4]. The CNN-LSTM method combines
CNNs with LSTM networks, which leverage sequential
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dependencies in visual input, to increase classification
accuracy[5]. The hybrid model improves recognition
performance, especially if it is possible to take use of
temporal correlations in images. Conversely, CNN-based
autoencoders are a potent unsupervised dimensionality
reduction method that improves classification stability by
removing noise and obtaining stable feature representation
[6][7]. Furthermore, there have been emerging studies
that introduced CNN-Transformer hybrids that tap the
global context information offered by Transformers
with the ability of CNNs to identify local features. Here,
efficiency is sought without compromising accurate
classification, particularly for huge datasets [8][9].
This research comprehensively evaluates four CNN-
based models, namely Basic CNN, CNN-Autoencoder,
CNN-Transformer, and CNN-LSTM, to evaluate their
architecture, performance, and applicability for fashion
image classification. By evaluating their impacts on
classification accuracy, computational complexity, and
stability, this study seeks to contribute insight into the
best deep learning algorithms for image classification for
fashion-related applications.

LITERATURE ANALYSIS

Fashion image classification has attracted  interest
in recent years with the emergence of deep models
like Convolutional Neural Networks (CNNs), Vision
Transformers (ViTs), and autoencoders. Several studies
have used diverse architectures and optimization methods
to improve classification on the Fashion-MNIST dataset.
Xin et al.[2],determined the most critical parameters
affecting CNN accuracy in fashion image classification
on the Fashion-MNIST dataset to investigate performance
improvement. Similarly, Aditya et al.[10] applied CNNs
together with image data augmentation techniques,
achieving a classification accuracy of 95.92%, surpassing
previously used methods. Jiang and Zhang[11] used
CNNs in PyTorch with an accuracy of 88.39% in
solving future directions in deep learning-based image
classification (Jiang & Zhang)[11]. Besides standard CNN
architectures, efforts in hybrid models and other deep
learning methodologies have been extended. Datsi et al.
[12] developed a model that combined CNN-VGG16 and
XGBoost for Fashion-MNIST classification with greater
accuracy than current methodologies (Datsi et al.)[12]. In
addition, Bbouzidi et al. [13] contrasted CNNs and Vision
Transformers (ViTs) for Fashion-MNIST classification in
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the e-commerce domain, illustrating their pros and cons
and recommending a hybrid model to achieve higher
accuracy (Bbouzidi et al.)[13]. Improved work in ViTs
was also presented by Bouzidi et al.[14] who presented
CrossViTL2, a Vision Transformer with L2 regularization
and k-fold cross-validation, and that has 93.47% accuracy
in classification and solves issues of sustainable fashion
(Bouzidi et al.)[14]. Alternative methods have also been
used for effective model training and parameterization
minimization. Jha et al.[15] suggested LightLayers, a
matrix factorization approach for obtaining light DNN
parameters to accelerate training with little compromise
in accuracy on various datasets like Fashion-MNIST.
Zhang[16] suggested utilizing an LSTM-based RNN-
based method to label Fashion-MNIST with an 89%
accuracy by employing fine-tuning and network trimming,
and optimizing time using PyTorch. Autoencoders are also
researched in terms of the ability to reconstruct images
as well as for classification. Snehith et al.[17] researched
structured latent space in denoising autoencoders and
discovered that introducing noise while training enhanced
accuracy but model performance remained less than a
support vector machine (Snehith et al.)[17]. These all show
the development of deep learning methods in Fashion-
MNIST classification towards enhancing model precision,
decreasing computational complexity, and hybrid models.
Future studies should continue developing these methods
further by investigating novel optimization methods and
novel deep learning models.

METHODOLOGY

The approach used in this research is to train and test several
deep learning models for the FashionMNIST dataset. The
steps include data preprocessing, model implementation,
and training, followed by performance testing.

Data Preprocessing

The dataset employed in this research is the FashionMNIST
dataset, which is made up of grayscale images (28x28
pixels) of 10 different clothing types. The following
preprocessing was done:

Downloading and loading the train and test datasets
using PyTorch's datasets.FashionMNIST.Normalization
was done with ToTensor(), which transforms images into
tensors and normalizes pixel values to the range [0,1]. The
data set was divided between training and testing sets, and
batch loading was carried out via PyTorch's Datal.oader
utilizing a batch size of 32.
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Training Process

All models within this research adopt a uniform training
strategy, with input images of 28%28 pixels and a uniform
hidden layer size of 32 units. The output layer has 10
classes corresponding to the categorical structure of the
dataset. All the models are trained over 20 epochs for fair
and consistent analysis.

Loss Function: The supervised learning models use
Cross-Entropy Loss, which measures divergence between
the output probability distributions and actual labels,
whereas the unsupervised model type uses Mean Squared
Error (MSE) Loss, which is more appropriate for the
reconstruction purpose.

Optimization: The ADAM optimizer is utilized along
with a uniform learning rate of 0.001 for the weights to be
updated iteratively.

Backpropagation: Gradients of loss functions with respect
to model parameters are computed by PyTorch's autograd
system and then updated using gradient-based optimization
in an attempt to minimize loss across multiple iterations.

Model Architectures

Three different neural network architectures
implemented and evaluated for image classification:

were

Base Convolutional Neural Network

The model consists of two large convolutional blocks, each
employing a 3x3 kernel with stride 1 and padding 1 for
learning features. The first block adds batch normalization
to offer stable learning, ReLU activation for non-linearity,
and max pooling (2x2) for spatial dimension reduction,
followed by dropout (0.25) to avoid overfitting.

Even though the second block has double the number of
channels for enhanced feature extraction, the structure
remains identical. Stability and regularisation are
provided through dropout (0.25), max pooling, and batch
normalisation.

The obtained features are then flattened and passed through
a fully connected layer of 128 neurons, ReLU activation,
and dropout (0.3), thus enhancing generalization. Through
the final linear layer, representations are mapped to the
desired number of classes.

Convolutional Neural Network - Transformer Hybrid

The CNN Transformer Hybrid model follows the
Base CNN architecture, but with its intrinsic CNN-
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based feature extraction retained with the addition of a
Transformer encoder for improved sequence modeling. Its
CNN backbone stays the same: two convolution blocks
with 3x3 kernel sizes, Batch Normalization, ReLU, 2x2
max pool, and dropout, which serves to provide powerful
spatial feature extraction (1 — 32 — 64 channels).

The Transformer encoder, appended after the CNN
layers, handles spatially flattened feature maps. It has
two Transformer layers with a decreased number of
heads (nhead=2) and a feedforward dimension of 128,
employing GELU activation for smoother non-linearity.
This allows the model to extract global dependencies
and spatial relationships in addition to the local feature
extraction by CNNs.

The final classifier applies the feature embeddings after
they have been transformed, passing them through fully
connected layers with GELU activation and 0.4 dropout
to ensure proper generalization. The hybrid model takes
advantage of CNNs' spatial hierarchies and long-range
dependencies modeled by Transformers to enhance
performance in image-based tasks.

Convolutional Neural Network - LSTM Hybrid

The CNN LSTM Hybrid takes the baseline CNN model
one step further with a bidirectional LSTM for more
complex sequential pattern learning. The core structure
includes two normal 3x3 convolutional blocks followed
by batch normalization, ReLU activation, and 2x2 max
pooling for good spatial feature learning (1 — 32 — 64
channels). It introduces dropout (0.25) for regularizing to
avoid overfitting.

Once feature extraction through convolutional layers has
taken place, feature maps are reshaped to form sequences
and passed through a two-layered bidirectional LSTM
of hidden size 2xhidden units. Such an architecture
facilitates

the ability to learn spatial local hierarchies (by means
of CNNs) and temporal long dependencies (by means
of LSTMs), consequently making the performance for
image-based sequential modeling problems higher.

The final fully connected classifier projects the LSTM
output to 128 hidden units with ReLU activation and
regularization using 0.5 dropout, and finally to the output
layer. The hybrid architecture thus takes advantage of the
spatial learning abilities of CNN as well as the capacity
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of LSTM to learn complex temporal patterns, thus being
suitable in scenarios where local and sequential features
are critical.

Convolutional Neural Network - Autoencoder Hybrid

The CNN Autoencoder Hybrid is a convolutional
autoencoder for unsupervised representation learning and
image reconstruction, keeping the essentials of the earlier-
mentioned Base CNN intact with additional modifications
to meet the autoencoder architecture requirements.
The encoder is a standard CNN-based feature extractor
pipeline with two 3x3 convolutional layers, LeakyReLU
activations, and 2x2 max pooling, reducing spatial
dimensions while augmenting feature channels (32 — 64).

The decoder rebuilds the input with the help of two
transposed convolutional layers with 2x2 kernels and a
stride of 2, recovering spatial resolution (64 — 32 — 1).
A Sigmoid activation in the output scales pixel values to
the range 0 and 1. This architecture efficiently facilitates
compression and reconstruction, so it is also adequate for
denoising and anomaly detection applications, illustrating
the way a classification-based CNN architecture can be
repurposed for autoencoding without changing its very
nature.

RESULTS AND DISCUSSION

This section of the paper evaluates the performance of
the following classification models: Base Convolutional
Neural Network(CNN), Convolutional Neural Network
- Transformer Hybrid, Convolutional Neural Network
- LSTM Hybrid, Convolutional Neural Network -
Autoencoder Hybrid, and based on certain evaluation
metrics.

Evaluation Metrics

The evaluation parameters being used for the evaluation
and comparison are Test Accuracy, Precision, Recall, F1-
Score for supervised models, and Pixel Accuracy, MAE,
PSNR and SSIM for the unsupervised model. These
metrics collectively can be used to evaluate the overall
performance of various Convolutional Neural Networks.
The acronyms TP (True Positive), TN (True Negative),
FP (False Positive), and FN (False Negative) are used as
references in the formulas provided.

1) Test Accuracy: Test accuracy is the ratio of correctly
classified samples to the total samples in the test
dataset, measuring a supervised model’s generalization
performance.
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2) Precision: Precision is the ratio of correctly predicted
positive samples to the total predicted positive
samples, measuring a model's ability to avoid false

positives.

3) Recall: Recall is the ratio of correctly predicted
positive samples to the total actual positive samples,
measuring a model’s ability to capture all relevant

instances.

F1 Score: F1 Score is TP the harmonic mean of
precision and recall, balancing both metrics to provide
a single performance measure, especially useful for
imbalanced datasets.

4)

5) Mean Absolute Error(MAE): MAE is the average

absolute difference between predicted and actual
values, measuring a model's prediction accuracy.

where,
n=no. of observations
y, ¥, =actual value of the i" i'" observations
=predicted value of the i i"" observation

Peak Signal-to-Noise Ratio(PSNR). PSNR is
a logarithmic measure of the ratio between the
maximum possible signal value and the distortion
(MSE), used to evaluate image quality.

6)

7) Structural Similarity Score(SSIM). SSIM quantifies
the perceptual similarity between two images by

considering luminance, contrast, and structure.
Analysis
Baseline CNN Analysis

The baseline CNN converges well, with training loss
always beating the test loss past epoch 10. Although this
is an indication of some overfitting, the narrow margin
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indicates excellent generalization. Test accuracy shoots
up from 88% to a high of 92.5% at approximately epoch
15 before declining slightly, the best training time of 15
epochs. Precision, recall, and F1 metrics take almost a
similar trajectory from 0.88 to the best points of 0.93-0.94
with equal class performance. There is a steep decline
between epochs 7-10 but the model keeps its upgrading
trend until it slows. The test accuracy achieves 91.98%,
ultimately with a test loss of 0.2288 on classification.
Precision (0.9208), recall (0.9199), and F1 metric (0.9190)
are in balance, confirming the robustness of the model.
The baseline indicates stable bases with typical learning
patterns, even with the slight overfitting at the end of
epochs.

Fig. 1. Baseline CNN Analysis
CNN - Transformer Hybrid

The hybrid CNN-Transformer shows very strong
convergence trends with training loss decreasing
consistently from 0.45 to 0.18 over 20 epochs. Test loss also
follows this trend but is always lagging by approximately
0.03-0.04, with a bit of overfitting but not much. Test
accuracy increases strongly from 88.3% at the beginning
to 93% at epoch 20, with more variability between epochs
5-10 before consistently increasing upwards. The last test
accuracy then plateaus at 92.90%, and the classification test
loss at 0.213. The F1, recall, and precision values mirror
one another closely, from 0.88 and increasing to 0.93 by
the last epoch, before plummeting sharply around epoch
18 before plateauing. The last precision (0.9291), recall
(0.9290), and F1 score (0.9290) then confirm the same.
This hybrid system shows robust learning properties with
better final performance measurements, but it has more
mid-training periods of fluctuation, so the transformer
parts bring higher potential performance and also training
dynamics complexity.
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Fig. 2. CNN Transformer Hybrid Analysis
CNN - LSTM Analysis

The CNN-LSTM model has very good learning capacity,
with the training and test losses decreasing progressively
and the balance between the two being well-preserved, as
evidence of effective generalization. Its accuracy becomes
very high rapidly, achieving above 91% at the later
epochs, and its precision, recall, and F1-score are always
over 0.91, reflecting stable classification performance.
However, while it learns sequential relationships well, its
convergence is somewhat slower than the transformer-
based counterparts, which spike earlier. The model does
not experience severe overfitting but has a minimal gap
between the training and the test loss, suggesting room
for further optimization. Compared to less sophisticated
architectures, CNN-LSTM has improved feature extraction
and temporal learning but may need to be carefully tuned
to achieve the optimal accuracy of transformer-based
approaches.

Fig. 3. CNN LSTM Hybrid Analysis
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CNN - Autoencoder Hybrid

The CNN Autoencoder shows consistent improvement on
metrics across 20 epochs, with some major abnormalities.
Pixel accuracy increases consistently from 94.2 to 95.64
on training data and also shows notable instability with
sharp drops at epochs 6 and 16, particularly with a
significant dip to 94.6% at epoch 6 and a dramatic drop to
94.8% at epoch 16. MAE also decreases from 0.0254 to
0.0216, following the pattern of test loss with disturbances
at the same epochs. PSNR improves overall from 26.0 dB
to 27.11 dB, with a steep dip at epoch 16, as with other
metrics. SSIM improves the most, from 0.919 to 0.9408,
even while dipping at epochs 6 and 16. This autoencoder
performs well at reconstruction with ever-improving
fidelity, but the consistent instability at some epochs
suggests potential dataset anomalies or optimization
problems during training.

Fig. 4. CNN Autoencoder Hybrid Analysis

Table 1: Parameter Structure of the Models

Model Number of Hyperparameters
Baseline CNN 412,834
CNN - Transformer Hybrid 488,778
CNN - LSTM Hybrid 421,834
CNN - Autoencoder 27,169
CONCLUSION
Our research demonstrates that state-of-the-art

reinforcement learning techniques, here Dueling Deep
Q-Networks, are of significant advantage in dynamic
pricing optimization. The results of experiments depict
remarkable revenue and profit gains against traditional
methods while achieving high prediction accuracy of
demands. Our solution efficiently addresses exploration-
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exploitation trade-off and offers multi-factor market
simulations taking into account seasonality, competitor
behavior, and customer segmentation, hence eliminating
the limitations of traditional pricing methodologies.
Despite challenges in explicating model choice and
dealing with sudden market evolution, the possibility
of the system predicting demand pattern behavior and
dynamically modifying pricing measures to match has a
revolutionary role in algorithmic pricing. The contribution
offers groundwork for future studies on multi-agent
systems, deployment of strategic foresight, and addressing
emergent collusion, and culminates eventually in a proof
of demonstrating the capability for reinforcement learning
in changing competitive markets to revolutionize pricing
measures.
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ABSTRACT

The increase in credit card fraud in this digital age presents a strong case for the creation of new and strong fraud detection
systems. Conventional rule-based systems that establishes trust in fraud prevention are not able to match the constantly
changing methods of the fraudster, and therefore ML is the likely alternative. This study evaluates the performance
of widely used machine learning models like Naive Bayes, various kernel types of Support Vector Machines (SVM),
Logistic Re-gression, Decision Tree and Random Forest, across three different credit card fraud datasets. The outcome
discovered that combined models like Random Forest (98.6% Accuracy, 98.3% F1-Score) and Decision Tree (95.4%
Accuracy, 95.4% F1-Score) performed the best in most situa-tions, particularly when the fraud cases were diversely
modeled. SVM (Linear) and Logistic Re-gression worked fine in the balanced dataset, while SVM (Polynomial) and
SVM (RBF) were not much effective in some situations tried. This research demonstrated the importance of selecting
algorithms according to the nature of a particular dataset for fraud detection.

KEYWORDS : Supervised learning, Logistic regression, Support vector machine, Naive bayes, Decision tree, Random

forest, Anomaly detection.

INTRODUCTION

With online payments happening so often now, it's
very important to detect credit card fraud quickly.
Credit cards are being used daily by customers for many
purposes, like shopping and payment, and credit card
fraud has become an enormous problem. Identity theft and
unauthorized transactions are becoming very common and
difficult to track. This is dangerous to the customers and
to the banks, and it also leads to financial loss as well as
loss of confidence. To protect all parties involved, systems
must be put in place to catch fraud quickly and effectively
as our internet age moves forward.

Machine learning (ML) has become a favored solution to
help detect different forms of fraud. Conventional methods,
which use rules to detect fraud, tend to fall behind with the
development of new and innovative fraud schemes.

Machine Learning algorithms are used for processing
huge amounts of data and identifying fraudulent patterns
in transactions that would be hard for humans to observe.
Because machine learning gets better with time as it
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learns to respond to past data, it has become increasingly
important in recent years. Several techniques like neural
networks and decision trees, have demonstrated best
performance in real-time detection, thereby becoming
an invaluable tool in the hands of financial institutions.
Because these systems learn and respond to new forms
of frauds, machine learning is highly useful in fraud
detection. Machine Learning models learn from historical
transactions and are becoming more intelligent day-by-
day rather than using rules. According to a study that
concluded the Genetic Algorithm on feature selection, for
example, delivered better performances in detecting fraud
transactions.

This study aims to find out how popular machine learning
algorithms like Random Forest, Decision Tree, Naive
Bayes, Support Vector Machine, and Logistic Regression
can detect credit card fraud.

LITERATURE REVIEW

This part of the paper is directed towards the discussion
of past studies of researchers towards detecting credit
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card fraud. Traditional machine learning algorithms like
Random Forest (RF) and Artificial Neural Networks
(ANNSs), produced good outputs in fraud detection [1-3]
among these we came across a few best performers of the
traditional techniques used in credit card fraud detection
like Decision Trees and Random Forest.

There has been a considerable movement towards Deep
Learning (DL) techniques in the domain, which are
shown to be better in the learning complex patterns in
transactional data. Different DL structures have been
tested, which are CNNs, or RNNs such as Gated Recurrent
Units (GRU) networks, which were found to have better
detection accuracy than other conventional ML techniques
[4-6], specifically, that proposed an attention mechanism-
based LSTM network to achieve accurate detection of
frauds from multiple comparative patterns of transactions.
Feature engineering and feature selection have been
recognized as key steps in the diagnostic processes of
models which Esenogho et al. [7] illustrates the efficacy
of feature engineering when combined with ensembles of
neural networks. Salekshahrezaee et al. However, other
scholars such as Salekshahrezaee et al. [8] analyzed the
impact of use of feature extraction methods, (Principal
Component Analysis (PCA), Convolutional autoencoders
(CAE)) with sampling methods (Random Under sampling
(RUS) and Synthetic Minority Oversampling technique
(SMOTE)) to improve the performance of classifiers when
the dataset is imbalanced. Dealing with Class Imbalance,
Aghware et al. [2] demonstrated the use of the SMOTE
technique to enhance the performance of Random Forest,
while Ileberi et al. [3] used SMOTE + AdaBoost to
enhance fraud detection.

Besides single models, ensemble and hybrid methods are
becoming increasingly popular now-a-days. For fraud
detection, we Alfaiz et al. [9] employed an ensemble of
AIIKNN and CatBoost and achieved improved results.
Moreover, a study introduced a Group Search Firefly
Algorithm (GSFA) for machine learning model hyper-
parameter tuning, and showed that this was useful in
fraud detection on Europe credit cards dataset Jovanovic
et al. [10]. Current research explores that advanced
techniques such as graph - based methods and semi-
supervised learning overcome insufficient labelled
fraudulent transactions. In 2023, Xiang et al. [11] Next,
we suggested a semi-supervised method with attribute-
guided graph representation to effectively identify fraud
even with a limited amount of labelled data by the timing
of the transaction and attention mechanism. Trends of ML
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in detecting fraud using credit cards have been discussed
in the review studies cited in various article. Another
systematic review Cherif et al. [12], finds many older
methods to still dominate in the area, and it stimulates the
need for intervention of technologies like deep learning
that are much more transformative in nature. In contrast
there was a recent large-scale comparison of different ML
techniques that discussed different approaches' strengths
and weaknesses but concluded that no method provides an
optimal solution to all types of fraud.

The said literature review brings focus on the dynamic
and evolving credit card fraud detection field of research.
Current ML techniques are used numerous times by
researchers and the requirement of the time is to provide
a comparative analysis of these techniques and see how
effectively each function with credit card fraud detection
data set along with their limitations.

METHODOLOGY

The supervised learning of various methods have been
used to identify credit card fraud transactions. Algorithms
selected for this research work include Naive Bayes,
Decision Tree, Support Vector Machines (SVM) with
different kernels, Random Forest, and Logistic Regression.
Machine learning methods are largely used for fraud
detection to identify complex patterns within transactional
data.

Logistic Regression

Logistic regression does this by building a model that
acts as a binary variable prediction by using maximum
likelihood. Thus, it can compute the probability of an
event occurring from the logistic function in weighted
summation of features. As being cheap computation-
efficient, logistic regression supports an effective strong
fraud detection baseline. The probability is expressed in
equation (1).

P(Y=1|X) = 1/(1+exp(- (Po + Z (B;*X1))))
Support Vector Machine (SVM) - Linear Kernel

(1)

A Support Vector Machine is a supervised algorithm
that sorts data into categories by identifying the most
suitable dividing line between them. SVM can also handle
instances of linear as well as non-linear classification
problems through kernel functions. A linear SVM finds
the optimal hyperplane that separates fraudulent and non-
fraudulent transactions as expressed in equation (2).
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fiX)=w™MX+Db (2)
Support Vector Machine (SVM) - Polynomial Kernel

Polynomial SVM transforms the input data into a higher-
dimensional space using polynomial functions, allowing it
to detect complex fraud patterns that a straight line cannot
separate as expressed in equation (3).

K(Xi, Xj) = (XiT Xj + ¢)d 3)

Support Vector Machine (SVM)-Radial Basis Function
(RBF) Kernel

An RBF SVM projects data onto an infinite-dimensional
space with the help of a Gaussian function, which is
suitable for identifying hidden and highly non-linear fraud
trends as expressed in equation (4).

K(Xi, Xj) = exp(-y [[Xi - Xj[[*) “
Naive Bayes

Naive Bayes is a probability-based algorithm that works
using Bayes’ theorem and assumes all input features are
independent. It works especially for imbalanced datasets.
It is very efficient and adapts very quickly to any new
data; these characteristics make it a very good tool in fraud
detection. Naive Bayes is noted to be effective as well as
efficient, especially for an imbalanced data. Naive Bayes
is formulated based on Bayes' theorem as expressed in
equation (5).

P(Y[X)=CPX]Y)*P(Y))/P(X) (5)
Decision Tree

Decision tree explains a rule-based model in classifying
transactions starting from splitting itself recursively on
feature values. And therefore, its intuitive nature allows
easy interpretation but subsequently proves to be helpful
in modeling hierarchical relationships. Decision trees,
however, overfit upon being trained for large data sets
compared to small data sets. Decision Trees are rule-based
models and are interpretable and can reflect hierarchical
relationships but may be sensitive to overfitting.

Random Forest

Random Forest (RF) is an ensemble-based learning
algorithm that constructs multiple decision trees and
combines their outputs to enhance both accuracy and
generalization. It reduces the risk of overfitting by
introducing randomness in feature selection and data
sampling during the training process. This approach makes
it highly effective and robust for tasks like fraud detection.
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As an ensemble technique, Random Forest leverages
the strengths of decision trees while minimizing their
weaknesses, particularly overfitting. The final prediction
is typically determined through majority voting among the
individual trees.

RESULTS

This part of the paper presents the findings of Empirical
analysis performed on three credit card transactions
datasets namely European cardholders, Anonymized
transactions, Credit_card_transactions employing popular
classification algorithms as described in the methodology
part.

Evaluation Parameters

This study assesses how effectively each machine learning
model detects credit card fraud using four key metrics:
Accuracy, Precision, Recall, and F1-Score. A brief
explanation of each metric is provided below.

Fig. 1. Model’s Performance Metrics
Cardholders Dataset

on European

Accuracy: It shows how correct the model is overall, but it
can give a false impression when the dataset is imbalanced,
as in equation (6).

TP+ TN
(TP+TN+FP+FN) (6)

Accuracy =

Precision: Precision tells us how accurate the model is
when it labels a transaction as fraud, helping to avoid false
fraud warnings, as given in equation (7).

TP

Precision = ——
( TP+FP) (7)

Recall (Sensitivity or True Positive Rate): Recall shows
how many of the actual fraud cases were correctly
detected, which helps in minimizing false negatives, as

shown in equation (8).
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TP
( TP+EN) (8)

Recall =

F1-Score: It is harmonic average of Precision and Recall,
offering a single measure that works well in cases of class
imbalance, as described in equation (9).

©)
Classification results analysis

The performance of various ML techniques is measured
across three types of credit card data to evaluate their
effectiveness in fraud detection using key metrics. Table
I, presents the Classification results of the selected ML
methods on the credit card fraud detection datasets.

Overall Performance

The performance of the models varies across the three
datasets, showing that the nature of each dataset affects
how well the models work. For all datasets, Random
Forest and Decision Tree perform the best, as it is scoring
high in Precision, F1-Score, Recall, and Accuracy. SVM

Table 1. Classification results

(Linear) and Logistic Regression also perform well,
especially on European cardholders and Credit card
transactions datasets. On the other hand, SVM (Poly) and
SVM (RBF) generally perform worse, particularly on
the European cardholders and Anonymized transactions
datasets, suggesting they might not be the best fit for these
datasets or need adjustments. Naive Bayes is inconsistent
it sometimes achieves perfect precision but shows low
recall in some cases, leading to lower F1-scores.

Dataset Specific Observations

European cardholders: Logistic Regression and Random
Forest score very high on F1, meaning they balance
precision and recall well. Naive Bayes has perfect
precision but lower recall, meaning it misses a lot of fraud
cases. SVM models, especially Poly and RBF, perform
poorly here.

Anonymized transactions: Decision Tree performs the best,
followed closely by Random Forest. Logistic Regression
and SVM (Linear) do okay. Naive Bayes has perfect recall
but very low precision, marking almost everything as
fraud, which is not realistic. SVM (Poly) and SVM (RBF)
still perform the worst.

Classification Models
Datasets Evaluation
Parameters Logistic SVM SVM SVM Naive Decision Random
Regs. (Linear) (Poly) (RBF) Bayes Tree Forest
European card- | Accuracy 0.949 0.909 0.574 | 0.518 | 0.878 | 0.919 0.944
holders Precision 0.908 0.988 0553 | 0514 |1.000 | 0936 1.000
Recall 0.988 0.827 0.745 | 0571 | 0.755 | 0.898 0.888
F1-Score 0.946 0.900 0.635 | 0541 |0.860 | 0.917 0.941
Anonymized Accuracy 0.859 0.858 0.711 | 0.827 |0.682 | 0.954 0.938
transactions Precision 0.865 0.873 0.664 | 0.832 |0.611 | 0.954 0.961
Recall 0.850 0.837 0.851 | 0.819 | 1.000 | 0.953 0.912
F1-Score 0.857 0.855 0.746 | 0.826 | 0.758 | 0.954 0.936
Credit card Accuracy 0.961 0.966 0.967 | 0970 | 0966 | 0.986 0.983
fransactions Precision 0.938 0.938 0.943 | 0.947 | 0938 | 0.987 0.980
Recall 0.987 0.997 0.993 | 0.995 | 0997 | 0.985 0.986
F1-Score 0.962 0.967 0.968 | 0.970 | 0967 | 0.986 0.983

Credit card transactions: All models perform better on this
dataset than on the European cardholders and Anonymized
transactions datasets. Random Forest and Decision Tree
continue to perform best, with Decision Tree achieving
the highest Fl1-score. SVM (Linear), SVM (Poly), SVM
(RBF), and Naive Bayes also show good performance

here, suggesting that this dataset might be easier for the
models to classify correctly.

CONCLUSION

Due to the rise of the digital economy, credit card fraud
is becoming a larger problem. As a result, there is great
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demand for more efficient and accurate fraud detection
systems. Traditional methods don’t work well because
conditions under which the fraudulent activities can
happen. Thus, machine learning (ML) is a well-suited
approach. This research has focused on the assessment of
performance of popular ML algorithms for fraud detection,
over three different datasets of credit card frauds. Among
the methods used, Random Forest (98.6% accurate and
98.3% in Fl-score) and Decision Tree (95.4% accurate
and 95.4% in F1-score) were the best classifiers. Logistic
Regression and SVM (Linear) performed well on balanced
dataset, while SVM (Polynomial) and SVM (RBF) didn’t
performed well and failed to handle many fraud patterns.
Naive Bayes has ae higher precision of 100% but a lower
recall of 75.5%, hence, it is suited for applications where
number of false positives need should be minimized. The
results show that if we use a group of models together,
it will work better rather than using just one model. This
should encourage more research for mixing multiple
methods, like combining simple and deep learning
algorithms, to enhance fraud detection.
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ABSTRACT

Reducing environmental impact and implementing sustainable waste management systems depend on effective trash
classification. Under controlled conditions, deep learning models have demonstrated notable performance in garbage
classification tasks. However, deploying these models in real-world situations with varied backgrounds, illumination, and
object orientations presents a significant domain gap. Addressing data scarcity in this context is crucial, especially when
obtaining large amounts of labeled real-world waste images is challenging. This work investigates the effectiveness of
Few-Shot Fine-tuning (FSL FT) using a pre-trained ResNet34 backbone as a practical approach to waste classification
under data limitations. We systematically evaluate the performance of FSL FT across varying numbers of available
examples per class (K-shots, for K in 1,5,25,50,100) and compare the impact of different standard data augmentation
strategies (No Augmentation, Standard Augmentation, and Standard Augmentation + Mixup). We establish a baseline
by training the same model on the full training dataset. Using a comprehensive 12-class waste dataset, we demonstrate
that FSL FT achieves substantial accuracy improvements as the number of shots increases, reaching over 90% accuracy
at 100 shots. Our results indicate that standard data augmentation and Mixup, with the tested parameters, did not
consistently improve performance compared to fine-tuning without explicit augmentation in the few-shot setting, and
in some cases resulted in slightly lower average accuracy. However, standard augmentation did show a small benefit in
the full-data baseline. This study provides empirical insights into the performance and limitations of Few- Shot Fine-
tuning with standard regularization techniques for waste classification, offering practical considerations for deployment
in real-world scenarios with limited data.

KEYWORDS : Few-shot learning, Waste classification, Sustainable waste management, Transfer learning, Computer
vision, Deep learning, Real-world deployment.

INTRODUCTION

Background and Motivation

against uniform white backgrounds under consistent
lighting conditions. While these controlled datasets
facilitate model development and evaluation, they create

mproper waste management contributes significantly to

environmental pollution, resource depletion, and climate
change. Efficient waste classification represents a crucial
step toward sustainable waste management strategies,
enabling effective recycling and proper disposal methods.
Automating this classification process using computer
vision techniques has gained substantial traction in recent
years, with deep learning approaches demonstrating
particular promise in controlled environments.

Existing waste classification systems predominantly
rely on datasets where waste items are photographed
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a substantial domain gap between training conditions and
real-world deployment scenarios. In practical applications,
waste classification systems encounter objects in varied
environments with cluttered backgrounds, inconsistent
lighting, partial occlusions, and diverse object orientations.
This domain discrepancy leads to significant performance
degradation when models trained on controlled datasets
are deployed in real-world environments.

Research Gap

While convolutional neural networks (CNNs) and transfer
learning techniques have been successfully applied to
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waste classification [cite Awe et al., Yang & Thung,
Bircanoglu et al.], most studies evaluate models on test
sets that closely resemble training data (e.g., items on
white backgrounds), leaving the question of real-world
performance with domain shift largely unaddressed.
Addressing the data scarcity inherent in real-world
annotation is a key challenge.

Research Objectives

This research aims to develop a methodological framework
that addresses the domain gap in waste classification
through the integration of few-shot learning and attention
mechanisms. Specifically, our research objectives are:

1. To develop a few-shot learning approach that enables
effective waste classification with minimal real-world
labeled examples

2. To evaluate our classification approach on a
comprehensive waste dataset with both white-
background and real-world examples

3. To carry out thorough ablation investigations and
empirically compare the suggested approach's
performance to baseline techniques.

4. To provide practical insights and guidelines for
deploying waste classification systems in real-world
applications

Contributions

This research aims to empirically evaluate the effectiveness
of Few-Shot Fine-tuning as a practical approach to waste
classification under varying degrees of data scarcity and
investigate the impact of standard data augmentation
techniques in this context. Specifically, our research
objectives are:

1. To implement and evaluate a Few-Shot Fine-tuning
(FSL FT) approach using a pre-trained convolutional
backbone.

2. To systematically assess the performance of FSL FT
across different numbers of available examples per
class (Kshots, for K in1,5,25,50,100).

3. Toinvestigatetheimpactofstandard dataaugmentation
(Standard Augmentation and Augmentation + Mixup)
on FSL FT performance compared to a nonaugmented
baseline.

4. To establish a performance benchmark by evaluatinga
model trained on the full training dataset (Baseline).
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5. Toanalyze and discuss the observed trends in accuracy,
the effectiveness of augmentation strategies, and the
variability across experimental configurations.

Paper Organization

This paper's remaining sections are arranged as follows:
Section 2 reviews related work on waste classification and
few-shot learning. Section 3 describes the dataset used and
outlines the Baseline model architecture. Section 4 details
our Few-Shot Fine-tuning methodology and the data
augmentation strategies evaluated. Section 5 describes
the experimental setup and evaluation metrics. Section
6 presents our findings and a thorough discussion of the
results. Section 7 brings the paper to a close and suggests
areas for further study (Future Work, including planned
advanced methods).

LITERATURE ANALYSIS
Waste Classification Using Deep Learning

Research on automated waste classification has expanded
considerably with the advancement of deep learning
techniques. Early efforts focused on handcrafted features
and traditional machine learning classifiers (Bobulski &
Kubanek, 2016), while more recent approaches leverage
the representational power of deep neural networks.

Yang & Thung (2016) pioneered the application of CNNs
to waste classification, achieving 63% accuracy on a
6-category waste dataset. Awe et al. (2017) demonstrated
improved performance through transfer learning, utilizing
pre-trained VGG-16 and ResNet models fine-tuned on a
waste dataset. Bircanoglu et al. (2018) further advanced
the field by introducing a larger dataset (TrashNet)
and achieving 87% accuracy using ensemble methods
combining multiple CNN architectures.

More recently, Vo et al. (2019) employed transfer learning
with DenseNet-201 to achieve 91% accuracy on the
TrashNet dataset. Bobulski & Piatkowski (2018) compared
various CNN architectures for waste classification, finding
ResNet50 and InceptionV3 to be particularly effective.
Despite these advances, most evaluate models on test sets
that closely resemble training data, leaving the question of
real world performance largely unaddressed.

Few-Shot Learning Approaches

Few-shot learning tackles the problem of learning from a
small number of examples, which is especially important
when it is not feasible to gather and annotate big datasets.
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Few-shot learning presents intriguing methods for
garbage categorization, when real-world labeled samples
may be hard to come by. Applications of few-shot learning
in environmental monitoring include the classification
of land cover (Liu et al., 2021) and the identification of
species (Zhu et al., 2020). Fewshot learning has not yet
been extensively studied for trash classification, especially
when it comes to bridging the domain gap between
controlled and real-world contexts.

METHODOLOGY
Few-Shot Learning Framework
We formulate waste classification in real-world

environments as a few-shot learning problem, where
we have access to abundant labeled data from a source
domain (white background images).

Formally, let Dg = (z},y;)i = 15 represent the source
of domain dataset with Ns labeled examples, where 3775
denotes the i-th image and U its corresponding class
label from the C waste categories.

Similarly, let represent the target
domain dataset with labeled examples, where N7 < N,

In our few-shot learning setup, we adopt the episodic
training paradigm, where each episode simulates a few-
shot classification task. Specifically, each episode consists
of:

* A support set containing K examples
from each of the C classes (a C-way K-shot task).

* A query set
examples from same classes

containing different

During training, both support and query sets are sampled
from the source domain Dg. During testing, the support set
includes examples from the target domain D,, while the
query set contains the test images to be classified.

Our few-shot learning framework builds upon Prototypical
Networks (Snell et al., 2017), which learn an embedding
function f that maps images to a d-dimensional embedding
space where classes can be represented by their prototypes.

For a given episode with support set , the prototype for
class is computed as the mean of the embedded support
examples belonging to that class:

Where S.= (zi,4:) € S:yi=c is the subset of support
examples with class label c.
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Given a query example X, its probability of belonging to
class is calculated using a softmax over distances to class
prototypes:

where d(-,-) is a distance function (typically

Euclidean distance).

We enhance the standard Prototypical Network architecture
by replacing the embedding function f with our proposed
attention-enhanced ResNet34 backbone (described in
Section 4.2). This modification enables the network
to extract more discriminative features by focusing on
relevant object regions while suppressing background
noise.

To improve the model's ability to generalize from limited
examples, we implement an episode-based training
strategy with the following components:

1. Episode Construction: Each training episode consists
of a C-way K-shot support set and a query set with
M examples per class. We set C=12 ( all waste
categories), K=5 (five support examples per class),
and M=15 (fifteen query examples per class).

2. Domain Mixup: During training, we gradually
introduce real-world examples into both support and
query sets. Initially, episodes contain only white-
background images. As training progresses, we
increase the proportion of real-world examples in
episodes according to a curriculum schedule.

3. Prototype Augmentation: To address domain shift, we
implement prototype augmentation during inference.
For each class ¢, we compute both a source-domain
prototype pi (from white- background support
examples) and a target-domain prototype pﬁ (from
real-world support examples).

The final prototype is a
combination:

weighted

where « is a hyperparameter controlling the influence of
each domain.

Loss Function: We use the negative log-likelihood of the
correct class as our training objective:

This episode-based training approach enables the model
to learn domain-invariant features from limited examples,
making it suitable for real-world waste classification
scenarios where annotated real-world data may be scarce.
To further bridge the gap between white- background
training images and real-world test conditions, we
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incorporate additional domain adaptation components into
our framework.

We employ style transfer as a data augmentation technique
to simulate the appearance variations encountered in
real-world scenarios. Specifically, we implement AdaIN
(Adaptive Instance Normalization) style transfer (Huang
& Belongie, 2017) to generate synthetic training examples
with diverse visual styles while preserving content.

The style transfer process involves the following steps:

1. Select a content image from the white- background
training set and a style image from a diverse collection
of background textures and environments.

2. Extract feature representations using a pre-trained
VGG19 encoder:

0 F,. = E(I.): content features
0 Fy = E(I;) : style features

3. Perform Adaptive Instance Normalization to align the
statistics of content features with style features:

where ;(-) and o() denote the mean and standard
deviation computed across spatial dimensions.

4. Decode the stylized features to generate a synthetic
image:

]cs = D(ch)

We generate a style-transferred version of the training set,
which is then combined with the original images during
training. The proportion of style-transferred images in
each batch is gradually increased according to a curriculum
schedule, starting from 0% and reaching 50% by the end
of training.

RESULTS AND DISCUSSION
Dataset Description and Preparation

Our study utilizes the Kaggle Garbage Classification
dataset, a comprehensive waste image collection featuring
items across 12 distinct waste categories. The complete
dataset consists of approximately 15,500 images spanning
various waste types and conditions.

In order to avoid the impacts of class imbalance, we used a
balanced sample strategy for our experimental evaluation,
using precisely 607 photos per waste type. For training,
validation, and testing, the dataset was divided using the
conventional 70-15-15 split ratio. As a consequence, each
class produced 424 training photos, 91 validation images,
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and 92 testing images. Our experimental framework used
7,284 photos in total: 1,092 for validation, 1,104 for
testing, and 5,088 for training.

The dataset contains the following waste categories:
'battery’, 'brown-glass', 'cardboard', 'green-glass', 'metal’,
'paper’, 'plastic', 'white-glass', 'organic', 'e-waste', 'textile’',
and 'mixed- waste'. The distribution of images across
categories and dataset splits is presented in Table 1.

Fuo = AdaIN(E, F,) = o(F) P )
a(F,)
Table 1: Distribution of Images in the Dataset
Category Training | Validation | Test Total
Battery 424 91 92 607
Brown- glass 424 91 92 607
Cardboard 424 91 92 607
Green- glass 424 91 92 607
Metal 424 91 92 607
Paper 424 91 92 607
Plastic 424 91 92 607
White- glass 424 91 92 607
Organic 424 91 92 607
E-waste 424 91 92 607
Textile 424 91 92 607
Mixed- waste 424 91 92 607
Total 5,088 1,092 1,104 | 7,284

Baseline Model Architecture

The ResNet34 architecture, which has shown good
performance in a variety of picture classification tasks while
maintaining a respectable level of computing efficiency, is
used in our baseline model. Using ImageNet pre-trained
weights and fine-tuning on our waste categorization
dataset, the baseline implementation adheres to the
accepted transfer learning methodology.

The model architecture is summarized as follows:

* ResNet34 backbone with pre-trained ImageNet
weights

*  Global average pooling layer following the final
convolutional block

*  Fully connected layer mapping to 12 output classes
(replacing the original 1000-class ImageNet
classifier) ImageNet statistics are used to normalize
the input photos once they have been shrunk to 224 x
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224 pixels (mean=[0.485, 0.456, 0.406], std=[0.229,
0.224, 0.225]). We use common data augmentation
methods during training, such as random rotations
(£10°), random brightness and contrast modifications,
and random horizontal flips.

Using the Adam optimizer, training is carried out with
an initial learning rate of 0.001, which is lowered by a
factor of 0.1 after five consecutive epochs of validation
loss plateauing. We train for up to 50 epochs with early
stopping depending on validation performance, using
cross-entropy loss as the optimization goal.

Implementation details
Our model was implemented using PyTorch with CUDA

11.1 on an NVIDIA RTX 4060 GPU with 8GB memory.
All experiments were conducted using the following
specifications:

* Input resolution: 224%224 pixels

*  Batch size: 32 for standard training, 4 episodes per
batch for episodic training

*  Optimizer: Adam with ,

*  Learning rate: 0.001 with cosine annealing schedule

e Weight decay: 0.0001

*  Training epochs: 50 with early stopping (patience=5)

*  Feature embedding dimension: 512

For the Standard Augmentation strategy, we applied a
sequence of random image transformations online to
the limited K-shot training data during training. These
transformations aimed to enhance data variability and
improve the model's robustness to variations in appearance.
The specific transforms and their parameters were:

* Random Resized Crop: Randomly crops and resizes
to 224x224 for scale and position robustness.

*  Random Horizontal Flip: Flips with 0.5 probability
for left-right invariance.

* Random Rotation: Rotates randomly between —30°
and +30° for orientation robustness.

* Random Color Jitter: Randomly alters brightness,
contrast, saturation (£30%), and hue (+0.1).

* Random Erasing: Randomly removes a region (30%
chance) to improve feature robustness.

*  Normalization: Scales pixels using ImageNet mean
and std.
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Few-Shot Learning Configuration

For our few-shot learning experiments, we constructed
episodes following the -way -shot paradigm with the
following settings:

*  12-way classification (all waste categories)

« K=1, 5, 25, 50, 100 shots (support examples per
class)

e 15 query examples per class

e 600 episodes for training per epoch

e 100 episodes for validation/testing

During testing, we evaluated three different scenarios:

*  White-to-White: Support and query sets both from
white-background images

e Real-to-Real: Support and query sets both from real-
world images

e White-to-Real: Support set from white-background
images, query set from real-world images

For each scenario, we reported accuracy metrics averaged
over 100 