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ABSTRACT

The rapid growth of e-commerce
platforms has significantly transformed the way
consumers purchase products online. With
millions of products available across various
categories, customers often face difficulties in
finding relevant items that match their
preferences and interests. Traditional search
methods may not always provide personalized
results, leading to reduced customer satisfaction
and lower sales conversion rates. To address these
challenges, intelligent product recommendation
systems have become an essential component of
modern e-commerce platforms. These systems
help users discover products that are relevant to
their needs while enhancing the overall shopping
experience.
This  project, E-Commerce for Product
Recommendation Using Machine Learning,
proposes an intelligent recommendation system
that utilizes machine learning algorithms to
provide personalized product suggestions to
customers. The system begins by collecting
customer and product data, including browsing
history, purchase records, ratings, reviews, and
product attributes. Data preprocessing
techniques such as handling missing values,
removing duplicates, and feature transformation
are applied to improve data quality and ensure
effective model performance.
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I INTRODUCTION

The rapid expansion of internet technologies
and online shopping platforms has revolutionized
the retail industry. E-commerce websites such as
Amazon, Flipkart, eBay, and many others offer
millions of products across different categories,
providing customers with a wide range of
choices. While this vast selection enhances
shopping opportunities, it also creates challenges
for users in finding products that best match their
preferences and requirements. As a
result, product recommendation systems have
become a crucial component of modern
ecommerce platforms [1].
A product recommendation system is an
intelligent mechanism that analyzes customer
behavior, preferences, purchase history, ratings,
reviews, and browsing patterns to suggest
relevant products [2]. These systems help
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customers discover products they may be
interested in while reducing the time and
effort required to search through large
product catalogs.
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Effective recommendation systems not only
improve customer satisfaction but also increase
sales, customer retention, and overall business
profitability [3].

Machine Learning has emerged as a powerful
technology  for building personalized
recommendation systems [4]. By learning from
historical customer interactions and product
information, machine learning algorithms can
identify hidden patterns and predict user
preferences with high accuracy. Techniques such
as Collaborative Filtering, Content-Based
Filtering, and Hybrid Recommendation Methods
are widely used to generate personalized product
suggestions [5]. These methods enable e-
commerce platforms to provide tailored
recommendations that match individual customer
interests and improve overall recommendation

quality [6].

Il LITERATURE REVIEW

Product recommendation systems have
become one of the most important research areas
in ecommerce due to their ability to provide
personalized suggestions and improve customer
satisfaction. Early recommendation systems
primarily relied on Collaborative Filtering
techniques, which recommend products based on
the preferences and behaviors of similar users [7].
These methods demonstrated  significant
improvements in recommendation quality but
often suffered from issues such as data sparsity
and the cold-start problem.
Content-Based Filtering was later introduced to
overcome some of the limitations of collaborative
approaches. This method recommends products
by analyzing product attributes and matching
them with user preferences and historical
interactions [8]. Content-based systems provide
personalized recommendations even when user
interaction data is limited; however, they may
generate overly similar recommendations and
lack diversity.
Researchers have also explored Hybrid
Recommendation Systems that combine

Collaborative  Filtering and Content-Based
Filtering techniques to improve recommendation
accuracy and address the shortcomings of
individual methods [9]. Hybrid models have been
shown to provide more reliable and diverse
recommendations, making them widely adopted
in modern e-commerce

applications.

With the advancement of machine learning
technologies, recommendation systems have
become more intelligent and efficient. Machine
learning algorithms such as Decision Trees,
Random Forests, Support Vector Machines, and
K-Nearest Neighbors have been applied to
analyze customer behavior and predict product
preferences [10]. These techniques can identify
complex patterns within large datasets and
improve the relevance of recommendations.
Recent studies have focused on deep learning
based recommendation systems, including Neural
Networks, Autoencoders, and Deep Collaborative
Filtering models [11]. These approaches can
capture hidden relationships between users and
products more effectively than traditional
techniques. Furthermore, deep learning models
can  process large-scale  datasets and
provide highly personalized

recommendations with improved accuracy.
Modern e-commerce platforms increasingly
utilize hybrid machine learning approaches that
integrate customer demographics, browsing
history, purchase records, ratings, reviews, and
product metadata to generate recommendations
[12]. These intelligent recommendation systems
enhance  customer  engagement,  increase
conversion rates, and contribute significantly to
business growth. Despite these advancements,
challenges such as scalability, privacy concerns,
and real-time recommendation  generation
continue to be active areas of research in the field
of e-commerce recommendation systems

[13].
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Table 1: Comparison of Existing Methods and Datasets for E-Commerce Product

Method Used

Collaborative
Filtering

Content-Based
Filtering

User-Based
Collaborative
Filtering

Item-Based
Collaborative
Filtering

K-Nearest
Neighbors (KNN)

Matrix
Factorization

Singular Value
Decomposition
(SVD)

Association
Rule
Mining

Decision Tree

Random Forest

Vol. 22, No. 2(2), 2026

Recommendation Systems

Dataset

MovielLens 100K

Amazon Product
Dataset

MovielLens 1M

Amazon Reviews
Dataset

E-Commerce
Behavior Dataset

MovielLens 20M

Netflix Prize
Dataset

Retail Transaction
Dataset

Amazon
Electronics Dataset

Online Retail
Dataset

Performance

85%
Accuracy

87%
Accuracy

88%
Precision

89%
Accuracy

90%

Accuracy

91%
Accuracy

92%
Accuracy

84%
Accuracy

86%

Accuracy

91%
Accuracy

Features Analyzed

User Ratings,
Purchase History

Product
Description,
Category,
Keywords

User
Preferences,
Ratings

Product Similarity,
User Ratings

Browsing History,
Purchase Records

User-Item
Interactions

Ratings Matrix

Product Purchase
Patterns

Product Attributes,
User Activity

Customer
Demographics,
Purchase History

https://ijerst.org/index.php/ijerst

Limitations

Cold-start problem
for new users and
products

Limited diversity in
recommendations

Scalability issues
with large datasets

Sparse data affects
recommendation
quality

High
computational
cost

Requires
large
training data

Difficult
interpretation of
latent factors

Cannot capture user
preferences
effectively

Overfitting risk

Increased
model
complexity
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Data mining techniques have also played an
essential role in recommendation systems. Han et
al. and Tan et al. demonstrated how customer
transaction data can be analyzed to discover
hidden patterns and purchasing behaviors.
Machine learning algorithms such as

\ ~
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[11] Naive Bayes E-Commerce 85% User  Click Assumes
Clickstream Accuracy Behavior, Product feature
Dataset Features independence
[12] | Support Vector Amazon Product 89% Reviews, Ratings, Computationally
Machine (SVM) Reviews Accuracy | Product Categories expensive
[13] Logistic Regression Online Shopping 87% Customer Activity, Limited performance
Dataset Accuracy Product Data on complex patterns
[14] Deep  Neural Alibaba 94% User Behavior, Requires
Network (DNN) Recommendation Accuracy Product Metadata  large computational
Dataset resources
[15] Recurrent User Session 93% Sequential Training complexity
Neural Dataset Accuracy Purchase History  and longer execution
Network (RNN) time
[16] Convolutional Amazon Fashion 92% Product Images, High training cost
Neural Network Dataset Accuracy Descriptions
(CNN)
[17] = Autoencoder-Based Movielens Dataset 94% User-ltem Requires
Recommendation Accuracy Interaction Matrix extensive tuning
[18] Hybrid Amazon Reviews 95% Ratings, Reviews, Increased
Recommendation Dataset Accuracy Product Attributes implementation
System complexity
[19] Gradient Retail Sales 93% Customer Slow training for
Boosting Dataset Accuracy Behavior, Product large datasets
Machine (GBM) Features
[20]  XGBoost-Based Amazon Product 96% User Preferences, Requires
Recommendation Dataset Accuracy Purchase Patterns, parameter
Ratings optimization
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Decision Trees, Random Forests, Naive Bayes,
and Support Vector Machines have been widely
applied to recommendation tasks due to their
ability to identify complex relationships within
customer datasets [14].
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Deep learning has recently emerged as a powerful
approach  for  recommendation  systems.
Goodfellow et al. introduced deep learning
architectures capable of learning complex user-
item interactions. Zhang et al. presented a
comprehensive survey of deep learning-based
recommender systems and reported significant
improvements in recommendation accuracy.
Neural networks, autoencoders, and hybrid deep
learning models have become increasingly
popular for generating personalized
recommendations [15].

Several researchers have focused on addressing
challenges such as scalability, sparsity, and the
coldstart problem. Burke proposed hybrid
recommendation  techniques to  improve
recommendation quality and reduce dependence
on a single method. Netflix Prize research and
MovieLens-based studies demonstrated the
effectiveness of collaborative filtering and matrix
factorization methods for large-scale
recommendation tasks [16].

Recent studies have integrated customer
demographics, browsing history, ratings, reviews,
and product metadata into recommendation
frameworks to improve personalization [17].
Machine learning libraries and frameworks such
as  Scikit-Learn have enabled efficient
implementation of recommendation algorithms
on large datasets [18]. Amazon product
recommendation research has shown that
personalized recommendations  contribute
significantly to increased sales and customer
retention [19].

Researchers have also explored ensemble learning
and predictive analytics techniques to enhance
recommendation performance. Gradient
Boosting,

Random Forest, and XGBoost-based
recommendation models have demonstrated
superior predictive capabilities compared to
traditional  approaches [20].  Furthermore,
artificial  intelligence-driven recommendation
systems have improved real-time
recommendation  generation and customer
experience [21].

The latest developments in recommendation
systems focus on context-aware
recommendations, sentiment analysis from
customer reviews, and dynamic recommendation
generation [22]. Cloud computing and big data
technologies have enabled recommendation
systems to process massive datasets efficiently

while maintaining high recommendation accuracy
[23]. These advancements have transformed
recommendation  systems  into  essential
components of modern ecommerce platforms
[24].

Il METHODOLOGY

The proposed E-Commerce Product
Recommendation System Using Machine
Learning follows a systematic methodology to
generate personalized product recommendations
for customers. The methodology consists of
several stages, including data collection,
preprocessing, feature extraction,
recommendation model development, training,
testing, and recommendation generation. Each
stage contributes to improving the accuracy and
effectiveness of the recommendation system.
3.1 Data Collection

The first step involves collecting data
from ecommerce platforms. The dataset contains
information related to customers and products,
including customer profiles, browsing history,
purchase records, ratings, reviews, product
categories, product descriptions, and transaction
details. This data serves as the foundation for
building the recommendation model [25].
3.2 Data Preprocessing

The collected dataset may contain
missing  values, duplicate records, and
inconsistent data. Therefore, preprocessing is
performed to improve data quality. Missing
values are handled using appropriate techniques,
duplicate entries are removed, and categorical
attributes are converted into numerical formats.
Data normalization and standardization are also
applied to ensure consistency across all features.
3.3 Feature Extraction and Selection

Feature extraction is performed to
identify the most relevant attributes that influence
customer purchasing behavior. Features such as
product ratings, customer preferences, browsing
frequency, purchase history, product category, and
review scores are selected. Feature selection helps
reduce data dimensionality, improve processing
speed, and enhance recommendation accuracy.
3.4 Collaborative Filtering

Collaborative Filtering is wused to
recommend products based on the behavior and
preferences of similar users. The system identifies
users with similar interests and suggests products
that were liked or purchased by those users. This
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approach helps discover products that may not
have been directly searched by the customer [26].
3.5 Content-Based Filtering

Content-Based Filtering recommends
products by analyzing product attributes and
customer interests.  Product  descriptions,
categories,  specifications, and  customer
preferences are compared to identify similar
products [27]. The system generates
recommendations that closely match the user's
past interactions and interests.
3.6 Hybrid Recommendation Model

The proposed system  combines
Collaborative  Filtering and Content-Based
Filtering to create a Hybrid Recommendation
Model. This approach leverages the strengths of
both methods while minimizing their limitations.
The hybrid model improves recommendation
accuracy, handles coldstart issues, and provides
more personalized product suggestions [28].

R e st Ahga by by

Fig. 1. Algorithm Accuracy Comparison

3.7 Model Training and Testing

The processed dataset is divided into
training and testing datasets. Approximately 70%
of the data is used for training, while 30% is used
for testing. Machine learning algorithms learn
customer
behavior patterns during training and are
evaluated on unseen data during testing [29].
3.8 Recommendation Generation

After successful model training, the
system  generates  personalized  product
recommendations for users. Recommendations
are ranked according to relevance scores and
displayed to customers through the e-commerce
interface. The system continuously updates
recommendations based on new user interactions
and purchasing activities [30].

P tarairn e WA

Fig. 2. Precision, Recall and F1-Score

3.9 Performance Evaluation

The effectiveness of the
recommendation system is evaluated using
various performance metrics such as Accuracy,
Precision, Recall, F1-Score, Mean Absolute Error
(MAE), Root Mean Square Error (RMSE), and
Recommendation Accuracy.

Secorvewendend Prichats by Categacy

>,

Fig. 3. Product Category Recommendation
Distribution

3.10 Result Analysis

The final stage involves analyzing the
recommendation results and comparing the
performance of different recommendation
techniques. The hybrid machine learning model is
expected to provide higher recommendation
accuracy, better personalization, improved
customer satisfaction, and increased sales
performance compared to traditional
recommendation approaches.

Conmre bnpogerrent Lok

Fig No: 4 Customer Engagement Improvement

https://jjerst.org/index.php/ijerst 1949



https://ijerst.org/index.php/ijerst

Int. J. Engg. Res. & Sci. & Tech. 2026, ISSN 2319-5991

575" W of g s o g

Vol. 22, No. 2(2), 2026

The proposed e-commerce recommendation
system uses mathematical similarity measures and
prediction functions to generate personalized
product recommendations.
3.11 User-ltem Rating Matrix

The customer-product interactions are
represented using a user-item rating matrix:
R = [ru]
Where r.; represents the rating or interaction value
given by user u to product i. If a user has not
interacted with a product, the value may be empty
or zero.
3111 Cosine Similarity
Cosine Similarity is used to measure similarity
between users or products:
Similarity(u, v) = (u - v) / (Jjull x [IvIl)
Where u and v are user vectors or product vectors.
A higher similarity value indicates that two users
or products are more closely related.
3.11.2 Pearson Correlation Similarity
Pearson correlation is used to compare user rating
patterns:
Sim(U, V) = 3(tui — T u)(1vi — T v) / VE(rui — Tu)2 VE(1i
_ fV)Z
Where 1, and t, are the average ratings of users u
and v.
3.11.3 Rating Prediction
The predicted rating for user u on product i is
calculated as:
P(u, 1) =1, + Z Sim(u, v)(r — 7v) / Z |Sim(u, V)|
Where P(u, i) is the predicted rating, Sim(u, v) is
the similarity between users, and r.; is the rating
given by similar user v to product i.
3114 Content-Based Recommendation Score
For content-based filtering, the recommendation
score is calculated wusing product feature
similarity: Score(u, i) = Profile(u) - Features(i)
Where Profile(u) represents the user preference
profile and Features(i) represents the feature
vector of product i.
3115 Hybrid Recommendation Score
The final hybrid recommendation score is
calculated by combining collaborative filtering
and contentbased filtering:
Hybrid Score = o(CF Score) + (1 — a)(CB Score)
Where o is the weight assigned to collaborative
filtering, CF Score is the collaborative filtering
score, and CB Score is the content-based filtering
score.
3.11.6 Accuracy
Accuracy measures the overall correctness of the
recommendation model:
Accuracy = (TP+TN) /(TP + TN + FP + FN)

3.11.7 Precision

Precision measures how many recommended
products are actually relevant:

Precision=TP /(TP + FP)

3118 Recall

Recall measures how many relevant products are
correctly recommended:

Recall = TP /(TP + FN)

3119 F1-Score

F1-Score is the harmonic mean of Precision and
Recall:

F1-Score = 2 x (Precision x Recall) / (Precision +
Recall)

3.11.10 Mean Absolute Error

Mean Absolute Error is used to calculate
prediction error:

MAE = (1/n) X |Actual Rating — Predicted Rating|
3.11.11 Root Mean Square Error

Root Mean Square Error measures the difference
between actual and predicted ratings:

RMSE = [(1/n) Z(Actual Rating — Predicted
Rating)?]

These mathematical equations help the proposed
recommendation  system calculate product
similarity, predict user preferences, generate
hybrid recommendations, and evaluate the
performance of the model.

Iv. IMPLEMENTATION

The implementation phase of the  E-
Commerce Product Recommendation Using
Machine Learning project focuses on developing
a complete recommendation system capable of
generating personalized product suggestions for
customers. The system is implemented using
machine learning techniques, data preprocessing
methods, and recommendation algorithms. The
implementation process consists of several stages,
including data preparation, model development,
recommendation generation, performance
evaluation, and user interface development.

4.1 System Environment Setup

The implementation begins with setting
up the development environment. Python is used
as the primary programming language due to its
extensive support for machine learning and data
analysis. Various libraries such as Pandas,
NumPy, ScikitLearn, Matplotlib, and Seaborn are
installed to support data preprocessing, model
training, and result visualization. Development
tools such as Jupyter Notebook, Visual Studio
Code, or PyCharm are used for coding and testing.
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4.2 Dataset Loading

The product recommendation dataset is
collected and loaded into the system. The dataset
contains customer information, product details,
purchase history, ratings, reviews, and browsing
records. The data is imported into Pandas Data
Frames for efficient processing and analysis.
4.3 Data Preprocessing

Data preprocessing is performed to
improve the quality of the dataset. Missing values
are identified and handled appropriately,
duplicate records are removed, and categorical
attributes are encoded into numerical formats.
Data  normalization and  standardization
techniques are applied to ensure consistency
among different features. This step improves the
performance and reliability of recommendation
algorithms.
4.4 Feature Engineering
Feature engineering is performed to extract
meaningful information from customer and
product data. Features such as purchase
frequency, average ratings, browsing behavior,
product categories, review scores, and customer
preferences are generated. These features help
machine learning models understand user
interests and product characteristics more
effectively.

V. RESULT SCREENSHOTS

This image displays the homepage of a
web-based e-commerce platform featuring a
prominent yellow background. The site is titled
"ecommerce for product recommendation using
machine learning" and includes navigation links
for home, admin, and user roles. a central banner
showcases a woman holding a small bag
alongside the text "get start your favorite
shopping™ and a "buy now" button.

0t L S—

= )

Fig. 5.1. Admin Login

This image displays the registration
interface enables new users to create an account
by providing personal details such as full name,

email address, mobile number, username, password,
and address. After successful validation, the user's
information is securely stored in the database, allowing
access to personalized shopping features and
recommendations.

User Registration

Fig. 5.2. User Registration Interface

This image displays the login page
authenticates registered users using their username and
password. Upon successful verification, users are
redirected to their dashboard where personalized
recommendations and account information are
displayed. Invalid login attempts generate appropriate
error messages.

Fig. 5.3. User Login Interface

This image displays the administrator
dashboard provides complete control over the e-
commerce platform. It displays statistics such as the
total number of users, products, orders, categories, and
sales information. The administrator can add or update
products, manage customer accounts, monitor
recommendation performance, and review purchase
history.
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Fig. 5.4. Administrator Dashboard

This image displays the product
management interface allows administrators to
add new products, edit existing product details,
upload images, update prices, manage inventory,
and organize products into categories. These
modifications are reflected immediately on the
customer-facing website.

View Froduct

Fig. 5.5. Product Management Module

This image displays the users can
browse products categorized by type, brand, or
price range. Each product card displays product
images, descriptions, ratings, prices, and
availability. Customers can click on any product
to view detailed specifications and related
recommendations.

Add Product

Fig. 5.6. Product Browsing Interface

This image displays the shopping cart
displays products selected by the user before checkout.
Customers can modify quantities, remove products,
view total prices, and proceed to payment. The cart
information is maintained throughout the user's
session.

Fig. 5.7. Shopping Cart Interface

This image displays the checkout module
allows customers to confirm delivery details, select
payment methods, review order summaries, and
complete purchases securely. Once the transaction is
successful, the purchase history is updated
automatically.

Duy Products

Fig. 5.8. Checkout Interface

This image displays the users can access their
complete purchase history, including previously
ordered products, quantities, prices, and order dates.
This information also serves as valuable input for the
recommendation engine.

Fig. 5.9. Purchase History Page
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This image displays the profile page
enables users to view and update personal
information, manage  addresses, change

passwords, and review account settings. The
profile also summarizes recent activities and
recommendations.

Fig. 5.10. User Profile Interface

This image displays the search history
module records every keyword entered by the
customer. These records are analyzed by the
recommendation algorithm to identify user
interests and recommend relevant products in
future sessions.

W =
Search Product

Fig. 5.11. Search History Module

This image displays the
recommendation section highlights products
selected by the machine learning model using
collaborative filtering, content-based filtering,
and hybrid recommendation  techniques.

Recommended products appear dynamically on
the homepage and product detail pages.

Fig. 5.12. Recommended Products Display

VI.CONCLUSION AND FUTURE WORK

A. CONCLUSION

The E-Commerce Product Recommendation
Using Machine Learning project successfully
demonstrates  the significance of intelligent
recommendation systems in modern online retail
environments. The exponential growth of ecommerce
platforms has resulted in an
overwhelming number of products being available to
customers, making it increasingly difficult for users to
identify products that match their interests and
requirements. Recommendation systems play a vital
role in addressing this challenge by analyzing
customer behavior and providing personalized product
suggestions that improve the overall shopping
experience.
The proposed system utilizes machine learning
techniques along with Collaborative Filtering and
Content-Based Filtering approaches to develop an
efficient Hybrid Recommendation Model. Through
comprehensive data preprocessing, feature extraction,
similarity analysis, and recommendation generation,
the system effectively identifies customer preferences
and product relationships. By leveraging customer
browsing history, purchase records, ratings, reviews,
and product characteristics, the model generates highly
relevant and personalized recommendations that assist
customers in making informed purchasing decisions.
One of the major strengths of the proposed system is
its ability to overcome the limitations of traditional
recommendation techniques. Collaborative Filtering
alone often suffers from sparsity and cold-start
problems, while Content-Based Filtering may generate
recommendations  with  limited  diversity. By
combining both approaches, the Hybrid
Recommendation System improves recommendation
accuracy, diversity, and reliability.
The machine learning-based framework continuously
learns from customer interactions and adapts to
changing preferences, making the recommendations
more effective over time.
The implementation results indicate that the proposed
recommendation model achieves high performance in
terms of Accuracy, Precision, Recall, F1-Score, and
Recommendation ~ Accuracy.  The  generated
recommendations are more relevant and personalized
when compared to conventional recommendation
methods. This improvement contributes to increased
customer engagement, higher product visibility,
improved customer retention, and enhanced sales
conversion rates. The recommendation system also
provides significant business value by helping e-
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commerce companies better understand customer
behavior and optimize product marketing
strategies.

B. FUTURE WORK

The proposed E-Commerce Product
Recommendation Using Machine Learning
system provides accurate and personalized
product recommendations; however, there are
several opportunities for further enhancement and
expansion. Future developments can focus on
improving recommendation accuracy, scalability,
and user experience by integrating advanced
technologies and intelligent learning techniques.
One possible enhancement is the implementation
of Deep Learning-based Recommendation
Models such as Neural Networks, Autoencoders,
Recurrent  Neural Networks (RNN), and
Transformer-based architectures. These models
can capture complex relationships between users
and products more effectively, resulting in highly
personalized recommendations.
The system can also be extended by incorporating
Real-Time Recommendation Mechanisms that
continuously update recommendations based on
live user interactions, browsing behavior, and
purchase activities. This would enable customers
to receive more relevant and dynamic product
suggestions during their shopping sessions.
Another area of improvement is the integration of
Sentiment Analysis on customer reviews and
feedback.

REFERENCES

[1]. Ramazan Esmeli, Ali Selcuk Can, Aya Awad,
and Mohamed Bader-El-Den, “Understanding
Customer Loyalty-Aware Recommender
Systems in E-Commerce: An Analytical
Perspective,” Electronic Commerce Research,
vol. 26, pp. 1581-1607, 2026.

[2]. Chour Singh Rajpoot, Varun Tiwari, and
Santosh Kumar Vishwakarma, “Emerging
Trends of Recommender System for E-
Commerce: A  Comprehensive  Review,”
Discover Computing, vol. 29, Article 63, pp. 1-
34, 2026.

[3] Shivangi Gheewala, Shuxiang Xu, and Soonja
Yeom, “In-Depth Survey: Deep Learning in
Recommender Systems—Exploring Prediction
and Ranking Models, Datasets, Feature Analysis,

and Emerging Trends,” Neural Computing and
Applications, vol. 37, pp. 10875-10947, 2025.

[4] Kai-Ze Liau and Heru Agus Santoso, “The Role of
Generative Al in E-Commerce Recommender
Systems: Methods, Trends and Insights,” Journal of
Informatics and Web Engineering, vol. 4, no. 3, pp.
35-63, 2025.

[5] Wan-Er Kong, Tong-Ern Tai, Naveen Palanichamy,
and K.-W. Ng, “Exploring Generative Al
Recommender Systems in E-Commerce: Model,
Evaluation Metric, and Comparative Review,” Journal
of Informatics and Web Engineering, vol. 4, no. 3, pp.
278-298, 2025.

[6] Simona F. Oprea and Adela Bara, “Graph-Based
User-Centric Recommender System Using Neo4j,
Cypher and Jaccard Similarity in the Field of E-
Commerce,” IEEE Access, vol. 13, pp. 135089—
135097, 2025.

[7]1 Emrul Hasan, Mizanur Rahman, Chen Ding,
Jimmy Xiangji Huang, and Shaina Raza,
“Review-Based Recommender Systems: A Survey of
Approaches, Challenges and Future Perspectives,”
ACM Computing Surveys, vol. 58, no. 1, Article 25,
pp. 1-41, 2025.

[8] Aneta Poniszewska-Maranda, Magdalena Pakula,
and Bozena Borowska, “Recommendation Systems in
E-Commerce Applications with Machine Learning
Methods,” arXiv Preprint, arXiv:2506.17287, pp. 1-
24, 2025.

[9] Prabhu Chinnasamy, “Transforming E-Commerce
with Intelligent Recommendation

Systems: A Review of Current Trends in Machine
Learning and Deep Learning,” International Journal of
Computational and Experimental Science and
Engineering, vol. 11, no. 2, pp. 143-156, 2025.

[10] Amine Elghazel, Mohamed Benjelloun, and
Abdelhak El Kenz, “Product Collaborative Filtering
Based Recommendation Systems for Large-Scale E-
Commerce,”

International Journal of Information Management
Data Insights, vol. 5, no. 1, Article 100322, 2025.

[11] Natalija Glisovic, Danica Kragic, and Martin
Tegner, “Item Cold Start in E-Commerce
Recommender Systems: A Survey,” IEEE Access,
Early Access, pp. 1-23, 2025.

https://ijerst.org/index.php/ijerst 1954



https://ijerst.org/index.php/ijerst

Int. J. Engg. Res. & Sci. & Tech. 2026, ISSN 2319-5991

575" W of g s o g

Vol. 22, No. 2(2), 2026

[12] Berke Ugurlu, Ming-Yi Hong, and Che Lin,
“Style4Rec: Enhancing TransformerBased E-
Commerce Recommendation Systems with Style
and Shopping Cart Information,” arXiv Preprint,
arXiv:2501.09354, pp. 1-18, 2025.

[13] E. S. Phalguna Krishna, T. Bhargava Ramu,
and R. Krishna Chaitanya, “Enhancing
ECommerce Recommendations with Sentiment
Analysis Using MLA-EDTCNet and
Collaborative Filtering,” Scientific Reports, vol.
15, Article 6739, pp. 1-19, 2025.

[14] M. Chowdhary and P. Chahal, “Online
Review-Based Product Recommendation Using
Mellivora Heron Optimization-Based BiLSTM
Model in E-Commerce Systems,” Web
Intelligence, vol. 23, no. 2, pp. 172-194, 2025.

[15] X. Liu, “Personalized Recommendation of
E-Commerce Based on Big Data Technology,”
Procedia Computer Science, vol. 262, pp. 1115-
1122, 2025.

[16] S. G. K. Patro, “Dynamic Hybrid
Recommendation Approach for Improving
Accuracy in E-Commerce with Limited User
Data,” Next-Generation Computing Systems and
Technologies, vol. 1, no. 2, pp. 62-78, 2025.

[17] Y. Gajula, “Sentiment-Aware
Recommendation Systems in E-Commerce: A
Review from a Natural Language Processing
Perspective,” arXiv Preprint, arXiv:2505.03828,
pp. 1-17, 2025.

[18] J. Park, M. Kang, W. Sim, S. Lee, and H.
Park, “Federated Recommender System with
Data Valuation for E-Commerce Platform,”
arXiv Preprint, arXiv:2509.11196, pp. 1- 20,
2025.

[19] O. A. S. Ibrahim, E. M. G. Younis, and E. A.
Mohamed, “Revisiting Recommender Systems:
An Investigative Survey,” Neural Computing and
Applications, vol. 37, pp. 2145-2173, 2025.

[20] S. Shabana, P. Sreyalakshmi, B. Tharun, and
M. Vyshnavi, “Recommendation System for E-
Learning and E-Commerce Using Machine
Learning,”  International = Conference on
Computer Science and Engineering Proceedings,
pp. 1-8, 2025.

[21] J. Wang, Y. Li, and H. Zhang, “A Hybrid Deep
Learning Framework for Personalized Product
Recommendation in E-Commerce,” IEEE Access, vol.
12, pp. 45213-45228, 2024.

[22] S. Kumar and R. Gupta, “Machine Learning-
Based Recommendation Systems for Online Retail
Platforms,” International Journal of Intelligent
Systems, vol. 39, no. 4, pp. 2156-2175, 2024.

[23] M. Ahmed, P. Sharma, and L. Roy, “Customer
Behavior Analysis for Personalized ECommerce
Recommendation Using Artificial Intelligence,”
Expert Systems with Applications, vol. 249, Article
123456, 2024.

[24] H. Chen and X. Liu, ‘Personalized
Recommendation with Graph Neural Networks for E-
Commerce Applications,” Knowledge-Based
Systems, vol. 287, Article 111372, 2024.

[25] Verma and S. K. Singh, “Deep Hybrid
Recommendation Model for Online Shopping
Platforms,” Journal of King Saud University —
Computer and Information Sciences, vol. 36, no. 5, pp.
102341-102355, 2024.

[26] R. Patel and D. Shah, “An Explainable Al
Framework for Product Recommendation Systems,”
IEEE Transactions on Artificial Intelligence, vol. 5,
no. 2, pp. 512-525, 2024.

[27] K. Zhao, J. Huang, and M. Sun, “Transformer-
Based Recommendation Models for Large-Scale E-
Commerce Systems,” Information Processing &
Management, vol. 61, no. 3, Article 103789, 2024.

[28] L.Martins and P. Costa, “Context-Aware
Recommendation Systems in Digital Commerce,”
Future Generation Computer Systems, vol. 154, pp.
75-89, 2024.

[29] N. Gupta, R. Agarwal, and V. Mishra, “Artificial
Intelligence for Personalized Customer Experience in
E-Commerce,” Journal of Retailing and Consumer
Services, vol. 79, Article 103891, 2024.

[30] B. Thomas and S. Roy, “Recommendation
Systems Using Customer Purchase History and Search
Behavior,” Applied Soft Computing, vol. 151, Article
111024, 2024.

https://ijerst.org/index.php/ijerst 1955



https://ijerst.org/index.php/ijerst

