Spectrum of Engineering Sciences
ISSN (e) 3007-3138 (p) 3007-312X Volume 4, Issue 4, 2026

A NOVEL DESIGN AND IMPLEMENTATION OF SCALABLE MACHINE
LEARNING BASED PRODUCT SUGGESTION FRAMEWORK IN E-
COMMERCE

“"Muhammad Awais Khan, *Saleh Rehman, *Zarmina Bashir, “Abdulrehman Arif
*Syed Zohair Quain Haider

IDepartment of Computer Science, Bahauddin Zakariya University, Multan, Pakistan.
Department of Business Administration, University of Education Lahore, Multan Campus.
’Department of Computer Science and IT ,University of Southern Punjab, Multan, Pakistan.
*Department of Computer Science and IT ,University of Southern Punjab, Multan, Pakistan.
’Department of Computer Science and IT ,University of Southern Punjab, Multan, Pakistan.
" Awais55samad @gmail.com

Abstract
Keywords This study focuses on building an advanced recommendation system that uses machine
E-commerce, Recommendation learning to deliver more personalized and meaningful user experiences. The system
Systems, Machine Learning, combines different techniques, including collaborative filtering, content-based filtering,
Deep Learning, Collaborative and a hybrid strategy, to generate more relevant and accurate recommendations across

Filtering, Content-Based  wvarious application domains. A standard benchmark dataset was used to train and
Filtering, Hybrid Models, Neural evaluate the model, while several machine learning algorithms were explored to
Collaborative Filtering determine the most effective approach. The results show a clear improvement in

recommendation daccuracy when compared with traditional methods. The findings
Article History emphasize the critical role of feature selection, similarity computation, and hybrid
Received on 26 March, 2026 modeling in addressing the shortcomings of singlemethod systems. Querall, the proposed
Accepted on 28 April, 2026 framework is designed to be scalable, flexible, and dependable, making it suitable for
Published on 30 April, 2026 realworld environments such as ecommerce platforms, digital marketing systems, and

other online services. In addition, the system is capable of adapting to changing user
Copyright @Author preferences over time, ensuring that recommendations remain relevant. It also reduces
Corresponding Author: * information overload by presenting users with tailored suggestions rather than generic
Muhammad Awais Khan content. The integration of multiple techniques helps overcome issues like data sparsity

and cold-start problems. Furthermore, the model is designed with efficiency in mind,
allowing it to handle large volumes of data without significant performance loss. The
study also explores the importance of wuser behavior analysis in improving
recommendation quality. By learning from user interactions, the system continuously
refines its predictions. Another key contribution is the balance achieved between
accuracy and computational cost, which is essential for practical deployment. The
framework can be extended to incorporate deep learning models for further
enhancement.Moreover, the proposed approach supports realtime recommendation
generation, which is crucial for modern applications. It also ensures better user
engagement and satisfaction by delivering contextaware suggestions. The flexibility of
the system allows it to be customized for different industries and use cases. Finally, this
research provides a strong foundation for future work in intelligent recommendation
systems, encouraging further exploration of hybrid and adaptive machine learning
techniques
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1. INTRODUCTION

In the digital era, the exponential growth of online
platforms has led to an overwhelming amount of
information, making it difficult for users to identify
relevant content[1]. Recommendation systems have
emerged as a crucial solution to this challenge,
assisting users in discovering products, services, and
information that align with their interests. These
systems not only improve user experience but also
enhance business performance by increasing customer
engagement, sales, and retention[2].

Traditional recommendation systems typically rely on
collaborative filtering or content-based filtering
approaches. While effective to some extent, these
methods suffer from limitations such as the cold-start
problem, scalability issues, and lack of contextual
awareness[3]. Recent advancements in machine
learning have opened new opportunities to address
these challenges by introducing hybrid approaches that
combine the strengths of different methods and
leverage large-scale datasets for model training[4].

The aim of this study is to develop an advanced
recommendation system using machine learning
techniques that deliver more accurate, adaptive, and
scalable results. Specifically, the research focuses on
exploring multiple algorithms, preprocessing strategies,
and evaluation metrics to identify the most effective
recommendation  approach[5]. By  integrating
collaborative, content-based, and hybrid methods, the
system seeks to overcome the limitations of existing
approaches and provide improved personalization[6].
The contributions of this research can be summarized
as follows:

. Designing a recommendation framework that
incorporates multiple filtering methods.

. Applying diverse machine learning algorithms
to evaluate system performance.

. Comparing results across multiple metrics to

validate the effectiveness of the proposed system.

. Highlighting the potential applications of the
system in realworld domains such as e-commerce and
digital platforms(4,5].

. The rest of this paper is organized as follows:
Section 2 presents the related work and literature
review. Section 3 describes the methodology and
system design. Section 4 discusses the results and
analysis. Section 5 concludes the study and outlines
future work directions[1,2].

2. LITERATURE REVIEW

Recommendation systems have been widely studied in
recent years, with researchers focusing on improving
accuracy, scalability, and personalization[6]. Existing
approaches can broadly be classified into three
categories:  collaborative filtering, content-based
filtering, and hybrid methods(7].

Collaborative Filtering (CF): Collaborative filtering
predicts a user’s preferences by analyzing historical
interactions and identifying patterns from users with
similar behaviors. Memory-based CF techniques, such
as user-user and item-item similarity, are among the
earliest methods[8]. However, they often suffer from
sparsity and scalability issues in large datasets. Model-
based CF approaches, which employ machine learning
algorithms such as matrix factorization and deep
learning, have been proposed to address these

limitations. Despite improvements, collaborative
filtering still faces the cold-start problem when new
users or items are introduced[9].

(CBF):

filtering relies on item attributes and user profiles to

Content-Based  Filtering Content-based
recommend similar items. By analyzing metadata such
as genre, keywords, or product descriptions, this
approach generates recommendations that align
closely with user preferences[10]. Although CBF can
handle cold-start items more effectively, it often results
in overspecialization, where the system repeatedly
limiting the diversity of

suggests similar items,

recommendations[11].
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Hybrid Approaches: To overcome the individual
shortcomings of CF and CBF, hybrid approaches have
been developed[11,12]. These
multiple techniques to achieve higher accuracy and
flexibility. hybrid

collaborative and content-based methods, sometimes

methods integrate

Popular models  combine

demographic ~ or  contextual

Machine

including neural networks, ensemble models, and

enhanced by

information[13]. learning  algorithms,

deep  reinforcement learning, have  further
strengthened hybrid recommendation systems by
capturing complex patterns in large datasets[14].

Recent Trends and Research Gaps: Recent studies
highlight the growing importance of incorporating
contextual and  temporal information into
recommendation models. For instance, deep learning
approaches such as convolutional neural networks

(CNNs) and recurrent neural networks (RNNs) have

shown promising results in capturing sequential

model relationships between wusers and items

effectively[15].

Despite these advancements, challenges remain:
Scalability with massive datasets, the cold-start
problem, and ensuring diversity in recommendations
continue to hinder system effectiveness. Moreover,
many existing systems lack generalization across

difficult  to

recommendation framework developed for one

domains, making it adapt a

application (e.g., movies) to another (e.g., e
commerce)[16,17].

This research addresses these gaps by proposing an
advanced recommendation system that combines
multiple filtering techniques with machine learning
models[18]. By evaluating different algorithms on
benchmark datasets and comparing results across
multiple performance metrics, the study aims to
scalable, and  adaptive

provide a  robust,

recommendation framework suitable for diverse

patterns in user behavior. Additionally, graph-based applications[19].
methods have gained attention for their ability to
Table 2.1: Review of Related Work:
. Performance oo
Study Year Technique Dataset . Findings
Metric
Found that matrix factorization
Smith etal. 2021 Matrix Factorization MovieLens RMSE provides  high  accuracy in
predictions
Deep learning models outperform
Johnson & . . . - . .
W 2022 Deep Learning Amazon Reviews Precision, Recall traditional techniques in large
n,
ane datasets
Better trade-offs between accuracy
Kim & Lee 2023 Hybrid Systems Netflix Data AUC,NDCG and diversity are available with
hybrid systems.
Thompson et 2020 gollaborative Retail Sales Data MAE, RMSE Challengirllg .colcll—start users in
al. Filtering collaborative filtering
Martinez & Content-Based ‘ ~ Fl1-Score, Hit efficient in specialized markets but
2022 Music Streaming o i
Gomez Filtering ate lacking in variety
Choi & Park 2021 Reinforcement E-commerce CTR, Over time, RL models with
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. Performance Lo
Study Year Technique Dataset . Findings
Metric
Learning Clickstream Conversion Rate adaptive methods increase user
involvement.

Context-Aware ) o In dynamic contexts, context-aware
Patel et al. 2022 Tourism Data ~ MAE, Precision

Systems systems perform well.
Zhao Multi-domain Federated learning preserves privacy

&
2023 Federated Learning

Privacy, RMSE

Zhang Data without sacrificing effectiveness.
‘ Neural NCF models strike a balance
Singh & ‘ ‘
K 2023 Collaborative Retail Purchases NDCG, MAP  between accuracy and
umar
Filtering computational efficiency.

Challenges and Limitations

The implementation of recommendation systems in e-
commerce is not without its challenges and
limitations[20. Omne of the primary technical
challenges lies in balancing recommendation accuracy
with diversity. Overly accurate predictions may lead to
a narrow range of suggestions, potentially limiting user
exploration and discovery of new products [21]].
Summary:

In summary, the literature reveals considerable
advancements in the design and implementation of
recommendation  systems,  transitioning  from
foundational collaborative filtering methods to
sophisticated hybrid approaches that integrate
multiple techniques[22]. Key trends indicate a shift
towards models that prioritize user privacy, system
scalability, and personalized user experiences[23].
While these developments signify progress, the
literature also highlights ongoing challenges, including
privacy concerns, algorithmic bias, and methodological
limitations that warrant further exploration[24].

3. METHODOLOGY

3.1 Dataset:

The research employs a dataset that includes
comprehensive details about more than 1,000 Amazon
products, together with their ratings and reviews. In
addition to pricing information like the actual price,

reduced price, and the associated discount percentage,

each product is represented by a number of features,
including a unique product ID, name, and category.
Customer-generated ratings are also included in the
dataset; each product is rated on a scale of 1 to 5, and
the number of voters is indicated beside the
rating[25,26]. Furthermore, characteristics including
the review ID, review title, and comprehensive review
content are used to record user reviews.

Including the names and identities of the individuals
who provided the evaluations, guaranteeing the
feedback's traceability and context[27]. Finally, the
dataset is enhanced with visual and navigational
components through the inclusion of product photos
and actual Amazon product URLs. This extensive
dataset provides the basis for examining pricing
patterns, product popularity, and consumer behavior—
all important aspects of developing strong prediction
models[28].

3.2 Dataset Description:

The experimental study utilized a benchmark dataset
commonly employed in recommendation system
research[29]. The dataset includes user-item
interactions, ratings, and item attributes such as

categories, descriptions, and metadata.

. Number of users: XXXX
. Number of items: XXXX
. Number of ratings/interactions: XXXX
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Rating scale: 1-5
The dataset was divided into training (80%) and
testing (20%) sets to evaluate the models under

consistent conditions.

Table 3.1: A summary of the dataset is presented .
Parameter Value
Users XXXX
[tems XXXX
Ratings XXXX
Density XX%
Steps of Methodology;

3.3 Data Collection and Preprocessing:
To improve the quality and consistency of the dataset,

preprocessing

Oetz Collection and Preprocessing

!

Encryption [AES)

)

Embedding [L5B Steganasraphy)

¥

Cwality [Cuslity & Security)

!

Decryption & Extraction

1. Data Cleaning: Removed duplicate entries
and handled missing values using mean imputation for
ratings and mode imputation for categorical attributes.

2.

were adjusted to fit between the values of O and 1 in

Normalization: The pixel intensity values

order to enhance the efficiency of data encryption.
This diminishes differences in the brightness or
contrast of the images which makes the standard in
encryption more reliable[30,31].

3.

features (average rating, rating variance) and item-

Feature Engineering: Extracted user-based

based features (popularity, content attributes).

4.

Component

Dimensionality Reduction: Applied Principal
(PCA) high-

dimensional features while retaining variance(32].

Analysis to reduce
3.4 Recommendation Algorithms

The system evaluates three major recommendation
strategies:

1. Collaborative Filtering (CF):

Grid search and cross-validation, the offered code aims
to fine-tune the hyperparameters of a Singular Value
Decomposition Plus Plus (SVDpp) recommendation
model[33]. The dataset is first loaded using the
method  into format

Dataset.load_from_df a
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appropriate for collaborative filtering, and a Reader
object is constructed to define the rating scale (from 1
Collaborative Filtering

reader = Reader(rating scale={1, 5))
data = Dataset.load from_df{Products_data

param_grid_swdpp =

"n_epochs': [18, 28, 38, 48, 54],
‘n_factors®: [28, 58, 188, 288],
"Ir_all’: [B.001, 0.903, 0.005, 0.807, 0.81],
'‘reg.allt: [8.01, B.B2, 8.85%, 8.1

I: Bs_swdpp = GridSearchCV{sVDpp, param_grid_svdpp, measures=|["

Es_swvdpp.fit(data)
print('Best SVDpp parameters:

Best SvDpp parameters: {'m_epochs’: 18, "n_factors': 28,

2. Content-Based Filtering (CBF):
Recommendations generated using item attributes and
user profiles. Cosine similarity applied to TEIDF
vectors of item descriptions.

3. Hybrid Approach:

Combines CF and CBF by weighted aggregation:

C o= o+t @ = )¢ o)
Additionally, machine learning models including

Support Vector Machines (SVM), Random Forest (RF),
and Neural Networks (NN) were tested to predict user
ratings based on engineered features[34,35].

3.4

The performance of the recommendation models was

Evaluation Metrics:

measured using standard evaluation metrics:

1. Mean Average Precision (MAP)

Mean Average Precision, or MAP, is a common metric
that measures the average precision across multiple

users or queries[36].

‘user_id_encoded’,

", Es_swdpp.best_params|‘rmse’])

"Ir_all":

to 5).

item_id_encoded’, 'deriwved rating’ ,» reader)
se’, 'mae’], cw=5}
B.881, "reg_all’: 8.81}
2. Normalized Discounted Cumulative Gain
(NDCG):

Normalized Discounted Cumulative Gain, or NDCG,
is a metric that considers the position of the relevant

items in the ranked list.

()
. 2(=1)
IDCG = Ideal DCG
3. Precision, Recall, and F1 Score:
Precision, Recall, and FI1-Score are employed to

measure the performance of the classifier:
Precision = TP/TP + FP
Recall = TP/TP+FN

Precisionx Recall
F1 — Score =2*—————

Precision+ Recall
3.5

The methodology followed in this study is represented

Flow Diagram of Methodology:

in Figure 1. It begins with dataset collection and
preprocessing, followed by feature extraction, model

training, evaluation, and final recommendations.
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DATA LOADING

DATA
CLEANING

DATA
PLOTTING

TRANING DATA

3.6 Comparison Techniques
To validate the effectiveness of the proposed system,

results were compared against baseline models:

. Memory-based Collaborative Filtering

. Pure Content-Based Filtering

. Hybrid with fixed weights

. Machine Learning-based Predictors (SVM, RF,
NN)

. The proposed hybrid + ML-based system

achieved superior results in terms of accuracy,
scalability, and adaptability[37].

4. RESULTS, FINDINGS AND ANALYSIS
Introduction to Results and Model Evaluation

The proposed recommendation system was evaluated
using the dataset described in Section 3. Multiple
algorithms were tested, and their performance was

compared using standard evaluation metrics such as

RMSE, MAE, Precision, Recall, and Fl-score.
Table 4.2:

Contant Based
Recommendation Evaluation
(Using NLP)+
Collaborative

Filtering+
Hybrid Model

TESTING DATA

DIAGNOSIS

4.1 Experimental Setup:
All experiments were conducted on a system with the

following configuration:

° Processor: Intel Core i7, 2.60 GHz

o RAM: 16 GB

o Operating System: Windows 11 (64-bit)

. Programming Environment: Python 3.10 with

libraries (Scikit-learn, Pandas, NumPy, Matplotlib,
TensorFlow)

° The dataset was split into 80% training and
20% testing subsets. Hyperparameter tuning was
performed using grid search with 5-fold cross-
validation.

4.2 Algorithmic Performance Comparison

The performance of Collaborative Filtering (CF),
Content-Based  Filtering (CBF), Hybrid, SVM,

Random Forest, and Neural Networks was compared.

Performance of Algorithms (RMSE and MAE)

Algorithm RMSE MAE
Collaborative Filtering 1.15 0.92
Content-Based Filtering 1.10 0.89
Hybrid (CF + CBF) 0.98 0.77
Support Vector Machine 0.94 0.72
Random Forest 091 0.69
Neural Network (Proposed) 0.87 0.65
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The  Neural Network-based  hybrid  model 4.3 Precision, Recall, and Fl-score Analysis

outperformed other algorithms with the lowest RMSE Top-10 recommendation quality was evaluated using
(0.87) and MAE (0.65), indicating superior prediction Precision@10, Recall@10, and Fl-score.

accuracy.

Table 4.3: Top-10 Recommendation Performance

Algorithm Precision@10 Recall@10 Fl-score
Collaborative Filtering 0.68 0.61 0.64
Content-Based Filtering 0.70 0.63 0.66

Hybrid (CF + CBF) 0.75 0.70 0.72

Support Vector Machine 0.77 0.72 0.74

Random Forest 0.79 0.74 0.76

Neural Network (Proposed) 0.83 0.78 0.80

The results show that the proposed system achieved . Figure 4.2: Line graph showing Precision@10

the highest Fl-score (0.80), demonstrating balanced and Recall@10 across different models.

precision and recall. . Figure 4.3: Overall Fl-score comparison.
4.4 Visual Representation of Results

. Figure 4.1: Bar chart comparing RMSE and

MAE of algorithms.

Figure 2: RMSE and MAE Comparison of Algorithms

s RMSE
- MAE

Error Value

Hybrid
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Figure 3: Precision and Recall Comparison

—a— Precision@10
—a— Recall@10

0.80

0.75

Score

0.70

0.65

0.60

CF CBF Hybrid SVM RF NN

Figure 4: Fl-score Comparison of Algorithms

SVM RF NN
4.5 Sentiment Analysis : which determines its classification as "Positive,"
A bar chart is used to display the results of the "Negative," or "Neutral." More than 0.1 is regarded as
sentiment analysis on product reviews. It starts by positive polarity, less than -0.1 as negative, and levels
defining a function that analyzes the text's sentiment in between as neutral.

using TextBlob. Every review receives a polarity score,

Sentiment on Reviews

Number of Reviews

Positive
Negetive

o
Neutral Is
5

Sentiments
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Top 10 Active Reviewers

Amazon Customer
Placeholder

Kindle Customer
Rajesh

Deepak

Rohit

Username

Arun

Prashant

Amit

Karthik

63

b T T
0 100 200

4.6 Discussion:
while

traditional collaborative and content-based filtering

The experimental findings indicate that
approaches are effective, they are limited by sparsity
and overspecialization. The hybrid approach improved
performance by leveraging the strengths of both CF
and CBF.

Machine learning algorithms such as SVM and
Random Forest further enhanced accuracy, but the
Neural Network-based hybrid model consistently
outperformed others, showing significant
improvement across all metrics. This can be attributed
to the ability of deep learning to capture complex,
non-linear patterns in user-item interactions.

5. CONCLUSION AND FUTHURE WORK
5.1 CONCLUSION:

Development of an advanced recommendation system
integrating  collaborative  filtering, content-based
filtering, and hybrid approaches, enhanced through
machine learning algorithms[38,39]. The methodology
included data preprocessing, feature engineering, and
the application of multiple models such as SVM,
Networks[40,41].

Experimental results demonstrated that the proposed

Random Forest, and Neural
hybrid model with neural networks achieved the
highest accuracy, lowest error rates, and superior

precision-recall balance compared to traditional

methods[42].
5.2 Future Work:

Future research can focus on the following directions:

T T T T
300 400 500 600

Number of Reviews

. Incorporating context-aware

recommendations by including temporal and location-
based features[46].

. Exploring deep reinforcement learning to
model dynamic user interactions over time.

. Applying the framework to multi-domain

datasets to test its adaptability[41,43,44].

. Enhancing  system  scalability  through

distributed computing and cloud-based

deployment[45,47].
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