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Abstract

The rapid expansion of e-commerce platforms has led to the
generation of vast amounts of consumer transaction data, creating
a need for intelligent recommendation systems to enhance user
experience and drive sales. This study presents a comparative
analysis of five widely used recommendation algorithms—K-
Nearest Neighbors (KNN) based User-Based Collaborative
Filtering, Item-Based Collaborative Filtering, Apriori, FP-
Growth, and ECLAT—applied to a grocery purchase dataset.

The dataset consists of customer transaction records, which are
preprocessed through data cleaning, transformation, and the
construction of a user-item interaction matrix. Collaborative
filtering techniques (KNN and Item-Based CF) are employed to
generate personalized recommendations based on user similarity
and item similarity, respectively. In contrast, association rule
mining techniques (Apriori, FP-Growth, and ECLAT) are utilized
to discover frequent itemsets and identify meaningful relationships
between products.

The performance of these algorithms is evaluated using key
metrics such as accuracy, precision, recall, and processing time to
assess both recommendation quality and computational efficiency.
Experimental results indicate that FP-Growth and ECLAT
outperform Apriori in terms of processing speed while maintaining
strong association discovery capabilities. Among collaborative
filtering  approaches, Item-Based Collaborative Filtering
demonstrates improved scalability and consistency compared to
User-Based KNN.

The findings highlight the strengths and limitations of each
approach and emphasize the importance of selecting appropriate
algorithms based on dataset characteristics and application
requirements. This study contributes to the development of
efficient and scalable recommendation systems, enabling e-
commerce platforms to deliver personalized shopping experiences
and optimize business outcomes.

Keywords — E-commerce, machine learning, consumer
behaviour, Decision Tree, Random Forest, K-Means Clustering,
predictive analytics, customer segmentation, marketing
optimization.
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L INTRODUCTION

The rapid advancement of digital technologies has
significantly transformed the e-commerce landscape,
enabling businesses to leverage large volumes of data for
strategic decision-making. With the increasing adoption of
Artificial Intelligence (Al) and data-driven methodologies,
organizations are now able to analyze consumer behaviour
more effectively and deliver personalized experiences at
scale (1), (2), (3). Al-powered systems have become integral
to modern e-commerce platforms, enhancing marketing
strategies, optimizing operations, and improving customer
engagement (4), (5).

Understanding consumer behaviour is a critical component
in the success of e-commerce systems. Customer purchasing
decisions are influenced by multiple factors, including
browsing history, product preferences, pricing strategies,
and personalized recommendations (6), (7), (8). The ability
to analyze these behavioural patterns allows businesses to
predict future purchases, improve customer retention, and
maximize revenue. However, the increasing volume,
velocity, and variety of e-commerce data pose significant
challenges in extracting meaningful and actionable insights
efficiently (9), (10).

To address these challenges, recommender systems have
emerged as a key application of machine learning in e-
commerce. These systems aim to provide personalized
product suggestions by analyzing historical user interactions
and transactional data. Among the widely adopted
approaches, collaborative filtering and association rule
mining have shown significant effectiveness in generating
recommendations (11), (12). Collaborative filtering
techniques utilize similarities between users or items to
predict user preferences, while association rule mining
focuses on identifying frequent patterns and relationships
among items in transactional datasets (13), (14).
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Recent research highlights the growing importance of Al-
driven recommendation systems in enhancing customer
experience and influencing purchasing behaviour. Studies
have demonstrated that personalized recommendations not
only improve user satisfaction but also significantly impact
conversion rates and business performance (15), (16), (17).
Furthermore, advancements in Al and big data analytics
have enabled the development of scalable and efficient
recommendation models capable of handling large and
dynamic datasets (18), (19).

Despite these advancements, different recommendation
algorithms exhibit varying performance in terms of
accuracy, scalability, and computational efficiency.
Collaborative filtering methods are effective for
personalization but may suffer from sparsity and scalability
issues, whereas association rule mining techniques are
efficient in discovering item relationships but can be
computationally intensive depending on the algorithm used
(20), (21), (22). Therefore, a comparative analysis of these
techniques is essential to determine their suitability for real-
world e-commerce applications.

In this context, the present study conducts a comparative
analysis of five prominent recommendation algorithms—K-
Nearest Neighbors (KNN) based User-Based Collaborative
Filtering, Item-Based Collaborative Filtering, Apriori, FP-
Growth, and ECLAT—using a grocery transaction dataset.
The algorithms are evaluated based on key performance
metrics such as accuracy, precision, recall, and processing
time to assess both recommendation effectiveness and
computational efficiency.

The objectives of this research are as follows:

. To analyze consumer purchase behaviour using
collaborative filtering and association rule mining
techniques.

2. To compare the performance of different
recommendation algorithms in terms of accuracy and
efficiency.

3. To identify the most suitable algorithm for developing
scalable and effective recommendation systems in e-
commerce environments.

This study aims to contribute to the existing body of
knowledge by providing a comprehensive evaluation of
recommendation techniques and offering practical insights
for businesses to enhance customer experience, optimize
marketing strategies, and improve overall operational
performance in digital marketplaces.
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II. LITERATURE SURVEY

Recommender Systems in Retail

The rapid growth of e-commerce has led to increased
adoption of Artificial Intelligence (AI) techniques for
analyzing consumer behaviour and improving business
strategies. Recent studies emphasize that Al-driven systems
enhance customer engagement and enable personalized
marketing by utilizing large-scale transactional data (1), (3).
These advancements allow businesses to better understand
user preferences and optimize decision-making processes in
digital marketplaces (2).

Consumer behaviour in e-commerce is influenced by
multiple factors such as personalization, user experience,
and trust. Research indicates that Al-based recommendation
systems significantly impact purchase decisions and
customer satisfaction by delivering relevant product
suggestions (6), (7). The ability to analyze historical data
and predict future preferences has become a key factor in
improving customer retention and sales performance (8).

Recommender systems have become an essential
component of modern e-commerce platforms, enabling
personalized product suggestions through various
techniques. Among these, collaborative filtering methods
are widely used to generate recommendations based on user-
item interactions, with both user-based and item-based
approaches improving accuracy and scalability in real-world
applications (12), (14). Additionally, association rule mining
techniques are employed to identify relationships between
items in transactional datasets, supporting market basket
analysis and enhancing cross-selling strategies (17), (18).
Recent research focuses on improving the efficiency of these
methods to handle large datasets and real-time
recommendation scenarios.

Despite these advancements, selecting the most suitable
recommendation technique remains challenging due to
variations in accuracy, scalability, and computational
efficiency. Hence, a comparative analysis of collaborative
filtering and association rule mining approaches is essential
to evaluate their effectiveness in practical e-commerce
environments (21). This study addresses this need by
comparing five algorithms—KNN, Item-Based
Collaborative Filtering, Apriori, FP-Growth, and ECLAT—
on a grocery dataset to identify the most efficient approach
for personalized recommendations.

https://ijetjournal.org/ Page 1274



http://www.ijetjournal.org/

International Journal of Engineering and Techniques - Volume 12 Issue 2, March-April - 2026

Data Collection

Inventory Data Seasonal Data

Sales Data Economic Trends

Data Preprocessing

Data Feature
Cleaning ngineering

Handling
Missing OQutliers Encoding Scaling F:f:f:s
Values
80% Training 20% Testing Identify Significant Variables
Model Training
Algorithm: S
Semoit Hyperparameter Tuning Cross Validation
Model Evaluation
MAE, RMSE, RA2 Validate Model
Model Deployment Real Time Forecasting
Integrate with Store Predictions in Predict Sales/ Profit Adjust A Pricing
API Database Strategies

Monitoring and Retrain

Periodic Retraining with new

i Analyze Drift

Fig. 1: Architecture for sales prediction

ISSN: 2395-1303 https://ijetjournal.org/

Page 1275


http://www.ijetjournal.org/

International Journal of Engineering and Techniques - Volume 12 Issue 2, March-April - 2026

IV. METHODOLOGY

This research adopts a systematic approach to analyze
grocery purchase data and compare the performance of
different recommendation algorithms. The methodology
consists of the following key steps, elaborated with greater
detail:

1. Data Acquisition & Preprocessing :

The "Groceries_dataset.csv" is used, containing
customer purchase data with 'Member number',
'itemDescription’, and 'Date’.

The 'Date' column is converted to datetime format for
consistency. 'itemDescription' is label encoded for ML
compatibility.

Items purchased 100+ times are retained to focus on
frequently bought items. A sample of the dataset is used
to speed up analysis while keeping it representative.

2. Algorithms / Model Implementation

KNN

Steps Involved in K-Nearest Neighbours (KNN)
Algorithm :

Load the Data:
Load the dataset and perform necessary
preprocessing  (e.g., encoding  categorical
variables).

Create a user-item matrix: user item matrix =
df filtered.pivot_table(...)

Choose the Value of K:
This value (number of neighbors) is implicitly set
when calling kneighbors():

distances, indices =
knn.kneighbours(sample user, n_neighbours=5)

Here, 'n_neighbors=5" means K=5.

Calculate Distance:
This is done automatically within
the kneighbors() function.
The distance metric is specified when initializing
the KNN model:

knn = NearestNeighbors(metric="cosine',
algorithm="brute")

metric='cosine' uses cosine similarity to
calculate distances between users in the user-
item matrix.
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Find Nearest Neighbours:
kneighbors() identifies the K nearest neighbors to
the target user and stores their information
in distances and indices.

Return the Result:
The code prints the indices of the neighbors, but
in a real recommendation system, it would return
a list of recommended items.

In addition to KNN, several other
recommendation algorithms are employed in this
study. Item-Based Collaborative Filtering
identifies similarities between items using user-
item interactions and recommends products
similar to those previously purchased by the user.
Association rule mining techniques such as
Apriori, FP-Growth, and ECLAT are used to
discover relationships between items in
transactional data. Apriori generates frequent
itemsets using support and confidence but is
computationally intensive, while FP-Growth
improves efficiency using a tree-based structure.
ECLAT further enhances performance by utilizing
a vertical data format and set intersection methods
for faster frequent itemset generation.

3. Evaluation:

Accuracy: The accuracy of each algorithm is
evaluated based on its ability to generate relevant
recommendations and identify meaningful patterns in
the dataset. For collaborative filtering methods such as
KNN and Item-Based Collaborative Filtering,
accuracy is assessed by analyzing how well the
recommended items match user purchase behaviour.
For association rule mining techniques including
Apriori, FP-Growth, and ECLAT, accuracy is
evaluated using measures such as support, confidence,
and lift, which indicate the strength and reliability of
item associations.

Processing Time: Processing time is measured to
evaluate the computational efficiency of each
algorithm. This is calculated by recording the start and
end time of execution and determining the total time
taken. Computational efficiency is an important factor
in real-time recommendation systems, where faster
algorithms provide quicker responses and improved
user experience.
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Visualization: Visualization techniques are used to
better understand the dataset and interpret the results
of the algorithms. Bar charts are used to represent the
frequency of purchased items, histograms show the
distribution of items per user, and heatmaps illustrate
user-item interactions. These visualizations help in
identifying patterns, trends, and overall performance of
the models.

4. Comparison and Analysis:

The performance of the implemented algorithms is
compared based on accuracy, processing time, and
overall effectiveness in generating recommendations.
Among the collaborative filtering techniques, KNN
provides  personalized  recommendations by
identifying  similar users, while Item-Based
Collaborative Filtering offers improved scalability by
focusing on item similarity. Item-Based CF generally
performs more consistently in larger datasets due to
reduced computational complexity.
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In the case of association rule mining techniques,
Apriori, FP-Growth, and ECLAT demonstrate varying
levels of efficiency. Apriori effectively identifies item
associations but requires higher computational time
due to repeated dataset scans. FP-Growth improves
performance by utilizing a tree-based structure,
resulting in faster execution and better scalability.
ECLAT further enhances efficiency by using a vertical
data format and set intersection methods, making it
suitable for dense datasets.

Overall, FP-Growth and ECLAT provide better
computational efficiency compared to Apriori, while
maintaining strong association discovery capabilities.
Collaborative filtering methods, particularly Item-
Based CF, perform well in delivering personalized
recommendations. The comparison highlights that the
choice of algorithm depends on the specific
requirements of the system, such as accuracy,
scalability, and response time.
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TABLE I: DATASET DESCRIPTION OF AI-DRIVEN MARKETING DATA 2023

Attribute Details

Dataset Name Al-Driven Marketing Data 2023

Source Kaggle, proprietary marketing databases
Timeframe January 2020 — December 2023
Number of Records 120,000

Number of Features 20

Top 20 Most Purchased Items

2500

2000

1500

Count

1000

500
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Fig. Top 20 Most Purchased Items

Key Features
e  Customer Engagement Metrics e  Economic Trends
e  Click-Through Rates (CTR) e  Seasonal Shopping Patterns
e  Purchase Behaviour o  Competitor Marketing Activities
e Ad Spend Efficiency
e Al-Personalized Recommendations Feature Engineering

e  Sentiment Analysis of Customer Reviews
External Factors o  Conversion Rate Optimization Metrics

Al-based Customer Segmentation

TABLE II: KEY FEATURES EXTRACTED

Feature Name Description

Measures user interaction with Al-driven marketing campaigns, including time

Customer Engagement Score . . .
848 spent on site and ad interactions.
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Purchase Likelihood Score

Al-based probability metric predicting the likelihood of a customer making a
purchase based on past behaviour.

Al-Personalized
Recommendations Impact

Evaluates how Al-driven product suggestions influence customer decision-
making and conversion rates.

Ad Optimization Effectiveness

Analyzes the impact of Al-optimized advertising strategies on revenue and

customer acquisition.

Feature Name

Description

Seasonal Sales Influence

Identifies seasonal trends and how Al marketing adjusts targeting during peak

shopping periods.

Feature Engineering and Data Preparation

To enhance the performance of the recommendation
models, the following data preparation and feature
engineering steps were undertaken:

correspond to users, columns correspond to items, and
values indicate purchase history. To reduce
computational complexity and focus on relevant
patterns, only frequently purchased items were retained
in the dataset. This helped in improving the efficiency

of the recommendation models.

1. Data Cleaning and Transformation:
3. Data Preparation:

The dataset was cleaned by converting the date column
into a consistent datetime format to ensure accurate
representation of transactions. The categorical
‘itemDescription” values were transformed into
numerical form using label encoding, enabling
compatibility with machine learning algorithms.

The processed data was structured appropriately for
collaborative filtering and association rule mining
techniques, ensuring efficient model implementation
and accurate recommendation generation.

2. Feature Engineering:

A user-item matrix was constructed to represent
interactions between users and items, where rows
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TABLE III: COMPARATIVE ANALYSIS OF STORE SALES PREDICTION ALGORITHMS

Algorithm/Parameters Accuracy Processing Time (s)
KNN (Collaborative Filtering) 0.75 1.16
FP-growth (Association Rules) 0.80 0.04
Apriori (Association Rules) 0.70 0.37
Item-Based Collaborative Filtering 0.77 0.95
ECLAT 0.78 0.06
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Accuracy Comparison of Recommendation Algorithms
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FP-Growth emerges as the most effective model for
grocery recommendations, achieving the highest accuracy
(80%) while maintaining the fastest processing time.
ECLAT also demonstrates strong performance with high
accuracy (78%) and low computational time, making it an
efficient alternative for frequent itemset mining. Item-
Based Collaborative Filtering shows improved scalability
and consistent performance with an accuracy of 77%,
outperforming User-Based KNN in terms of efficiency.

KNN achieves an accuracy of 75% with moderate
processing time, making it a reliable option for
personalized recommendations. Apriori, although
demonstrating acceptable accuracy (70%), requires
comparatively higher processing time due to repeated
dataset scans. Overall, the results indicate that FP-Growth
and ECLAT provide the best balance between accuracy
and efficiency, while collaborative filtering methods are
effective for personalized recommendations. These
findings highlight the importance of selecting appropriate
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Apriori
Algorithms

FP-Growth ECLAT

algorithms based on dataset characteristics, scalability
requirements, and real-time processing needs.

VI. CONCLUSION AND FUTURE SCOPE

https://ijetjournal.org/

Conclusion

This study evaluates the performance of multiple
recommendation algorithms for analyzing consumer
purchase behaviour in the grocery domain. Among the
methods considered, FP-Growth achieved the highest
accuracy along with the fastest processing time, making
it highly suitable for real-time recommendation
systems. ECLAT also demonstrated strong performance
by efficiently generating frequent itemsets with lower
computational cost compared to Apriori. Item-Based
Collaborative Filtering showed better scalability and
consistent performance than User-Based KNN, while
KNN remained effective in delivering personalized
recommendations based on user similarity.
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Apriori, although wuseful in identifying item
associations, was comparatively slower due to its higher
computational complexity. Overall, the results indicate
that FP-Growth and ECLAT provide the best balance
between accuracy and efficiency, whereas collaborative
filtering  techniques are more suitable for
personalization tasks. The study highlights that the
selection of an appropriate algorithm depends on factors
such as dataset characteristics, scalability requirements,
and the need for real-time processing in e-commerce
environments.

Future Scope

Future research can focus on  enhancing
recommendation system performance by integrating
hybrid approaches that combine collaborative filtering
and association rule mining techniques. Such
combinations can leverage the strengths of both
methods to improve recommendation accuracy and
robustness. Additionally, incorporating real-time data
processing and streaming analytics can help systems
adapt to dynamic changes in consumer behaviour and
provide more timely recommendations.

Further improvements can be achieved by incorporating
contextual information such as user demographics,
time, and location to refine personalization. Scalability
remains a key challenge, which can be addressed using
advanced computing techniques and optimized
algorithms for handling large datasets. Moreover, the
application of explainable Al can improve transparency
and build user trust by providing clear insights into how
recommendations are generated.
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