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Abstract: Studying customer behavior and anticipating future trends is a challenging task, as customer
behavior is complex and constantly evolving. To effectively anticipate future trends, businesses need
to analyze large amounts of data, use sophisticated analytical techniques, and stay up-to-date with
the latest research and industry trends. In this paper, we propose a comprehensive framework
to identify trends in consumer behavior using multiple layers of processing, including clustering,
classification, and association rule learning. The aim is to help a major retailer in Saudi Arabia better
understand customer behavior by utilizing the power of big data analysis. The proposed framework
is presented as being generalized to gain insight into the generated big data and enable data-driven
decision-making in other relevant domains. We developed this framework in collaboration with a
large supermarket chain in Saudi Arabia, which provided us with over 1,000,000 sales transaction
records belonging to around 30,000 of their loyal customers. In this study, we apply our proposed
framework to those data as a case study and present our initial results of consumer clustering and
association rules for each cluster. Moreover, we analyze our findings to figure out how we can further
utilize intelligence to predict customer behavior in clustered groups.
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1. Introduction

Comprehending consumer behavior is crucial for the prosperity of any enterprise and
the success of any business [1,2]. Companies need to know what drives their consumers’
purchasing decisions, what factors influence their loyalty, and how they can improve their
product or service offerings to better meet their customers’ needs. Consumer behavior
analysis is an important aspect, particularly for retailers.

However, the retail sector is a complex and ever-evolving market that heavily relies
on customer behavior [1]. Studying consumer behavior is a complex and challenging task
that requires a deep understanding of the factors that influence customer decision-making.
Customers are influenced by a variety of factors, including cultural, social, economic, and
personal factors, and their behavior is often difficult to predict. Analyzing and under-
standing consumer behavior allows retailers to stay ahead of their competition, respond
better to market changes, and remain competitive in the ever-changing retail sector [2].
Moreover, customer behavior is constantly evolving, making it difficult to predict future
trends. To effectively analyze consumer behavior, businesses need to leverage the power of
big data analysis and use sophisticated analytical techniques to identify trends and patterns
in customer behavior [3].

Over the last decade, numerous machine learning-based methods have emerged for
predicting consumer behavior. The typical process for predicting consumer behavior
in the retail sector involves various approaches. Some researchers directly observe and
monitor customers’ physical behavior [3-5], while others utilize specific data features to
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make predictions and analyze large-scale datasets to forecast consumer behavior [6-9].
Then, after approaching the consumer, a technical approach is implemented to predict
consumer behavior, such as classification [3,5,8,10,11], association rule learning [9,12-17],
clustering [15,18], and other techniques like neural networks [4,6,7].

In this paper, we intend to propose a comprehensive framework that incorporates
layers of supervised and unsupervised techniques for studying consumer behavior in the
retail sector. One of the paper’s contributions is to study consumer behavior in Saudi Arabia
(SA), which has not been well-documented or extensively studied. We could not find much
research that specifically studied consumer behavior in the retail sector using machine
learning techniques and real data. While some studies [19-21] have explored consumer
behavior in SA, they have mainly relied on customer-oriented questionnaires/surveys
without analyzing real data or consumer buying transactions. Other research discussed in
the literature studied consumer behavior, but not specifically in SA.

This paper makes several contributions, including (1) building a framework to ana-
lyze consumer behavior in the retail sector; (2) analyzing business needs and identifying
demands and performance indicators; (3) applying the proposed framework to real and
up-to-date data from one of the biggest supermarket chains in Saudi Arabia as a case study;
(4) clustering consumer data and building three consumer clusters, with an analysis of
each cluster’s characteristics; and (5) applying association rule learning to each cluster and
analyzing the results.

So, in this paper, we propose a comprehensive machine learning-enabled framework
for analyzing trends in consumer behavior, gaining insight into the data, and enabling
data-driven decision-making. Towards building the framework, we analyzed the business
needs and identified demands and performance indicatorsas a case studywith the business
owner of one of the biggest supermarket chains in Saudi Arabia. According to Forbes
magazine, they are ranked third among the strongest retailers in the Arab world [22]. The
supermarket chain was established in 1956, and its sales volume reached 4.5 billion riyals
in 2022 [23]. They have a large customer base, with over 40 million shoppers in 2013 and
over 3 million consumers in their loyalty card system. The retailer we worked with has
a loyalty card concept, which greatly helped our research in segmenting and analyzing
consumers’ behavior. This gives other retailers the potential to analyze their data using the
proposed framework with greater confidence.

The proposed framework is expected to make a significant contribution to the retail
sector in Saudi Arabia by providing retailers with actionable insights into consumer behav-
ior. It has been proven that when an organization is able to understand the buying habits
of consumers, it becomes easier for them to improve their business performance indica-
tors [19,24]. Our research aimed to address this point, and the results and recommendations
will improve marketing performance indicators such as customer satisfaction and customer
loyalty. Applying the framework will also improve financial performance indicators, such
as increasing the sales rate of creatine products. Moreover, the performance of operations
will also improve, such as the efficiency of handling and inventory management, among
others. These three market indicators represent the application layer shown in the proposed
framework. Ultimately, the proposed framework is expected to significantly improve the
efficiency, sustainability, and profitability of retail operations.

The paper is organized as follows: Section 2 provides a literature review and the
current state of the consumer behavior domain, establishing the context underlying the
analysis of the retail sector, including clustering techniques, association rule learning, and
association rule post-processing. Sections 3 and 4 present and discuss the framework
development methodology and the proposed framework, respectively. Section 5 presents
some results of the case study and provides a discussion of the findings. Lastly, Section 6
concludes the paper and provides some future work and research directions.
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2. Literature Review

In the past decade, several methods for predicting consumer behavior have been devel-
oped based on machine learning techniques. The process of predicting consumer behavior
in the retail sector typically begins with approaching the consumers themselves. Some re-
searchers monitor the physical behavior of customers, while others use feature data to make
predictions. A third approach involves analyzing big data to predict consumer behavior.

In 2012, ref. [3] monitored the physical behavior of customers by applying machine
learning to functional magnetic resonance imaging (fMRI) data and used unbiased pattern
recognition algorithms to pretest and classify marketing communications in order to predict
consumer acceptance of new brands, products, and campaigns. Ref. [3] primarily relied
on monitoring the physical customer through brain-imaging techniques. In 2017, ref. [4]
provided a framework for predicting customer churn based on the analysis of customer be-
havior. The framework consists of six stages, including collecting customer behavioral data,
forming derived variables, selecting influential variables, developing prediction models
using machine learning, comparing churn prediction models, and providing appropri-
ate strategies based on the proposed model. Ref. [4] recommended the artificial neural
network method for predicting customer churn, as it was found to be the most accurate
technique compared to other supervised machine learning techniques. Limitations of the
study include the limited data period and the narrow scope of the research data, which
was confined to only one grocery store.

In [5], customer behavior was approached by monitoring physical customers while
they were in the supermarket. The authors applied random forest, naive Bayes, and decision
tables to predict customer behavior and analyze their preferences. These algorithms were
used to understand the buying preferences (likings and dislikings) of different customer
sets as well as to analyze the data and have a kind of sentiment classification for each
customer’s preferences. For instance, the data in [5] were collected from a supermarket in
the Madurai district to predict customer behavior while in the supermarket. The random
forest tree analysis provided the most accurate interpretation compared to the other two
algorithms. The authors highlighted the benefits of using the random forest tree classifier
for accurate prediction and improved decision-making. However, the notable limitation of
this study was the use of only 10 items in the supermarket.

On the other hand, many researchers have approached customer behavior by using
big data from purchase transactions. Ref. [6] compared machine learning techniques for
predicting online consumer purchase behavior and found the eXtreme Gradient Boosting
(XGBoost) model to be the most suitable for predicting the purchase conversion of online
consumers. However, the XGBoost model is still insufficient for the entire retail sector since
it can be computationally expensive to train, difficult to interpret, and tends to become over-
specialized in the training data. Ref. [7] used the recurrent deep neural network (rDNN)
model for consumer behavior prediction based on big data analysis. The rDNN model
had the best prediction effect on consumer behavior when compared to other machine
learning models [7]. However, it lacks interpretability as it is a “black box” model and is
computationally intensive and slow to train.

Most retailers compete to understand consumer behavior analysis from big data to
establish prominence in the market [8,9]. The model employed in [8] used the J48 decision
tree algorithm as a classifier to predict consumer behavior, forming the foundation for
making business decisions. The argument presented by [8] holds that such studies are
crucial because they help businesses manage customer relationships and convert a target
customer into a lifetime customer. Ref. [9] applied the Apriori algorithm to online website
data to analyze consumer behavior for online shoppers. Understanding the correlation
between products, such as A — B, can decode consumer behavior [9].

Ref. [10] examined the relationship between consumer behavior parameters and
willingness to buy using a time-evolving random forest data mining technique (classifier
algorithm). The study showed that the random forest classifier predictions were more
accurate than other machine learning algorithms compared in the study. However, random
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forest classifiers are difficult to interpret, as the individual decision trees used in the
model are usually invisible. Ref. [11] used decision trees, cluster analysis, and the Naive
Bayes algorithm to analyze customer characteristics and attributes with historical purchase
records. They demonstrated that the prediction effect of the decision tree is better than the
clustering analysis and the Naive Bayes algorithm [11]. However, decision trees are prone
to overfitting and the creation of overly complex models, which can lead to inaccurate
predictions when generalizing to new data.

Ref. [25] proposes the adaptive hybridized intelligent computational model (AHICM)
as an effective tool to analyze consumer behavior for business development using consumer
data from different sources. Consumer data include perception, affect, cognition beliefs,
market research, and business strategy to inform choices and preferences. The AHICM was
applied to online advertising and consumer buying behavior [25]. Principal component
analysis (PCA), as explored by [26], emphasizes the importance of maintaining the statistical
soundness of a model’s measurement constructs before deducing conclusions. Business
marketing researchers find factor analysis a crucial tool for analysis. Factor analysis is
similar to structural equation modeling (SEM) but differs only in the methods, purposes,
and software packages utilized by each.

In the opposite direction, these advanced technologies may impact buying behavior
and intention to purchase. Ref. [27] examines the impact of advanced technologies in luxury
shopping environments on consumers’ perceived brand personality appeal and intention to
purchase. Two experiments were conducted, manipulating the level of technological intelli-
gence using voice assistants and smart mirrors. The results show that higher intelligence
levels positively influence consumers’ willingness to buy, mediated by perceived brand
personality appeal. The effect is also moderated by consumers’ status and consumption
orientation. The study provides theoretical and managerial implications for integrating
advanced technologies in luxury shopping environments.

Clustering helps retailers better understand their customers and identify trends in their
behavior [28]. Ref. [29] compares the performance of k-means clustering and hierarchical
clustering algorithms on different datasets. The authors found that k-means clustering
is more efficient than hierarchical clustering, but it may not be suitable for datasets with
complex structures. Clustering is not limited to consumer classification or segmentation;
it can be applied to almost any branch of study, such as search engines, statistics, and
even astronomy [26]. Ref. [30] provides a comprehensive review of the k-means clustering
algorithm and its variations. The authors conclude that k-means clustering is a simple
and effective algorithm for clustering large datasets, but it has limitations in handling
noisy and overlapping data. The k-means algorithm is an unsupervised classification
algorithm based on an iterative partitioning approach [26]. The pre-determined value
“k” indicates the number of resulting clusters as well as the number of “k” centroids the
technique starts with. Ref. [31] compares the performance of k-means clustering with
other clustering algorithms, such as DBSCAN, hierarchical clustering, and fuzzy clustering,
on high-dimensional datasets. The authors conclude that k-means clustering is the best
algorithm for high-dimensional data due to its simplicity, efficiency, and ability to handle
large datasets. Table 1 presents a summary of important studies discussed in the literature.

Table 1. Summary of important studies discussed in the literature.

Post- Association ~ Main Algorithm . Supervised/
Remarks Processing Rule? Used Technique/s Unsupervised Data Type Ref.
Classification here has the
limitation that it assumes the
brain functions as unbiased pattern
independent modules, while No No recognition Classification Supervised Image [3]

in reality, brain activities
involve many areas for a
specific task.

algorithm
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Table 1. Cont.
Post- Association =~ Main Algorithm . Supervised/
Remarks Processing Rule? Used Techniques Unsupervised Data Type Ref.
Limited data period and the
limited scope of the research artificial neural - .
data o only one No No networks (NNET) Prediction Supervised Text data [4]
grocery store.
The experiment was limited random forest
peno No No Naive Bayes Classification Supervised Text data [5]
to 10 items only. P
Decision tables
Apriori algorithm is
disadvantageous because it Association online website [9
needs extra time to sweep the No Yes Apriori algorithm . Unsupervised 4
. . : Rule Learning data 12]
entire database in iterations
to provide efficient results.
Lok merprbiy ot
. . . No No neural network Prediction Supervised Text Data [71
computationally intensive
. (rDNN)
and slow to train.
The author concludes that the
random forest classifiers are, Consumers
however, difficult to interpret . random forest e . Data from
L .. in four No . Classification Supervised [10]
as the individual decision oUDS algorithm kaggle.com
trees used in the model are group
usually invisible.
Decision trees are prone to
overfitting and the creation of . .
overly complex models historical
Very L ! No No decision tree Classification Supervised purchase [11]
which can lead to inaccurate
o records
predictions when
generalizing to new data.
structured and
- No No J48 algorithm Classification Supervised unstructured [8]
data
Insuff.1c1ent for .the entire eXtreme Gradient
retail sector since it is .
. . Boosting (XGB)
computationally expensive to Data over-performed Google
train, can be difficult to . No pertor Prediction Supervised 08 [6]
. Sampling other algorithms Analytics data
interpret, and tends to lik ificial 1
become over-specialized to tke artificial neura
.. network (NNET)
the training data.
FP-growth generates a FP-growth Association . transaction
massive number of No Yes . . Unsupervised [13]
o algorithm Rule Learning data
conditional FB-trees.
Customer
segmenta- Apriori algorithm, Association
- tion using Yes FP-growth . Unsupervised Text Data [14]
. Rule Learning
k-means algorithm
clustering
. DBSCAN clustering and
Finds the access patterns of . O .
No Yes algorithm Association Unsupervised web log data [15]
users on the web log server. .o . .
Apriori algorithm Rule Learning
AR Visual- s . Association . grocery dataset
- ization Yes Apriori algorithm Rule Learning Unsupervised from R Tool [16]
Object-oriented Clickstream
- No No design Clustering Unsupervised data [18]
methodology
- No Yes Rapid miner tool Association Unsupervised Point of sale [17]

Rule Learning

Ref. [13] focuses on changes in consumer purchasing patterns using the Association
Rules technique and the CRISP-DM method as a guide. CRISP-DM is the Cross-Industry
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Standard Data Mining Process. The study demonstrates the importance of association rules
in understanding consumer behavior and making informed decisions in the supermarket
business [13]. According to the study, consumer purchase patterns are diverse and change
over three periods of the month. The authors prefer the FP-growth algorithm because it
possesses higher computational speed, thus saving time and other resources [13]. In the
retail industry, coupled with clustering, association rule mining extracts useful information
from large sets of data to assist businesses in making grand decisions [16]. In this research,
a grouped matrix representation is used to represent association rule results.

Based on the discussions on results obtained by [12], using association rule learning
with the Apriori algorithm, it is possible to decode consumer habits when making purchases
with confidence levels between 43% and 80% and a 33-40% value of support. As such,
these two are recommended for retailers to arrange products and remain aggressive in
marketing. However, the Apriori algorithm is disadvantageous because it needs extra time
to sweep the entire database in iterations to provide efficient results. Additionally, it may
generate irrelevant rules or many rules that lead to contradictions in accurate prediction.
Ref. [32] applies the Apriori algorithm, FP-growth algorithm, and k-means clustering to
decode patterns from big-size data. Although each consumer behaves distinctly, there are
similarities in motives for shopping among people. Several other studies have employed
the Apriori data mining technique to gain insight into transaction association rules in
market basket analysis. Notably, the k-means clustering algorithm is the elbow approach to
uncovering the ideal K to apply in customer segmentation [14]. As a partitional algorithm,
selecting the centroid value and the initial number of k-groups is crucial for generating a
cluster database iteratively.

Ref. [15] used recent web log data to gain insight into consumer preference patterns
and assist in the managerial-level business decision-making process. This research used
clustering and association rule learning techniques and aimed to find the access patterns
of users on the web log server. The DBSCAN algorithm and the Apriori algorithm were
used for clustering and association rule generation, respectively. This research outlines
that clustering minimizes the size of datasets by introducing clusters for association rule
learning. The authors further argue that applying association learning to small data clusters
increases efficiency and takes less time than when applied to extensive, large data [15].

In an electronic setting, bridging the gap between predicted consumer and product
characteristics is crucial. When dealing with a website, refs. [18,33] applied clustering algo-
rithms to review the relationship between predicted consumer and product characteristics.
Ref. [18] extracted the appropriate patterns for a customer using web clickstream data,
which the organization uses to produce a customized experience for the customer.

Ref. [17] used the RapidMiner tool to extract association rules from a given dataset.
Results indicate that different cities across the Kingdom of Saudi Arabia have different
items preferred by the majority [17]. The researchers mainly focused on exploring frequent
patterns in the given dataset. Establishing a correlation between consumer behavior and
health issues was one of the suggested future works in this research, which proved to be a
challenge [17]. Finally, ref. [34] features a survey backed by the applications of intelligent
market basket analysis. Notably, market trends have dramatically shifted in the recent past
as consumers struggle to compete for market share using business analysis techniques.
One of the suggestions raised by [34] is to maximize business profit by encouraging the use
of different market basket analysis techniques, such as the association rule.

The post-processing of association rules is marked by challenges in finding interesting
patterns from the data owing to the many rules generated [35]. Traditionally, the user
was required to understand what might be interesting before the commencement of post-
processing processes. Ref. [35] explores a general process of using association rules to extract
users’ knowledge in the post-processing phase. The transudative post-processing approach
selects some rules that the user considers to have the most impact on the network [35].
The rules are subjected to the network’s transudative learning algorithms to propagate the
classes not classified in the network. For this approach, the rules highlighted by the user
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are considered as important as the rules analyzed by the classifier. The approach helps
reduce the number of rules and, in the process, creates ranks to guide the user on what they
think is important.

Ref. [36] also notes the difficulty of post-processing association rules and proposes the
PAR-COM (Post-processing Association Rules with Clustering and Objective Measures)
methodology. It is a hybrid method that combines clustering and objective measures to
overcome the problem. This aims at reducing association rule exploration time. Refs. [37,38]
also suggested using clustering on top of association rule learning as a means of realization.
Refs. [39-42] use domain ontologies to increase the usefulness of association rules in
data mining. This approach to ontologies is mainly based on pruning and filtering the
rules, thus strengthening the integration of user input in post-processing. Ref. [39] uses
iterative and interactive frameworks to assist the user in the task of analysis. Using rule
schemas and user belief representations coupled with ontologies improves the efficiency of
rules. Furthermore, the study suggests the development of the rule schema formalism and
integrating the approach into the discovery algorithm.

Refs. [38,43] suggest a meta-learning-based approach for the post-processing process of
association rules. This intends to enable the generation of rules to help decode relationships.
The number of meta-rules should be significantly smaller than the number of original rules
to facilitate the interpretation of the original rules. Ref. [43] used the Weka tool to run the
experiment with large datasets from the UCI machine learning repository.

A number of articles explore the post-processing of association rules using different
proper assessments of usefulness (a hybrid approach) [36,38,40,41,44]. Ref. [44] explores
the essentials of algorithms, including identifying all large sets (minimum support) and
discovering all derived associations (minimum confidence). The study rests on the semantics
of the support—confidence framework and looks for association rules containing a specified
set of items [44]. The support—confidence-based association rule produced difficult-to-
understand correlations. The main issue is that there needs to be more clarity on the best
way to act upon the results produced by the algorithm. The generation of a multitude of
rules overwhelms the interpreters. The post-processing phase in [44] includes pruning,
summarizing, grouping, and visualization. The article explores dealing with various forms
of data redundancy, such as “subsumed rules,” where it means if we have r1 = A,B—C and
r2 = A—C that means whenever r1 holds, then r2 also holds. Ref. [45] suggests a measure
called the minimum amount of improvement = conf(rl) — conf(r2). When this amount
exceeds a certain user-defined threshold, it could be interesting to keep both rules.

3. Framework Development Methodology

The framework was developed in cooperation with one of the largest supermarket
chains in the retail sector in Saudi Arabia. So, it is about retailing, and single-channel
behavior is investigated in a physical channel only (no online channel). To achieve this
goal, we went through four main phases, as shown in Figure 1.

Phase 1: Our methodology begins with the requirements phase, during which we
conducted several meetings with the business owner to understand the organization’s
workflow and current situation. Next, we worked with the business owner to identify
the current business needs related to understanding consumer behavior by investigating
available slots/areas for applying different machine learning techniques. During this step,
we discussed questions such as: Do you have a supply-demand methodology for your
products? What types of products are difficult to sell, and would understanding associated
products help? Would you like to divide your consumers into classes and study their
behavior? To what extent would understanding consumer buying behavior or product
buying likelihood be helpful?

The output of this phase was a list of requirements. These requirements can be sum-
marized into three main points: (1) dividing consumers into three classes; (2) studying
consumer behavior based on these classes; and (3) post-processing results in a way that can
be understood by stakeholders such as marketing managers, executives, and IT department
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managers. To help the business owner identify customer groups, we suggest using unsuper-
vised machine learning techniques such as clustering with k = 3. To help arrange shelves,
we suggest studying item correlation patterns using association rule learning techniques
for each class. In addition, the business owner needs to understand patterns of behavior,
which requires post-processing of the results.

Phase 1 Phase 2 Phase 3 Phase 4

Requirement phase Analysis phase Framework construction - spiral Mode Evaluation phase

)/‘

1. Objectives
determination and
identy oftemative

somtions

- \
2. ldentty and \
resolve Risks. \

\
\ y | Discuss the evaluate
strategy with the

business owner

Recognizing the Discuss what we

current situation and ! need: data, access,
organization workflow | amount, ... ect.
1

\ - 3. Develop next
4:Review and pian version of the /
for the next Phase Product /

Identifying the How the results and Agreed list of KPI

recommendations
to be used

business needs !
Agreed List of ! will be applied.
'
|
1

requirments Final Framework Released

Figure 1. The framework development methodology.

Phase 2: Business analysis phase, during which we analyzed the requirements and
investigated how to apply them. In this stage, we specified the exact attributes required in
the requested datasets, including the loyalty card program dataset, data hierarchy dataset,
and the two transaction datasets. Additionally, we conducted several meetings and survey
questionnaires with the business owner and the team (including top managers from each
department and senior employees) to determine how the results and recommendations of
the framework would be applied in a real-world setting (supermarket) and what possible
changes could be implemented. Table 2 summarizes the survey results, showing the
changes that were selected by 60% of the survey respondents, along with the targeted
sub-functions and the exact changes that were identified.

Table 2. Survey result summary.

Result Changes Sub-Function

® Agree Rearrange items that “belong to the same section” in the festival’s catalog .

@ Neutral L Advertisement
bisa based on the association rules as a bundle on each page.

gree

® Agree If the associated items are from the same section, make some rearrangements

@ Neutral he shel Shelves Arrangement
Disagree on the shelves.

® Agree The customers’ class-based association rule result will be used to send direct

@ Neutral marketing messages (announcements, offers, etc.) for associated products Marketing
Disagree based on the entire class’s behavior.

@ Agree

@ Neutral Avoid discounting two associated items at the same time! Advertisement
Disagree

® Agree If the associated items are from different sections, they will not be physical;

@ Neutral . d. add a logo/pi ¢ h hine for th iated i Shelves Arrangement
Disagree instead, add a logo/piece ot paper that says anything for the associated item.

® Agree Direct marketing messages will be used only for .

@ Neutral A . . . Marketing
Disagres strange/unfamiliar-associated items, e.x: Coca-Cola and Diapers.

® Agree If the specified product to be deleted is highly associated with an important .

@ Neutral , - . Product life cycle
Disagree product (ex., Cat’s Food), this product will not be removed.
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Phase 3: The framework construction phase, during which the development of our
framework was constructed as a spiral model in cooperation with the business owner. We
aligned with them in each cycle and reviewed their feedback repeatedly. The output of this
phase is the proposed framework, which is presented in the following Section 4.

Phase 4: The final phase is the evaluation phase, during which we execute the proposed
framework and evaluate its results. However, this phase also includes the discussion of the
evaluation strategy with the business owner and how we can measure the impact in terms
of the three market performance indicators: operation, marketing, and finance. To achieve
this, we conducted several meetings to discuss and negotiate. Additionally, in this phase,
we used a short survey questionnaire to agree on a list of suitable KPIs for measuring the
framework’s impact. Table 3 shows a summary of the survey results.

Table 3. KPI's survey result summary.

Suggested KPI(s) Result Suggested KPI(s) Result
@ Agree @ Agree
@ Neutral Number of customers. @ Neutral
Disagree Disagree
® Agree Ability to manage ® Agree
@ Neutral duct . @ Neutral
Disagree product aging,. Disagree
Ability to make better ® Agree Ability to manage ® Agree
d .. @ Neutral d t st L @ Neutral
ecisions. Disagree PI‘O uct stocks. Disagree

4. Proposed Framework

The sales rate for targeted
item(s).

The average basket size of
the individual customers.

In this paper, we propose a multi-layered framework for analyzing consumer behavior
in the retail sector or any other sector. The proposed framework is a comprehensive and
generalized approach to analyzing consumer behavior and improving various market
performance indicators. Figure 2 illustrates the proposed framework as a system layer.

Application Layer Researches

B T "“0 ri"',
Operations ge

<
PP L

conTROL PROBUCTION STRATEGY

FINANCE Q

TAxl

Marketing Intelligence Layer
)

"""" A post-processing phase to support the understanding o! ¢ sumu behavior
P “94" Deep Neural -
. Classification 4 P , Regression Support V(—,‘CIOI' Decision —_—
! & Network 00 & ’|
N 000 Machine Tree

Processing and Perception Layer

i P v, WA

o @
__ Hidden Markov -f,» Anomaly -..8.
A \‘ Model * g3 Detection®

5 Dlmensmnallty
ﬂﬁn I D
Q Clistecingy 44 Reduction

Preprocessing Layer

[ |
|ﬂ'(f/ Data Cleaning, @- ﬁ Data Integrationy mFeature Selectiony —

,t@ G110010101110101

/ Data Of L0valty 0100101010101010| Cllckstream
Gy ] £ 9 |1010101010100000)
-/ card program wnowomouy|  data

- Data of sales
Web log data 4 b
s transaction

\

Figure 2. Consumer behavior analysis framework—system layers.

The philosophy behind building a consumer behavior analysis framework as a system
layer is to provide a standardized and consistent set of tools and methods for analyzing
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consumer behavior from different data sources. This can help organizations integrate their
data sources more effectively and gain a more comprehensive view of their customers.
To illustrate the comprehensive nature of our framework, it is worth noting that some
researchers tend to stop at a certain layer; the figure’s right side indicates the approximate
amount of research conducted against the presented system layers. Notably, several
research studies discussed in the literature review section have been conducted on consumer
behavior analysis in the retail sector up to layer 3. Moreover, a few of these studies
combined more than one technique in layers 2, 3, and 4. By leveraging the power of
machine learning, our framework aims to combine all these layers to enable retailers to
identify and understand their customers’ behavior, uncover trends in purchase behavior,
and reveal relationships between products and customers.

The first layer presents the raw data layer, which can be sourced from various data
sources such as loyalty program data, clickstream data, web log data, and more. The second
layer presents the preprocessing layer, where the data are cleaned, integrated, transformed,
and more. This is followed by the third layer, which employs processing and perception
techniques such as clustering, dimensionality reduction, association rule learning, and
more. The fourth layer is a kind of prediction and post-processing layer that supports
understanding consumer behavior and combines different techniques such as classification,
regression, support vector machines, and more. Finally, the application layer presents the
areas targeted to apply the results.

Data interpretation, or data mining, has revolutionized many business sectors by
uncovering meaningful patterns and relationships through the utilization of large amounts
of data [46]. The preliminary steps involve gathering and preparing the data before
engaging in actual processing and mining. Subsequently, the data are subjected to analysis
in order to draw conclusions [46]. In this paper, we apply the complete framework to
a supermarket owner as a case study in Saudi Arabia’s retail sector to demonstrate that
the proposed framework can be applied to any sector toward a better understanding
of consumer buying behavior and enhance business performance from various aspects
such as building effective marketing strategies, providing future predictions, and making
informed decisions.

Below is an explanation of each layer in the framework based on the case study of the
supermarket, which is a part of the retail industry.

4.1. Layer 1: Raw Data Layer

We obtained three datasets in CSV format as raw data from two dataset repositories:
the consumer loyalty card repository and the historical transaction repository. The datasets
are as follows:

e Loyalty Card Program Dataset: This dataset contains information on 29,347 active
consumers, including eight variables as follows: CUSTOMER_KEY (Integer variable),
CITY (text variable), NATIONALITY (text variable), JOB_DESCRIPTION (text vari-
able), AGE, GENDER (Binary variable), Avg_VISIT (float -non integer- variable), and
Avg SPENT (float -non integer- variable).

e  Three-Month Transaction Dataset: This dataset contains information on the transac-
tions of each consumer in the loyalty card program during a three-month period (from
1 January 2022, to 31 March 2022).

e  Branch 28 Transaction Dataset: This dataset contains information on all transactions
that occurred at Branch number 28 during the same three months.

4.2. Layer 2: Data Preprocessing Layer

In total, we obtained around one million data records. For data preprocessing, we
used a PowerEdge Server 2900 with an Intel®X®(R) CPU and two main processors. In
this layer, we performed two main functions for data preprocessing: data cleaning and
data transformation.



J. Theor. Appl. Electron. Commer. Res. 2024, 19 162

In the data cleaning, we removed any missing or incorrect data records and ensured
that all datasets were in the first normal form (1NF). In data normalization, 1NF is a
property of a relation in a relational database where no attribute can be derived from
another attribute as a value (or no repeating groups) [47]. After the data cleaning, we
applied the transaction reduction technique (TR) for algorithm relaxation. This technique
was applied only to the two datasets of the store’s transactions, where we deleted any
transaction that had less than two products, as these transactions would cause an overhead
to the algorithms. This technique was discussed in [48]. For data modeling, we used
Transaction Encoder to map the dataset into a binary item list, or NumericToNominal
dataset. NumericToNominal is a binary dataset having values of either 0 (not purchased)
or 1 (purchased).

4.3. Layer 3: Processing and Perception Layer

This layer is the backbone of the framework, where the technical part is applied. In
this layer, we implemented two machine learning techniques as follows:

e  Unsupervised data clustering technique: K-means algorithm
e  Association Rule Learning: FP-Growth algorithm

Consumer clustering is a powerful tool for understanding consumer behavior charac-
teristics [29]. Clustering provides an initial direction of consumer behavior in each segment
and helps guide the findings of the next step. Studies [29-31] have shown that the k-means
clustering algorithm is the best clustering algorithm for text datasets. Therefore, we used
the k-means algorithm in this step with K = 3, as specified in the requirements.

The resulting three consumer classes provide an initial direction for consumer behavior.
Then, for each class, the association rule learning technique is applied using the FP-growth
algorithm. This enables retailers to make more informed decisions and better understand
the needs of their consumers. The results of both clustering and association rule learning
are discussed in the Results and Discussion Section.

These two techniques are key components of the proposed machine learning frame-
work for predicting consumer behavior in the retail sector. Clustering helps identify
customer segments and uncover relationships between customers [11]. Association rule
learning can be used to uncover relationships between products and customers [49]. By
using these techniques in combination, the framework can provide valuable insights into
consumer behavior in the retail sector, which can be used to make more informed busi-
ness decisions.

4.4. Layer 4: Marketing Intelligence Layer

The marketing intelligence layer is a post-processing stage on top of the processing
and perception layer that supports the understanding of all results and produces more
valuable findings. In the area of association rule learning, the usefulness of association rule
learning is strongly limited by the huge number of generated rules. Ref. [50] shows that the
resulting association rules become almost impossible to use when their number exceeds
100. At the same time, some interesting rules are represented by those rare (low-support)
rules. Unfortunately, the lower the support, the larger the volume of rules becomes. Thus,
it is crucial to provide business owners and decision-makers with efficient and intelligent
post-processing techniques to reduce the number of rules.

In the use case of this study, we found 214 rules with a minimum support value of
0.5 (threshold), 578 rules with a minimum support value of 0.3, and 1209 rules with a
minimum support value of 0.2. What if we set the minimum support value to 0.05 or lower?
However, 214 rules are still almost certainly too many to provide actionable insights!

The marketing intelligence layer can support the understanding of association rule
results, help identify the most valuable rules, predict some classification of the resulted
rules, and more. This layer, along with the exact technique used for association rule learning
post-processing, will be part of the future work of this study. Currently, Table 4 summarizes
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the different techniques discussed in the literature review section for association rule
post-processing.

Table 4. Association rule post-processing techniques’ summary.

Technique Sub-Technique Description
e I . The rules are explored through constraints informed by the user.

Filtering Filtering by constraints [35,40,41] These constraints are informed by a defined formalism.

Grouping Clustering [36-38] Apply the clustering algorithm over association rules to classify
similar rules under the same group.
Reducing the number of rules that need to be explored

Summarization Ontologies [39-42] iteratively includes the user’s knowledge during the
post-processing.

Pruning Meta-rules [38,43] Qeneratmg rules about‘ rl.Jles (meta-rules) to facilitate the
interpretation of the original rule.

Hybrid [36,38,40,41,44] Combine two or more approaches.

4.5. Layer 5: Application Layer

The last layer is the application layer, where the results and recommendations are
applied to the supermarket by the business owner toward improving three market perfor-
mance indicators: operation, marketing, and finance.

5. Results and Discussion

This section presents the result and discussion of the third layer in the proposed
framework, which is the processing and perception layer. In our case study with the
business, we applied an unsupervised data clustering technique using a k-means algorithm
to find the consumer clusters (see Section 5.1 below) and association rule learning using
the FP-growth algorithm (see Section 5.2 below).

The availability of results from this case study for other types of retailers would
depend on the similarity of retail types. In this section, we present some results of the
framework, but it is important to note that some results, such as the post-processing results,
will be part of future work.

5.1. Consumer Clustering Results

In order to classify the loyalty program’s consumers into three classes, namely Class
A, Class B, and Class C (as specified in the requirements), we employed the k-means
clustering algorithm with k = 3 on the dataset of 29,347 active consumers’ information from
the Loyalty Card Program repository. Figure 3 shows a summary of the clustering results:

Clustering

Input: Loyalty Card Program Data Set

Dataset Attributes: CUSTOMER KEY, CITY, NATIONALITY,
JOB DESCRIPTION, AGE,GENDER, Ave VISIT, Ave SPENT

Technique Type: Unsupervised Learning

Method: Clustering

Algorithm: K-mean Clustering, K=3

Output: Three Clusters of consumers: Class A, Class B, Class C

Figure 3. Clustering summary.

Figure 4 displays a scatter graph of the clusters, where the three clusters are represented
as points with different colors, and each data record is assigned to its corresponding
cluster. On the other hand, Figure 5 provides a summary of the clusters and more detailed
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information for each of them, including the number of data records and the percentage of
each attribute related to each class. In Cluster 0, the MONTHLY FREQUENT VISIT_COUNT
is, on average, 57.33% smaller than other clusters, while in Cluster 2, the MONTHLY
FREQUENT VISIT_COUNT is, on average, 155.4%, and that is clear because the average
monthly visit in this cluster is 4.75 visits per month, while in Cluster 0, the consumers visit
less than once a month on average, with an average of 0.398 visits per month. According
to the clustering results and the centroid table, the two most correlated attributes are
MONTHLY FREQUENT VISIT_COUNT and MONTHLY AVERAGE SPENT_AMOUNT.

Cluster 0 (12ees)y Cluster 1 (1017¢y Cluster 2 @so2)

° @
0. .0.

145 10 05 00 05 10 15 20 25 30 35 40 45 S0 S5 60 65 70 75 80 85 90 95
MONTHLY _FREQUENT _VISIT_COUNT

Figure 4. K-means clustering scatter graph result.

k-Means - Summary

custero  (EXENIEEGD

MONTHLY_FREQUENT _VISIT_COUNT is on average 57.33% smaller, MONTHLY_AVERAGE_SPENT_AMOUNT is on average 46.41% smaller, CUSTOMER AGE is on average 25.07% smaller

Cluster 1 10,176

MONTHLY_FREQUENT _VISIT_COUNT is on average 27.92% smaller, CUSTOMER _AGE is on average 24.78% larger, MONTHLY_AVERAGE_SPENT_AMOUNT is on average 21.30% smaller

Custer2  CETEED

MONTHLY_FREQUENT _VISIT_COUNT is on average 155.40% larger, MONTHLY_AVERAGE_SPENT_AMOUNT is on average 123.76% larger, CUSTOMER_AGE is on average 10.06% larger
Figure 5. K-means cluster summary result.

Furthermore, Figure 6 displays the clustering tree, which clearly shows how each data
record is assigned to its corresponding cluster based on all attributes.

cluster_1 CUSTOMER_AGE
>72.500

MONTHLY_AVERAGE_SPENT_AMOUNT
MONTHLY_FREQUENT_VISIT_COUNT

> 8.500 <8500 <72.500
CUSTOMER_AGE CUSTOMER_AGE
< 733.500
> 68.500 < S0 - < adimon > 733,500
cluster_2 cluster_1

CUSTOMER_AGE CUSTOMER_JOB_ENGLISH_DESCRIPTION
cluster_1
>85.000 < 85.000 Worker employee

cluster_2
cluster_2 cluster_1 cluster_2 cluster_1 =

Figure 6. Three classes’ clustering tree.

Class 2 represents Class A, Class 1 represents Class B, and Class 0 represents Class C.
Based on all the clustering results, we can summarize the findings as follows:
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Based on Table 5 and Figure 7, there are some valuable findings and conclusions about

consumer behavior that can be drawn from the clustering results. These findings can be
summarized as bullet points:

The average spend of all loyalty card program consumers is 448.0455 SR, and the
average visit rate is 1.8705 per month. However, there is a significant divergence in the
individual classes” average spend per month. Class C spends an average of 2+ million,
Class A spends 5+ million, and Class B spends 3+. Even though Class B and C share a
similar average visit rate and average spending, Class A stands out. This indicates
there might be a slight issue with Class A.

The average spend per individual per month in Class A is almost three times higher
than in Class B, indicating a significant difference in purchasing power between these
two classes.

The data indicate that consumers who visit more often tend to spend more, both on
average per month and in total aggregate spending. However, Class C has the highest
spending rate per visit, followed by Class B, then Class A. This trend makes sense since
consumers who visit less frequently are more likely to spend more per visit. As shown
in Table 5 and Figure 7, Class C spends 315.8 SR per visit, which is the highest amount
compared to the other classes. The problem is that Class C has a low visit rate per
month despite having the highest number of consumers, indicating that this class is
likely the largest segment of the supermarket market. Therefore, if the retailer can find
a way to encourage Class C to make more visits, this will increase sales dramatically.
This could be achieved through a loyalty program or other incentives designed to
increase consumer visits and encourage loyalty.

The difference in average spend per visit per individual between Class C and Class A
is also significant, with Class C spending almost 50% more than Class A on average
during each visit. This may indicate that Class C is more value-conscious and tends to
purchase in larger quantities during each visit to maximize their spending power.

Table 5. The clustering results’ summary.

Class A Class B Class C
i. Entire class average spend /month 5,855,404 SR 3,224,208 SR 2,732,594 SR
ii. Number of consumers in the Class 6502 10,176 12,669
iii. Average visit/month 4.086 1.153 0.683
iv. Average spend/month (=i + ii) 900.690 316.792 215.712
v. Individual average spend/visit (=iv - iii) 220.4 SR 274.8 SR 315.8 SR
100%
80%
60%
40%
20%
0% {
Class mc,mh onth 3 V\s'\\
me\"s‘“ F:\:Ze( age V‘S\tel‘,age Spe\’\\dj}iﬂ age spe er
e 0052 AV ndivieu®

Class A mClass B mClass C

Figure 7. The clustering results’ summary in a graph.

The aim is to move consumers from Class C to Class B and from Class B to Class A,
but the question is how to achieve this. One possible solution is to use association rules
to increase the number of visits for each class. In conclusion, although Class C does not
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visit frequently, when an individual consumer does make a visit, they tend to spend more
than in Class A and Class B, resulting in higher sales. Therefore, the retailer should focus
on increasing the visit rate for Class C by offering incentives or other loyalty programs to
encourage them to visit more frequently. By doing so, the retailer can increase sales and
potentially move some consumers from Class C to Class B or even Class A.

5.2. Association Rule Results Based on Consumer Classes

This subsection also presents a result of the third layer in the proposed framework,
which is the processing and perception layer. We applied the association rule learning
algorithm to each consumer class to perceive or find out the buying behavior of each con-
sumer class. In this section, we utilized two Python libraries, pandas and matplotlib.pyplot,
to present the association rule results for each consumer class in a heatmap visualization
graph. We converted the list of association rule results into a Python dataframe with three
dimensions: antecedent, consequent, and confidence level (guarantee). We then displayed
some rules with different confidence levels for each consumer class: classes A, B, and C, as
shown in Figure 8. In those three classes’ results, we can notice the behavior differences in
consumer buying behavior and purchasing habits. The complete image of the resulting as-
sociation rules indicates that there are differences in the purchasing behavior of consumers
in each class. When looking at the association rules and the products that appear in them,
it appears that the purchasing behavior of consumers in each class differs. For example,
Class A consumers tend to purchase more fresh food items, such as fresh potatoes, fresh
onions, and fresh bananas, which may suggest healthier behavior. On the other hand, Class
C consumers tend to purchase more unhealthy food items, such as fine sugar, condensed
milk, mayonnaise, and cream caramel, which may suggest less healthy behavior.

Grouped Matrix for CLASS A Association Rules Grouped Matrix for CLASS B Association Rules
Chicken Stock Chicken Stock 4
0.90
Fresh Onions Facial Tissue Refills 4 0.75
0.85
Mozarella Shredded . Feminine Napkins -
0.80 X 0.70
. Fine Sugar -
Plain Water
075 [ight Meat Tuna in Oil .
Potato D 0.65
r0.70 Puff Pastry 4
Seeds Fruits
Lo.65 Tomato Paste In Tetra PC o L 0.60
Sliced White Bread Tooth Paste/Gel Standard
r 0.60
sunflower Oil UnSalted Butter - [0.55
r0.55
Tooth Paste/Gel Standard Bleach Liquid Normal 1 . L]
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Figure 8. Visualization of some association rule results.
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In Figure 8, the y-axis represents the right-hand side (RHS) of the association rule,
while the x-axis represents the left-hand side (LHS) of the association rule. The intersection
of the x-axis and y-axis represents the confidence level, with darker colors indicating higher
confidence values and lighter colors indicating lower confidence values. The confidence
range is shown on the right side of each figure.

Figure 9 shows association rules that involve products from different sections of the
supermarket. This figure was also developed using Python libraries.

Grouped Matrix for All Classes Intersection Association Rules
Cream Mousse |

Class B

Crm Cheese Spread In Jar

Faclal Tissue Renns [C1a5s C Class C
Class B lass C
Class B Class B
Green pPeas Class A
Light Meat Tuna in Oil { Class C
Class B Class B Class G
-Class B
Plain Mayonnaise Class B Class B
Class C -
Potato
Sanawich Biscuits Class A
shampoos { Class A
Class A
Sliced White Bread -
Sunflower il {
Tea Plain Biscuits | Class A Class A Class A
Class A

Tomato Ketchup

Class C
Tomato Paste In Tetra PC

Tooth Paste Gel Standard | Class A

Class B
Class C

Figure 9. Intersection association rule result.

In association rule learning (ARL), several metrics are used to evaluate association
rules. While it is agreed that the confidence level (guarantee) is the most important metric,
there are other metrics, such as support, lift, and gain. Here’s a brief explanation of
each metric:

e  Support: The support of an association rule is the percentage of groups that contain
all the items listed in that association rule. The percentage value is calculated among
all the considered groups.

e Confidence: The confidence of an association rule is a parameter that measures the
conditional probability of the consequent given the antecedent. Confidence ranges
from 0 to 1, and a high confidence value indicates that the rule is highly likely to
be true.

e  Lift: The lift value of an association rule is the ratio of the confidence of the rule to
the expected confidence of the rule. The expected confidence of a rule is defined as
the product of the support values of the rule body and the rule head divided by the
support of the rule body.

e  Gain: The gain value is more related to the clustering tree. It is defined as the difference
between the amount of information needed to make a correct classification before the
split and the amount of information needed after the split.

For our clustering model, Table 6 and Figure 10 summarized the highest value estab-
lished for each class.

Based on the results, it appears that Class A has the highest support and confidence
values. Class B has the lowest confidence value among the three classes, which may be
because the antecedent or consequent of the association rule for Class B contains rare items
that occur infrequently in the dataset. In such cases, the confidence value can be lower
because there are fewer transactions containing both the antecedent and consequent items.
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Table 6. Association rules metrics summary:.

Support Confidence Lift Gain
Class A 0.21 0.941 3.478 —0.15
Class B 0.146 0.791 2.579 —0.131
Class C 0.073 0.857 4.975 —0.045
1
0.8
0.6
0.4
0.2 I
0 ] =
Class A Class B Class C
-0.2

W Support Confidence Lift Gain

Figure 10. Visualization of association rules metrics summary.

Class C has the highest gain and lift values. There are two possible reasons for Class

C’s high gain value:

e  Rarity of the items: The items in the association rule for Class C may be rare, which
would also explain why Class C has the lowest support value as well, indicating that
the items occur infrequently in the dataset. When rare items are involved in a rule, the
gain value tends to be high because the expected support is low.

e  Strong correlation: The items in the association rule for Class C may be strongly
correlated, meaning that the presence of one item is likely to indicate the presence of
the other item. In such cases, the gain value tends to be high because the observed
support is much higher than the expected support.

Having the highest lift value in Class C means that the association rule for this class
has a strong positive correlation. A lift value of 4.975 for Class C suggests that the presence
of the antecedent in the rule strongly increases the likelihood of the consequent compared
to what would be expected if the two items were independent.

6. Conclusions and Future Work

This paper proposes a machine learning-enabled framework for predicting consumer
behavior in the retail sector. The framework is presented as five system layers:

Raw Data Layer

Data Preprocessing Layer
Processing and Perception Layer
Marketing Intelligence Layer
Application Layer

G L

The framework has been developed in cooperation with one of the biggest supermarket
chains in the retail sector of Saudi Arabia. It is presented as a generalized model to gain
insight into the generated big data and enable data-driven decision-making in other relevant
domains. Therefore, it can be applied to any other company in the retail sector or even in
any other relevant sector. The results of this framework are expected to improve business
management in the targeted sector, ultimately contributing to an increase in economic
development in Saudi Arabia.

In this paper, we present a case study where we applied the proposed framework
to a supermarket in the retail sector of Saudi Arabia. We utilized unsupervised learning,
specifically clustering using the k-means algorithm and association rule learning using
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the FP-growth algorithm, to gain insight into consumer behavior and enable data-driven
decision-making.

The framework was applied using a large dataset provided by the supermarket owner,
who is one of the largest supermarket chains in Saudi Arabia. The results of clustering and
association rule learning have been presented and discussed in this paper.

Future work on the proposed framework could involve exploring additional unsu-
pervised and supervised learning algorithms, such as classification, neural networks, and
deep learning, to further optimize its performance. The framework could also be expanded
to include additional data sources and predictive models in order to provide more compre-
hensive insights into consumer behavior. As a next step, supervised learning techniques
could be applied to the resulting association rules in the marketing intelligence layer as a
post-processing technique for each class, providing further insight into consumer behavior.

Author Contributions: Conceptualization, M.A.; Methodology, M.A.; Formal analysis, M.A.; Data cu-
ration, M. A.; Writing—original draft, M.A.; Writing—review & editing, A.B.; Supervision, A.B.; Fund-
ing acquisition, M.A. All authors have read and agreed to the published version of the manuscript.

Funding: This research received no external funding.

Institutional Review Board Statement: Not applicable.

Informed Consent Statement: Not applicable.

Data Availability Statement: Data are unavailable due to privacy restrictions.

Conflicts of Interest: The authors declare no conflicts of interest regarding the publication of

this paper.

References

1. Mohammed, M.M.; Mohamed, N.A.; Adam, A.A.; Ahmed, S.S.; Saeed, F.A. Current Directions and Future Research Priorities of
Customer Data Analysis. |. Inf. Syst. Inform. 2020, 2, 300-311. [CrossRef]

2. Bose, I; Mahapatra, R.K. Business data mining—A machine learning perspective. Inf. Manag. 2001, 39, 211-225. [CrossRef]

3. Calvert, G.A.; Brammer, M.]. Predicting Consumer Behavior: Using Novel Mind-Reading Approaches. IEEE Pulse 2012, 3, 38—41.
[CrossRef]

4. Khodabandehlou, S.; Rahman, M.Z. Comparison of supervised machine learning techniques for customer churn prediction based
on analysis of customer behavior. . Syst. Inf. Technol. 2017, 19, 65-93. [CrossRef]

5. Sujitha, C.; Umadevi, B. An Analytical Approach for Predict Customer Behavior through Business Intelligence. Int. |. Comput. Sci.
Mob. Appl. 2018, 23-33.

6. Lee, J.; Jung, O.; Lee, Y,; Kim, O.; Park, C. A Comparison and Interpretation of Machine Learning Algorithm for the Prediction of
Online Purchase Conversion. J. Theor. Appl. Electron. Commer. Res. 2021, 16, 1472-1491. [CrossRef]

7. Tian, Y,; Lai, Y.; Yang, C. Research of Consumption Behavior Prediction Based on Improved DNN. Sci. Program 2022, 2022,
6819525. [CrossRef]

8. Afolabi, LT.; Worlu, R.E.; Adebayo, O.P; Jonathan, O. Predicting Customer Behavior with Combination of Structured and
Unstructured Data. J. Phys. Conf. Ser. 2019, 1299, 12-28. [CrossRef]

9.  Gull, M;; Pervaiz, A. Customer behavior analysis towards online shopping using data mining. In Proceedings of the 2018 5th
International Multi-Topic ICT Conference (IMTIC), Jamshoro, Pakistan, 25-27 April 2018; Volume 8, pp. 1-5.

10. Valecha, H.; Varma, A ; Khare, I.; Sachdeva, A.; Goyal, M. Prediction of Consumer Behaviour using Random Forest Algorithm.
In Proceedings of the 2018 5th IEEE Uttar Pradesh Section International Conference on Electrical, Electronics and Computer
Engineering (UPCON), Gorakhpur, India, 2-4 November 2018; pp. 1-6. [CrossRef]

11. Li,J,;Pan, S.; Huang, L.; Zhu, X. A Machine Learning Based Method for Customer Behavior Prediction. Teh. Vjesn.—Tech. Gaz.
2019, 26, 1670-1676.

12.  Mujianto, A.H.; Mashuri, C.; Andriani, A.; Jayanti, ED. Consumer customs analysis using the association rule and apriori
algorithm for determining sales strategies in retail central. E3S Web Conf. 2019, 125, 23003. [CrossRef]

13.  Sudirman, I.D.; Bahri, R.S.; Utama, I.D.; Ratnapuri, C.I. Using Association Rule to Analyze Hypermarket Customer Purchase Pat-
terns. In Proceedings of the Second Asia Pacific International Conference on Industrial Engineering and Operations Management,
Surakarta, Indonesia, 14-16 September 2021.

14. Purnamasari, D.I,; Saefudin, A.; Permadi, V.A.; Agusdin, R.P. Consumer Behavior Analysis of Leathercraft Small and Medium-
Sized Enterprises (SME) Using Market Basket Analysis and Clustering Algorithms. Int. Interdiscip. J. 2021, 24, 143-154.

15. Oo, H.Z. Pattern Discovery Using Association Rule Mining on Clustered Data (Doctoral dissertation, MERAL Portal). Int. ]. New

Technol. Res. 2018, 4, 7-11.


https://doi.org/10.33557/journalisi.v2i2.75
https://doi.org/10.1016/S0378-7206(01)00091-X
https://doi.org/10.1109/MPUL.2012.2189167
https://doi.org/10.1108/JSIT-10-2016-0061
https://doi.org/10.3390/jtaer16050083
https://doi.org/10.1155/2022/6819525
https://doi.org/10.1088/1742-6596/1299/1/012041
https://doi.org/10.1109/UPCON.2018.8597070
https://doi.org/10.1051/e3sconf/201912523003

J. Theor. Appl. Electron. Commer. Res. 2024, 19 170

16.

17.

18.

19.

20.

21.

22.

23.

24.

25.

26.

27.

28.

29.

30.
31.

32.

33.

34.

35.

36.

37.

38.

39.

40.

41.

42.

43.

44.

Kavitha, M.; Subbaiah, S. Association rule mining using apriori algorithm for extracting product sales patterns in groceries. Int. J.
Eng. Res. Technol. 2020, 3, 1-4.

Alawadh, M.; Al-Turaiki, I.; Alawadh, M.; Tallab, S. Saudi Arabia Market Basket Analysis. In Communications in Computer and
Information Science, ICC 2019; Springer: Cham, Switzerland, 2019; Volume 1098, pp. 52-59.

Tope-Oke, A.; Afolalu, C.A.; Omofade, O. A Data Mining Based Approach to Customer Behaviour in an Electronic Settings.
J. Comput. Commun. 2019, 5, 42-53. [CrossRef]

Al-Salamin, H.; Al-Hassan, E. The Impact of Pricing on Consumer Buying Behavior in Saudi Arabia: Al-Hassa Case Study. Eur. J.
Bus. Manag. 2016, 8, 62-73.

Alessa, A.A.; Alotaibie, TM.; Elmoez, Z.; Alhamad, H.E. Impact of COVID-19 on Entrepreneurship and Consumer Behavior: A
Case Study in Saudi Arabia. J. Asian Financ. Econ. Bus. 2021, 8, 201-210.

Rahman, M.N. Consumer behavior and retail market consumerism in KSA. Int. J. Sci. Eng. Res. 2012, 11, 54-68.

Top Executive Management in the Arab World Retail 2016. Forbes Magazine, 5 November 2016.

Announcement Details. Saudiexchange.sa. Abdullah Al Othaim Markets Co., Reserved June 2023. Available online: https:
/ /www.saudiexchange.sa/ (accessed on 23 November 2023).

Imbambi, O.S.; Kinoti, M. Consumer Buying Behaviour and Adoption of Green Products in Large Supermarkets in Nairobi City
Kenya. Glob. J. Econ. Bus. 2018, 4, 269-279. [CrossRef]

Zhao, J.; Xue, F.; Khan, S.; Khatib, S.F. Consumer behaviour analysis for business development. In Aggression and Violent Behavior;
Elsevier: Amsterdam, The Netherlands, 2021. [CrossRef]

de Vries, N.J.; Moscato, P. Business and Consumer Analytics New Ideas Consumer Behaviour and Marketing Fundamentals
for Business Data Analytics. In Business and Consumer Analytics: New Ideas; Springer: Cham, Switzerland, 2019; pp. 119-162.
[CrossRef]

Sestino, A. The challenge of integrating “intelligent” technologies in luxury shopping contexts: The role of brand personality
appeal and consumers’ status consumption orientation. J. Retail. Consum. Serv. 2024, 76, 103488. [CrossRef]

Rao, H.; Zeng, Z.; Liu, A. Research on personalized referral service and big data mining for e-commerce with machine learning.
In Proceedings of the 2018 4th International Conference on Computer and Technology Applications (ICCTA), Istanbul, Turkey,
3-5 May 2018; pp. 35-38. [CrossRef]

Almotairi, M.; Alomari, A. A comparative study of k-means and hierarchical clustering algorithms. Int. J. Adv. Comput. Sci. Appl.
2017, 8, 224-230.

Dudhane, S.V.; Mushrif, M.M. A review of k-means clustering algorithm. J. Glob. Res. Comput. Sci. 2014, 5, 1-4.

Acharya, S.; Panda, S. A comparative study of clustering algorithms on high-dimensional data. Int. |. Comput. Appl. 2016, 149,
1-6.

Dissanayake DM, R.M.; Premaratne, S5.C. Association Mining Approach for Customer Behavior Analytics. Int. ]. Comput. Sci. Eng.
2020, 9, 18-25.

Tur¢inek, P; Turéinkovd, J. Exploring consumer behavior Use of association rules. Acta Univ. Agric. Silvic. Mendel. Brun. 2015, 3,
23-31. [CrossRef]

Alawadh, M.M.; Barnawi, A.M. Survey on methods and applications of intelligent market basket analysis based on association
rule. J. Big Data 2022, 4, 1-25. [CrossRef]

De Padua, R.; Rezende, S.O.; De Carvalho, V.O. Post-processing association rules using networks and transductive learning. In
Proceedings of the 2014 13th International Conference on Machine Learning and Applications, Detroit, MI, USA, 3-6 December
2014; Volume 4, pp. 318-323.

De Carvalho, V.O.; Dos Santos, EE,; Rezende, S.O.; De Padua, R. PAR-COM: A new methodology for post-processing association
rules. In Proceedings of the Enterprise Information Systems: 13th International Conference, ICEIS 2012, Beijing, China, 8-11 June
2011; Springer: Berlin/Heidelberg, Germany, 2011; pp. 66-80.

Lent, B.; Swami, A.; Widom, J. Clustering association rules. In Proceedings of the 13th International Conference on Data
Engineering, Birmingham, UK, 7-11 April 1997; pp. 220-231.

Berrado, A.; Runger, G.C. Using metarules to organize and group discovered association rules. Data Min. Knowl. Discov. 2007, 14,
409-431. [CrossRef]

Marinica, C.; Guillet, F,; Briand, H. Post-processing of discovered association rules using ontologies. In Proceedings of the 2008
IEEE International Conference on Data Mining Workshops, Pisa, Italy, 15-19 December 2008; pp. 126-133.

Mansingh, G.; Osei-Bryson, K.; Reichgelt, H. Using ontologies to facilitate post-processing of association rules by domain experts.
Inf. Sci. 2011, 181, 419-434. [CrossRef]

Marinica, C.; Guillet, F. Knowledge-based interactive postmining of association rules using ontologies. IEEE Tkde 2010, 22,
784-797. [CrossRef]

Ayres RM, J.; Santos MT, P. Mining generalized association rules using fuzzy ontologies with context-based similarity. In
International Conference on Enterprise Information Systems; SciTePress: Rome, Italy, 2012; Volume 1, pp. 74-83.

Berka, P; Rauch, J. Meta-learning for Post-processing of Association Rules. In Data Warehousing and Knowledge Discovery: 12th
International Conference 2011, Proceedings 12; Springer: Berlin/Heidelberg, Germany, 2011; pp. 251-262.

Baesens, B.; Viaene, S.; Vanthienen, J. Post-processing of association rules. DTEW Res. Rep. 2000, 20, 1-18.


https://doi.org/10.4236/jcc.2019.75004
https://www.saudiexchange.sa/
https://www.saudiexchange.sa/
https://doi.org/10.12816/0047944
https://doi.org/10.1016/j.avb.2021.101591
https://doi.org/10.1007/978-3-030-06222-4_2
https://doi.org/10.1016/j.jretconser.2023.103488
https://doi.org/10.1109/CATA.2018.8398652
https://doi.org/10.11118/actaun201563031031
https://doi.org/10.32604/jbd.2022.021744
https://doi.org/10.1007/s10618-006-0062-6
https://doi.org/10.1016/j.ins.2010.09.027
https://doi.org/10.1109/TKDE.2010.29

J. Theor. Appl. Electron. Commer. Res. 2024, 19 171

45.

46.

47.

48.

49.

50.

Bayardo, R]., Jr.; Agrawal, R. Mining the Most Interesting Rules. In Proceedings of the 5th ACM SIGKDD Int’] Conf on Knowledge
Discovery and Data Mining, San Diego, CA, USA, 15-18 August 1999; Volume 8, pp. 23-41.

Yang, A.; Zhang, W.; Wang, J.; Yang, K.; Han, Y.; Zhang, L. Review on the Application of Machine Learning Algorithms in the
Sequence Data Mining of DNA. Front. Bioeng. Biotechnol. 2020, 8, 10-32. [CrossRef]

Ming, W.; Russell, K.C. Database Development Process; Encyclopedia of Information Systems; Hossein, B., Ed.; Elsevier: Amsterdam,
The Netherlands, 2003; Volume 3, pp. 389—402.

MValle, A.; Ruz, G.A.; Morras, R. Market basket analysis: Complementing association rules with minimum spanning trees. Expert
Syst. Appl. 2018, 97, 146-162.

Kohara, K.; Tsuda, T. Creating Product Maps with Self-Organizing Maps for Purchase Decision Making. Trans. Mach. Learn. Data
Min. 2010, 3, 51-66.

Claudia, M. Association Rule Interactive Post-processing using Rule Schemas and Ontologies—ARIPSO. Artificial Intelligence.
Ph.D. Dissertation, Université de Nantes, Nantes, France, 2010; pp. 26-35.

Disclaimer/Publisher’s Note: The statements, opinions and data contained in all publications are solely those of the individual
author(s) and contributor(s) and not of MDPI and/or the editor(s). MDPI and/or the editor(s) disclaim responsibility for any injury to
people or property resulting from any ideas, methods, instructions or products referred to in the content.


https://doi.org/10.3389/fbioe.2020.01032

	Introduction 
	Literature Review 
	Framework Development Methodology 
	Proposed Framework 
	Layer 1: Raw Data Layer 
	Layer 2: Data Preprocessing Layer 
	Layer 3: Processing and Perception Layer 
	Layer 4: Marketing Intelligence Layer 
	Layer 5: Application Layer 

	Results and Discussion 
	Consumer Clustering Results 
	Association Rule Results Based on Consumer Classes 

	Conclusions and Future Work 
	References

