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Abstract

Urban retail markets are state-owned retail markets that were recently established in Iran to increase the welfare
of consumers and producers. To achieve this goal and expand its presence in the Iranian retail sector, it is essential
to gain a comprehensive understanding of consumer behavior within these markets. This study examines the
various socio-economic factors influencing consumers' decisions in the retail market by using the C4.5 algorithm.
The data were collected using a random sampling method through a survey of 189 consumers, focusing on the
population of Mashhad, Iran, during 2019-2020. Results revealed that awareness of available discounts
significantly drives consumer choices in urban retail markets. Despite existing discounts, awareness among
consumers remains low, suggesting a need to review promotional strategies within the marketing mix. The study
also identifies previous purchases from urban markets, household income, and education as influential factors.
Findings offer valuable insights for policymakers, market strategists, and stakeholders seeking to enhance the
effectiveness of local retail markets in Iran. By leveraging insights into consumer behavior and market dynamics,
these markets can thrive, benefiting Iran's retail sector and overall economy. Following the study,
recommendations such as enhanced promotional campaigns, education-oriented strategies, loyalty programs,
collaborations with local producers, and inclusive marketing policies was made aim to improve access for all
consumers to urban retail markets.
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Introduction

By identifying the critical factors that
influence  buyers' purchasing behaviors,
marketers can craft strategies that align with
these determinants, thereby securing their
competitive edge in the market (Shamsher,
2016). Consumer behavior has remained a focal
point in the discourse on retail marketing and
decision-making for more than 70 years (Rahim
etal., 2021; Tian et al., 2021).

Understanding consumer behavior involves
delving into the psychological, social, and
cultural factors that influence how individuals
make purchasing decisions. Initially emerging
as a specialized sub-discipline  within
marketing, the study of consumer behavior has
consistently shown that purchasing decisions
are influenced by a complex interplay of
sociological and  psychological  factors
(Applebaum, 1951; Dominici et al., 2021,
Donoghue et al, 2021). Furthermore,
contemporary research in this field views
consumer behavior as an interdisciplinary
social science, integrating insights from
psychology, sociology, anthropology,
ethnography, marketing, and economics,
particularly behavioral economics (Razu &
Roy, 2019).

In recent years, Iran's retail industry has
undergone a dramatic transformation, marked
by the growing prominence of organized retail.
This shift has brought profound changes within
the sector (Shamsher, 2016; Gauri et al., 2021).
These changes include the proliferation of
shopping malls, supermarkets, and
hypermarkets, which have altered traditional
shopping patterns and consumer expectations.
The rise of organized retail in Iran has been
accompanied by an increase in consumer access
to a wider variety of products and brands, more
competitive pricing, and enhanced shopping
experiences. This evolution has necessitated
that retailers in Iran and similar markets pay
closer attention to consumer behavior to remain
competitive.

Iran's retail sector has evolved into an
oligopoly, dominated by a few corporations

operating chains of hypermarkets that supply
most grocery products (Jofreh, 2013). Recently,
state-operated urban retail markets have entered
the Iranian market. State-owned retail markets
were common in many countries, such as
China, where urban consumers were limited to
shopping at state-run establishments until 1978
(Veeck & Veeck, 2000). Although these
markets are often criticized for inefficiencies
(Hingley et al., 2009), they must improve their
performance to compete in a competitive
environment.

The establishment of state-operated urban
retail markets in Iran aims to ensure a direct and
timely supply of fruits, vegetables, meat,
poultry, fish, detergents, and sanitizers in the
domestic market; support consumer rights;
establish suitable and effective pricing;
organize and regulate food markets; and
facilitate the preparation and distribution of
products by creating a direct connection
between producers and consumers (Golriz Ziaie
et al., 2015). Considering these factors,
promoting shopping in these markets enhances
consumer welfare. Increasing the market share
of urban markets can also lead to greater profits
for producers, as these markets provide a
platform for producers to sell their goods and
reduce marketing margins (Thakur et al., 2023).
In this regard, marketers of urban retail markets
must gain comprehensive knowledge about the
factors that determine consumers' choice of
retail market and how to influence their
purchasing decisions (Liyanage et al., 2020;
Thakur et al., 2023).

By understanding consumer preferences,
behaviors, and the socio-economic variables
that impact shopping habits, marketers can
develop strategies that attract more customers
to these markets. Several studies have looked
for factors that influence consumers' choice of
retail markets. For instance, Laine (2014) and
Bhatti et al. (2015) identified that a store's
product selection, previous experience, and
location are crucial factors affecting consumers'
retail market choices. Zulgarnain et al. (2015)
examined factors influencing consumers'
choice of retail stores, focusing particularly on
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grocery stores. Pandey & Kaur (2018)
conducted a study comparing retail marketing
between rural and urban regions. Their findings
underscored that urban as well as rural retail
markets need to be addressed separately by any
retail marketer because both regions offer
several opportunities. Rasheed et al. (2018)
found that if the store atmosphere is neat, the
point of purchase display is attractive,
promotional activities are influencing and
payment facilities are provided then these will
promote more impulse buying. Nguyen (2019)
identified four factors influencing supermarket
choice that includes location, perception of
prices and products, employee attitudes, and
references. Manuere (2023) investigated factors
affecting customers’ choice of supermarkets for
grocery shopping in Chinhoyi town. The results
of the study revealed that the location of the
supermarket, children’s play areas and parking
areas are likely to influence the customers’
choice of a supermarket.

The previous studies primarily focus on
global contexts, overlooking specific insights
crucial for the Iranian market. This gap hinders
the development of customized strategies that
align with local consumer preferences and
socioeconomic dynamics. Moreover, the
profound influence of culture on consumer
behavior means that findings from other studies
may not be applicable to Iran. This underscores
the critical need for localized research to fill this
gap and guide effective marketing strategies.
The current study addresses these challenges by
examining how socioeconomic variables
impact consumer purchasing decisions in
Iranian urban retail markets. Through the
innovative application of machine learning
algorithms for consumer classification, the
study introduces a unique analytical framework
tailored to predict and understand consumer
behavior within Iranian urban retail markets.
This approach aims not only to uncover the
most influential socioeconomic factors shaping
consumer choices but also to equip marketers
with practical insights to enhance their ability
to attract buyers to urban retail markets. In
doing so, the study contributes to advancing our
understanding of consumer behavior in a

culturally specific context and introduces a
novel method for consumer classification that
can be adapted for similar studies.

Materials and Methods

Data Mining

Data mining is the investigation and
examination of large amounts of data to find
significant patterns and rules (Berry & Linoff,
2000). It tries to discover potentially useful,
interesting, and previously unknown patterns
from a large collection of data (Ram, 2022).
Classification is one of the main goals
associated with data mining. It is the
characteristic knowledge that displays the
shared properties of the same type of items and
the shared characteristics of differences
between different items (Vindigni et al., 2022).
It aims to retrieve rules from the database. The
most popular multidimensional classification
technique is decision tree (Moitra et al., 2021;
Quinlan, 2014), which is used in this survey.

Decision Tree

Decision trees (DT) are powerful tools that
have been widely used to build classification
models (Kotsiantis, 2013; Ooi et al., 2017). The
algorithm created by a DT can be turned into
multiple IF-THEN rules that display the

relationship between output and input traits. A

DT is made up of one root node, a few internal

nodes, and numerous leaf nodes. The DT begins

with the root node. The internal nodes join the
leaf and root nodes. Each leaf node is equipped
with a class label. The routes leading from the
root node to the leaf nodes show the
classification rules (Dev & Eden, 2019; Meng
et al., 2020). The advantages of using DT
compared with other methods are (Kotu &

Deshpande, 2018; Nisbet et al., 2018):

e DT is more accurate compared with other
data mining methods.

e It can be used for a wide range of data
types, including continuous and discrete
data.

e Compared with other classification
methods, it requires less time.

e Extracted rules are simple to understand
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and interpret.

Commonly utilized DT algorithms include
the CART, Iterative Dichotomizer (ID3), and
C4.5 algorithms (Barh, 2020). All the
classification methods have a similar structure,
to create a high-quality tree with a low error
rate. Most of them use top-down greedy search
to traverse the possible spaces of a DT.
However, the majority of them have different
branching and branch-cutting techniques (Han
et al., 2022). Developed by Quinlan (1996),
C4.5isan improved version of ID3 that uses the
information gain ratio as the standard for
selecting attributes rather than information
gain. Like the CART algorithm, C4.5 considers
each node as recursive and chooses the optimal
part. This trend will continue until there are no
optimal parts left. There are two main
advantages associated with the C4.5 algorithm.
First, it can handle continuous attributes better
than the CART algorithm (not limited to binary
attributes); second, the overfitting issue that
exists with the ID3 technigue can be resolved
using the C4.5 approach (Zaki & Meira, 2020;
Sun et al., 2007). The process of forming a
decision tree and selecting an attribute is
described below (Sugumaran &
Ramachandran, 2007; Kumar et al., 2014):

1- A collection of available features is the
input of the algorithm, and DT is the output
of it.

2- Leaf nodes of the DT represent the class
labels, and other nodes represent classified
classes.

3- The tree's branches stand in for each
predictive value of the feature node they
originate from.

4- Starting at the tree's root and proceeding
through it until one reaches a leaf node
(which offers a categorization of the
instance), the DT can be used to categorize
feature vectors.

5- Using the right estimation criteria, one can
choose the most beneficial feature for
classification at each decision node in the
DT. The ideas of entropy reduction and
information  gain—discussed in  the
following subsection—are applied in the
criteria used to determine the optimal

feature.

In the C4.5 algorithm, the decision tree is
built from top to bottom. This technique uses
information gain to determine which attribute
should be utilized to categorize the current
subset of data. Then, to choose the best
alternative for the next node, the same process
takes place for the data of each branch (Cherfi
et al, 2018). ‘Information gain’ is the
anticipated loss of entropy owing to portioning
the samples according to a specific attribute,
while ‘Entropy’ describes the impurity of an
arbitrary collection of examples. Increasing
information lessens uncertainty. Entropies of
the initial system and the system after
information is added, are compared in
information gain. Information gain (S, A) of a
feature A relative to a collection of examples S
is defined by the following formula (Reddy &
Chittineni, 2021; Lintang et al., 2022):

Gain(S,A)

= Entropy(S) 1)

|Sv|
— z v € Value(A) — Entropy (S,

Where Values (A) refers to the collection of
all potential values for A attribute, and
corresponding Sy designates the subset of S for
which feature A has value v. S stands for the
original collection's entropy in the equation
above, and A is the expected value of entropy.
The entropies belonging to each subset Sv are
added together to get the expected entropy
denoted by the word A. Gain (S,A) is the
expected depletion in entropy as a result of the
known value of attribute A. Entropy is:
Entropy(S) = Xi-; —pilog, p; )

Where Pj is the proportion of S belonging to
class ‘i’ (Kumar et al., 2014). The present study
used the J48 algorithm (equal to the C4.5
algorithm in WEKA software) for learning the
decision tree.

Goodness-of-fit of decision-tree models
The performance of the decision tree can be
measured by indexes below:
True Positive Rate
False Positive Rate
Precision
Recall
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e Famount

The True Positive Rate (TPR) criterion, also
called the Hit Rate, is the ratio of buyers who
are correctly classified in each group and is
calculated as follows:

TP Rate =

Number of consumers correctly classified

3
Total number of consumers ( )

False Positive Rate represents the ratio of
buyers who are classified incorrectly by DT and
is calculated as follows:

FP Rate =

Number of consumers incorrectly classified

4
Total number of consumers ( )

The measures of Precision and Recall are
also calculated with the following formulas:

Precision =

TP rate _ (5)
Trraterrpras  Recall = TPrate

The index that combines FPR and TPR is the
harmonic mean of Precision and Recall and is
calculated as below (Walkinshaw, 2013):

F — Measure =
2XPrecisionXRecall (6)

Precision+Recall o
Cohen's kappa (x) statistic is a chance-

corrected method for measuring agreement
(rather than association) among raters. It
answers the question of: What percentage of
values not expected to be in agreement (by
chance) are in agreement? The formula of
Kappa is:
k _ fO - fE (7)
N —fr

Where fo is the relative observed agreement
among raters, fe is the hypothetical probability
of chance agreement, and N is the total number
of observations (Cohen, 1960). The Kappa
result can be interpreted as follows: values < 0
denote no agreement, 0.01-0.20 indicate no to
slight agreement, 0.21-0.40 indicate fair
agreement, 0.41- 0.60 indicate the moderate
agreement, 0.61-0.80 indicate substantial
agreement and 0.81-1.00 denote almost perfect
agreement (McHugh, 2012).

Data

Examining urban retail markets in Mashhad
is particularly significant due to the city's dual
role as a major hub for both domestic residents

and international tourists. With millions of
visitors annually, Mashhad's retail sector
experiences unique dynamics influenced by
diverse consumer behaviors shaped by cultural,
social, and economic factors specific to the
region. In this context, a questionnaire was
designed to identify and understand the socio-
economic factors that impact consumers'
choices in retail markets. Initially, pertinent
literature was reviewed to select the most
relevant socio-economic variables affecting
consumer behavior. Following this, the
questionnaire was refined through focus group
discussions to comprehensively capture the
nuances of these factors in Mashhad's retail
markets. By conducting a pre-study, the sample
size was determined, and necessary tests to
ensure its validity and reliability were
performed. In this regard, 30 questionnaires
were filled out. It should be noted that the data
were collected in 2019-v-v. . The results of this

sample showed that the variance of the studied
attribute, which was calculated based on the
probability of each of the dependent variable
groups, is equal to 0.238. The current study
employed a simple random sampling method to
ensure equal opportunity for every individual in
the studied population to be selected and to
prevent bias in sample selection. Furthermore,
the sample size of 189 observations was
determined based on Equation 10.

AS ©)
=4
When Z is the amount of normal variable
with 1—« confidence level (in the present
study 95% confidence level is considered), d
is the margin of error and §,° stands for the

variance of the studied attribute. Prior to
conducting the survey, the Ferdowsi University
of Mashhad granted ethics approval. All the
participants in the survey were informed
regarding the aim of this study and were asked
to answer in an honest manner. They were
assured regarding the confidentiality of their
response, the survey's scientific intent, and their
privacy. All the participants were responsible
for the shopping in their families and were older
than 18 years old.
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Result and Discussion

Descriptive statistics
To discover effective parameters and factors

affecting the selection of urban retail markets
by consumers, this study used the C4.5
algorithm. Table 1 shows the variables used in
this study.

Table 1- Description of variables in the study

Variables Explanation
Priority in purchase (decision variable) purchase from other shops=1; purchase from urban market=2
Gender Female=0; Male=1
Age Less than 40=1; More than 40=2
Job Housekeeper, Unemployed, Retired=1; Self-employed=2; Employment in
public and private sector jobs=3
Education Less than university education =1; University education=2

Distance from urban market
Previous purchase from urban Markets
Existence of discounts and awareness of that in
the urban markets

Household income per month

Near=1; Far=2
No=0; Yes=1

No=0; Yes=1

Less than 357 dollars =1; Between 357 and 655 dollars = 2; More than 655

dollars = 3

According to Table 1, effective socio-
economic variables in the selection of urban
retail markets include gender, age, job,
education, distance from the urban markets,
previous purchases from the urban markets,
awareness of the discounts in the urban
markets, and household income.

Fig. 1 provides an overall illustration of the

Gender
162

Distance

sample. It is made up of nine different figures,
each of which belongs to a different variable.
On the left side of each picture are those who
coded with the least number (0 or 1), and on the
right side are those with higher codes. Those
with blue colors have prioritized purchasing
from other markets over urban markets.

Education

Discount
140,

OL. Purchase
2

Figure 1- The relation between the independent variables and the purchasing from the urban markets or other shop
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Table 2- Descriptive analysis of variables

Variable Decision group variable Group Percentage
1 0 77.4
1 22.6
0 66.7
Gender 2 1 333
0 73.1
Total 1 26.9
1 1 62.9
2 371
1 59.5
Age 2 2 405
1 61.5
Total 5 385
1 53.2
1 2 21.0
3 25.8
1 40.5
Job 2 2 21.4
3 38.1
1 48.1
Total 2 21.2
3 30.8
1 1 72.6
2 27.4
. 1 57.1
Education 2 5 429
1 66.3
Total 5 337
1 1 11.3
2 88.7
5 1 21.4
Distance from urban markets 2 78.6
1 15.4
Total 5 846
1 0 75.8
1 24.2
Previous purchases from urban markets 2 (1) 288
0 65.4
Total 1 346
1 0 80.6
1 19.4
. . . 0 47.6
Discount and being aware of it 2 1 524
0 67.3
Total 1 327
1 1 371
2 2 46.8
3 3 16.1
1 1 16.7
Household Income Per Month 2 2 42.9
3 3 40.5
1 28.8
Total 2 452
3 26.0
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Fig. 1 and Table 2 provide a detailed
demographic overview of the sample. The
study shows a predominant representation of
female participants, particularly among
shoppers from other markets compared to those
from urban markets. Previous research in Iran
has consistently observed a higher participation
rate among women, a trend that is accentuated
in this study. Awareness of discounts offered at
urban markets is notably low, with a significant
disparity between those who prioritize
shopping elsewhere and others. A substantial
portion of respondents had never made
purchases from urban markets, indicating a
potential barrier to market engagement.
Interestingly, a large majority of participants
perceive urban markets as distant from their

residences, reflecting a common sentiment
regardless of shopping preferences.

The results of the C4.5 algorithm

Using the C4.5 algorithm, the general
behavior of consumers in their market selection
is first investigated, and then the behavior of
each consumer group is examined. Before
analyzing the decision tree's algorithm in Fig. 1,
it is required to investigate classification
accuracy using various goodness of fit tests.
Table 3 shows that the fitted tree in Table 1 has
satisfactory classification accuracy, properly
classifying more than 87 percent of first-group
buyers, 83 percent of second-group buyers, and
86 percent of all purchasers.

Table 3- The general classification of consumers based on purchase priority from different markets using the C4.5 algorithm

Number of
observations

Results of decision tree C4.5 algorithm classification

Consumers Priority: purchase from Priority: purchase from the
other shops urban markets
Priority: purchase from other shops 124 108 16
(Group 1) 87.10% 12.91%
Priority: purchase from the urban 84 14 0
markets of the city (Group 2) 16.67% 83.33%
Percentage of total C(_)rrect classified 85.58
observation
Kappa Statistic 0.702
Accuracy statistics based on class TP rate FP rate Precision Recall B;Is::;d
Group 1 0.871 0.167 0.885 0.871 0.878
Group 2 0.833 0.129 0.814 0.833 0.824
Total 0.856 0.151 0.856 0.856 0.856

As shown in Fig. 1, the most effective socio-
economic variable on buyers' choices is their
awareness of the discounts in the urban
markets, and after that, gender and household
income are in the following order. The next
degrees of significance are given to the factors
of distance from the market, previous purchases
from urban markets, and age.

In the DT with the C4.5 algorithm, the first
number of each leaf node?® represents consumer
priority in choosing the market. It takes 1 if the

1- Each decision tree has two kinds of nodes: internal
nodes and leaf nodes. Each internal node or non-leaf node
is illustrated by an attribute in a way that represents a
"test" on an attribute, and there are branches equal to the

consumers prefer buying from other markets,
and it takes 2 if they prefer buying from the
urban markets. The first number in parentheses
in each leaf node represents how much data
exists in the represented sample, and the second
number illustrates the number of errors in the
classification of buyers.

According to the classification that has been
done based on the C4.5 algorithm of the DT,
around 40% of buyers are women who were not
aware of the urban markets’ price discounts,

number of possible answers, and each of them shows the
outcome of a test. Each leaf node also represents a class
or group of answers.
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were far from the urban markets, and had never
purchased from these markets. These buyers

.‘m

will purchase from shops near their place of
residence.

@ m »o @

@ @

o

@-@-
@

Figure 2- C4.5 algorithm of buyers’ general behavior in choosing among different markets

According to Fig. 2, another group that
makes up a high proportion of buyers is middle-
income men who are unaware of discounts in
the urban markets. In this group, those who
work as employees choose the urban markets,
while those with self-employed jobs choose
other shops. Buyers who have an average
income level and are aware of the discount in
the urban markets do not buy from these
markets if they do not have experience buying
from them. However if they do have the
experience, purchasing or not purchasing from
the urban markets depends on other variables,
such as job, gender, education, and age, which
are explained in Fig. 1. Greenacre & Akbar
(2019); Daoudi & Develi (2022) also stated that
age and income play a significant role in
influencing consumer buying behavior. The
noteworthy point about this tree is how the
middle-income group, as opposed to the low-
income and high-income groups, follows a
more complicated algorithm from all the
branches that lead to household income.
Planners and policymakers of urban
marketplaces should consider this since this

group makes up the majority of the population.
Therefore, it is crucial to take additional factors
such as age, gender, occupation, and education
into account for the middle-income group.
Investigating this tree also illustrates that
people with a higher level of awareness
regarding discounts are more likely to purchase
from these markets. For a better understanding
of consumer behavior, this behavior is
discussed in different groups based on gender,
education, and distance. Fig. 3 and 4 represent
male and female consumers’ behavior,
respectively, and Table 4 represents the
information accuracy of the DT represented in
that figure. As shown in Table 4, the DT could
accurately  classify = female  consumers’
purchasing patterns in 87 percent of cases,
while male consumers’ purchasing patterns
were correctly classified in 86 percent of cases.
Kol & Levy (2023); Chen et al. (2022);
Savaskan & Cat1 (2021) stated that female
customers are more interested in discounted
products and gender difference affects the
purchasing pattern. Furthermore,
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Table 4- Consumer classification based on gender and purchase priority using the C4.5 algorithm

Results of decision tree C4.5 algorithm classification

Number of — - —— -
Consumers observations Priority: purchasing from other Priority: purchasing from urban
markets markets of city
Female Male Female Male Female Male
Priority: 88 24 8 4
purchasing from 9% 28
other shops 91.67% 85.71% 8.33% 14.28%
(Group 1)
Priority: 12 4 44 24
purchasing from
urban rc‘}‘:‘;kem of 56 28 21.42% 14.28% 78.57% 85.71%
(Group 2)
Female Male
Percentage of total
correct classified 86.84% 85.71%
observation
Kappa Statistic 0.715 0.714
Accuracy statistic TP rate FP rate Precision Recall B:‘_':::rzd
based on class Female Male Female Male  Female Male Female Male Female Male

Group 1 0.917 0.857 0.214 0.143
Group 2 0.786 0.857 0.083 0.143
Total 0.868 0.857 0.166 0.143

0.880 0.857 0.917 0.857 0.898 0.857
0.846 0.857 0.786 0.857 0.815 0.857
0.868 0.857 0.868 0.857 0.867 0.857

The DT from the analysis of female
consumer behavior is shown in Fig. 3. It
demonstrates that for this group of consumers,
awareness of the discounts is the most
significant factor, and then the variables of
distance from the urban markets and education
are on the second level of effectiveness. The
third most effective variable in influencing
consumers’ choices is income and previous
purchases from the urban markets. In the case
of the behavior analysis of male consumers,
Fig. 4 illustrates that the job is the most
significant variable, followed by income and
previous purchases from the urban markets.
Age, distance from the urban markets, and
discount awareness are on the third level of
effectiveness. Gomes (2018) emphasizes that
education level, gender, and occupation

profoundly impact individuals' shopping
behavior patterns, playing pivotal roles in
shaping consumer preferences, decision-

making processes, and shopping habits across
diverse demographic groups. Furthermore,
Taylor et al. (2019) and Chandrakala et al.
(2023) highlighted that discounts are a

significant  factor influencing consumer
purchasing behavior. Sostar & Ristanovi¢
(2023) highlight that age, gender, and
employment status are influential factors in
shaping consumer behavior.

According to Fig. 3, if women are aware of
the discount offered by the urban markets and
have a high level of education, they purchase
from the urban markets, but if they have a low
level of education and a medium level of
income, they will purchase from an alternative
market. If planners want to draw in more
consumers, they should take into account the
significant impact of discount awareness on
women's purchasing habits. Female consumers
will not purchase from urban markets if they do
not know about the discount, the distance
between their place of residence and these
markets is far, and they have not previously
purchased from these markets. Planners must
adopt and carry out remedial policies to address
this problem.
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Figure 3- C4.5 algorithm of female buyers’ buying behavior in choosing between different alternatives of market
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1(6.02.0)
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2 (12.0/4.0) 2(2.0)

Figure 4- C4.5 algorithm of male buyers’ buying behavior in choosing between different market alternatives

Regarding male consumers, Fig. 4 illustrates
that those who are self-employed and have not
previously shopped at urban markets tend to
prefer other shops. However, employed men
purchase from urban markets in two scenarios:

first, if they have a high income and are aware
of market discounts; and second, if they have a
moderate income and reside near urban
markets. Interestingly, they also shop at urban
markets when they live far away, possess a high
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level of education, and are unaware of market
discounts. In line with these findings, Roy et al.
(2021) suggested that local retailers' spot
discounts could enhance market potential and
influence  consumer  preferences toward
purchasing. Table 5 discusses the behavior of
consumers with and without university degrees.

It indicates that the C4.5 algorithm of the DT
could effectively classify consumers based on
socioeconomic factors and simulate consumer
behavior in two groups, including those with
and without a university degree, to a great
extent. Fig. 5 and 6 display the classification's
outcomes.

Table 5- Consumer classification based on education and purchase priority using the C4.5 algorithm

Number of Results of decision tree C4.5 algorithm classification
Consumers observations priority: purchase from other shops priority: purchase from urban markets
High! Low High Low High Low
priority: purchase from 26 86 6 4
other shops 32 90 0 0 0 o
(Group 1) 81.25% 95.56% 18.75% 4.44%
priority: purchase from 4 12 32 36
urban markets 36 48 0 0 0 0
(Group 2) 11.11% 25.00% 88.89% 75.00%
High Low
Percentage of total
correct classified 85.71% 88.41%
observation
Kappa Statistic 0.714 0.734
Accuracy statistics based TP rate FP rate Precision Recall BFaEI:Cnochd
on class High Low High Low High Low High Low High Low
Group 1 0.824 0956  0.111  0.250 0.875 0.878 0.824 0956 0.848 0.915
Group 2 0.889 0.750  0.176  0.044 0.842 0.900 0.889  0.750 0.865 0.818
Total 0.857 0.884 0.145 0.179 0.858 0.885 0.857  0.884 0.857 0.881
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Figure 5- C4.5 algorithm of buyers’ behavior in choosing different alternatives of the market who do not have a
university degree

1- High means people with university degree and low means people with low degree
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Figure 6- C4.5 algorithm of buyers’ behavior in choosing different alternatives of the market who have a university degree

As it is shown in Fig. 5 and 6, the awareness
of the urban market's discount is the most
important  component  that  influences
consumers' choice among market options in
both groups with and without a university
degree.

In the group of consumers without university
degrees, the second most essential criterion for
both consumers with and without awareness of
urban markets’ discounts is their income. They
are less likely to purchase from the urban
markets if they are unaware of discounts and
have low incomes. This is also true for
consumers with a medium level of income who
live far from the urban markets. Finally, since
the distance from the urban markets is one of
the important factors influencing consumer
behavior, planners in this area can affect
consumers' choices by selecting the right site.

Fig. 7, illustrates socio-economic variables
that are effective on the behavior of consumers
at a far and close distance from the urban
markets. Prior to that, Table 6 provides
information regarding different statistics that
must be used to assess the accuracy of fitted
trees. The DT correctly classified 82% of the
consumers. Accuracy statistics based on class

also illustrate the appropriate accuracy of the
represented DT. Zulgarnain et al. (2015) also

identified distance as a critical factor
influencing consumers' choice of retail stores
for grocery shopping. Terano et al. (2015),
Yildirim et al. (2015) stated that significant
differences in customer preferences based on
age, gender, and education level.

As shown in Fig. 7 and 8, the consumer’s
decision to shop at the urban markets first
depends on the discount offered at these
markets and the consumers’ awareness of that.
One of the most crucial paths that planners
should take into account is the path of women
who are not aware of urban markets’ discounts,
live far away from the urban markets, and have
never made purchases there before. These
characteristics have prevented these individuals
from choosing the urban markets over other
markets. However, males living a far distance
from the urban markets with a medium level of
income who are not aware of discounts will buy
from the urban markets if they have university
degrees; otherwise, they will purchase from
other shops. Therefore, the implementation of a
specific marketing strategy for these groups can
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lead to an increase in their purchases from these

markets.

Table 6-Consumer classification based on distance from the urban markets and purchase priority using C4.5 algorithm

Number of

Results of decision tree C4.5 algorithm classification

Priority: purchase from urban

Consumers observations Priority: purchase from other shops
markets
Close Far Close Far Close Far
Priority: purchase from 12 98 2 12
other markets 14 110
0, 0, 0, 0,

(Group 1) 85.71% 89.09% 14.28% 10.90%
Priority: purchase from 4 18 14 48
urban ma”z‘)ets (Group 18 66 22.23% 27.27% 77.77% 72.73%

Close Far
Percentage of total
correct classified 81.25% 82.95%
observation
Kappa Statistic 0.625 0.630

Accuracy statistic based TP rate FP rate Precision Recall Blf_ Isg‘;rid

on class Close Far Close Far Close Far Close Far Close Far

Group 1 0.857 0.891 0.222 0.273  0.750 0.845 0.857 0.891  0.800 0.867

Group 2 0.778 0.727 0.143 0.109 0.875 0.800 0.778 0.727 0.824 0.762

Total 0.813 0.830 0.178 0.211  0.820 0.828 0.813 0.830 0.813 0.828
:0’--"_'_,-—"_ “-\_‘_\:I
/ “——___‘_‘R
Income
. 0/ T / \‘\
/ \\

1(4.0)

Figure 7- C4.5 algorithm of buyers’ behavior with far distance from urban markets
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Another considerable point about the
distance from the urban markets is the fact that
for those with a close distance from the urban
markets, their choice between the urban
markets and other shops only depends on age.
Those who are less than 40 years old prefer
urban markets, while others do not. Makgosa &
Sangodoyin (2017) highlighted age as a critical
determinant of consumers' store preferences.
They categorized younger shoppers as
recreational quality seekers and older shoppers
as novelty—quality seekers.

Conclusion and Recommendation

This study used the C4.5 algorithm, one of
the most accurate decision tree algorithms, to
survey consumers and model their decision
processes. In accordance with previous studies,
this study demonstrates that C4.5 is a helpful
tool for creating a hierarchical decision support
model. It provides a simple schematic diagram
of the consumers’ decision-making process.
This approach allows for the statistical testing
of model validation. This enables the model's
reliability to be taken into account. This study's
decision tree has acceptable reliability. The
findings highlight that consumer behavior is
predominantly influenced by awareness of
discounts, aligning closely with Alsini et al.'s
(2023) findings on the impact of promotional
campaigns on grocery shopping in Saudi
Arabia. Discounts play a significant role in
retail dynamics by boosting sales and
enhancing customer satisfaction but also
present challenges such as reduced profit
margins and increased price sensitivity. Less
than a third of consumers are aware of available
discounts, suggesting deficiencies in current
marketing strategies and the need for
reassessment. Hecht et al. (2020) emphasized
the importance of regularly reviewing
marketing tactics to inform consumers about
discounts effectively. In addition, Noor (2020)
emphasized the significant impact of discounts
on consumer buying behavior. Biiyiikdag et al.
(2020) also investigated the varying effects of
discounts on men and women, highlighting that
gender differences can influence how

consumers respond to promotional offers.

The study also revealed that the majority of
consumers in these markets have advanced
degrees, likely due to policies targeting
educated individuals or a lack of advertising
that has inadvertently attracted this
demographic. Conversely, those with lower
education levels are less inclined to shop at
these markets, likely due to factors such as
income disparity, limited exposure to
marketing, and less familiarity with urban retail
markets. Hanaysha (2018) confirms that
income is a key factor influencing purchase
decisions. Kumar (2018) emphasized that
comprehensive product offerings, convenience,
and parking facilities contribute to the
preference for urban retail markets. Current
policies favoring high-income consumers
highlight the need for equitable policy reviews
to broaden market accessibility. Customer
retention strategies, such as periodic discounts
or conditional sales, can significantly influence
subsequent consumer behavior and retention. In
conclusion, this study provides valuable
insights into consumer behavior within urban
retail markets but acknowledges its limitations.
Future research should explore comprehensive
datasets, additional socio-demographic
variables, and the long-term impact of
marketing interventions. Based on these
findings, the following suggestions are

presented for policy-making and
implementation:
1. Enhanced Promotional Campaigns:

Enhanced promotional campaigns can
effectively utilize social media and online
advertising to raise awareness about
ongoing discounts and special offers.

2. Education-oriented strategies: Collaborate
with community centers and educational
institutions to host workshops informing
consumers about the benefits of urban
retail markets. Furthermore, simplify
access to discount details and product
offerings through user-friendly apps or
strategically placed informative brochures
across the city.

3. Loyalty Programs: Introduce a loyalty
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program that offers points or discounts to
repeat customers, along with exclusive
promotions, to attract more consumers to
enroll and actively engage in the market.

Collaborations with Local Producers:
Strengthen  partnerships  with  local
producers to ensure a consistent supply of

income families to enhance affordability.
Additionally, collaborate with community
leaders and organizations to gain insights
into the preferences of lower-income and
less-educated  consumers. Use this
feedback to inform and adjust marketing
and operational strategies accordingly.

high-quality products. Highlight these
partnerships in marketing campaigns to
emphasize the support for local businesses
and fresh, local produce.

Inclusive Marketing Policies: Implement
pricing strategies that cater to diverse
income levels. Consider introducing tiered
pricing or discount days tailored for low-

By adopting these strategies, urban retail
markets in Mashhad can enhance their appeal,
attract a more diverse consumer base, and
ensure sustainable growth. These efforts will
not only boost consumer welfare but also
support local producers and contribute to the
overall economic development of the city.
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