Tibuana

Journal of applied Industrial Engineering-University of PGRI Adi Buana

DOI: https://doi.org/10.36456/tibuana.9.02.11641

p-1SSN 2622-2027
e-ISSN 2622-2035

Customer Segmentation in a Campus-Area Convenience Store Using K-Means
Clustering

Musaddad Alfani?, and Putri Aysha Qalbi?
12 Department of Industrial Engineering, Institut Teknologi Sumatera

Email: musaddad.alfani @ti.itera.ac.id

Abstract—Customer segmentation is an

important  strategy for  understanding
differences in customer characteristics and
supporting more  targeted  marketing

decisions. |n campus areas, convenience store
customers generally consist of students with
diverse  demographic, economic, and
accessibility characteristics, resulting in
different purchasing behaviors. This study
aims to identify customer segments of a
convenience store located in the Campus X
area of Yogyakarta using the K-Means
Clustering algorithm. The study employed a
quantitative approach with data mining
techniques using customer data from students.
The variables analyzed included age, income,
shopping intensity, and residential distance
from the store. The optimal number of
clusters was determined using the Elbow
Method before applying the K-Means
algorithm. The results identified three
customer segments with distinct
characteristics. The largest segment consisted
of customersliving relatively close to the store
and exhibiting high shopping intensity, while
another segment was characterized by lower
purchasing activity and greater residential
distance. The smallest segment showed the
highest income level and the most diverse
product preferences. Furthermore, differences
in customer characteristics were reflected in
product purchasing patterns across the
identified segments. These findings indicate
that accessibility and economic factors play
important roles in shaping customer
purchasing behavior in  campusarea
convenience stores. The results can serve as a
reference for developing more targeted
promotional and product ~management
strategies.

Keywords: Customer Segmentation, K-Means
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|. INTRODUCTION

Yogyakarta is widely recognized as one of
Indonesia’s major higher education centers,
attracting students from various regions due to its
high concentration of universities and vibrant
academic environment [1]. This condition has
stimulated the growth of economic activities that
cater to student needs, including the modern
retail sector, particularly convenience stores [2].
Convenience stores not only serve as providers of
daily necessities but also constitute an integral
part of student consumption activities, which are
characterized by diverse purchasing patterns and
consumer  preferences  [3]. Consequently,
competition among convenience stores in campus
areas is no longer solely determined by product
availability but also by the ability of retailers to
understand and identify customer characteristics
more accurately [4].

Students, as the primary consumer group in
campus areas, possess diverse socia and
economic backgrounds [5]. These differences
contribute to variations in purchasing power and
financial management capabilities among
students [6]. Furthermore, student populations
are heterogeneous not only in terms of
socioeconomic  characteristics but aso in
residential location. While some students reside
close to campus and enjoy easier access to retail
facilities, others live farther away. Such
differences in economic conditions and
accessibility may influence purchasing power,
shopping frequency, and consumption patterns at
convenience stores located around campus areas
[7]. In addition, the spatial distribution of student
residences within varying distances from campus
makes residential distance an important factor
that may affect customer mobility and shopping
behavior toward nearby retail stores|[§].

The management of convenience stores
surrounding Campus X in Yogyakarta faces
increasingly complex challenges due to customer
mobility and substantial variations in purchasing
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power across consumer groups. The growing
diversity of customer characteristics and needs
has resulted in a more heterogeneous market.
This situation highlights the importance of
market segmentation as an approach to grouping
consumers  into  relatively  homogeneous
segments, enabling marketing strategies to be
tailored according to the characteristics of each
segment [9]. As a result, mass marketing
approaches are becoming less effective because
they fail to capture the specific needs of distinct
customer groups. Therefore, a data-driven
approach is required to map customer
characteristics more  comprehensively by
considering not only demographic attributes but
also gpatial factors such as residential distance
and customers’ economic capacity [10].
Although previous studies have examined retail
customer segmentation using demographic and
purchasing behavior attributes, most have
focused primarily on consumer characteristics
without incorporating spatial dimensions that
influence retail accessibility. In educational areas
characterized by high student mobility, the
distance between students’ residences and
convenience stores may significantly affect
shopping frequency and consumption patterns.
Better accessibility enables consumers to reach
retail locations more easily, potentially increasing
store visits and purchasing activities [11].
Therefore, integrating demographic, economic,
and consumption-related variables into the
customer segmentation process is essentia for
developing a more comprehensive market profile.
Unlike conventional market segmentation
approaches  that  primarily  focus  on
psychographic or demographic attributes, this
study integrates a spatial dimension, represented
by accessibility (distance), together with
economic factors (income), using the K-Means
clustering algorithm. This approach is considered
particularly relevant in the context of
convenience stores located in educational areas,
where student purchasing behavior is strongly
influenced by geographic proximity and varying
levels of monthly financial  resources.
Furthermore, the use of rea transactional data
collected from a srategicaly located
convenience store in Yogyakarta enhances the
empirica validity of the resulting model and
provides a more accurate representation of
market dynamics. Accordingly, this study aimsto
identify and classify convenience store customers
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in a campus area using the K-Means clustering
algorithm based on demographic, economic, and
accessibility-related attributes.

This study is expected to contribute to the
literature on retail customer segmentation by
integrating demographic, economic, and spatia
attributes within a data mining-based clustering
framework. From a practical perspective, the
findings may assist convenience store managers
in designing more targeted marketing strategies,
including differentiated promotional programs,
product assortment adjustments, and service

management  initiatives  tailored to the
characteristics of the identified customer
segments.

[I. METHODS

This study employed a quantitative approach
using data mining techniques to identify
customer segmentation patterns in a convenience
store located within a campus area in
Yogyakarta. The dataset consisted of customer
data collected from a convenience store operating
near Campus X, with a total sample of 100
students. The variables analyzed included gender,
age, income, shopping intensity, and residentia
distance from the store. These variables were
selected because they represent customers’
demographic, economic, and accessibility
characteristics. In addition to customer profile
data, this study utilized transaction data that were
grouped into four product departments, namely
snacks and bakery products (Dept 1), personal
care products (Dept 2), beverages and dairy
products (Dept 3), and household and toiletry
products (Dept 4).

Customer segmentation was conducted using
the K-Means adgorithm, a non-hierarchical
clustering technique that groups data based on
the similarity of their characteristics [12]. The
agorithm partitions observations into severa
clusters according to their proximity to cluster
centers (centroids) [13]. The distance between
data points and centroids was measured using
Euclidean Distance, as expressed in Equation (1).

| ]
day) =la-yl= Y- @
w‘]I—ZI
Where:

i (x, ¥) = The Euclidean distance between a
customer data point and a cluster centroid;
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x; = the value of the -th attribute of the
customer data point;

;= thevalue of the i -th attribute of the centroid;
i = denotes the attribute index.

n = the total number of attributes used in the
distance calculation.

The analysis began with data preprocessing and
standardization to ensure that al variables were
measured on a comparable scale. Subsequently,
the optimal number of clusters was determined
using the Elbow Method based on the inertia
value, dso known as the Within-Cluster Sum of
Squares (WCSS). After the optima number of
clusters had been identified, the K-Means
algorithm was iteratively applied by assigning
each customer to the nearest cluster and updating
the centroid positions until stable cluster
memberships were achieved. The resulting
clusters were then anadyzed to identify the
characteristics of each customer segment based
on age, income, shopping intensity, and
resdential distance. Finally, the clustering results
were integrated with product transaction data to
examine product category preferences across the
identified customer segments.

[11. RESULTSAND DISCUSSION

1. Determination of The Optimal Numbers of

Clusters

The optimal number of clusters was determined
using the Elbow Method by evauating changes
in inertia values across severa cluster
dternatives (k). This method was employed to
identify the most representative number of
clusters by observing the point a which the
decrease in inertia began to sow down. The
results of the Elbow Method are presented in
Figure 1.
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Figure 1. Elbow Method for Determining the
Optima Number of Clusters
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As shown in Figure X, the inertia vaue
decreases substantially up to k = 3 and then
begins to levd off for subsequent cluster
numbers. This pattern indicates that increasing
the number of clusters beyond k = 3 does not
result in a significant reduction in inertia
Therefore, the elbow point can be identified at k
=3

In this study, k = 3 was selected because it
provides a balance between the model’s ability to
capture data variability and the interpretability of
the resulting customer segments. A larger
number of clusters may produce more specific
customer groups, however, it does not
necessarily yield more meaningful insights.
Therefore, the use of three clusters was
considered sufficient to represent the differences
in customer characteristics clearly and in
accordance with the objectives of this study.

2. Customer Segmentation Results

The optimal number of clusters was
determined using the Elbow Method by
evaluating changes in inertia values across
several cluster aternatives (k). This method was
employed to identify the most representative
number of clusters by observing the point at
which the decrease in inertia began to slow
down. The results of the Elbow Method are
presented in Figure 2.

Dz Sanme Yanggan

Choamer X

Culerf

Figure 2. Distribution of Customers Across
Clusters

Cluster O represents the largest segment,
accounting for 57% of the total customers,
followed by Cluster 1 with 33% and Cluster 2
with 10%. This distribution indicates that the
majority of customers are concentrated within a
single dominant segment, while the remaining
customers are distributed across two smaller
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segments. The dominance of Cluster O suggests
the presence of a customer group with relatively
common characteristics compared to the other
segments.

Meanwhile, the existence of Cluster 1 and
Cluster 2 reflects variations in customer
characteristics that are not fully represented by
the dominant segment. In particular, Cluster 2,
which accounts for the smallest proportion of
customers, indicates the presence of a more
specific  customer group with distinctive
characteristics that differ from those of the
majority.

Overdl, the segmentation results demonstrate
that although one segment dominates the
customer base, the customer structure remains
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heterogeneous and can be effectively classified
into three major groups. These findings provide a
foundation for further anaysis of the
characteristics and  purchasing  behavior
associated with each customer segment in the
following section.

3. Characteristics of Customer Segments

Based on the clustering results, customers can
be classified into three distinct segments, each
exhibiting different characteristics across the
observed variables. The profile of each customer
segment is presented in Table 1.

Table 1. Profile of Customer Segments

Average

Number of Average  Average ; Average
Clugizr Customers SEEEIELE (D) Age Income IShoppl'ng Distance
ntensity
0 57 57% 20.24 1.80 4.30 181
1 33 33% 20.36 1.45 2.09 3.61
2 10 10% 22.40 4.45 3.40 4.60

Cluster O represents the largest segment,
accounting for 57% of the total customers. This
segment is characterized by relatively short
residential distances, the highest shopping
intensity, and moderate-income levels. These
characteristics suggest that the segment is largely
composed of students living near the campus
area, such as in boarding houses, which provides
easier access to the convenience store. This
geographical proximity may contribute to more
frequent visits, which isreflected in the relatively
high level of shopping activity. In addition, the
average age of customers in this cluster indicates
a tendency toward younger students, who
generaly exhibit routine purchasing behavior to
meet their daily needs.

Cluster 1 accounts for 33% of customers and
is characterized by greater residential distances,
the lowest shopping intensity, and relatively
lower income levels compared to the other
clusters. These findings suggest that customersin
this segment tend to be more selective in their
purchasing decisons due to limitations in
accessibility and purchasing power. Within the
campus context, this segment may represent
students living farther from the campus area or
residents who do not rely heavily on the
convenience store for their daily needs. The

relatively low shopping intensity observed in this
segment indicates that both distance and budget
constraints may play an important role in shaping
purchasing behavior.

Cluster 2 represents the smallest segment,
comprising 10% of the total customers, yet it
exhibits characteristics that differ considerably
from the other clusters. This segment has the
highest income level, a relatively older average
age, and the greatest residential distance, while
maintaining a moderate level of shopping
intensity. These characteristics indicate the
presence of customers with greater purchasing
power and higher mobility. In the context of a
campus area, this segment may consist of senior
students or individuals with additional sources of
income. However, since this study did not
explicitly examine socio-economic background
variables, further interpretation regarding the
underlying factors of this segment should be
made with caution.

Overal, the segmentation results indicate that
customer behavior in convenience stores located
within campus areas is influenced by a
combination of accesshbility and economic
capacity. Customers living closer to the store
tend to exhibit higher shopping intensity,
whereas those located farther away generaly
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show lower purchasing activity, except for
customers with relatively high purchasing power.
These findings suggest that integrating
accessibility and economic variables into the
segmentation process can provide a more
comprehensive understanding of  customer
consumption patterns.

4. Customer Cluster Visualization

The customer segmentation results obtained
using the K-Means agorithm can be visualized
based on the relationship between income and
shopping intensity, as presented in Figure 3.
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Figure 3. Customer Cluster Visualization

Figure 3 illustrates the distribution of
customers according to income and shopping
intensity. Each color represents a different
cluster, alowing the distribution pattern of
customers to be observed visualy. In general, a
separation can be identified between customers
with low-to-moderate income levels and those
with relatively higher incomes.

Customers with higher income levels tend to
be located on the right side of the graph and
exhibit moderate to high shopping intensity. In
contrast, most customers are concentrated within
the low-to-moderate income range, with a wider
variation in shopping intensity. This pattern is
consistent with the segmentation results
discussed previously, indicating differences in
economic characteristics and purchasing behavior
among customer segments. Although some
overlap between clusters is dill visible, the
visualization demonstrates that the K-Means
algorithm was able to identify customer groups
with relatively distinct characteristics. These
results further support the effectiveness of the
clustering approach in distinguishing customer
segments within the context of a convenience
180 | TiBuana, Vol. 09, No.2, 2026
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store located in a campus area.

5. Product Preferences Across Customer
Segments

Based on the customer segmentation results,
each cluster exhibits different purchasing
tendencies across product categories. The
digribution of product purchases for each
customer segment is presented in Figure 4.
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Figure 4. Product Preferences Across Customer

Segments

Figure 4 shows variations in purchasing levels
across product categories among the identified
customer segments. In general, products in Dept
1 and Dept 3 exhibit relatively higher purchase
levels than the other categories. In contrast,
Cluster 2 demonstrates a more diverse
consumption  pattern, with relatively high
purchase levels across amost al product
categories.

To provide a more detailed understanding of
product preferences within each customer
segment, the average purchase values for each
product department are presented in Table 2.

Halirr e Mo e roduk
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Table 2. Average Product Purchase Values by

Customer Segment
Cluster Deptl Dept2 Dept3 Dept4
0 0,67 0,16 0,80 0,33
1 0,63 0,21 0,79 0,33
2 0,70 0,30 0,70 0,60

Overall, Dept 3 represents the most frequently
purchased product category among customers in
Cluster 0 and Cluster 1, with average values of
0.80 and 0.79, respectively. This finding suggests
that customers in these two segments share
relatively similar needs and tend to focus on
routine  consumption  products commonly
purchased by students. In addition, Dept 1 aso
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records relatively high purchase levels within
both segments.

Although Cluster 0 and Cluster 1 exhibit
similar product preferences, the characteristics of
customers within these segments differ. Cluster
0, which is dominated by customers living closer
to the convenience store and displaying higher
shopping intensity, demonstrates slightly higher
purchase levels than Cluster 1. This finding
suggests that accessibility may influence the
consumption level of specific product categories.

In contrast to the other segments, Cluster 2
exhibits a more diverse purchasing pattern.
Besides showing relatively high purchase levels
in Dept 1 and Dept 3, customers in this segment
also demonstrate a greater tendency to purchase
products from Dept 2 and particularly Dept 4,
with average vaues of 0.30 and 0.60,
respectively. These vaues are considerably
higher than those observed in Cluster 0 and
Cluster 1, which range from 0.16-0.21 for Dept 2
and approximately 0.33 for Dept 4.

This pattern indicates that customers in Cluster
2 possess a broader range of consumption needs
than those in the other segments. The findings are
consistent with the characteristics of Cluster 2,
which has the highest income level and a
relatively older average age. With greater
purchasing power, customers in this segment are
not only focused on basic consumption products
but also tend to purchase products from a wider
variety of categories.

Overdll, the results indicate that differences in
customer characteristics identified through the
clustering process are reflected in product
purchasing patterns. These findings suggest that
product management and promotional strategies
can be tailored according to the characteristics of
each customer segment. For the dominant
segment (Cluster 0), maintaining the availability
of products in Dept 1 and Dept 3 should be
prioritized. Meanwhile, customers in Cluster 2
may represent a promising target for cross-selling
and multi-category promotional strategies due to
their tendency to purchase a more diverse range
of products.

IV. CONCLUSIONS
This study identified three customer segments
of a convenience store located in the Campus X
area of Y ogyakarta using the K-Means Clustering
agorithm based on age, income, shopping
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intensity, and residential distance attributes. The
results indicate that the largest segment consists
of customerswho liverelatively close to the store
and exhibit high shopping intensity, while the

remaining segments display distinct
characteristics in terms of accessibility,

purchasing power, and product preferences.
Customers with the highest income levels tend to
demonstrate more diverse consumption patterns
than other customer groups. These findings
suggest that accessibility and economic capacity

play important roles in shaping customer
purchasing behavior within a campus
environment.

From a theoretical perspective, this study
contributes to the customer segmentation
literature by integrating demographic, economic,
and accessibility attributes into the clustering
process, thereby providing a more comprehensive
customer profiling approach than segmentation
methods that rely solely on demographic
characteristics. From a practical perspective, the
segmentation results can assist convenience store
managers in developing more targeted marketing
strategies, including the design of promational
programs, product category management, and
service strategies tailored to the characteristics of
each customer segment. Future research is
recommended to incorporate additional variables
that may provide a deeper understanding of
customer differences across segments, such as
academic magjor, year of study, residential status,
and socio-economic background. Furthermore,
the application of aternative clustering
techniqgues may be explored to compare
segmentation consistency and to gain a more

comprehensive understanding of  customer
consumption patterns in educational
environments.
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