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Identifying Digital Literacy Profiles in Distance Education: A K-Prototypes
Clustering Approach

Arman Haqqi Anna Zili, Made Diyah Putri1 Martinasari2, Selly Anastassia Amellia Kharis2,∗

1Department of Mathematics, Universitas Indonesia, Depok 16424, Indonesia
2Study Program of Mathematics, Universitas Terbuka, Tangerang Selatan 15418, Indonesia

ABSTRACT. Education quality is one of the main focuses of Indonesia’s Sustainable Development Goals (SDGs),
particularly in the goal that emphasizes equitable access and lifelong learning. Universitas Terbuka (UT) is a higher
education institution that implements an open and distance learning system. This setting creates a diverse student
body in terms of age, occupation, and digital literacy levels. Segmenting students based on their digital literacy is both
essential and challenging, as it involves combining demographic data with daily digital behavior. This study aims to
identify the digital literacy profiles of UT students using cluster analysis with the K-Prototypes algorithm. Data were
obtained from a survey of 10,396 students with 42 variables. The Elbow Method analysis revealed three distinct clus-
ters, each reflecting unique engagement profiles. The first cluster, the Engaged Evening Digital User, is active during
the evening and balances work with social activities. The second cluster, the Hyper Connected Communicator, relies
heavily on messaging applications for social interaction. The third cluster, the Balanced Digital Citizen, shows a more
even distribution of digital use across academic, entertainment, and communication activities. These clusters predom-
inantly comprise Generation Z individuals, many of whom are actively engaged in the private sector. The profound
implications of these findings lie in their capacity to forge highly targeted strategies for digital learning, communica-
tion, and student support, thereby enhancing educational outcomes. Furthermore, this research significantly advances
methodological literature by demonstrating a powerful, integrated approach to clustering mixed-type attributes, of-
fering a more nuanced understanding of learner profiles in distance education.

This article is an open access article distributed under the terms and conditions of the Creative Commons
Attribution-NonComercial 4.0 International License. Editorial of EULER: Department of Mathematics,
Universitas Negeri Gorontalo, Jln. Prof. Dr. Ing. B. J. Habibie, Bone Bolango 96554, Indonesia.

1. Introduction

Education quality is a central concern in the Sustainable De-
velopment Goals of Indonesia, particularly Goal 4, which empha-
sizes equitable access and lifelong learning opportunities [1]. In
Indonesia, achieving this requires innovative approaches in both
policy and practice. Universitas Terbuka (UT), the country’s lead-
ing provider of open and distance learning, has played a signifi-
cant role through digital innovations and flexible delivery modes.
Yet, the success of distance education still depends heavily on
students’ ability to engage with learning materials independently
[2].

The transition from the Fourth to the Fifth Industrial Rev-
olution highlights the growing importance of digital literacy for
students. It is not only a technical skill but also a determinant
of learning success [3]. Several studies in Indonesia have exam-
ined digital literacy in relation to identity formation [4], media
use [5], learning outcomes [6], and learning strategies within the
framework of Society 5.0 [7]. At the same time, recent surveys
in Indonesia indicate that the national digital literacy index still
needs to be improved [8, 9]. For UT students, who are expected
to regulate their own learning, identifying patterns of digital lit-
eracy is particularly important. Understanding these patterns can
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guide the development of targeted interventions that address the
needs of different student groups.

Previous studies have emphasized that digital literacy is
closely linked to students’ readiness, motivation, and success in
learning environments. Huba et al. [10] found that students at
Universitas Tanjungpura possessed strong digital competencies,
while Fadillah et al. [11] showed that students demonstrated an
average score of 75 in digital literacy withinmathematics courses.
Furthermore, Akbar and Anggaraeni [12] confirmed a significant
relationship between digital literacy and self-directed learning
among thesis-writing students. These studies suggest that en-
hancing digital literacy not only supports general academic suc-
cess but is also crucial in enabling students to complete their
undergraduate programs effectively. For UT students, who rely
heavily on self-regulated learning, identifying digital literacy clus-
ters is essential to inform institutional strategies that support
personalized interventions.

Cluster analysis provides a powerful approach to segment-
ing students based on their digital literacy levels. One of the
most effective algorithms for categorical data is the k-modes al-
gorithm, first introduced by Huang [13]. Unlike k-means, which
is designed for numerical data, k-modes replaces means with
modes and applies a frequency-based updating mechanism to
minimize clustering costs [14]. Subsequent improvement have
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been made, such as weighted dissimilarity measures [15]. These
enhancement underline the adaptability and robustness of k-
modes algorithm in addressing categorical data clustering chal-
lenges.

The k-modes algorithm has been applied across diverse do-
mains. In Indonesia, it has been used to classify fire cases in
Jakarta [16], group elderly populations in South Sumatra [17],
identify game character roles in Wild Rift [18], analyze hotel re-
view sentiments [19], and cluster socioeconomic data in rural
villages [20]. These examples demonstrate the versatility of k-
modes in handling categorical data across public safety, demog-
raphy, entertainment, sentiment analysis, and socioeconomic re-
search.

Globally, researchers have also advanced the theoretical un-
derpinnings and applications of categorical clustering. Ketchen
and Shook [21] critically assessed the use of cluster analysis in
management studies, highlighting methodological rigor. Build-
ing upon foundational work by Huang, various improvements and
extensions to the k-modes algorithm have been proposed. For
instance, Dorman and Maitra [22] introduced a computationally
efficient k-modes implementation, while Xie et al. [23] discussed
self-tuning approaches. Dinh et al. [24] provided a comprehen-
sive synthesis of categorical data clustering, situating k-modes
within the broader landscape of techniques. Moreover, the in-
tegration of metaheuristic approaches has led to significant ad-
vancements; Gan et al. [25] demonstrated the benefits of incor-
porating genetic algorithms into k-modes optimization, and the
development of fuzzy k-modes [26], and further explored by Ng
& Jing [27] and Oskouei et al. [28] has improved flexibility in han-
dling overlapping clusters.

The selection of an appropriate clustering algorithm is crit-
ically dependent on the nature of the data being analyzed. For
instance, the foundational K-Means algorithm is a widely used
method designed specifically for numerical data, partitioning ob-
servations by minimizing the squared Euclidean distances to a
cluster’s mean, or centroid. In contrast, when dealing with cate-
gorical data, an adaptation called K-Modes is more suitable [29].
This algorithm replaces numerical means with modes (the most
frequent attribute values) and utilizes a simple matching dissim-
ilarity metric to handle non-numeric features.

While the k-modes algorithm effectively handles categori-
cal attributes, many real-worls datasets, including those describ-
ing students’ digital literacy, consist of both numerical and cate-
gorical variables. To address this, the K-Prototypes algorithm ex-
tends k-means and k-modes by combining numerical and categor-
ical distance measures within a single framework. This hybrid ap-
proach allows for more comprehensive clustering of mixed-type
data, making it particularly suitable for educational datasets that
capture both quantitative indicators and qualitative attributes
preferred digital tools or self-assessed competencies.

The fundamental goal is to group objects such that those
within the same cluster are highly similar, while objects in differ-
ent clusters are dissimilar. The dataset for this research, which
aims to segment students based on their digital literacy profiles,
is composed of mixed data types, containing both numerical and
categorical variables. The presence of these heterogeneous at-
tributes renders algorithms like K-Means or K-Modes unsuitable
in isolation. To address this challenge, the K-Prototypes algo-

rithm was selected as the primary analytical method. This hybrid
algorithm effectively integrates the principles of both K-Means
and K-Modes, employing a combined dissimilarity measure that
can handle heterogeneous data simultaneously [30]. Therefore,
the K-Prototypes algorithm provides a robust framework for iden-
tifying meaningful and accurate student segments within our
mixed-attribute dataset.

The K-Prototypes algorithm, introduced by Huang, com-
bines the K-Means and K-Modes algorithms, applying the squared
Euclidean distance for numeric attributes and a simple matching
dissimilarity for categorical attributes [31]. The algorithm was
chosen in this study because it can handle mixed data types by
combining Euclidean distance for numerical variables and simple
matching dissimilarity for categorical variables. This approach
has become a popular choice for segmentation tasks in fields
such as customer profiling, healthcare, and behavioral studies
[32–34].

This body of research emphasizes that clustering, particu-
larly using k-modes, offers a reliable framework for addressing
categorical data. For the context of UT students’ digital liter-
acy, clustering provides actionable insights for policymakers. By
identifying groups of students with similar digital competencies,
institutions can design tailored interventions, ensuring equitable
opportunities for students to thrive in open and distance learning
environments.

2. Methods
This study employs a quantitative approach using cluster

analysis, a statistical technique designed to partition a dataset
into distinct groups, or clusters. The objective function for the
K-Prototypes algorithm is to minimize the cost function, which is
defined as:

E =

k∑
l=1

n∑
i=1

wi,l d(Xi, Ql), (1)

where:
• E is the sum of dissimilarities of all objects to their cluster

prototypes.
• k is the number of clusters.
• n is the number of objects.
• wi,l is an element of the partitionmatrix, indicating whether

object Xi belongs to cluster l.
• d(Xi, Ql) is the dissimilarity measure between object Xi

and prototype Ql.
The dissimilarity measure between object Xi and proto-

type Ql for mixed data is defined as:

d(Xi, Ql) =

p∑
j=1

(
x
(r)
i,j − q

(r)
l,j

)2

+ γl

m∑
j=p+1

δ
(
x
(c)
i,j , q

(c)
l,j

)
(2)

where
• The first term is the squared Euclidean distance for the p

numeric attributes.
• The second term is the simple matching dissimilarity for the

m− p categorical attributes, where δ(a, b) = 0 if a = b and
δ(a, b) = 1 if a ̸= b.

• γl is a weight to balance the contribution of categorical at-
tributes.
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A crucial step in cluster analysis is determining the opti-
mal number of clusters, k number [35]. In this study, we utilized
the Elbow Method, a widely used heuristic for this purpose. The
method involves running the clustering algorithm for a range of
k values and plotting the cost function (or within-cluster sum of
squares) for each k. The plot typically shows the cost decreasing
as k increases. The ”elbow” on the curve represents the point of
diminishing returns, where adding more clusters does not signif-
icantly reduce the cost [36]. This point is considered to be the
optimal number of clusters.

To illustrate the steps of the research in this study, the
methodological process is summarized step by step in the Fig-
ure 1.

Figure 1. Sequential steps in research methodology

The research was conducted following a systematic proce-
dure. The steps included:
1. Survey Administration: Development of survey tools.
2. Data Collection: A survey was administered to students of

Universitas Terbuka to collect data on their digital literacy
and demographic characteristics.

3. Data Pre-processing: The collected data was cleaned to han-
dle missing values and inconsistencies. Categorical vari-
ables were converted to the appropriate data type for the
K-Prototypes algorithm.

4. Clustering: The K-Prototypes algorithm was implemented in
Python. The optimal number of clusters was determined
using the Elbow Method.

5. Analysis and Interpretation: The resulting clusters were an-
alyzed to understand the characteristics of each group. This
involved examining the cluster prototypes and the distribu-
tion of variables within each cluster.

6. Conclusion: Conclusions were drawn based on the analysis
of the clusters, providing insights into the different digital
literacy profiles of the students.

3. Results and Discussion
This section presents the outcomes of the six methodologi-

cal steps outlined in the research method: survey administration,
data collection, data pre-processing, clustering, analysis and in-
terpretation, and conclusion formulation. The survey instrument
was developed based on established digital literacy frameworks,
encompassing domains such as digital competencies, informa-
tion ethics, and online behaviour. The questionnaire was de-
signed to capture both categorical and numerical variables to en-
able mixed-type data analysis. The dataset utilized in this study

is composed of survey responses collected to evaluate the digi-
tal literacy profiles of students. The data captures a wide array
of student attributes, comprising a total of 42 variables across
10,396 student responses. This rich dataset contains a mix of
both categorical (9 variables) and numerical data (33 variables),
making it well-suited for a hybrid analytical approach. The vari-
ables can be broadly categorized into several key areas:
1. Demographics: This includes background information such

as the student’s regional location (UT Daerah), generational
cohort (Profile Generation), and employment status (Job Pro-
file).

2. Digital Behavior: This category details student habits re-
lated to internet and social media usage. It includes vari-
ables such as the typical time of day for internet access
(Internet access hours), the primary online activities per-
formed, the most frequently used social media platforms,
and the average daily time spent on these platforms.

3. Digital Competencies: A significant portion of the dataset
consists of self-reported skill levels across various digital
tasks and platforms. These are captured using a Likert-type
scale, where students rated their ability to use specific dis-
tance learning tools (Microsoft Teams, elearning.ut.ac.id),
access digital libraries, manage digital information, and uti-
lize online services.

4. Information Literacy and Ethics: The data also includes re-
sponses related to students’ practices in evaluating and com-
paring information sources and their understanding of aca-
demic integrity in a digital context.

5. Overall Literacy Level: The dataset concludes with a pre-
calculated categorical variable that classifies each student
into a specific digital literacy level, such as ’Satisfactory’,
’High’, or ’Very High’.

Given the heterogeneous nature of the data, which combines de-
scriptive categories with ordinal skill ratings, it provides a com-
prehensive foundation for segmenting students into distinct dig-
ital literacy profiles.

After cleaning the data, next step is determine the k value,
which is the number of cluster. To determine the optimal number
of clusters, we used the Elbow Method using several k values as
illustrated in Figure 2.

Figure 2. Cost values using number of cluster k = 1 to k = 9
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The cost function decreased sharply between k = 1 and
k = 3 and then showed only gradual improvement for higher k
values. This “elbow” pattern suggested that k = 3 was the most
appropriate choice [36]. Selecting k = 3 allowed us to capture
key behavioral differences without overfitting or creating overly
fragmented groups [37].

3.1. Cluster Characterization

Using k = 3 means we produced three distinct groups:
Cluster 1 (n = 3, 198), Cluster 2 (n = 3, 337), and Cluster 3
(n = 3, 861). We examined descriptive statistics and frequency
distributions to interpret the profiles of each cluster.

3.1.1. Cluster 1: The Engaged Evening Digital User

Cluster 1 showed moderate values for most numerical fea-
tures (mean: 2.82). A majority of respondents were Generation Z
(57%), and many worked as private employees (42%). Their online
activity peaked between 18:01 and midnight (52%), and instant
messaging dominated their digital habits, with WhatsApp as the
preferred platform (53%). Most reported screen time between
3–5 hours daily (46%). Taken together, these patterns suggest
a group of young professionals who use digital platforms inten-
sively during leisure hours, perhaps balancing work responsibili-
ties with evening social interaction.

3.1.2. Cluster 2: The Hyper-Connected Communicator

Cluster 2 stood out as the most communication-oriented
group. Its numerical averages were slightly lower (mean: 2.11),
but the share of Generation Z was even higher (60%). This group
had the strongest reliance on instant messaging (67%) and What-
sApp (62%), which indicates that these platforms function primar-
ily as social lifelines. One interpretation is that this cluster repre-
sents students who maintain frequent digital contact with peers,
potentially using messaging apps as their main means of staying
socially connected.

3.1.3. Cluster 3: The Balanced Digital Citizen

Cluster 3 was the largest and most “balanced” group, with
characteristics similar to Cluster 1 (mean: 2.85). Generation Z:
55%, private employees: 41%). Evening activity (47%) and What-
sApp usage (58%) were still high, but this group appeared to have
a more even distribution of activities across learning, socializing,
and entertainment. This could mean that these students are bet-
ter at integrating online resources into both academic and per-
sonal life. A deeper feature-level comparison might help clarify
whether their balance reflects deliberate time management or
simply different lifestyle patterns.

Across all three clusters, a consistent picture emerges:
most students are young, digitally active in the evenings, and
rely heavily on instant messaging, particularly WhatsApp, for
communication. These results align with global trends show-
ing increased digital immersion among younger generations.
These findings have important implications for educators and
policymakers. Since students are most active online during the
evening, this period may be the most effective window for deliv-
ering learning content, announcements, or interactive activities.
Leveraging widely used platforms such as WhatsApp could also
improve participation and encourage peer collaboration.

Moreover, the K-Prototypes algorithm captured subtle be-
havioral differences, especially in the numerical dimensions, al-
lowing us to separate the “hyper-connected communicator” sub-
group from the more balanced digital users. This demonstrates
the value of mixed-data clustering for uncovering patterns that
might be missed by analyzing only categorical or numerical data
[38]. These insights can inform targeted interventions, encour-
aging communication-focused students to broaden their digi-
tal engagement beyond messaging and to adopt more produc-
tive learning behaviors. Similar findings were report that K-
Prototypes has become a widely used and powerful technique
in the context of Educational Data Mining (EDM) [39]. The arti-
cle notes that K-Prototypes achieve a balance between compu-
tational efficiency and interpretability, making it more practical
than density-based on hierarchical approaches for large-scale ed-
ucational datasets.

3.2. Limitations

While the findings are encouraging, several limitations
should be considered. First, the analysis relied on self-reported
survey data, which may be subject to response bias or inac-
curacies in recall (for example, reported screen time may dif-
fer from actual usage). Second, the clustering results depend
on the selected features and preprocessing choices; using addi-
tional variables or alternative dissimilarity measures might yield
slightly different groupings. Third, the dataset represents a cross-
sectional snapshot, so it does not capture how digital behaviors
may change over time or across academic terms. Future studies
could use longitudinal data and combine clustering with qualita-
tive interviews to explore the reasons behind the observed pat-
terns in greater depth.

3.3. Practical Implications

The clustering results provide actionable insights for edu-
cators and administrators at Universitas Terbuka and similar in-
stitutions. Knowing that students are most digitally active dur-
ing the evening suggests that online tutorials, announcements,
or interactive activities could achieve higher participation rates
if scheduled later in the day. The strong preference for What-
sApp and instant messaging platforms highlights an opportunity
to integrate these channels into official communication strate-
gies, for instance, by using them to share reminders, learning
tips, or peer collaboration opportunities. Moreover, the identifi-
cation of a highly communication-focused group (Cluster 2) sug-
gests that targeted interventions could encourage these students
to use digital tools for academic purposes, potentially improving
their learning outcomes. Finally, recognizing a “balanced” cluster
provides a model for designing programs that help students man-
age their time online more effectively, promoting healthy digital
habits.

4. Conclusion

This study demonstrates that the K-Prototypes algorithm
is a practical approach for segmenting datasets with mixed data
types and offers valuable insights into the digital habits of Univer-
sitas Terbuka students. The analysis highlights the strong pres-
ence of Generation Z, their preference for instant messaging plat-
forms, especially WhatsApp, and their peak online activity dur-
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ing the evening. These findings can guide the development of
targeted communication strategies, platform improvements, and
initiatives to support students’ digital literacy. Future research
could examinemore detailed behavioral drivers behind the differ-
ences between Cluster 1 and 3, perhaps using additional features
or qualitative follow-up studies. Employing validation measures
such as the silhouette score or gap statistic would also strengthen
the robustness of the results. Longitudinal analyses could further
reveal whether these digital engagement patterns remain consis-
tent over time.
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