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Abstract 
 

Abstract: This study aims to identify patterns in academic performance among students at the Faculty of 

Mathematics and Natural Sciences (FMIPA), Medan State University (UNIMED) using the K-Prototype clustering 

algorithm. The method was chosen due to its capability to handle mixed data types, combining both numerical and 

categorical variables. Data were collected through a structured questionnaire, and the sample size was determined 

using Slovin's formula, resulting in 373 student records for analysis. The clustering process revealed three distinct 

groups: students with stable academic records but low organizational engagement; highly motivated new students; 

and independent senior students active in extracurricular activities. Each cluster reflects unique combinations of 

GPA, credit load, learning behavior, and involvement. The findings provide a data-driven foundation for designing 

targeted academic advising and student support strategies. 
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I. INTRODUCTION 

Academic achievement serves as a fundamental 

indicator of student development and institutional 

quality in higher education. As global competition 

among universities intensifies, there is increasing 

pressure to monitor and improve students’ academic 

performance through evidence-based approaches [1], 

[2]. Universities must not only track academic 

records but also understand the underlying behavioral 

and psychological dimensions that shape student 

outcomes [3]. 

Numerous studies have highlighted the 

complexity of academic success, which depends on a 

combination of cognitive abilities, motivation, study 

habits, stress management, time allocation, learning 

resources, and support systems [4], [5]. These 

variables do not operate in isolation; they interact and 

influence students in ways that are often difficult to 

observe using traditional analytic tools. 

The field of educational data mining has emerged 

as a powerful approach for uncovering latent patterns 

within student data [6]. Clustering, a type of 

unsupervised machine learning, is widely applied to 

group students based on shared attributes, facilitating 

the design of more tailored interventions [7], [8]. 

However, most popular clustering algorithms like K-

Means are restricted to numerical data only and are 

inadequate when categorical data such as gender, year 

of enrollment, or academic program is involved [9]. 

To address these limitations, the K-Prototypes 

clustering algorithm was developed. It integrates the 

K-Means approach for numeric features and the K-

Modes algorithm for categorical variables, allowing 

it to handle mixed-type datasets effectively [10]. In 

educational contexts, this is especially relevant as 

student data typically include a blend of quantitative 

(e.g., GPA, credit load) and qualitative (e.g., gender, 

program of study, motivation levels) features. 

This paper focuses on applying the K-Prototypes 

algorithm to identify academic performance patterns 

among students of the Faculty of Mathematics and 

Natural Sciences (FMIPA), Universitas Negeri 

Medan (UNIMED). A structured dataset was 

constructed based on survey responses from a 

representative sample of students. The dataset 

incorporates not only academic metrics but also 

various behavioral and motivational indicators. 

The outcomes of this clustering analysis are 

expected to provide insight into how students can be 

segmented according to their academic trajectories 

and behavioral tendencies. Ultimately, the findings 

may contribute to the formulation of adaptive 

strategies in academic advising, student support 

programs, and curriculum planning, helping 

institutions shift from a one-size-fits-all approach to 

a more personalized model of student success [11]. 

 

II. RESEARCH METHODOLOGY 

This study employs a quantitative approach using 

the K-Prototypes clustering algorithm to identify 

patterns in academic performance among 

undergraduate students at the Faculty of Mathematics 

and Natural Sciences (FMIPA), Universitas Negeri 

Medan. The research framework consists of five main 

stages: sample determination, data collection, data 

preprocessing, clustering, and interpretation.   
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A. Sample Size and Respondents 

The respondents of this study are undergraduate 

students from the Faculty of Mathematics and Natural 

Sciences (FMIPA), Universitas Negeri Medan. The 

total population includes students from all 

departments and entry cohorts. To determine the 

appropriate number of respondents, Slovin’s formula 

is utilized to calculate the minimum required sample 

size [12]:  

𝑛 =
𝑁

1 + 𝑁 ∙ 𝑒2
 

(1) 

where n is the required sample size, N is the total 

population, and e is the margin of error (typically set 

at 0.05).  

This formula allows for determining a 

representative sample when the population size is 

known, but the population variance is unknown. It 

ensures that the sample reflects the diversity of the 

population within an acceptable margin of error. 

Respondents were selected using a proportional 

stratified random sampling technique to ensure 

balanced representation from various academic 

programs and entry years. All participants voluntarily 

completed the questionnaire distributed through 

official institutional communication channels. 

B. Data Preprocessing 

The dataset underwent several preprocessing 

steps to ensure its readiness for clustering analysis 

using the K-Prototypes algorithm. First, invalid or 

incomplete responses were removed during data 

cleaning. Missing values in the Likert-scale items 

were handled using mean imputation. Categorical 

variables such as gender, program of study, and year 

of entry were encoded as factors, while numerical 

variables including GPA, total credits, and average 

credits per semester were normalized using Min-Max 

scaling. Behavioral indicators from Likert-scale 

responses were also normalized and treated as 

numerical inputs. The final dataset consisted of 373 

complete records with mixed-type features ready for 

clustering. 

C. K-Prototype Clustering 

This study employed the K-Prototypes 

algorithm to cluster students based on mixed-type 

attributes, including categorical variables (e.g., 

gender, academic program, year of entry) and 

numerical variables (e.g., GPA, total credits, 

behavioral scores). K-Prototypes is an extension of 

the K-Means algorithm that handles both numerical 

and categorical data by combining Euclidean distance 

for numerical features and matching dissimilarity for 

categorical ones. The objective function minimized in 

K-Prototypes is [13]: 

𝐽 = ∑ ∑ 𝛿(𝑧𝑖 , 𝑐𝑗)

𝑘

𝑗=1

𝑛

𝑖=1

 (2) 

where 𝛿(𝑧𝑖 , 𝑐𝑗)  is the dissimilarity between data point 

𝑧𝑖  and prototype 𝑐𝑗, calculated as [16]: 

𝛿(𝑧𝑖 , 𝑐𝑗) = ∑ (𝑧𝑖𝑙 − 𝑐𝑗𝑙)
2

𝑙∈𝑛𝑢𝑚

+ 𝜆 ∑ ∥ (𝑧𝑖𝑙 ≠ 𝑐𝑗𝑙)

𝑙∈𝑐𝑎𝑡

 
(3) 

The implementation was carried out in R using the 

kproto() function from the klaR package. The 

optimal number of clusters k was determined using 

the elbow method, where the Total Within-Cluster 

Sum of Squares (TWSS) was plotted against varying 

𝑘 = 1,2,3, … , 𝑛 values to identify the point where 

adding more clusters yields diminishing returns. This 

method effectively grouped students into clusters 

with similar academic achievements and learning 

behaviors, allowing for a nuanced analysis of 

performance patterns. 

 

D. Cluster Evaluation 

To assess the quality of the clustering results, 

the Total Within-Cluster Sum of Squares (TWSS) 

was used as the main evaluation metric. TWSS 

measures the compactness of clusters by calculating 

the sum of squared distances between each data point 

and its respective cluster centroid or prototype [14], 

[15]: 

𝑇𝑊𝑆𝑆 =  ∑ ∑ ‖𝑥𝑖 − 𝜇𝑗‖
2

𝑥𝑖∈𝐶𝑗

𝑘

𝑗=1

 (4) 

Nnnn where 𝐶𝑗   the set of points in cluster 𝑗, 𝜇𝑗   
is the prototype of cluster 𝑗  and ‖𝑥𝑖 − 𝜇𝑗‖ is 

Euclidean distance for numerical attributes, with 

matching dissimilarity for categorical ones.  

The Elbow Method was applied by plotting 

TWSS against different values of 𝑘 (number of 

clusters). The optimal number of clusters was 

determined at the "elbow point" where a significant 

decrease in TWSS begins to level off indicating a 

balance between underfitting and overfitting. 

In addition to TWSS, each cluster was analysed 

descriptively by examining the mode of categorical 

attributes and the mean of numerical attributes, 

including GPA, SKS, and Likert-based behavioral 

indicators. This allowed for clear profiling and 

interpretation of each cluster’s characteristics. 
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III. RESULTS AND DISCUSSION 

A. Determination of the Optimal Number of 

Clusters 
To ensure an appropriate number of clusters for 

the K-Prototypes algorithm, the elbow method was 

employed by computing the Total Within-Cluster 

Sum of Squares (TWSS) for several values of k. This 

technique helps identify the point where increasing 

the number of clusters results in marginal gain, thus 

avoiding overfitting. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Figure 1. Elbow Plot for Determining the Optimal 

Number of Clusters Using The K-Prototypes 

Algorithm 

As depicted in Figure 1, the curve shows a sharp 

drop in TWSS when increasing the number of clusters 

from k = 2 to k = 3. Beyond this point, the TWSS 

value begins to plateau, indicating that further 

increases in the number of clusters would not 

substantially improve the clustering compactness. 

Therefore, k = 3 was selected as the optimal number 

of clusters, balancing model simplicity with accuracy. 

This choice provides sufficient differentiation among 

student profiles while avoiding fragmentation of 

homogeneous groups. 

 

B. Academic Performance Cluster Visualization 

The clustering process using k = 3 produced three 

distinct groups of students based on a combination of 

numerical and categorical attributes. To gain insight 

into how the clusters differ in terms of academic 

achievement, a scatter plot was constructed using 

GPA and total number of credits (SKS). 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Figure 2. Scatter plot showing clusters of 

students based on GPA and SKS. 

As shown in Figure 2, each point represents a 

student, colored by their respective cluster. The 

horizontal spread reflects GPA, while the vertical axis 

shows total SKS taken. The clusters exhibit the 

following patterns: 

a. Cluster 1 (Red): This group occupies the middle 

range in both GPA and credit load, representing 

students with moderate academic standing. Their 

progression is relatively stable but not 

exceptional. 

b. Cluster 2 (Green): Students in this cluster exhibit 

both low GPA and low SKS. These may include 

early-year students, those on academic leave, or 

those facing performance challenges. 

c. Cluster 3 (Blue): Students in this cluster have both 

high GPA and high credit accumulation. This 

group likely represents high-achieving students 

who are not only academically competent but also 

progressing efficiently through their coursework. 
This distribution provides evidence that the 

clustering structure captures real academic 
heterogeneity, segmenting students into meaningful 
categories aligned with their academic progress. 

C. Behavioral Profiles of Student Clusters 

To complement the academic segmentation, the 

study also investigated how each cluster differed in 

learning behaviors, study habits, and motivation, 

using self-reported indicators from the questionnaire. 

The average score of each behavioral item was 

computed per cluster and visualized in the bar chart 

below. 
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Figure 3. Comparison of behavioral and 

motivational indicators across student clusters. 

 

From Figure 3, it can be observed that: 

a. Cluster 1 shows moderate behavioral patterns, 

consistent with their academic standing. Their 

scores on indicators such as stress management, 

digital learning utilization, and goal-setting are 

average. This suggests a potential to improve 

outcomes through guided behavioral 

interventions. 

b. Cluster 2 displays lower behavioral and 

motivational scores. These students report fewer 

self-regulated learning strategies, lower use of 

educational technology, and weaker time/stress 

management. This may explain their low 

academic performance, highlighting the need for 

targeted academic coaching and psychological 

support. 

c. Cluster 3 not only excels academically but also 

scores highest across almost all behavioral 

indicators. These students demonstrate strong 

intrinsic motivation (e.g., high scores in “Saya 

termotivasi oleh cita-cita masa depan”), effective 

time management, and good coping strategies. 

This alignment reinforces the role of non-

cognitive factors in academic success. 

D. Education and Institutional Implications 

The three identified clusters offer actionable 

profiles for educational stakeholders. Recognizing 

that students differ not only in achievement but also 

in behavioral attributes allows institutions to tailor 

interventions more precisely. For example: 

1. Cluster 1 students may benefit from structured 

learning support, such as workshops on advanced 

study skills or reflective learning strategies. 

2. Cluster 2 students require early identification and 

possibly academic counselling, stress 

management support, and personalized learning 

pathways. 

3. Cluster 3 students could be engaged as academic 

ambassadors, peer mentors, or facilitators in 

collaborative learning environments. 

This study demonstrates that the integration of 

behavioral, cognitive, and academic variables in 

clustering analysis enhances the interpretability of 

student profiles. Moreover, it supports a data-driven 

approach in designing academic advising systems and 

policies for student success.The clustering process 

using k = 3 produced three distinct groups of students 

based on a combination of numerical and categorical 

attributes. To gain insight into how the clusters differ. 

 

IV. CONCLUSION 

This study applied the K-Prototypes clustering 

algorithm to group undergraduate students based on a 

combination of academic performance and 

behavioral characteristics. By incorporating both 

numerical attributes (such as GPA and credit load) 

and categorical factors (such as study program and 

year of entry), the clustering process provided a 

nuanced segmentation of student profiles. The 

optimal number of clusters was determined to be 

three, as indicated by the elbow method. The resulting 

clusters revealed distinct academic and behavioral 

patterns: Cluster 3 represented high-performing, 

well-regulated students; Cluster 1 included 

moderately performing students with average 

learning behaviors; and Cluster 2 comprised students 

with both low academic progress and weaker 

behavioral indicators. 

These findings underscore the importance of 

integrating behavioral data into academic analytics. 

They also highlight the potential for educational 

institutions to develop personalized support strategies 

that cater to the specific needs of each student group. 

In particular, early identification of at-risk students 

through behavioral profiling can inform timely 

interventions, while high achievers can be 

empowered as peer mentors to foster a supportive 

academic environment. Future research may explore 

longitudinal tracking of these clusters to evaluate 

their academic trajectories over time, or extend the 

model with additional psychological, socio-

economic, or engagement-related variables to further 

refine student typologies. 

 

V. RECOMMENDATIONS 

Based on the findings, it is recommended that 

FMIPA Universitas Negeri Medan implement 

cluster-based academic support strategies to address 

students' diverse academic and behavioral 

characteristics. Students in Cluster 1 may benefit 

from structured learning assistance and study skills 

development programs, while students in Cluster 2 

should receive more intensive academic guidance, 

motivational support, and time management training. 

Meanwhile, students in Cluster 3 could be 

encouraged to participate in peer mentoring programs 

and academic enrichment activities. 
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Furthermore, the integration of K-Prototypes 

clustering into academic monitoring systems could 

support more personalized and data-driven student 

assistance. Future research is recommended to 

incorporate additional variables, such as 

socioeconomic background and psychological 

factors, and to conduct longitudinal analyses to 

examine changes in student performance over time. 

Comparative evaluations with other clustering 

algorithms are also suggested to assess the robustness 

and effectiveness of the proposed approach. 
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