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Article Info Abstract

Article history The increasing need for data-driven decision-making in education has
encouraged the use of intelligent algorithms to evaluate and classify
student academic performance more effectively. However, differences in
algorithmic approaches often lead to variations in interpretation and
categorization outcomes. This study aims to compare the performance
of the K-Means and Fuzzy Tsukamoto algorithms in clustering student
Keywords: achievement data at SMP NU Medan to determine which method
provides a more accurate and interpretable classification model. The
research employs quantitative analysis using students’ semester grades
processed through Python and Microsoft Excel, where K-Means utilizes
centroid-based clustering (75, 85, and 95) and Fuzzy Tsukamoto applies
fuzzy logic with weighted membership values (o, 5, and 10). The results
reveal that K-Means produces a more proportional and stable clustering
structure, effectively differentiating student achievement levels within
the same population, while Fuzzy Tsukamoto offers a simpler, rule-
based classification system aligned with fixed academic standards. The
findings indicate that K-Means is more suitable for analyzing relative
performance variations, whereas Fuzzy Tsukamoto is better suited for
absolute classification and administrative evaluation. Both methods are
easily implemented and can be integrated into educational management
systems to enhance instructional decision-making. The study implies
that a hybrid combination of these two algorithms may provide a more
comprehensive  analytical framework for evaluating student
performance.
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1. Introduction

Education plays a centra role in developing high-quaity human resources and shaping a
nation’s competitiveness in the globa era. Within forma education systems, student academic
achievement serves as a key indicator of the success of learning processes and the overal quaity of
education in an institution (Tilak, 2021). Academic achievement reflects not only students’ cognitive
capacities but aso their affective and psychomotor development, which together form a comprehensive
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measure of learning outcomes (Anderson & Krathwohl, 2019). Effective anaysis of academic
performance enables educationa institutions to make evidence-based decisions that enhance
curriculum design, learning methods, and student support strategies (Han & Ellis, 2020). SMP NU
Medan, as a developing junior high school in Indonesia, faces chalenges in managing increasingly
complex academic data due to the rising number of students each year. The accumulation of academic
data across subjects and semesters requires an anaytica model capable of identifying meaningful
patterns (Kurniawan et a., 2022). However, most schools still rely on manua approaches or descriptive
statistics that cannot capture deeper insights (Riza & Putri, 2021). To improve educationa management,
it is necessary to integrate information technology and data-driven techniques into academic
evauation systems (Suhendar & Rahman, 2020). The use of data mining in educationa contexts—often
referred to as Educationa Data Mining (EDM)—has been widely recognized as a promising approach
for anayzing large datasets and uncovering hidden knowledge in student performance data (Romero
& Ventura, 2020; Baker et a., 2021). EDM alows institutions to transform raw academic data into
actionable insights that support strategic planning and decision-making (Dutt et a., 2019).

Among various data mining techniques, clustering has emerged as one of the most useful for
grouping data based on similarities in characteristics (Jain, 2010). Clustering is categorized as an
unsupervised learning approach because it does not rely on predefined class labels but instead
identifies structures or patterns that naturaly exist in the data (Han et a., 2022). One of the most
popular clustering agorithms is K-Means, known for its simplicity, computationa efficiency, and ability
to handle large datasets (MacQueen, 1967; Hartigan & Wong, 1979). The agorithm partitions data into
k clusters by minimizing the distance between data points and the centroid of each cluster (Lloyd,
1982). In the context of education, K-Means can be used to group students based on academic
performance indicators, thereby helping teachers identify students who excel or require additiona
support (Agustin et a., 2021). The results of clustering can serve as the basis for designing personaized
learning strategies tailored to students’ specific learning needs (Sembiring et a., 2020). However,
despite its effectiveness, the K-Means agorithm assumes that each data point belongs exclusively to
one cluster, which may not fully reflect the complexity of human academic performance (Wagstaff et
a., 2001). In reaity, students’ abilities are often continuous and overlapping—some students may
exhibit characteristics that lie between “medium” and “high” performance categories (Rasmani & Shen,
2006). This limitation suggests the need for an aternative or complementary method capable of
modeling such uncertainty in data interpretation (Kusumadewi & Hartati, 2010).

Previous studies have demonstrated the potentia of K-Means in anayzing educationa datasets,
yet they aso highlight severa research gaps. For example, Agustin, Kurniawati, and Heriyanto (2022)
applied the K-Means agorithm to determine enrichment groups for nationa exam subjects, finding that
the method effectively grouped students based on performance levels. However, their study was
limited to nationa exam scores and did not incorporate subject-level data. Similarly, Priyatman et a.
(2020) utilized K-Means for predicting student graduation times using GPA data, while Dacwanda et
a. (2021) implemented K-Means to anayze knowledge and skills vaues, forming three clusters—smart,
average, and sufficient—with 10.15% inter-cluster transition. Although informative, these studies
largely focus on aggregated data and neglect contextua variations across individua subjects. Moreover,
K-Means’s hard partitioning structure prevents it from capturing the subtle gradations of academic
performance (Chen et a., 2021). In contrast, fuzzy logic-based methods such as Fuzzy Tsukamoto offer
an aternative that incorporates degrees of membership, alowing data points to belong partialy to
multiple clusters (Tsukamoto, 1979). The Fuzzy Tsukamoto method models linguistic variables and
applies a rule-based system with monotonic membership functions to produce interpretable results
(Kusumadewi & Purnomo, 2013). Therefore, combining K-Means and Fuzzy Tsukamoto in a
comparative study can potentialy provide more comprehensive insights into the distribution and
dynamics of student achievement (Setiawan et a., 2022).

This study aims to address the identified research gaps by developing a comparative anaytica
model that integrates K-Means clustering and the Fuzzy Tsukamoto method to anayze academic
achievement data of students at SMP NU Medan. The main research questions include: (1) How can

Comparison of K-Means Clustering and Fuzzy Tsukamoto Algorithms for Grouping Student Data of
NU Medan Middle School Based on Academic Achievement (Abdul Rasyid Pahlevi, et al)



135 o p-ISSN 2086-7867 e-ISSN 2808-9170

student academic data be effectively grouped using K-Means and Fuzzy Tsukamoto agorithms? (2)
Which method yields more accurate and interpretable results for educationa decision-making? and (3)
How can the clustering results contribute to improving the quaity of learning and educationa
management at SMP NU Medan? The objectives of this research are to (a) implement and compare
the two methods on subject-level academic data, (b) evauate the accuracy and interpretability of
clustering outcomes, and (c) provide actionable recommendations for teachers and administrators in
enhancing educationa strategies. The study’s novelty lies in its contextua focus on SMP NU Medan and
its subject-level data anaysis, rather than aggregated GPA, as well as in its use of a soft clustering
approach (Fuzzy Tsukamoto) to handle uncertainty in student performance categorization (Huda et
a., 2023). By integrating quantitative data anaysis with pedagogica interpretation, this study aims to
bridge the gap between data-driven insights and educationa practice (Romero & Ventura, 2020;
Hidayat et a., 2022).

Conceptualy, the research follows a logica flow that begins with the collection of students’
academic achievement data per subject, which is then processed using both K-Means and Fuzzy
Tsukamoto agorithms. The results of both clustering methods are compared in terms of accuracy,
interpretability, and their implications for educationa management. Through this comparative
framework, the study seeks to demonstrate how data mining techniques can transform raw academic
data into actionable insights that support evidence-based educationa decisions (Witten et a., 2017).
The integration of fuzzy logic alows for a more flexible and reaistic representation of students’
performance levels, accommodating the inherent uncertainty in academic assessment (Zadeh, 1996).
This approach is expected to assist schools in identifying student groups requiring intervention,
designing adaptive learning programs, and optimizing resource alocation (Sembiring et a., 2020;
Kusumadewi & Hartati, 2010). Ultimately, the contribution of this research lies in providing a practica
and methodologica framework for schools to leverage data mining techniques—particularly the
integration of K-Means and Fuzzy Tsukamoto—in improving the quaity of educationa decision-
making and supporting continuous learning improvement (Han et a., 2022; Baker et a., 2021).

2. Research Methodolgy
The research phase in comparing the agorithmic K-Means clustering in Fuzzy Tsukamoto to group
students' data based on academic achievement is carried out by collecting data on the vaues of SMP
NU Medan students from semester 1 to semester 4, which are then processed in preprocessing stages
such as data cleaning and caculating the vaues of each student's caculations. This research aims to
compare the performance of the agorithmic K-Means Clustering in Fuzzy Tsukamoto in grouping
students' data based on academic achievement. The research flow includes:
1. Data Collection
Data for NU Medan Middle School students is collected from semester 1 to semester 4. Data
includes the vaues of each study group, which will become input variables for subsequent
processing.
2. Data Preprocessing
This process includes:
a. Data cleaning to remove blank vaues, duplicates, and invaid data.
b. Caculation of the vaues per study group for each student.
c. Data normaization to normaize the attribute vaues so that no vaid vaues dominate
the processing process.
3. Determining Criteria & Parameters
a. Determine the number of clusters according to the grouping objective, generaly three
categories: High Achievement, Medium Achievement, and Low Achievement.
b. Determine agorithm parameters, such as the centroid vaue for K-Means or the Fuzzy
Tsukamoto membership function.
4. Process with K-Means Algorithm
a. Initiaize the initia centroid points.
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b. Caculate the path of each point to al centroids.
c.  Group the points into clusters using the closest path
d. Baance the centroid positions based on the cluster member vaues.
e. Repeat until the centroid positions are stable (converged).
f.  Repeat the process until the cluster is baanced.
5. Process with Fuzzy Tsukamoto Algorithm
a. Fuzzy caculation: find the vaues of the student vaues into linguistic sets (Low, Middle,
High).
b. Baance the IF-THEN equations that have been determined.
c. Inference: Caculate the predicate al-in vaue (p) for each equation and determine the crisp
parsimony/z-vaue (o).
d. Defuzzification using weighted ratios to produce the fina performance score.
e. Assign scores to performance categories according to the baance equations.
6. Hasil Anaysis & Comparison

a. Baancing the K-Means clustering equation in Fuzzy Logica Modeling using evauation
metrics such as the Silhouette Coefficient, Cohen's Kapa, and the Al-Adjusted Rand Index.

b. Interpretasikan perbedaan hasil untuk melijat kelarian dan kelemahan masing-masing
methods dalam teksta siswa.

K-Means Stages

1.

Determining the Number of Clusters (K)

First, the researcher determined the number of clusters (K) used in the interna grouping of
NU Medan Middle School students. Based on the research objective of grouping students
based on academic achievement, three clusters were selected: students with high, medium,
and low academic achievement. The selection of the K = 3 vaue was based on pedagogica
considerations in the genera pattern of academic classification used in schools, so that the
interna grouping results would be easier for school officias to interpret.

Determining the Centroid

After the number of clusters is determined, the next step is to select three centroids from the
student vaues of NU Medan Middle School. The vaues used include core subject vaues such as
Mathematics, Indonesian Language, English Language, and IPA from semesters 1 to 4. Each
centroid represents a student group with certain vaue characteristics, which then become a
key element in the clustering process.

Caculating Each Student's Path to the Centroid

At this stage, each student's path is caculated by comparing the centroids using the Euclidean
Distance formula. For example, if a student has high grades in al subjects, their path is likely
to be closer to the centroid of the high-achieving group. This process is carried out for al
students at NU Medan Middle School, so that each student's path is identified using the
predetermined clusters. 2. Grouping Students into the Nearest Cluster

Based on the path caculation, each student at NU Medan Middle School is then grouped into
the cluster that has the path closest to the centroid vaue. For example, students with
consistently high academic achievement scores fal into the high achievement cluster, while
students with fluctuating low academic achievement scores fal into the low achievement
cluster. This grouping provides a genera overview of the distribution of academic achievement
within the school environment.

Recaculating the Centroid of Each Cluster

After the initia grouping is complete, the centroid of each cluster is recaculated. This process
involves caculating the relative vaues of al students in each cluster. For example, a cluster with
many high-achieving students will produce a new centroid with high relative vaues. This
process is important to adjust the centroid position to be more representative of the group
members at SMP NU Medan.

Repeating the Process Until No Cluster Changes
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The fina step is to repeat the process of caculating paths, grouping, and changing centroids
until no more students change clusters, and with each cluster, the grouping process is stable.
In the context of NU Medan Middle School students, this process is carried out until al
students remain in the same achievement group over severa consecutive iterations. This fina
step is then used as an anaysis to see the distribution of students based on the achievement
category.

3. Results and Discussion

The implementation of the K-Means agorithm for the grade IX students resulted in grouping into
three categories, namely Low, Medium, and High, according to the nearest centroid (75, 85, and 95).
The caculation process was carried out by caculating the ratios of each student from semester I to 1V,
then the ratios became the fina vaue. This fina vaue is used as a basis for determining the cluster. From
the caculation results, it can be seen that most of the students in the Middle category, with their vaues
centered around the centroid of 85. The grouping results show that the High category is filled by
students with vaues around the centroid of 87, such as Syarifah Diza Al-Priyani, Sri Rindiyani Hafizai,
and Al-Priyani Kartini. Meanwhile, the Low category is filled by students with vaues around the
centroid of 80, such as Zais Revan Al-Bimanyu, Nurul Cahya Ramadhani, and Safira Mulhimai. Adapun
students who are not completely, such as Radit Arya Pranata Saragih, are automaticaly categorized as
“Not completely” and not completely mapped into clusters. Thus, the implementation of the K-Means
program is able to provide a more objective picture of the distribution of student achievement based
on the vaues of the Average.

A El ¢ ) ; i G - [ L " N 0 P

1 NAMA SISWA | PALAVG [PPIN AVGIDONESIA AEMATIKA | 1PA AVG | 1PS_AVG NGGRSS A 8UDAYA |Psok AVGlAxARYA AllQRA AVG| TIK AVG | RATA RATA |KATEGORI|
2 Abdul Rayhan 845 8 82 825 825 84 8275 8525 8525 8525 8425 8675 84,14583333 Sedang
3 ANraAmelia 865 85 8 8375 8 85 8575 8875 8 88 8475 87,25 8589583333 Sedang
4 Bram Wibowo 8475 865 8 8275 8475 8175 865 8475 8575 855 8 8675 8564583333 Sedang
5 Chirul Rifai 845 85 83 8375 8425 8425 85 8375 855 8675 8475 8855 84,75 Sedang
& Iqbal Ramadhan 8275 8475 815 8125 8175 8 #25 8375 8475 845 8325 855 8327083333 Sedang
7 Kayla Apritia Br. Siagian 85 8625 855 82 8075 855 8725 8675 8575 87 845 895 8547916667 Sedang
8 MRezafahlew Siregar 835 8675 185 835 80 84 8175 8525 8435 84 8275 8725 8354166667 Sedang
9 MZidan Al Katiry Nasution 825 8375 80 8175 ;) 8 8075 845 835 8525 83 855 8279166667 Sedang
10 Marsha Sabina 845 8325 795 805 8025 83 85 85 8525 8 8375 865 8333333333 Sedang
11 Nuryl Cahya Ramadhan 85 175 7625 7 8 T5 805 715 7625 8125 81 8075 79,14583333 Rendah
12 Puan Bunga Aurelie 89 85 865 8475 8L)S 88 8925  #85 885 88 88 87,25 8758166667 Sedang
13 Rasya Dwita Maitin Larosa 8575 835 83 &5 8475 8475 845 855 8525 8525 M5 8175 84,75 Sedang
14 Rend| Ramadhan 835 8325 % 81LS 805 8375 82 8475 84S 8 8375 86 83,125 Sedang
15 Resa Aulia Waruwy 8325 8 855 83 8175  ®5  B125 835 8125 8275 225 6275 76,5625 Rendah
16 Rifal Aig Fabvi 81,25 815 7875 7875 1925 8 805 7825 815 8125 625 65 77,54166667 Rendah
17 SakaSyahridho 8625 8725 865 84 865 8675 865 89 8575 815 855 875 8566665657 Sedang
18 Satya Dwipi Faces 82 5 71925 8125 79 875 825 8 84 8425 825 8575 8254166667 Sedang
19 Tio Ardiansyah 725 8 7 79 7925 n 7 % 7675 % 135 7325 76,5 Rendah
20 un Saginah 8 865 855 8375 87 8 8725 885 815 8875 88 8125 87 Sedang
21 Zais Revan Abimanyy 81,75 8325 7975 7925 845 8325 875 7825 855 85 625 6625 7933333333 Rendah
22 ApriliaKartinl 8 8 895 87 8575 885 885 9175 895 885 835 835 8751666667 Sedang
23 Cintiya Arista Putri 8 88 8425 8475 8525 86 8 87 88 8425 8425 885 85,6875 Sedang
24 Fitri Aufia Ramadani 8 8.3 3 % 7675 755 % M5 7675 1825 7% 79 7657916667 Rendah
25 lan Ramadan Siahaan 8275 8675 815 795 8125 85 8375 8575 8575 87 8275 8575 8351665667 Sedang
26 Nabila Natasya 8325 8575 845 8525 83,75 8 8475 8725 8775 875 825 8575 8533333333 Sedang
27 Nawan Dwi Okto 8225 8625 8025 7925 8075 825 83 8575 845 8675 8225 8225 8257916667 Sedang
25 Radit Arya Pranata Ssragih Data tidak lengkap
29 Rakha Aldiansyah 8325 8775 83 8175 815 82 84 8725 895 8675 845 8625 84,79166667 Sedang
30 Rasya Akbar 83 8675 8,75 80 8275 8425 8 8725 88 88 82 8825 84383333333 Sedang
31 SafiraMulhimah 8825 8175 7,05 1875 1875 475 7,35 765 715 165 77 715 7852083333 Rendah
32 Saskia Uvia Ramadhani 8575 895 8875 8525 8625 87 8175 92 8975 %025 8575 87 87,91666667 Sedang
33 5l Rindiyani Hafzah 825 835 88 85 8575 815 8325 92 8925 2 85 87 88 Sedang
34 Susifo Darmawan 8225 8175 8075 7975 81 82 8275 8525 8125 8125 ) 86 83,75 Sedang
35 Syah Diza Aprillia 85 8725 885 865 8775 885 8875 925 8925 895 8525 89 8827083333 Sedang
36 Abib Bin Razad 8425 825 7625 195 80 45 % MIS M5 7S 79 155 7833333333 Rendah
37 Rio Kadafi Nasution 855 8825 855 8075 8 85 8 8% 815 8125 85 86 8547916667 Sedang
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A B C

1 [ Namasiswa | RATA_RATA | KATEGORI
2 Syah Diza Aprillia 88,27083333 Sedang
3 Sri Rindiyani Hafizah 88 Sedang
4 ApriliaKartini 87,91666667 Sedang
5 SaskiaLliviaRamadha 87,91666667 Sedang
6 Puan BungaAurelie 87,54166667 Sedang
7 Uun Saginah 87 Sedang
8 SakaSyahridho 86,66666667 Sedang
9 AiraAmelia 85,89583333 Sedang
10 Cintiya Arista Putri 85,6875 Sedang
11 Bram Wibowo 85,64583333 Sedang
12 Rio Kadafi Nasution 85,47916667 Sedang
13 Kayla Aprilia Br. Siagi: 85,47916667 Sedang
14 Nabila Natasya 85,33333333 Sedang
15 Rasya Akbar 84,83333333 Sedang
16 Rakha Aldiansyah 84,79166667 Sedang
17 Rasya Dwika Mailin L 84,75 Sedang
18 | Chirul Rifai 84,75 Sedang
19 Abdul Rayhan 84,14583333 Sedang
20 lan Ramadan Siahaan 83,91666667 Sedang
21 'Susilo Darmawan 83,75 Sedang
22 MReza Fahlevi Sirega 83,54166667 Sedang
23 MarshaSabina 83,33333333 Sedang
24 Igbal Ramadhan 83,27083333 Sedang
25 Rendi Ramadhan 83,125 Sedang
26 Nawan Dwi Okto 82,97916667 Sedang
27 MZidan Al Katiry Nas 82,79166667 Sedang
28 Satya Dwipi Farezi 82,54166667 Sedang
29 Zais Revan Abimanyu 79,33333333 Rendah
30 Nurul Cahya Ramadh: 79,14583333 Rendah
31 Safira Mulhimah 78,52083333 Rendah
32 Abib Bin Razad 78,33333333 Rendah
33 Rifal Algi Fahri 77,54166667 Rendah
34 Fitri Aulia Ramadani 76,97916667 Rendah
35 RezaAulia Waruwu 76,5625 Rendah
36 Tio Ardiansyah 76,5 Rendah
37 Radit Arya Pranata Saragih Data tidak lengkap

Figure 1 Kmeans Agorithma Clustering Results

A. Results of the Tsukamoto Fuzzy Algorithm Implementation with the Program

The implementation of the Tsukamoto Fuzzy Algorithm was carried out by taking the ratios
of each subject's scores from Semesters I to IV, then caculating the overal ratios to determine student
achievement categories. Based on the caculated fuzzy agorithm, ratios below 60 are categorized as Low
(weight o), scores between 60 and 79 are categorized as Medium (weight 5), and scores above 80 are
categorized as High (weight 10). The results of the data processing using the program indicate that
most students are included in the High category with a weight of 10, while some students are included
in the Middle category with a weight of 5, and only a few are classified as Low.

The implemented program successfully provided a more robust category change compared to
K-Means, where the fuzzy naturaistic caculus directly assigned the vaues of the ratios to a certain
weight. From the results, it was seen that students with ratios in the 80-80 range were consistently
categorized as High, while students with ratios in the 60-79 range were included in the Medium
category. With this approach, Fuzzy Logic provides a classification system that is easy to understand
and in accordance with the predetermined fuzzy logic, making it easier for schools to group students'
achievement levels.

Comparison of K-Means Clustering and Fuzzy Tsukamoto Algorithms for Grouping Student Data of
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1 NAMASISWA PALAVG |PPKN_AVGOONESIA_AEMATIKA | 1PA AVG | 1PS AVG JNGGRIS_A] BUDAYA JPIOK AVGAKARYA_AfiQRa AVG| TIK AVG | RATA_RATA |karecont| sosor |
2 AbdulRayhan 5 8 & 8225 85 84 8295 8525 8625 8525 8425 8675 §,14583333 Tingg 10
3 AraAmelia 85 8 83 835 8 8 8575 8875 88 88 8475 825 85,89583333 Tingg) 10
& BramWibowo 8475 865 87 875 8475 8175 865  B4TS 8575 855 85 8675 8564583333 Tinggl 10
5 Chirul Rifa 85 85 83 8375 8425 8425 85 8375 855 8675 8475 865 84,75 Tingg) 10
& Igbal Ramadhan 8275 8475 815 8125 81,75 83 85 8IS 8475 45 8335 855 $3,27083333 Tinggi 10
7 KaylaApriliadr. Sizgian 8 8625 855 & 8075 855 8125 8675 8575 & 84S 895 85,47916667 Tingg) 10
& MReaFahled Siregar 85 875 185 835 80 84 815 8625 8425 84 8275 8125 83,54166667 Tingg 10
9 MZdan Al Katiry Nasation 825 8375 80 8195 79 84 8075 845 835 855 8 855 82,79166667 Tingg 10
10 Marsha Sabina 85 8325 195 805 8025 8 835 85 8525 8 8375 865 83,33333333 Tinggi 10
11 Nurul Cahya Ramadhani & M5 M2 18 78 MS 85 TS 7625 825 81 8075 79,14583333 Tingg) 10
12 Puan BungaAurelie 8 85 865 8475 8175 88 8925 885 885 8 88 8125 87,54166667 Tinggi 10
13 RasyaDwika Mallin Larosa 8575 835 B3 825 8475 8475 845 855 8525 8525 845 815 84,75 Tinggi 10
14 RendiRamadhan 85 825 79 815 805 85 82 M5 845 8 875 8 83,125 Tingg) 10
15 Reza Aulia Waruwy 8325 8 85 8 8,75 825 815 835 825 875 2B 615 76,5625 Sedang 5
16 Rifal NgiFahri 8125 815 7875 7875 1925 82 805 7825 815 L 65 65 7754166667 Sedang 5
17 SakaSyahridho 825 8125 85 84 865 8675 85 89 8675 815 855 815 8666666667 Tingg 10
18 Satya OwipiFared @ 85 M5 8135 79 895 825 0 8 8 8425 RS 8BS 82,54166667 Tinggi 10
19 Tio Ardiansyzh 7M. 8% 15 19 W™ M W W I % 1SS M 76,5 Sedang 5
20 Uun Saqinah 8 855 855 835 8 88 8125 885 815 8875 88 8125 87 Tingg) 10
21 ZaisRevan Abimanyu 875 8325 7975 7925 845 8325 8275 7825 855 8 625 6625 7933333333 Tingg 10
20 ApriliaKaetini 8% 89 895 &7 8575 885 85 9175 895 885 835 895 87,91666667 Tingg 10
23 Cintiya AvistaPutri 8 88 8425 8475 8525 8 8 8 88 8425 8425 865 85,6875 Tinggl 10
24 Fitr Aulia Ramadani @ &2 15 19 3 55 M MB WB MWH MM 7697916667 Sedang 5
25 lan Ramadan Sishaan 8275 8675  BLS 795 81,25 835 8375 8575 8675 87 8275 8575 83,91666667 Tingg) 10
26 NabilaNatasya 8325 8575 845 8525 8375 8 8475 8135 8175 815 825 8575 §5,33333333 Tingg 10
27 Nawan Dwi Okto 8225 8625 8025 7325 8075 825 83 8575 845 8675 8225 8225 82,97916667 Tingg) 10
28 Radit AryaPranata Saraghh Datatidaklengkap
29 RakhaAldiansyzh 8325 #1725 8 875 85 8 84 8125 895 8675 845 8625 84,79166667 Tingg) 10
30 Rasya Akbar 83 8675 8,75 80 875 8425 8 8125 88 88 8 882 84,83333333 Tinggl 10
31 SafiraMulhimah 825 8175 TS 7875 WIS W) MBS NS S M 7S 78,52083333 Sedang 5
32 Saskia Livia Ramadhani 8575 895 8875 8525 8525 8 8115 92 8995 %25 875 & 87,91666667 Tingg 10
33 Sri Rindiyani Hafizzh 825 885 8 85 8575 85 885 % 825 92 & 8 88 Tingg) 10
34 Susilo Darmawan 825 815 8075 7975 81 B 875 8525 8125 825 83 86 83,75 Tingg) 10
35 Syah Dizaprillia 85 8725 885 865 8175 885 8875 925 8925 895 8525 89 88,27083333 Tinggi 10
36 Abib Bin Razad #25 85 6B WS 80 WS % TS MS MB WIS 7833333333 Sedang 5
85 8825 855 875 8 8 8 8 815 8235 8 8 8547916667 Tinggl 10

37 Rio Kadafi Nasution
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A B C D E
1| NAMA SISWA | RATA_RATA | KATEGORI | Bosor |
2 Syah Diza Aprillia 88,27083333 Tinggi 10
3 Sri Rindiyani Hafizah 88 Tinggi 10
4 ApriliaKartini 87,91666667 Tinggi 10
5 Saskia Livia Ramadhani 87,91666667 Tinggi 10
6 Puan BungaAurelie 87,54166667 Tinggi 10
7 Uun Saginah 87 Tinggi 10
8 SakaSyahridho 86,66666667 Tinggi 10
9 AiraAmelia 85,89583333 Tinggi 10
10 Cintiya Arista Putri 85,6875 Tinggi 10
11 Bram Wibowo 85,64583333 Tinggi 10
12 Rio Kadafi Nasution 85,47916667 Tinggi 10
13 KaylaAprilia Br. Siagian 85,47916667 Tinggi 10
14 Nabila Natasya 85,33333333 Tinggi 10
15 RasyaAkbar 84,83333333 Tinggi 10
16 RakhaAldiansyah 84,79166667 Tinggi 10
17 RasyaDwika Mailin Larosa 84,75 Tinggi 10
18 Chirul Rifai 84,75 Tinggi 10
19 Abdul Rayhan 84,14583333 Tinggi 10
20 lan Ramadan Siahaan 83,91666667 Tinggi 10
21 Susilo Darmawan 83,75 Tinggi 10
22 MReza Fahlevi Siregar 83,54166667 Tinggi 10
23 Marsha Sabina 83,33333333 Tinggi 10
24 Igbal Ramadhan 83,27083333 Tinggi 10
25 Rendi Ramadhan 83,125 Tinggi 10
26 Nawan Dwi Okto 82,97916667 Tinggi 10
27 MZidan Al Katiry Nasution 82,79166667 Tinggi 10
28 Satya Dwipi Farezi 82,54166667 Tinggi 10
29 ZaisRevan Abimanyu 79,33333333 Tinggi 10
30 Nurul Cahya Ramadhani 79,14583333 Tinggi 10
31 SafiraMulhimah 78,52083333 Sedang 5
32 Abib Bin Razad 78,33333333 Sedang S
33 Rifal Algi Fahri 77,54166667 Sedang 5
34 Fitri Aulia Ramadani 76,97916667 Sedang 5
35 RezaAulia Waruwu 76,5625 Sedang 5
36 Tio Ardiansyah 76,5 Sedang )
37 Radit Arya Pranata Saragih Data tidak lengkap

Figure 2 Results of Algorithm Grouping Fuzzy Tsukamoto

B. Discussion of Comparison of K-Means and Fuzzy Tsukamoto Results

The comparison of the K-Means agorithm with Fuzzy Logic shows the fundamenta differences
in the concept of the output that is being processed. The K-Means agorithm works with the principle
of unsupervised clustering based on the Euclidean path, so that the position of the centroid
corresponds to the distribution of the students. With centroid parameters of 75, 85, and 95, the
clustering divides the students into three groups (Low, Middle, High) more proportionaly. In contrast,
the Fuzzy Tsukamoto agorithm uses a simple linguistic agorithm based on the weight of the vaues,
namely <60 as Low (weight 0), 60-79 as Medium (weight 5), and =80 as High (weight 10). With this
agorithm, the categorization becomes more precise, as the categorization is not affected by the
distribution of vaues, but is entirely determined by the weight of the vaues applied.

In terms of the distribution of the hasil, K-Meas is more baanced because students with rations
around 84-86 in the Middle category and more close to the centroid 85. Meanwhile, Fuzzy Tsukamoto
directly categorizes al students with rations =80 into the High category. This hal is seen in the example
of three students, namely Abdul Rayhan (84.1), Aira Amelia (85.9), and Chirul Rifai (84.8), which by
K-Means are categorized into the cluster of rena position near the centroid 85, while by Fuzzy
Tsukamoto are categorized as high rena vaue passing through the batas =80. Thus, K-Means is more
flexible in grouping the distribution based on the distribution, while Fuzzy Tsukamoto provides a
simpler classification in accordance with the specified natura.
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Concept Comparison

Aspek K-Means Fuzzy Tsukamoto

Theoretica Unsupervised  clustering based on Simple fuzzy inference based on
Basis Euclidean distance. linguistic rules.

Parameters Initia centroid (75, 85, 95). Cutoff rule (60, 79, 80).

Cluster Results

Can "adjust" the centroid to the actua data;
for example, the Medium cluster averages
around 84-8s.

The resulting category is fixed
according to the rule; al scores =80
are automaticaly High.

More baanced (some students are in the .
Almost al students are categorized

Student Medium cluster even though their scores wppe o
A as "High" because the average
Distribution are 84-8s, because they are closer to the 85 . .
. score in the dataset is above 8o.
centroid).
. . igid: Fix ffs of 60— >
Data Flexible: if many students score 70-75, the Rig d ed cutotis o 60-79 & =80
f Sy despite the imbaanced data
Sensitivity lower centroid will shift. S
distribution.
Output Cluster ID + category + fina centroid. Linguistic - categories +  discrete

weights (o, 5, 10)

Perbandingan Hasil (3 siswa)

Name Average K-Means (cluster) Fuzzy Tsukamoto
Abdul Rayhan 841 Moderate (C2 near 8s) Tal (=80 — 10)
Aira Amelia 85.9 Moderate (C2 ~85) Tal (=80 — 10)
Chirul Rifai 84.8 Moderate (C2 ~85) Tal (=80 — 10)

K-Methods can classify students with scores around 84-86 as Middle, while the centroid for
High (95) is too far. Fuzzy Tsukamoto immediately categorizes al scores =80 as High, even though it
takes into account the relative distribution of students. So the conclusion is that if the goa is to group
relatively close friends within the same class, K-Methods is more suitable, it can distinguish “Middle
vs High” even though al scores are high. Jika tujuanmu klassifikasi mutlak berdasar standar nilai Fuzzy
Tsukamoto lebih cocok, karena aturan sudah jelas (cut-off =80 = Tinggi).

Discussion

The comparative analysis between the K-Means and Fuzzy Tsukamoto algorithms in
clustering student academic achievement at SMP NU Medan reveals significant methodological and
conceptual differences that influence the interpretation and applicability of the results in educational
management. The implementation of the K-Means algorithm produced three main clusters—Low,
Medium, and High—based on centroid positions at 75, 85, and 95, respectively. The calculation process
used the average ratio of each student’s scores from semesters I to IV, resulting in a distribution where
most students fell into the Medium category with values centered around the centroid of 8s. This
indicates that K-Means effectively represents the relative performance distribution among students,
offering a flexible clustering structure that adjusts according to data density. In contrast, the Fuzzy
Tsukamoto algorithm categorized students into three linguistic groups—Low (<60), Medium (61-79),
and High (=80)—based on fuzzy membership rules and assigned corresponding weights of o, 5, and
10. The results showed that most students were classified into the High category due to the overall
high score distribution, reflecting the deterministic nature of the fuzzy-based rule system. While K-
Means demonstrates adaptability to data variations and provides a more balanced representation of
clusters, Fuzzy Tsukamoto offers greater interpretability and simplicity by establishing clear, rule-
based thresholds. From a decision-making perspective, K-Means is more appropriate for identifying
relative performance differences within a cohort, enabling teachers to design differentiated
instructional strategies for groups that fall near specific centroids. Meanwhile, Fuzzy Tsukamoto is
more suitable for absolute classification based on predetermined performance standards, making it
useful for administrative evaluations such as determining eligibility for awards or interventions. Thus,
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both algorithms have complementary strengths: K-Means excels in detecting data-driven group
patterns, while Fuzzy Tsukamoto enhances transparency and ease of interpretation. The combination
of these two methods can provide a more comprehensive analysis framework that not only identifies
performance clusters but also translates them into actionable insights for educational decision-
making, aligning with the school’s goal of improving teaching quality and optimizing student
development strategies through data-based approaches.

4. Conclusion

Based on the comprehensive analysis, calculation, and program implementation using the K-Means and Fuzzy
Tsukamoto algorithms in clustering student academic achievement at SMP NU Medan, it can be concluded that
both approaches offer complementary strengths in educational data analysis and decision-making. The K-
Means algorithm effectively grouped students into three achievement categories-Low, Medium, and High-
based on predetermined centroids (75, 85, 95), demonstrating its capability to identify relative performance
clusters with proportional and stable centroid distributions. This adaptive characteristic enables more precise
differentiation among students, particularly those whose average scores fall near cluster boundaries, providing
valuable insights for individualized learning strategies. Conversely, the Fuzzy Tsukamoto algorithm, utilizing
simple fuzzy weights (0 for Low, 5 for Medium, and 10 for High), offers a rule-based classification system that
emphasizes interpretability and aligns with fixed academic performance standards. Empirical testing revealed
that most students with average scores above 80 were automatically classified as “High” with a fuzzy weight
of 10, reflecting the algorithm’s deterministic and threshold-based nature. The comparative findings suggest
that K-Means is more suitable for assessing relative performance within heterogeneous student populations,
while Fuzzy Tsukamoto is more effective for absolute performance evaluation and administrative assessments.
In practical application, both algorithms can be efficiently implemented using accessible tools such as Excel
and Python, facilitating their integration into school data management systems. The implications of this study
underscore the potential of combining data-driven clustering and fuzzy logic approaches to enhance
educational analytics, support data-informed instructional planning, and improve student performance
evaluation. However, this study’s limitation lies in its use of data from a single institution, which may affect
the generalizability of results. Future research should explore hybrid or ensemble-based clustering models
across multiple schools and diverse datasets to strengthen robustness, improve predictive accuracy, and develop
adaptive frameworks that can better capture dynamic learning patterns in broader educational contexts.
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