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Abstract

The development of information technology requires students majoring in informatics
engineering to master web programming as one of the core competencies of the study program.
Variations in students' ability to understand the material are reflected in significant differences
in grades, so an objective analysis approach is needed to determine the ability of students. This
study aims to group students based on academic grades in Web Programming courses using the
K-Means algorithm. The data analyzed includes 1-3 assignment grades, attendance, UTS, and
UAS from 32 students in the Department of Informatics Engineering, University of Papua. The
research stages include preprocessing, data normalization, and clustering process using
Orange Data Mining tools. Determination of the optimal number of clusters is done using the
Silhouette Score method, and the best results are obtained at K = 4 with a Silhouette Score
value of 0.513 which indicates a good cluster structure. The clustering results show that Cluster
1 has the highest score with a final score ranging from 0.93-1 with an Excellent score category
consisting of 8 students, Cluster 2 with a Poor score category consists of 10 students with a
final score range of 0.23-0.61, then Cluster 3 with a Good score category consists of 10
students with a Final score of 0.78-0.87 and Cluster 4 with a Fair score category consists of 4
students with a score range of 0.64-0.75. The results of this study provide information about the
distribution of student abilities and can be the basis for improving learning strategies in the
future.
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1. Introduction

The rapid development of information technology requires students majoring in informatics
engineering to master competencies in web programming as one of the key skills in the digital
industry. Web programming courses are an important foundation in the curriculum because they
are applicable and become the basis for developing web-based systems in the world of work.
However, students' understanding of the material is a big challenge for lecturers in adjusting
teaching methods. (Maulana et al., 2024) This phenomenon is often seen from the results of
learning evaluations which show significant variations in scores between students, ranging from
those who really master the material to those who still have difficulty in understanding basic
concepts. This condition indicates the need for a more comprehensive evaluation of learning
methods, where analysis of student grades can be an objective basis for assessing the
effectiveness of the teaching strategies applied. This wide variation in academic achievement
indicates that there is a need for evaluation in learning methods so that in the future the applied
learning methods can reach all levels of student abilities.
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To address this learning evaluation challenge, the K-Means algorithm was chosen as the
solution in this study due to its ability to cluster data efficiently. This clustering capability is
very relevant to objectively analyze the distribution of student grades so that it can be the basis
for assessing the effectiveness of teaching strategies. As one of the popular unsupervised
learning algorithms, K-Means works by partitioning data into clusters based on the similarity of
student academic grade characteristics. The algorithm follows an iterative process consisting of
randomly determining the initial centroid, calculating the distance of each data point to the
centroid using Euclidean distance and updating the centroid position until convergence. The
main advantage of K-Means lies in its simplicity of implementation and computational speed
for small to medium sized datasets such as the student grade data in this study.

Several studies have shown the effectiveness of clustering algorithms in analyzing
academic data. For example, (Mohd Talib et al., 2023) successfully applied K-Means clustering
with Silhouette Score validation to identify behavioral patterns among students in higher
education, which enabled targeted academic interventions and improved student support
systems. Moreover, other studies have also confirmed the capability of K-Means clustering in
academic contexts. The study by (Reza Pahlevi Kurniawan & Ferdiansyah, 2023) successfully
grouped students based on academic grades into 3 categories namely high, medium and low
grades. The clustering results in this study resulted in 16 students with the lowest scores, 92
students with medium scores, and 141 students with the highest scores. The clustering results
were evaluated using the Davies Bouldin Index method which produced a value of 1.12388.
Another study by (Yudhistira & Andika, 2023) grouped student grades using the attributes of
student grades, discipline grades and attitude grades, then found the results of cluster 0 totaling
59 students, cluster 1 totaling 94 students, and cluster 2 totaling 1 student. Meanwhile, (Basri et
al., 2023) conducted research to test the optimization of the number of clusters in the K-Means
algorithm using the Elbow method based on the calculation of the Sum of Square Error (SSE).
The dataset used contains GPA parameters and the number of credits to group student
graduation times. Further research was conducted by (Safitri Juanita, 2024) to compare the
Elbow and Silhouette methods. The results of this study prove that the Silhouette Score provides
more stable results in determining the best number of clusters. Finally, (Arslan & Ozdener
Doénmez, n.d.) used K-Means to cluster students based on learning styles, providing a new view
on how student segmentation can improve the overall learning experience.

Based on existing literature studies, there is (GAP) research that can be further analyzed,
previous research in grouping student grades or students has not grouped grades based on a
more complete composition of academic grades. So that in this study will use a combination of
more detailed assessment variables in order to get more in-depth analysis results.

Then in this research conducted using a dataset taken from student final grade data in the
odd semester of 2024 which consists of the grades of 32 students of the Informatics Engineering
Department of the University of Papua, with assessment variables including, the value of
assignment 1, assignment 2, assignment 3, attendance value, as well as the value of the Midterm
Exam and Final Semester Exam. Then the data will be processed using the K-Means algorithm
implemented through Orange Data Mining tools and determining the number of clusters using
the silhoutte score method to segment students into four category groups based on grades,
namely Excellent, Good, Fair, and Poor. The determination of four clusters (C=4) is based on
the consideration of category groups to obtain a more detailed gradation of ability. One of the
main advantages of Orange Data Mining in this research is its ability to present interactive data
visualization which significantly facilitates the process of analysis and interpretation of
clustering results.

The results of this study are expected to help lecturers map students' abilities objectively,
develop more targeted learning strategies, and provide clear feedback for students about their
academic position.
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2. Method

This research begins with the data collection stage as an initial step to obtain information that is
relevant and aligned with the research objectives. The collected data then undergoes a
preprocessing process to clean, filter, and prepare it for further analysis. Subsequently, the
number of clusters is determined based on the characteristics of the data and the intended
purpose of the grouping. The K-Means algorithm is then implemented using Orange Data
Mining version 3.36 on Windows 11, which facilitates automated clustering based on data
similarity. The resulting clusters are analyzed to identify patterns or meaningful insights, and
the research concludes with a summary of findings that support the overall objectives of the
study.

Setting the number of
clusters

!

Implementation of
A— Cluster analysis | #—{ K-meansin orange
data mining tools

Data Collection  |=® [Preprocessing Data =

Figure 1. Research Method

2.1 Data Collection

The first stage is to collect data on student grades in web programming courses. The data
used includes the value of assignments (1-3), attendance, Midterm Examination (UTS) and
Final Semester Examination (UAS) from 32 students majoring in informatics engineering.

1 NIM Tugas 1 | Tugas 2 | Tugas 3 urTs UAS Kehadiran Nilai Akhir Kategori Nilai
2 2024xxx37 80 75 o | o 60 75 41 Kurang
3 2021xxx67 70 80 0 | 30 60 75 50 Kurang
4 2022xxx17 75 80 0 | 0 1] 75 20 Kurang
5 80 80 20 80 75 100 81 Baik Seckali
6 80 80 85 60 75 100 75 Baik
7 80 80 4] 80 75 93 73 Baik
8 80 80 80 80 85 100 85 Baik Sekali
a 80 80 4] 80 68 93 70 Baik

80 80 80 80 58 100 75 Baik

80 80 90 80 58 100 75 Baik

85 80 70 80 68 100 79 Baik
13 2023xxx08 90 80 95 80 76 100 84 Baik Sekali
14 2023xxx10 80 80 90 80 76 100 81 Baik Sekali
15 80 80 0 | 65 72 93 67 Cukup
16 100 80 90 | 80 75 100 83 Baik Sekali
17 80 80 0 80 66 93 70 Baik
18 80 80 90 75 76 100 80 Baik Sckali
19 80 60 1] 1] 0 75 19 Kurang
20 80 80 90 65 50 100 68 Cukup
21 80 80 4] 50 60 93 59 Kurang
22 80 80 90 80 58 100 75 Baik
23 80 80 (1] 75 75 93 71 Baik
24 80 30 ] 55 ] 75 33 Kurang
25 85 80 80 65 75 100 76 Baik
26 80 80 90 86 68 100 80 Baik Sekali
27 80 80 0 70 66 93 67 Cukup
28 75 80 a 80 ] 87 46 Kurang
29 75 80 1] 80 1] 93 46 Kurang
30 80 80 0 80 40 93 61 Cukup
31 80 80 20 80 75 100 81 Baik Sekali
32 80 50 0 0 0 62 17 Kurang
33 80 40 70 a 75 39 Kurang

Figure 2. Student grade data

2.2 Preprocessing Data

After the data is collected, preprocessing is done by determining the features used to
normalize the data so that it can be used in further analysis (Wongoutong, 2024). The
normalization process is done to ensure that all variables have the same scale which is important
for the K-Means algorithm (Ahmad Harmain et al., 2022).
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2.3 Clustering

The next step is to determine the optimal number of clusters. In this research, the method
used is Silhouette Score to evaluate the number of clusters that best fit the dataset. The selection
of the number of clusters aims to produce meaningful and representative groupings.

2.3.1 Silhoutte Score

Silhouette Score is a clustering evaluation metric that measures how well an object is placed
in its cluster compared to other clusters. Its value ranges from -1 to 1 (Shutaywi & Kachouie,
2021), where:

1. A value close to 1 indicates that the object fits perfectly into its cluster and is far away
from other clusters.

2. A value of 0 means that the object is on the border between two clusters.

3. A negative value indicates that the object may be misclustered.

2.3.2 Algoritma K-Means
K-Means is a partition-based clustering algorithm that groups data into clusters by
minimizing intra-cluster variance. Thus, in accordance with research conducted by (Lnc.
Prakash et al., 2023), the K-means algorithm can be tested in this study to group students based
on grades with excellent, good, fair and poor grade categories. The following are the steps of the
K-Means Algorithm
1. Determine the value of k as the number of clusters to be formed.
2. Determine a random or random value for the initial cluster center centroid of k, to
calculate the distance of each input data to each centroid using the Euclidean Distance
formula, namely:

I 1 I s 3

d(xipf) = VE(xi = 1)’

Group each data based on its proximity to the centroid or find the smallest distance.

4. Update the new centroid value, the new centroid value is obtained from the average of
the cluster concejl:ned using the formula, namely:
pi(t+1) = N—FJE;ESJ- xj

5. If'the data of each cluster has not stopped, repeat from steps 2 to 5, until the members of
each cluster have not changed. (Nurdiyansyah & Akbar, 2021)

W

2.4 Cluster Analysis

The clustering results are visualized using scatter plot, silhouette plot, and box plot
widgets to provide a clear picture of the distribution of data in each cluster. Analysis is carried
out to understand the characteristics of each cluster such as the level of student ability to
understand Web Programming material based on the student score component. The following
data visualization design using orange data mining can be seen in Figure 3.
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Figure 3. Data visualization design

3. Results And Discussion

Figure 4 displays student performance data from the Web Programming course, which has been
imported into Orange Data Mining using the File widget and viewed through the Data Table
widget. The dataset contains multiple assessment-related attributes, while the student ID (NIM)
serves as the label.

7 Data Table - Orange

NIM Tugas 1 Tugas 2 Tugas 3 uts uas Kehadiran Nili Akhir Kategori Nila
1 [2024w037 | a0 75 0 0 60 75 414167 Kurang

2 20210067 7 80 [ 30 50 75 50 Kurang

3 20220007 5 a0 [ 0 0 75 204167 Kurang

4 2022w0034 80 80 9% 80 75 100 810833 Baik Sekali
5 2022038 80 80 85 60 75 100 75.0833 Baik

6 20220065 80 a0 [ 80 75 93 728633 Baik

7 20230001 80 80 80 80 85 100 845833 Baik Sekali
8 20230003 80 80 [ 80 ES 93 70.4333 Baik

9 20230004 80 a0 80 80 58 100 751333 Baik

10 2023005 80 80 % 80 58 100 75.1333 Baik

11 20230007 85 a0 70 80 68 100 79.05 Baik

12 20230008 90 0 95 80 76 100 835167 Baik Sekali
13 2023xx10 80 a0 90 80 76 100 814333 Baik Sekali
14 20230012 80 a0 [ 65 72 93 67.3333 Cukup
15 20230014 100 0 % 80 s 100 82.75 Baik Sekali
16 2023xxx16 80 80 0 80 66 93 69.7333 Baik

17 20230018 80 a0 50 s 78 100 79.5333 Baik Sekali
18 20230020 80 50 [ 0 0 s 19.1667 Kurang
19 2023xxx24 80 80 90 65 50 100 67.8333 rhlﬁnp

20 20230026 80 a0 [ 50 50 93 566333 Kurang
21 2023032 80 0 %0 80 58 100 751233 Baik

22 2023xxx37 80 80 0 75 75 93 71.3833 Baik

23 20230041 80 30 [ 55 0 75 33.1667 Kurang
24 20230043 85 0 80 65 s 100 76.1667 Baik

25 20230047 80 80 90 86 68 100 804333 Baik Sekali
26 2023xix49 80 a0 o 70 66 a3 66.7333 Cukup

27 20230052 75 a0 o 80 a a7 456167 Kurang
B 202300056 75 80 [} 80 0 93 462167 Kurang
29 2023xx62 80 a0 o 80 40 93 606333 Cukup

30 20230066 80 80 %0 80 75 100 81.0833 Baik Sekali
31 2023069 80 50 ] 0 0 62 17.0333 Kurang
32 20230073 80 40 0 70 0 75 385 Kurang

=78 | Hn2Bun
Figure 4. Dataset

3.1 Data Preprocessing

The data preprocessing process begins with normalization using the Normalize to interval [0,
1] feature to equalize the scale of numerical attributes such as assignment grades, UTS, UAS,
and attendance. This is important so that variables with different ranges (for example, 0-100 for
attendance and 0-20 for UTS) have comparable weights in the analysis.

Next, the One feature per value option is applied to categorical columns to convert them into
a binary format using one-hot encoding. This transformation ensures that each category is
represented numerically without implying any ordinal relationship, allowing machine learning
algorithms such as K-Means to process the data accurately. These preprocessing steps improve
the consistency and comparability of the data prior to clustering. The selected features for
normalization can be seen in Figure 5 below.
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Figure 5. Preprocessing data

Then after the feature selection is done the data will be normalized so that it is ready to be used
in the clustering process, the results of data normalization can be seen in Figure 6.

1 data normalisasi - Orange. — o X

Info
32 instances (no missing data)

NIM Tugas 1 Tugas 2 uTs uAs Niai Akhir  Kategorl Nilai=Bak egori Niai=Bak Se

i akioe 1 20240037 03333 090 000 000 07059 03421 0360967 0 0
No target variable. 2 20200067 000 100 000 03488 07059 03421 0488034 0 0
1mets etitue 3 20220017 0.1667 100 000 000 000 03421 00500864 0 0
Variables 4 20220034 03333 100 09474 09302 0.8824 100 0948187 0 1

8 show varlable labels. (if present) 5 20220038 03333 1.00 0.8947 06977 0.8824 1.00 0.859363 1 0
Mailra rikoarc wine 6 20220065 0333 100 000 09302 08824 08158 0826795 1 0

8 G by soros comses 7 20230001 03333 100 08421 09302 100 1.00 1 0 1
8 20230003 03333 100 000 09302 080 08158 0790526 1 0

Selection 9 20230004 03333 100 0.8421 09302 06824 1.00 0.860104 0

8 Selectfull rows 10 2023x005 03333 100 09474 09302 06824 100 0860104 0
11 20230007 050 100 07368 09302 080 100 0918085 1 0

12 20230008 0.6667 100 1.00 09302 08941 1.00 0984209 0 1

13 2023010 03333 100 09474 09302 08941 1.00 0953368 0 1

14 20230012 03333 100 000 07558 0471 08158 0744634 0 0

| 15 20230004 1.00 100 09474 09302 08824 100 097286 0 1

16 2023016 03333 1.00 0.00 0.9302 0.7765 08158 0.780163 0

17 2023018 03333 100 09474 08721 08941 100 0931162 0 1

18 2023020 03333 0.60 0.00 0.00 0.00 03421 00315815 0 0

19 20230024 03333 100 09474 07558 05882 100 0752036 0 0

20 20230026 03333 100 000 05814 07059 08158 061584 0 0

21 20230032 03333 100 09474 09302 06824 100 0860104 1 0

22 2023037 03333 1.00 0.00 08721 0.8824 08158 0.804589 1 0

23 20230081 03333 000 000 06395 000 03421 0.238835 0 0

24 20230043 0.50 1.00 0.8421 0.7558 0.8824 1.00 0.875401 0

25 20230047 03313 100 09474 1.00 080 100 0938564 0 1

2 20230049 03333 100 000 08140 07765 08158 0.735751 0 0

27 20230052 0.1667 100 000 09302 000 06579 0423143 0 0

Restore Original Order 28 20230056 0.1667 100 000 09302 000 08158 0432026 0 0

2 WD nun 100 ann o> 04706 na158 0 45448 a a

a en mticall
=? 8 |32 R

Figure 6. Data normalization results

3.2 Clustering Data

In this clustering process begins with determining the number of clusters to be used, then the
author determines 4 clusters in accordance with the predetermined value categories, namely
Excellent, Good, Fair, and Poor. Student grade data that has gone through the preprocessing
stage including normalization to equalize the numerical feature scale is then processed using the
K-Means algorithm. This algorithm works iteratively to cluster students based on the similarity
of grade characteristics by minimizing the intra-cluster distance. The clustering results are
evaluated and visualized using scatter plot and box plot widgets to analyze the cluster quality
and grade distribution in each group. The determination of the number of clusters can be seen in
Figure 7.
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Figure 7. Silhoutte score

Figure 7 shows the evaluation results using the Silhouette Score with varying numbers of
clusters from 2 to 8. Based on these results, the number of clusters of 4 has a Silhouette Score
value of 0.513, which is above the threshold of 0.5 and indicates that the cluster structure is
sufficiently good and clearly defined. For comparison, the Silhouette Scores for 2, 3, and 5
clusters are 0.421, 0.410, and 0.507, respectively. Therefore, 4 clusters were selected because
they offer sufficient clustering quality without dividing the data into too many groups. Although
the highest score was obtained at the number of clusters = 8 (0.590), the selection of 4 clusters
is considered most appropriate for the purpose of segmentation based on academic categories
and facilitates the interpretation of results.

Then after determining the number of clusters as many as 4 clusters in accordance with the
needs of the analysis, the next stage is the clustering process with the k-means algorithm whose
results are visualized using scatter plots and box plots.

3.2.1 Scatter Plot

The results of clustering analysis using scatter plots of student grade data show the
existence of four groups or clusters, each of which represents the following categories of student
final grades:

1. Cluster 1: This group consists of students with final grades that fall into the excellent
category. This cluster is dominated by high scores on all assessment components,
namely Assignments 1-3, UTS, UAS, and attendance. Students in this group show the
best academic achievement among all clusters.

2. Cluster 3: Students in this cluster have final grades in the good category. In general,
their assessment component scores are above average.

3. Cluster 4: This cluster represents the fair category. Students in this cluster tend to score
in the middle/average range, with some assessment components that may require
improvement.

4. Cluster 2: Students in this cluster have final grades in the poor category. Overall, the
scores on each assessment component in this cluster tend to be low, indicating a need
for more attention in the learning process.

This scatter plot visualization shows the distribution of students based on their final grades on
the X-axis and the clusters on the Y-axis. The different colors for each cluster help in
identifying the grade categories more clearly. The colored areas on the graph show the regional
divisions of each cluster, giving a clear picture of the grouping of students' final grades.
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Figure 8. Scatter plot result

3.2.2 Box Plot

The box plot visualization results in Figure 9 show the distribution of student grades
based on the clusters formed. Cluster 1 as many as 8 students show the best academic
performance with excellent value categories in all components, while Cluster 3 as many as 10
students reflect the good value category. Cluster 4 with 4 students has an fair score category,
while Cluster 2 with 10 students is in the poor category with the lowest score. The chi-square
test (%* = 96.00, p = 0.000) confirmed that the difference in distribution between the clusters was
statistically significant, reflecting relevant groupings based on the students' score patterns.
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Figure 9. Box Plot

3.3 Cluster Analysis

Table 1 below presents a summary of the clustering results, showing the number of
students, final score range, and Silhouette Score interval for each group. Cluster 1 (Excellent)
includes students with outstanding academic performance, characterized by final scores above
0.93 and Silhouette Scores between 0.58—0.69, indicating a cohesive and well-defined cluster.
These students demonstrate strong consistency across all assessment components and are well-
suited for advanced learning opportunities, such as project-based assignments and independent
exploration to further develop their potential. Cluster 3 (Good) consists of students with final
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scores ranging from 0.78 to 0.87 and Silhouette Scores of 0.65-0.67, indicating clear separation.
This group performs well and can be encouraged to engage more deeply through structured
tasks and collaborative discussions to improve their achievements. Group 4 (Fair) includes
students with moderate performance, characterized by final scores of 0.64—0.75 and Silhouette
Scores between 0.63—0.69. Although the grouping is fairly clear, these students may require
additional support such as academic guidance, reinforcement of basic concepts, and interactive
learning approaches. Group 2 (Poor) consists of students with the lowest academic results
(0.23-0.61) and inconsistent attendance ranging from 0.34—0.81. The Silhouette scores in this
group (0.49-0.62) which still indicates an acceptable clustering structure. Students in this group
need special attention through individual guidance, scaffolded learning strategies, and regular
monitoring to improve participation and academic achievement.

Table 1. Clustering Result

Cluster Category Number of Final Grade Silhoutte Score
Students Range Range
Cl Excellent 8 0.93-1.00 0.58-0.69
C3 Good 10 0.78-0.87 0.65-0.67
C4 Fair 4 0.64-0.75 0.63-0.69
C2 Poor 10 0.23-0.61 0.49-0.62

4. Conclusions

This study successfully applied the K-Means algorithm using Orange Data Mining to cluster
32 students into four performance-based groups in a Web Programming course. The resulting
clusters demonstrated distinct academic profiles with an overall Silhouette Score of 0.513,
indicating a well-structured grouping suitable for further pedagogical analysis.

The analysis results showed that Group 2 had the lowest academic performance, significantly
influenced by low attendance rates ranging from 0.00 to 0.81. This finding emphasizes that
attendance plays a significant role in determining students' academic outcomes across other
assessment components. These results provide meaningful insights for lecturers and academic
stakeholders. The cluster groupings can be utilized by instructors to design differentiated
learning strategies based on students' ability levels, thereby enhancing learning effectiveness
and academic support.

However, this study is limited by the small dataset, covering only one course in a single
semester. Future research is recommended to expand the dataset and apply alternative clustering
algorithms such as DBSCAN or hierarchical clustering. Additionally, it is suggested to evaluate
cluster validity using other internal indices like the Davies-Bouldin Index for a more
comprehensive comparison.
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