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Abstract. This research aims to retrieve student academic performance profiles using data
mining technology. The clustering process is implemented to the dataset of student academic
performance of Informatics Undergraduate Program in Hasanuddin University, Indonesia, from
the intake year 2008 to 2013. Using k-means algorithm with k = 5, the algorithm retrieves two
identical profiles. The profile 1 shows the student academic performance clusters based on
GPA (Grade Point Average) and length of study while the profile 2 shows the student
academic performance clusters based on GPA, length of study, and total credits earned. The
SSE (Sum Square Error) formula is used to measure the variation within a cluster in each
profile. The smaller the SSE, the better the similarity within a cluster. The SSE of the profile 1
(4.19628) is smaller than the SSE of the profile 2 (6.34025). This results shows that the profile
1 has better similarity within a cluster compared to the profile 2.

1. Introduction

Data mining is the process of discovering interesting patterns and knowledge from large amounts of
data. The data sources can include databases, the Web, other information repositories, or data that are
streamed into the system dynamically [1]. One of the uses of data mining technology is in the field of
education. As an example, data mining is used to detect content similarity in student final projects [2].
This helps the lecturer in detecting the final projects that may contain plagiarism. Another use of data
mining in education is to evaluate student academic performance.

The use of data mining technology is increasingly developing in processing data stored in academic
information systems becomes knowledge. The aim is to help educational institutions determine the
right policies and programs to improve the academic quality of graduates. The use of data mining
technology to evaluate student academic performance is carried out by grouping students' academic
performance based on certain parameters.

Grouping of student academic performance based on parameters of class test, mid test, and final
test is carried out with the aim of reducing the ratio of the number of students who fail to pass a course
[3]. In another study, the analysis of student academic performance using a clustering algorithm was
carried out by grouping students based on historical grades, history of the number of classes
graduated, number of absences, and age of students [4]. Aggregate and attendance parameters were
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used to classify student academic performance into three groups, namely “poor”, “average”, and



“good” [5]. In clustering students' academic performance, the k-means, k-medoids, and x-means
algorithms are used to compare the results of their accuracy [6].

Case studies at the Informatics Undergraduate Program in Hasanuddin University show that the use
of student academic data stored in the Academic Information System database is only limited to the
use of data for individual student needs, such as evaluating student study continuity after four
semesters and evaluating student eligibility to participate in academic activities such as community
service program, proposal seminars, and final exams.

To help institutions determine the appropriate study program capacity building programs and
policies based on the evaluation of student academic performance, in this study, knowledge extraction
was carried out from data stored in the database in the form of student academic performance profiles
using the k-means clustering algorithm.

2. Research Method

2.1. Preprocessing
The data source came from the Hasanuddin University Academic Information System. The data taken
is the academic performance data of Informatics Engineering students from class 2008 to class 2013.
Preprocessing is carried out on data from students who are unable to complete their studies within 14
semesters. Students who drop out for this reason are considered to have a study period of 20
semesters. The number 20 is chosen so that students who fall into this category can be grouped
correctly.

The distribution of the dataset based on GPA (Grade Point Average) and length of study is shown
in Figure 1. The distribution of the dataset based on GPA, length of study, and total credits earned is
shown in Figure 2.
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Figure 1. The distribution of the dataset based Figure 2. The distribution of the dataset based
on GPA and length of study on GPA, length of study, and total credits
earned

2.2. System Planning

This study will implement the k-means algorithm to cluster student academic performance. The
system design begins with determining the academic performance parameters and determining the
number of parameters that will be used as the basis for grouping using the k-means algorithm. The
system is designed to retrieve 2 profiles of student academic performance, namely profile 1 and profile
2. Profile 1 classifies student academic performance based on parameters of GPA and length of study,
while profile 2 classifies student academic performance based on GPA, length of study, and total
credits earned by student.



The system is designed to be able to display the distribution of the dataset, perform the data
normalization process and show the stages of the clustering process and visualization using the k-
means algorithm. The k-means algorithm process starts from determining the number of clusters (k),
determining the starting points of the cluster center (centroid) randomly as many as k, determining the
initial membership of each centroid based on the closest distance from the data to the centroid using
the Euclidean Distance equation, updating the coordinates of the centroid and membership for each
centroid, and cluster assignment (determination of the end of membership for each centroid) [7].

2.2.1. Min-Max Normalization. Min-max normalization maps a value v from attribute A to v’ into the
range [new_minA, new_maxA] according to the following formula [8]:

U —miny (1)
. . .
v = —— (new_max, —new_min, ) + new_miny
max, — miny

where:

v’ = normalization result data

v = data to be normalized

mina = the minimum value of attribute A

max, = the maximum value of attribute A
new_min, = the new minimum limit for attribute A
new_maxa = the new maximum limit for attribute A

2.2.2. Euclidean Distance. Euclidean distance is a distance calculation method used to measure the
distance from 2 (two) points in Euclidean space (covering two-dimensional, three-dimensional, or
even more euclidean planes). To measure the level of data similarity with the Euclidean distance
formula, the following formula is used [9]:

ED(d,c) = 2

where:

ED = distance between x and y

d = data on attribute

¢ = cluster center data

n = amount of data

d; = value for each data i-th

c; = the center value of the i-th cluster

2.2.3. Centroid. The centroid is the average of all data points in the group. Each centroid with a set of
data elements is referred to as a cluster [7]. The centroid value can be determined by the following
equation:
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where:

c_updated = new centroid value
n = amount of data

X; = iI-th x data value

yi = i-th y data value



2.3. System Implementation

The implementation of k-means is carried out in two ways, which are using the Python programming
language and by using a library. The first way is to create a Python program that can show in detail
and display a visualization of the stages in the clustering process using the k-means algorithm. The
second way is to use the existing library in Scikit-learn. Scikit-learn is a machine learning library
using the Python programming language. Flowchart of k-means algorithm implementation is shown in

Figure 3.
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Figure 3. Flowchart of k-means algorithm implementation

2.4. Evaluation

The results of clustering can be evaluated by looking at the SSE value. The SSE value is the square
value of the difference between the coordinates of the centroid to the respective data in the cluster
member. Let n be the number of data in cluster d and ¢; is the mean (average) value of each cluster.
SSE is defined as follows [7].

SSE(d, c) = Z(di — )2 @)
i=1



where:

d = data on attributes

¢ = cluster centroid data

n = amount of data

d; = i-th data value

c; = centroid value or average of the i-th cluster

The SSE value shows the level of similarity to each data in a cluster. A small SSE value indicates a
strong similarity to each data in a cluster. The relationship between the SSE value and the k value is
described in the curve of The Elbow Method [10].

2.5. Discussion

The discussion was carried out by analyzing basic statistics for each cluster. The calculated parameters
are count (number of members), mean (average value), standard deviation, min (lowest value), 25% or
lower quartile (Q1), 50% or median (Q2), 75% or upper quartile (Q3), and max (highest value). The
evaluated statistical values can provide a more detailed description of a students’ academic
performance profile. For example, groups of students who graduate on time, groups of students who
graduate but have a long study period, groups of students who do not graduate and leave their studies
in the early stages of recovery, groups of students who are unable to complete their studies within a
predetermined time, and so on. This kind of depiction of student academic performance provides
better knowledge than simply describing the academic performance of students in the graduating or
not graduating group.

3. Implementation and Result

Before clustering the dataset using the k-means algorithm, it is necessary to normalize the data. Data
normalization is needed to get the same scale for the data used so that the calculation of the distance
between data can be done correctly. Figure 4 and Figure 5 shows the distribution of normalized data.
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Figure 4. The distribution of normalized data Figure 5. The distribution of normalized data
of profile 1 of profile 2

Then, the k-means algorithm is used in grouping to create a profile of student academic
performance. The profiling was done by clustering student academic performance based on GPA and
length of study (profile 1) and clustering student academic performance based on GPA, length of
study, and total credits earned (profile 2). Figure 6 and Figure 7 show the cluster formed in each
profile with a value of k = 5, consisting of 5 groups marked with 5 different colors.
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Figure 6. Clustering result of profile 1 Figure 7. Clustering result of profile 2

The results of clustering are evaluated with the SSE value. For the value of k =5 on profile 1 gives
an SSE value of 4.196281. Meanwhile, profile 2 gives an SSE value of 6.34024956. The two profiles
have given clustering results with a fairly low SSE value.

To obtain knowledge from the results of the clustering, a basic statistical analysis was carried out
for each cluster. From the evaluated statistical value, an overview of the students’ academic
performance profile can be retrieve. The comparison of the two profiles retrieved is shown in Table 1.

Table 1. The comparison of student academic performance profile based on GPA and length of
study (profile 1) with student academic performance based on GPA, length of study, and total
credits earned (profile 2)

Profile 1 Profile 2
Percentage Percentage Status Explanation
Cluster of Members Cluster of Members
1 23.0 % 5 23.0 % Graduated at the end of  Cluster 1 |n.prof|Ie_ 1 is identical
study to cluster 5 in profile 2
5 9.2 % 4 9.9 % Leave after taking 1-7  Cluster 2 |n.prof|Ie_ 1 is identical
semesters of lectures to cluster 4 in profile 2
3 8.3 % 3 78% Leave after taking 1-4  Cluster 3 |n.prof|Ie_ 1 is identical
semesters of lectures to cluster 3 in profile 2
Leave after being . . . .
Cluster 4 file 1 is identical
4 23% 2 2.3% unable to complete the uster m_pro ! e_ 1S 1dentica
to cluster 2 in profile 2
study for 14 semesters
g 5720 1 57.0% Graduate on time Cluster 5 |n.prof|Ie_ 1 is identical
to cluster 1 in profile 2
Total 100 % Total 100 %

A web based user interface is made for the evaluation system so that it can be used by various
parties easily. The application can process the dataset file according to the template file that has been
prepared. The application receives input in the form of a dataset file, a choice of clustering parameters,
and the number of clusters (k), as shown in Figure 8. As for the output results in the form of dataset
distribution graphs, clustering results graphs, graphs of the relationship between SSE values and k
values, and downloadable clustering results files, as shown in Figure 9.



INPUT THE DATASET FILE

STUDENT ACADEMIC PERFORMANCE PROFILE

This system uses data mining technology to describe student academic performance profiles
based on parameters of GPA, length of study, and total credits earned. The clustering process
uses the k-means algorithm. The resulting output can be a reference for institutions in
determining programs to improve student academic performance. #UnhasInformaticsEngineering
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Figure 9. Application output



4. Conclusion

The use of the k-means algorithm with a value of k = 5 in the dataset of academic performance of
Informatics Engineering students class 2008 to class 2013 describes the profile of academic
performance into 5 clusters. The clusters consist of 2 clusters that consisting of graduating students
and 3 clusters that consisting of students leaving or dropping out.

Clustering of student academic performance based on GPA and length of study (profile 1) provides
identical results with clustering student academic performance based on GPA, length of study, and
total credits earned (profile 2). Based on the SSE value, profile 1 has better similarity between cluster
members than profile 2. This is indicated by the SSE value of profile 1 (SSE = 4.196281) which is
smaller than the SSE value of profile 2 (SSE = 6.34024956) for the value of k = 5.
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