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ABSTRACT. Recent years have seen a notable rise in higher education institutions, spurr-
ed by competitive pressures among universities. A critical measure of educational quality
lies in students’ completion rates, encompassing the duration of their studies as a signif-
icant component. Protracted or failed completions not only squander time but also drain
financial and energy resources for individuals pursuing higher education and at the same
time they can also tarnish an institution’s reputation and accreditation status. In this
study, we construct a predictive model for students’ completion time to improve students’
awareness and furnish academic advisors and staff with valuable insights to tailor aca-
demic guidance. Employing three classification algorithms — Naive Bayes, Support Vector
Machine, and Neural Network — the study optimizes these algorithms using the Particle
Swarm Optimization technique to yield superior results. The Neural Network algorithm
emerges as the optimal performer post-optimization, boasting accuracy, precision, speci-
ficity, sensitivity, and F1-score metrics of 0.86, 0.86, 0.86, 0.98, and 0.86, respectively,
alongside superior confusion matrix outcomes. The model’s efficacy will be harnessed to
forecast data for active-status students and disseminated via a dedicated website.
Keywords: Educational data mining, Naive Bayes, Support Vector Machine, Neural
Network

1. Introduction. Higher education providers, such as universities and colleges, play sev-
eral critical roles in higher education. They are responsible for preparing future profession-
als to ensure continuing advancement of society as well as conducting academic research
across various disciplines to advance knowledge and address societal challenges [1]. In
many countries, higher education providers can be categorized into non-profit (typically
state-owned) and for-profit (usually private or commercial) institutions. In Indonesia for
example, there are three categories, namely public universities, private universities, and
state-owned universities. The higher education business in Indonesia is thriving which is
evidenced by the increasing number of universities over the years. From 2008 to 2017, the
number of higher education institutions registered under the Ministry of Education, Cul-
ture, Research, and Technology rose from 2,680 to 3,276 [2]. As a result, there is intense
competition between these universities to draw as many bright school-leavers as possible.

DOLI: 10.24507 /icicelb.16.12.1303

1303



1304 B. KIKI, F. NATALIA, C. S. KO AND S. SUDIRMAN

This drives each university to strive for excellence, aiming to enhance the quality of edu-
cation provided to their students [3]. Accreditation, managed by the Indonesian National
Accreditation Board for Higher Education, is commonly used as a parameter to measure
university quality. One of the key components influencing accreditation is the average
study period or completion time [1]. University students in Indonesia can complete their
studies between 7 semesters (3.5 years) and 14 semesters (7 years) — although this upper
limit has now been reduced to 10 semesters by the National Higher Education Standards
body. Therefore, the average length of time for students to complete their studies is one
indication of the success of the education provider in delivering their services.

Graduation entails a series of steps for students, including internships, completing a
minimum number of courses, research proposal seminars, and other requirements set by
the institution. However, data from the Higher Education Statistics Report in 2020 re-
vealed a concerning dropout rate of 79.5% in private universities, totaling 478,826 students
[4]. Various factors can contribute to this, including exceeding the maximum study dura-
tion, compounded by recent government regulations reducing the maximum study period
for undergraduate education from 7 to 5 years [5]. Delayed completion or dropouts not
only disadvantage the university but also impose financial, temporal, and emotional bur-
dens on students [6]. Such delays can have significant global repercussions, affecting the
students psychologically and impeding career advancement [7]. In light of these challenges,
guidance and counseling, as forms of student support, are vital for academic success [§].
Most universities assign an academic advisor to each student to assist them in planning
their studies. The role involves analysis of the student’s progress and providing feedback to
the student on their expected completion time. This is traditionally performed manually
by the academic advisor and comes with a number of challenges. In this study, we aim to
improve this process by developing a predictive model for student completion time using
data mining and machine learning approaches. The predictive model serves as a reference
for monitoring student progress, aiming to prevent delayed completions and dropouts.

A study by Hussain et al. [9] uses Levenberg Marquardt Algorithm deep learning algo-
rithm to predict the performance of the students based on student-related data to increase
the overall performance. The data used consists of the class test, attendance, assignment,
and midterm scores. Using a model that has four input variables, three hidden and one
output layer, the proposed model is reported to produce a prediction accuracy of 88.6%.
Machine learning is also used in [10] to predict student retention and graduation time with
reported accuracy between 0.909 for retention and 0.817 for graduation time predictions.
A review of the current approaches for student outcome predictions is given in [11]. The
paper provides a primer on how data from a Learning Management System (LMS) can
be feature-mapped and analyzed to predict students’ outcomes and design necessary in-
terventions. The paper provides an overview of popular machine learning algorithms and
a review of analytic considerations such as feature generation, assessment of model per-
formance, and sampling techniques by providing an empirical example demonstrating the
ability of LMS data to predict student success.

Our study employs a predictive model by selecting the best-performing algorithm
among Artificial Neural Networks (ANN), Naive Bayes (NB), and Support Vector Ma-
chine (SVM), which is optimized using the Particle Swarm Optimization (PSO) method.
ANN is chosen based on its previously reported accuracy exceeding 90% [12,13]. NB is
included due to its documented accuracy performance surpassing 90% [1] whereas SVM is
selected for comparison as it has demonstrated superior performance in previous research
[14,15]. The PSO technique has been proven to be effective in optimizing and enhancing
the performance of machine learning algorithms as indicated in [16]. The research yields
insights into student performance and a predictive model for completion time based on
variables such as semester, credit units, semester GPA, cumulative GPA, and total study
period. The results of this study will provide valuable information for universities seeking



ICIC EXPRESS LETTERS, PART B: APPLICATIONS, VOL.16, NO.12, 2025 1305

to reduce their students’ drop-out rates and for students seeking to improve their study
plans.

The paper is organized as follows. In Section 2 we describe the data used and the
methodology that was adopted. In Section 3, we present the experiment result and provide
our analysis and discussion before concluding our findings in Section 4.

2. Material and Research Method.

2.1. Material. The data utilized in this research consists of historical data of 5,660 stu-
dents at various stages (from 7th to 14th semester) of their study at Universitas Multime-
dia Nusantara spanning from 2014 to 2022 academic years. The data has been anonymized
and none of the information could be used to link it to any of the students. The distribu-
tion of the data is shown in Table 1. Each number corresponds to the number of records
(students) having data up to the specified semester. For example, there are 340 student
records showing data from semesters 1 to 7, etc. Each record contains seven information
for each student which is the cumulative Grade Point Average (GPA) per semester, Se-
mester Grade Point Average (SGPA) per semester, current semester, number of credit
hours taken per semester, number of credit hours passed per semester, number of credit
hours failed per semester, and total semester credit units taken.

TABLE 1. The distribution of data across the considered semester range

Semester (up to) | 7 8 9 10 | 11 |12 13| 14
Data size 340 | 3,160 | 1,020 | 440 | 280 | 40 | 80 | 300

Data preparation involves several processes including column and data anomaly re-
moval (data cleansing), data reformatting, data augmentation, data separation, and data
normalization, along with the utilization of a one-hot encoding technique on labels. Data
cleansing is conducted to tidy up the data structure for usability. Reformatting is neces-
sary as the acquired data represents each row depicting a student’s semester-wise study
outcomes. Null value handling is executed using the data imputation technique and in-
dicator columns. Normalization is performed to standardize data values to a mean of 0
and a variance of 1, while the one-hot encoding technique ensures labels do not represent
values 7 to 14 for graduating semesters but rather values of between 0 and 1. In the data
augmentation stage, three additional pieces of information are derived from the original
seven and added to the data. They are the total semester credit units passed, interim se-
mester participation, and total remaining credits. So, in total, we have a 10-dimensional
vector per student per semester.

Since each record has varying widths (between 7 and 14), some of the data is padded
with repeating information to make their width equal. In addition, since we also run a
short semester between odd-numbered semesters and even-numbered semesters after the
first year (e.g., between the 3rd and 4th semester, and the 5th and 6th semester) the total
width of each record becomes 20. Following this, data is split into training and testing
sets utilizing the k-fold cross-validation method [17]. Each model training employs the
Stratified KFold() function from the sklearn library for data splitting, ensuring consistent
proportions of data in each fold. A total of 10 folds are chosen for cross-validation as it
yields the best performance compared to 3, 5, or 15 folds, considering model generalization
and data distribution balance across iterations.

2.2. Research method. The methodology employed in this study is based on the cross-
industry standard process for data mining method as illustrated in Figure 1. The process
commences with the business understanding phase including background and problem
identification followed by a proposal of possible solutions as described in the previous
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introduction section, previously. The data understanding, selection, and preprocessing
stages have been elaborated in the previous section.

The process then proceeds to data model creation, where three classification models
are developed using the Naive Bayes, Support Vector Machine, and Neural Network al-
gorithms. The comparison of the performance results of these algorithms reveals an im-
balance, as certain algorithms by default yield superior outcomes for specific datasets,
while others require hyperparameter tuning. Consequently, optimization of these three
algorithms is carried out using PSO, resulting in performance enhancements for all three
algorithms.

The performance of the models is compared by using several predefined metrics, includ-
ing accuracy, precision, recall (or sensitivity), specificity, F1-score, and confusion matrix.
The formulas for calculating these metrics are given below:

A TP+ TN
ceuracy =

Y= TP+ TN+ FP+ FN
Precision — TP

recision = -5 TP
e TP
Recall (or Sensitivity) = TP+ FN
TN

ety = —

Specificity TN+ FP

Precision X Recall

F1

~ Precision + Recall
where TP, TN, FP, and FN are the number of True Positive, True Negative, False Positive,
and False Negative, respectively.

The model exhibiting the best performance is selected and directly employed by im-
plementing it on the active student data. Evaluation is also conducted on the prediction
system implemented on the website, employing the User Acceptance Testing concept
through questionnaire dissemination utilizing the Likert scale. The questionnaire will be
distributed to two parties: students and academic advisors or staff members.

Following the determination of the best algorithm based on evaluation metrics, the final
stage involves deployment, where the chosen model is utilized to predict the completion
semester of active students and obtain prediction results, which are then displayed on the
website. The prediction process is performed on the backend rather than directly on the
website to enhance effectiveness and efficiency.
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3. Experiment Result, Analysis, and Discussion. The performance results of the
three algorithms optimized using the PSO algorithm indicate that the Neural Network
algorithm outperforms Naive Bayes and Support Vector Machine algorithms in classifying
student data used in this study. The application of educational data mining in building
a predictive model for student completion time using classification algorithms involves
creating and comparing three classification algorithm models: Naive Bayes, Support Vec-
tor Machine, and Neural Network, all optimized using the Particle Swarm Optimization
algorithm within the CRISP-DM framework stages: business understanding, data under-
standing, data preparation, modeling, evaluation, and deployment.

Based on the evaluation metrics obtained from the three algorithms as shown in Table
2, the Neural Network demonstrates the highest evaluation metrics compared to Naive
Bayes and Support Vector Machine. The average values of accuracy, precision, sensitivity,
specificity, and Fl-score for the Neural Network are 0.86, 0.86, 0.86, 0.98, and 0.86,
respectively. These values are higher than those of Naive Bayes, which are 0.63, 0.61, 0.63,
0.90, and 0.54, and Support Vector Machine, which are 0.80, 0.74, 0.54, 0.95, and 0.59,
respectively. Further evaluation is conducted using a confusion matrix, where the Neural
Network algorithm demonstrates the highest total true positives and true negatives, as well
as the fewest false positives and false negatives, in 7 out of 8 outcome classes, specifically
in the classes of semester 7, 9, 10, 11, 12, 13, and 14, as shown in Figure 2. The Neural
Network model developed from the first fold is identified as the best model and is saved
for predicting new data from actively enrolled students.

TABLE 2. Comparison of classification performance results of the three algorithms

Metrics Naive Bayes | SVM | Neural Network
Accuracy 0.63 0.80 0.86
Precision 0.61 0.74 0.86
Recall/Sensitivity 0.63 0.54 0.86
Specificity 0.90 0.95 0.98
F1-score 0.54 0.59 0.86
[ @ 348 <] %] a 2] ] @] [ 193 145 <] 2 @ 2] a 8] [ 216 123 1 %} a 2] a a]
[ @ 3168 <] %] a 2] ] 8] [ 31 3e93 33 1 @ 2] a 2] [ 57 3e17 64 13 5 2] 1 3]
[ @ 853 166 7 e & @ @] [ 3 374 627 5 8 e e 3][ 2 214 775 16 1@ 1 1 1]
[ @ 272 14 154 a 2] ] 8] [ 1 123 51 236 15 2] 1 13] [ 1 54 36 335 18 2 a 2]
[ e 172 g 15 38 4 2] 8] [ <] 52 51 27 118 2] 1 311 [ ] 21 35 14 191 3 1e 6]
[ ] 24 2 2 4 g ] 8] [ <] 3 4 2] 13 g a 12] [ e 8 3 1 6 38 a a]
[ @ 4 3 4 8 4 6 6] [ <] 5] 12 8 8 1 1@ 35] [ @ 3 8 B 1e 2 a2 15]
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FIGURE 2. The confusion matrix result of (a) the Naive Bayes algorithm,
(b) the Support Vector Machine algorithm, and (c) the Neural Network
algorithm

To enhance efficiency, the model is not run on the website since new data is not en-
tered on the website but is instead acquired in mass each semester. The model runs
independently (back-end), as the volume of new data is substantial. Predicted labels are
automatically stored in the database using Python libraries. Predicted data as well as the
data of actively enrolled students stored in the database are displayed on the website for
two types of users: students and supervising professors. The user interface for both types
of users has slight differences, with supervising professors having an additional page to
view an overview of their supervised students before accessing detailed information, as
shown in Figure 3.
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FiGurE 3. Two website screenshots showing predicted results for comple-
tion times in semesters. Screen (a) shows the first website interface for the
supervisor user type and (b) shows the second website interface for the su-
pervisor user type & shows the first website interface for the student user

type.

TABLE 3. The summary of the respondents’ review

Question Score
The prediction results can provide information or insights regarding the pre- 43
diction of students’ completion time for students. '
To what extent is the student completion time prediction system beneficial for 43
students? '
The prediction results can increase awareness regarding graduating on time for 44

students.
Overall rating regarding the student completion time prediction system. 4.4
The prediction results can provide information or insights regarding students’

completion time prediction for supervising professors or academic staff. 3
The prediction results can assist supervising professors in adjusting the guid- 3
ance given to students.

To what extent is the student completion time prediction system beneficial for 4
supervising professors or academic staff?

Overall rating regarding the student completion time prediction system. 4

The effectiveness of the web application is assessed through User Acceptance Testing
by taking feedback from the 74 users via questionnaires. Five questions were posed to
each respondent and they were asked to provide a score from 1 to 5 with 1 being ‘strongly
disagree’ and 5 ‘strongly agree’. The questions and the feedback results are shown in
Table 3. According to the table, the respondents agree that the student completion time
prediction system receives an overall rating of “good” or 4 scores out of 5. The table
also indicates that the prediction system is able to provide information on completion
time prediction and raise awareness among students about timely completion. However,
the table suggests that although the respondents are neutral (3 scores out of 5) when
deciding if the system has provided insights and assistance to supervising professors in
adjusting guidance for their students, it still benefits supervising professors and academic
staff. Overall, the questionnaire results provide additional validation that the student
completion time prediction system can offer benefits or positive impacts as an alternative
to minimizing instances of late completion or dropout due to study durations exceeding
the maximum duration.

4. Conclusions. In this paper, we presented the result of our study of implementing
educational data mining to develop a predictive system for students’ completion time.
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We compare three classification algorithms, namely the Naive Bayes, Support Vector Ma-
chine, and Neural Network, optimized using Particle Swarm Optimization. The CRISP-
DM framework guides the data processing through six stages: business understanding,
data understanding, data preparation, modeling, evaluation, and deployment. Our exper-
imental results show that Neural Network outperforms Naive Bayes and Support Vector
Machine in evaluation metrics, further confirmed through a confusion matrix analysis,
showing Neural Network with the highest true positive and true negative rates and the
lowest false positive and false negative rates across most outcome classes. The Neural Net-
work model, identified as the best-performing algorithm, is deployed for implementation
on a website, beginning with predicting completion timelines for active-status students
and storing prediction labels in a database. The website interface developed using the
models has been shown to have the desired outcome of the project.
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