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Abstrak

Sistem Informasi Akademik (SIMAK) di Universitas Sriwijaya memiliki peranan yang signifikan
dalam mendukung kegiatan akademi hasiswa, namun masih terdapat beberapa kendala teknis yang
berdampak pada kepuasan pengguna. Penelitian ini bertujuan untuk menganalisis sentimen mahasiswa
terhadap SIMAK dengan menggunakan metode Naive Bayes. Data diperoleh dari Twitter melalui
teknik web scrapin@n selanjumya diproses dengan metode pembersihan teks serta pembobotan TF-
IDF. Hasil analisis menunjukkan bahwa model yang digunakan mencapai akurasi sebesar 65%, dengan
precision untuk sentimen negatif sebesar 63% dan recall mencapai 100%. Sementara itu, precision
untuk sentimen positif hanya 12,5% dengan F1-score sebesar 22,2%. Model ini lebih efektif dalam
mendeteksi keluhan pengguna yang berkaitan dengan gangguan server, keterlambatan data, serta
kesulitan dalam pengisian KRS dan akses nilai. Oleh karena itu, perbaikan teknis sangat diperlukan
untuk meningkatkaraabilitas sistem. Penelitian selanjutnya disarankan untuk mengeksplorasi metode
klasifikasi alternatif seperti Support Vector Machine (SVM) guna meningkatkan akurasi dalam analisis
sentimen.

Kata kunci: Sistem Informasi, Anlisis sentimen, Naive Bayes, Sosial Media, Twitter
Abstract

The Academic Information System (SIMAK) at Sriwijaya University plays a crucial role in supporting students’
academic activities; however, it continues to encounter technical challenges that impmtser satisfaction. This
study analvzes student sentiment towards SIMAK utilizing the Naive Bayes method. Data was coiaed Sfrom
Twitter through web scraping areumce.med using text cleaning techniques and TF-IDF weighting. The results
indicate that the model achieved an accuracy of 65%, with a negative Senrmr precision of 63% and a recall of
100%, while the positive sentiment precision was only 12.5%, resulting in an Fl-score of 22.2%. The model
proved to be more effective in identifving user complaints related to server disruptions, data delays, and
difficulties in filling out course registration forms and accessing grades. Technical improvements are nece.m=
to enhance system stability. Future research is recommended to explore alternative classification methods, such
as Support Vector Machine (SVM), to improve sentiment analysis accuracy.
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1 Introduction

According to data from Reportal, internet usage in Indonesia has reached 185.3 million individuals,
reflecting an increase of approximately 0.8% or 1.5 million people over the past year [1]. The integration
of the internet within educational institutions presents significant opportunities for the advancement of
digital learning in Indonesia, including innovations in hoth the learning and evaluation processes [2].
One notable application of the internet in higher education is the Academic Information System
(SIMAK), which facilitates access to information and communication among students, faculty, and
administrative staff [3].

Universitas Sriwijaya has developed SIMAK through its internal IT team to enhance the
management of student academic data [4]. This system serves various academic purposes, suchas filling
out the Study Plan Card (KRS), accessing grades on the Study Result Card (KHS), and reviewing

http,//sistemasi.ftik.unisi.ac.id




gsrem asi: furnal Sistem (nformasi [55N:2302-8149
Volume 2, Nomor 7, Tahun: haloman ? diisi editor e-1SSN:2540-9719

academic transcripts [5]. However, in practice, several challenges persist, including incomplete
information, a less intuitive interface, difficult navigation, delays in data updates, and technical
disruptions that hinder the user experience [6]. These issues may affect student satisfaction with
SIMAK, ultimately impacting the overall effectiveness of academic services. Therefore, it is essential
to conduct evaluations based on student feedback to gain insights into their perceptions of this system.

To assess the extent to which SIMAK meets the needs of its users, an analysis of the services
provide ssential for system improvement. In the digital age, social media has emerged as a primary
platform for students to express their opinions and experiences, particularly regarding academic services
[7]. One frequently utilized platform is X (formerly known as Twitter), which allows users to publish
tweets containing text, images, videos, or links [8]. With its extensive user base and role in public
discourse, X serves as a relevant data source for various analyses, including sentiment analysis related
to academic services in higher education [9].

Sentiment analysis is a widely employed method for examining textual data, such as comments,
reviews, tweets, forums, and articles [10]. In this study, the Naive Bayes method is utilized as the
primary approach to analyze student opinions regarding SIMAK. This algorithm operates on the
principle of probability, where the Naive Bayes model identifies the highest probability values to
accurately categorize test data [11].

Previous research has demonstrated that the Naive Bayes method has been successfully applied in
various sentiment analysis contexts. For instance, a study examining public opinion on Twitter
regarding the childfree issue reported a Naive Bayes model accuracy of 69.69% [12]. Another study
compared this method with the C4.5 algorithm in analyzing sentiment from users of the JKN mobile
application, where Naive Bayes achieved an accuracy of 79.95%, surpassing C4.5, which recorded
79.17% [13]. However, these studies primarily focused on social issues and healthcare services, while
sentiment analysis related to academic information systems, particularly at Universitas Sriwijaya,
remunderexplored.

This research introduces a new perspective by highlighting the experiences of Universitas
Sriwijaya students in utilizing SIMAK, an area that has not been extensively studied in prior research.
Consequently, conducting sentiment analysis on studentluations of SIMAK using the Naive Bayes
method is crucial for understanding user perceptions. The findings of this study are anticipated to
provide valuable insights for academic information system de@pers in designing improvements that
better align with student needs. Furthermore, this research may serve as a reference for other educational
institutions in developing more responsive, adaptive, and data-driven academic information systems to
support innovative academic services in line with technological advancements and user expectations.

2 Literature Review

Research conducted by Tri et al. utilized a questionnaire as a source of sentiment data. The
objective of this study was to classify student opinions regarding instructors based on various factors,
including mastery of the subject matter, explanation skills, teaching methods, punctuality, and other
relevant aspects. The Naive Bayes Classifier was employed in this research to categorize student
sentiments into three distinct groups: positive, negative, and neutral. The outcome of this study is a
web-based system that presents a summary of the instructor questionnaires, accessible at any time and
from any location [ 14]

Another study was carad out by focusing on the Academic Information System at the Garut
Institute of Technology [15] This research aimed to assess user sentiment towards the SIAM application
to assist developers in enhancing the system. However, the research methodology was not elaborated
upon in detail, and the study primarily highlighted the tools utilized. The findings indicated that positive
sentiment accounted for 57.14%, negative sentiment for 37.14%, and neutral sentiment for 5.71%,
which were visualized in the form of a word cloud.

Additionally, Dualu et al. investigated the sentiment classification of students regarding the
Academic Information System (SIAKAD) at STIMIKOM Stella Maris Sumba. This system is
accessible to students, staff, and faculty for academic purposes. Data were collected through a
questionnaire, yielding 112 comments, of which 62 expressed positive sentiment. This research
employed the Naive Bayes algorithm with RapidMiner as the software tool, and the testing results
demonstrated an accuracy rate of 95.38% [16]
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Furthermore, Lugma et al. conducted a study on the SIAM at Brawijaya University using the K-
Nearest Neighbor algorithm with feature selection via the Chi-square method. The research dataset was
sourced from Twitter, containing complaints regarding service disruptions of SIAM UB. The
classification results revealed an accurlevel of 86% [17]

In contrast to previous research, the study conducted by Yoga et al. centers on the analysis of
student reviews regarding faculty performance in both mandatory and elective courses. The research
data was collected through a survey cond at SIAM UB, yielding a total of 3,805 reviews. The
Random Forest algorithm was employed in this study, achieving an accuracy rate of 90%, precision of
99%, recall of 96%, and an F1-Score of 97% [18].

From the literature review previously discussed, it can be concluded that the Naive Bayes method
is widely utilized in sentiment analysis of student feedback on academic information systems. The
accuracy results vary depending on additional methods such as cross-validation or feature selection.
These studies contribute to a better understanding of student perceptions regarding academic services
and serve as a foundation for the development of more accurate sentiment analysis models in the future.

3 Research Method

Metode Naive
Bages

Wordelond
Visualization

Figure 1 Research Metodelogy
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%e stages of this research can be described as in Figure 1 flowchart of the research stages. The
research stages include explaining each stage in the research process starting from dataset collection to
wordcloud visualization.
3.1 Data Crawling

The study implements the Naive Bayes Classifier method utilizing Google Colab, based on
the collected student comment review data. The Naive Bayes algorithm will predict outcomes
by leveraging the initial probabilities of each label derived from the training set, along with the
contribution of each feature [19]. The dataset employed in this research consists of student reviews
regarding the Academic Information System of Sriwijaya University, gathered from social media
platform Twitter through the use of an Application Programming Interface (API) [20].
3.2 Labelling Data

The collected data is categorized into two segments, with 70% designated as labeled training data
and 30% as unlabeled testing data, a method known as the hold-out technique [21]. The training data is
manually labeled with positive and negative sentiments, followed by a pre-processing phase. Due to the
irregular structure of text data, several s are necessary to prepare the text for a more structured
format [22]. This division aims to enable the model to learn patterns from the training data and then be
tested on unseen data to evaluate its performance [23].
3.3 Pre — processing Data

The data pre-processing stage aims to ensure that the data to be used in the analytical model or
machine leaming is clean, relevant, and in the right format. Cleansing data use eliminating irrelevant
components, empty values, or noise, including emoticons, hashtags, usernames, and URLs [24].
Normalization seeks to enhance consistency in text analysis by converting misspelled words,
abbreviations, or slang into their standard forms, thereby ensuring that the analysis results are more
valid and reliable [25]
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Tokenizing uses spaces to divide the comment text into separate words [26] Case folding involves
converting all characters to lowercase to avoid confusion and interference with the results [27].
Stemming reduces words to their root forms to improve the consistency of the analysis [28]. Stopword
removal entails eliminating frequently occurring words that do not contribute to the analysis,
such as 'di, 'yang, 'ke, 'dari', and others [29]

3.4 Naive Bayes Method

Based on user sentiment, which is converted into a numerical format using Term Frequency-
Inverse Document Frequency (TF-IDF) [30] . This allows the algorithm to evaluate the significance of
each word. The simplicity, computational efficiency, and resilience of Naive Bayes Classifier (NBC)
against irrelevant features and missing data ensure its optimal performance, even in resource-
constrained environments [31]. In this study, a multinational apaaach to Naive Bayes is employed. The
equation for NBC in sentiment classification can be expressed as follows.

__ P(H|X) P(H)
P(HIX) = =55 — (1
3.5 Confusion Matrix

To evaluate the model, this matrix comprises fo ariables or components that is TP (True
Positive) mTN (True Negative) variables indicate the correct predictions made by the model overall,
while the FP (False Positive) and FN variables represent the total number of incdéllect predictions
generated by the model [32]. Once the values in the confusion matrix are established, the next step is to
assess the analysis results by calculating recall, precision, accuracy, and F-measure[33].

Table 1 Confusion Matrix
Predict Positive Predict Negative

Actual Positive True Positive (TP)  False Negative (FN)
Actual Negative False Positive (FP) False Negative (FN)

3.6 Wordcloud

Word cloud like visual representatio@" frequently occurring or dominant words associated with
a theme[34].Word cloud visualization is expected to provide better insight and understanding of the
interpretation of a particular word or theme.

4  Results and Analysis

This research utilizes data sourced from Twitter by leveraging the Twitter API, which facilitates
automated data collection. The data collection period spans from March 2023 to August 2024, focusing
on the keyword "simak unsri," resulting in a total of 104 sentiment instances. Following the data
crawling phase, manual labeling was conducted prepare the data for training, categorizing the
sentiments into two classes: positive and negative. The results are presented in Table 2 below.

Table 2 LabellinE Data

Label Total
Positive 26
Negative 37

Total Training 63

Unlabeled data will be set to null to test the accuracy of the Naive Bayes model. The training data
is labeled prior to the pre-processing stage to Bvent sentiment confusion, as some words may be
removed during the stopword phase. The text pre-processing stage includes several steps, such as
cleaning, standard word normalization, tokenization, case folding, stemming, and stopword removal.
After the cleaning process, the resulting clean data, which consists of 91 sentiments.

Table 3 Example Preprocessing

Preprocessing Result
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Cleaning Simak unsri kenapa terjadi
kesalahan server terus tiap klik
krs
Normalize Simak unsri kenapa terjadi
kesalahan server terus setiap
klik krs
Tokenize ['Simak', ‘'unsri’, 'kenapa',

'terjadi', 'kesalahan', 'server’,
'terus', 'setiap’, 'klik', 'krs']
Case folding ['simak', ‘'unsri', ‘'kenapa',
'terjadi', 'kesalahan', 'server’,
'terus', "setiap’, 'klik', 'krs']

Stemming ['simak’, 'unsri', 'kenapa', 'jadi’,
'salah’, 'server, 'terus', 'tiap',
'klik', krs']

Stopword ['simak’, "unsri', 'salah’, 'server’,
'klik', 'krs']

23

The cleaned data will be processed gng the Naive Bayes modeling approach. The training and
testing datasets will be divided using a data split method in Python. Following this division, the
vectorization stage will convert the text into a numerepil format suitable for processing by the Naive
Bayes model. In this study, the method employed is Term Frequency - Inverse Domlent Frequency
(TF-IDF). This technique not only transforms text into numerical values but also assigns weights to
each word based on its frequency in a single document relative to the entire document set. Consequently,
words that are more significant for sentiment determination will carry higher weights, while common
words that appear freque across many documents will have lower weights. The output from this
vectorization process will serve as the primary input for training the model, which will subsequently be
utilized to classify sentiment in the test data.

Once the model has been trained using the training data, the next step is to evaluate its performance
with a test dataset that has not been previously utilized. The model will be assessed to determine its
ability to recognize the leamed patterns and apply them to different texts. The predictions from this
model yielded 27 outcomes, with 25 cl4gE]fied as negative sentiment and the remaining
positive sentiment. The results from the Naive Bayes classifier can be employed to assess the
model's effectiveness in classifying user sentiment towards SIMAK, utilizing a confusion
matrix. This matrix will provide a Fsual representation of the model's classification
performance, including/€alculations for accuracy, precision, recall, and F1-score, formatted in
a contingency table as shown in Table 4.

Table @e performance of connfusion Matrix
Precision Recall F1-Score Support

Negative 0.63 1.00 0.77 12
Positive 1.00 0.12 0.22 8
Accuracy 0.65 20
Macro avg 0.82 0.56 0.50 20
Weighted avg 0.78 0.65 0.55 20

The table indicates that the model performs well in recognizing the negative class, achieving a
recall of 1.00 and an F1-score of 0.77. However, it is less effective in identifying the positive class, as
evidenced by a very low recall of 0.12 and an F1-score of 0.22. The overall accuracy of the model stands
at 0.65, with a macro average Fl-score of 0.50, highlighting an imbalance in the model's performance
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across the two classes. This discrepancy may be attributed to data distribution or the model's limitations
in addressing the minority class.

To gain further insights into the sentiment within the dataset, data visualization was conducted
using a word cloud. The word cloud serves to analyze the frequency of words that frequently appear in
user reviews, thereby aiding in the understanding of user preferences and experiences related to the use
of SIMAK. By identifying the most relevaif keywords, this visualization provides valuable insights for
sentiment analysis of the existing data, as 1llustrated in figure 3.
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Flgure 3. Wordcloud data

The results indicate that several dominant keywords are related to the use of SIMAK UNSRI,
particularly concerning issues of errors or technical difficulties. However, there are also signs that some
students have provided positive feedback about the system. As illustrated in the figure 4, words such as
"thank you" and "alhamdulillah" stand out, reflecting that many students appreciate SIMAK UNSRI,
especially regarding new features and access to grades. These findings suggest that certain elements
have successfully met user needs and could represent strengths to be maintained. Nevertheless, there
are still indications that the system is not yet fully optimized. Further improvements are necessary to
enhance the overall user experience.
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Figure 4. Wordcloud label positive

On the other hand, the word cloud representing negative sentiment reviews, as illustrated in the
figure 5, highlights the terms that frequently appear in student complaints regarding the system. Words
such as "ermror" and "lag" are prominently sized, indicating the primary issues that are often raised,
including system errors, access difficulties, slow loading times, and problems with course registration
or grade checking. These complaints underscore the necessity for enhancing system stability, improving
access speed, and refining key features to ensure they are more responsive and user-friendly.

LII"I‘SI
balik

S imak:
Figure 5. Wordcloud label negative

When comparing the word cloud of positive sentiment, it appears that complaints regarding the
system remain quite prevalent, both in terms of word count and the intensity of negative language used.
Common grievances are related to system performance, such as slow loading times, errors when
accessing features, and difficulties in filling out course registration forms and checking grades.
Therefore, system improvements are essential to enhance user experience. Efforts should be
concentrated on increasing server stability.
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5 Conclusion .
22

The findings of this research indicate that the Naive Bayes model achieved an accuracy of 65% in
analyzing student sentiment towards the SIMAK system at Universitas Sriwijaya. This model is more
proficient in identifying negative sentiments, but it struggles with accurately detfting positive
sentiments, as evidenced by a precision of only 12.5% for positive sentiment, despite a recall of 100%,
resulting in an Fl-Score of just 22.2%. Additionally, the word cloud analysis revealed that student
complaints are prevalent, particularly regarding the system's slow performance, access errors to
features, and challenges in filling out KRS and checking grades, highlighting the need for technical
improvements.

With these enhancements, it is anticipated that the SIMAK system at Universitas Sriwijaya will
become more responsive to student needs and provide a better user experience. Future research is
recommended to explore other classification methods, such as support vector machines, for more
accurate results, and to consider data from various platforms for a more comprehensive analysis.
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