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 Indonesian International Student Mobility Award (IISMA) is a 
government-run student exchange program. Recently, rumors 
regarding its discontinuation have sparked various public opinions. 
This study aims to analyze these public sentiments and evaluate which 
machine learning model is most suitable for classifying sentiment 
labels in the dataset. The models tested included support vector 
machine (SVM), random forest classifier (RFC), and extreme gradient 
boosting (XGBoost) classifier. The dataset consisted of 630 tweets 
scraped from Twitter and was split into an 80:20 ratio, with 80% 
allocated for training and 20% for testing. The results indicated that 
both SVM and RFC were the most effective models, achieving the 
highest accuracy of 85.44%. Sentiment analysis reveals that the 
majority of public opinion is positive, suggesting that most people 
agree with the discontinuation of the IISMA program because the 
program is perceived as nonurgent and not a current national priority. 
These findings provide insights into public sentiment and highlight the 
utility of machine learning models in classifying such sentiment data 
effectively. 
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1. Introduction  
The Indonesian International Student Mobility Award (IISMA) is a part of the Merdeka Belajar 

Kampus Merdeka (MBKM) program launched by Indonesia’s Ministry of Education, Culture, 
Research, and Technology in 2021. This program offers Indonesian diploma and undergraduate 
students the opportunity to study abroad for one semester at partner universities to broaden their 
perspectives, enhance soft skills, and foster international relations [1]. In 2024, more than 9,000 
students applied for this program, with 2,029 students being selected. While IISMA has received 
significant appreciation for its potential to enrich student’s academic and personal development, it 
has also faced criticism related to issues such as accessibility, its relevance to domestic educational 
challenges, and disparities in educational facilities across Indonesia’s various regions [2].  

Public opinions about the program are frequently shared on platform X (Twitter), one of 
Indonesia’s largest social media platforms with over 19 million active users. These opinions, ranging 
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from positive to negative, provide valuable insights into public sentiment regarding IISMA. 
Sentiment analysis offers a powerful method to evaluate the opinions, emotions, and attitudes 
expressed by the public [3]. In this study, sentiment analysis was applied to examine the public’s 
views and reactions to the IISMA program, specifically focusing on the recent controversy 
surrounding the program’s dissolution. 

Several previous studies have examined sentiment analysis related to IISMA using different 
methodologies. One study applied support vector machine (SVM) with various kernel functions, such 
as linear, polynomial, and radial basis function (RBF) to classify sentiment on Twitter. The study 
found that while SVM could effectively categorize positive and neutral sentiments, it struggled with 
negative sentiment classification due to dataset imbalance. The RBF kernel performed best with a 
precision of 70.52% and an accuracy of 62.92%, while the linear kernel produced the highest F1-
score of 53%, indicating a more balanced performance between precision and recall. Furthermore, 
sentiment analysis on English-language tweets yielded higher accuracy (71.11%) than on 
Indonesian-language tweets (62.44%), suggesting a need for better sentiment analysis tools tailored 
to the Indonesian language [4]. 

Another study utilized both Twitter and TikTok comments to analyze sentiment toward IISMA 
using SVM and FastText. The study highlighted that FastText’s ability to generate word vectors 
complemented SVM’s classification capability. Results indicated that sentiment analysis performed 
better on TikTok data, with an accuracy of 85.0%, compared to 74.4% on Twitter. When combining 
both datasets, the accuracy reached 84.24%, demonstrating the advantage of integrating multiple 
social media sources. The study also revealed that IISMA sentiment was predominantly neutral and 
recommended program improvements, such as providing English language test assistance for 
underprivileged students [5]. 

The issue arises from the large number of discussions happening on Twitter, which can be 
difficult to analyze manually due to the variety of opinions and the volume of posts [6]. The 
complexity of mixed sentiments makes it challenging for individuals to process and understand all 
perspectives comprehensively. This urges the need for an automated approach to efficiently process 
these opinions, especially considering the limitations observed in previous research regarding dataset 
imbalance and language-specific performance issues. 

To address these gaps, this study applied sentiment analysis techniques using SVM, random 
forest classifier (RFC), and extreme gradient boosting (XGBoost) classifier. These machine learning 
models have been proven effective in classifying text data and can be leveraged to analyze and 
interpret the sentiments expressed on Twitter regarding IISMA [7]. The selection of these three 
models was driven by the need to determine the most appropriate classification approach for 
sentiment analysis on this topic, considering their distinct characteristics. SVM, a hyperplane-based 
model, is effective in high-dimensional spaces and excels at finding optimal decision boundaries for 
separating sentiment classes. Meanwhile, RFC is a tree-based ensemble method, thereby providing 
robustness against noisy data and offers feature importance insights, making it valuable for handling 
complex sentiment patterns. Meanwhile, XGBoost classifier, a gradient boosting-based model, 
enhances classification performance through iterative learning, efficiently capturing non-linear 
relationships within the data. These models represent the three fundamental approaches to 
classification; hyperplane-based, tree-based, and gradient boosting-based, which allow this study to 
identify which method is best suited for analyzing public sentiment regarding IISMA. By 
incorporating a more balanced dataset and evaluating multiple models, this research aims to enhance 
sentiment classification accuracy and provide a more comprehensive understanding of public opinion 
on the program’s discontinuation. 

2. Method 
The research method is illustrated in Fig. 1. 
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Fig. 1 Research method flowchart. 

2.1. Support Vector Machine (SVM) 
SVM is a widely used supervised machine learning method that is known for its ability to handle 

complex and large datasets, including high-dimensional data such as text, images, or signals, making 
it a versatile tool for classification and prediction tasks [8]. This method employs a kernel-based 
approach to find an optimal hyperplane or separating plane for classifying data. The main objective 
of SVM is to maximize the margin between the hyperplane and the closest data points from each 
class, ensuring a well-defined separation between the classes. Through optimization, SVM trains the 
algorithm to identify the ideal hyperplane.  

At first, the principle of SVM works as a linear classifier, where classification is achieved by 
separating classes with a straight line [9]. SVM was later developed to handle nonlinear problems by 
mapping data 𝑥 into a function 𝜙(𝑥), which is a transformation function that maps the data 𝑥 into a 
higher-dimensional space, where a linear separation becomes possible. Typically, the new values 
resulting from the transformation 𝜙(𝑥) are unknown and difficult to comprehend. However, 
according to Mercer’s theorem, the dot product calculation between functions 𝜙 can be replaced with 
the kernel trick, which directly defines the transformation 𝜙. 

The kernel trick helps to compute this transformation efficiently. The trained SVM model can 
then be used to classify new, unseen test data. Table 1 shows the kernels that are often used in SVM. 

Table 1. Kernel 

Kernel Name Kernel Function 
Linear 𝐾(𝑥! , 𝑥") = 𝑥! ⋅ 𝑥" 
Polynomial 𝐾(𝑥! , 𝑥") = (𝑥! ⋅ 𝑥")# 

Gaussian RBF 𝐾(𝑥! , 𝑥") = 𝑒𝑥𝑝(
−+𝑥! ⋅ 𝑥"+

$

2𝜎$ ) 
Sigmoid 𝐾(𝑥! , 𝑥") = 𝑡𝑎𝑛ℎ(𝜎(𝑥! , 𝑥") + 𝑐) 

2.2. Random Forest Classifier (RFC) 
RFC is a powerful model used to classify data into specific classes by using decision trees. A 

decision tree is constructed by determining the root node and ending with several leaf nodes to arrive 
at the final result. RFC belongs to the ensemble family of methods, combining the simplicity and 
interpretability of individual decision trees with improved accuracy [10]. By using bootstrap 
aggregating (bagging), random forest reduces variance in noisy datasets by creating a bootstrapped 
dataset for each tree and training the decision tree models in parallel. The final classification is 
determined by a majority voting mechanism, where the most frequent result among all decision trees 
becomes the final prediction. This ensemble approach significantly enhances the model’s accuracy 
and robustness compared to a single decision tree model [11]. 
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The process of forming a decision tree in the RFC method is similar to the process in 
classification and regression tree (CART), except that in RFC, pruning (trimming) is not performed. 
The Gini index is used to select features at each internal node of the decision tree. The equation to 
calculate the Gini index is shown in (1).  

𝐺𝑖𝑛𝑖	(𝐷) = 1 − ∑ 𝑃!"#
!$%   (1) 

where 𝑃! is the probability of a tuple D from a class and 𝑚 is the amount of class labels. 

2.3. Extreme Gradient Boosting (XGBoost) Classifier Model 
XGBoost is a decision- tree based machine learning algorithm designed to improve efficiency, 

error, and accuracy over other gradient boosting methods [12]. This algorithm uses ensemble learning 
techniques by combining several decision trees to produce more accurate predictions. XGBoost 
optimizes the model with loss function and regularization methods, which helps in avoiding 
overfitting and improving model performance. 

Mathematically, the prediction of XGBoost can be calculated as the sum of the outputs of K 
decision trees. 
𝑦𝚤/ 	= 	∑ 𝑓&(𝑥!), 𝑓&	𝜖	𝐹	'

&   (2) 

where 𝐹 is the set of all possible decision trees. To optimize the model, XGBoost minimizes the 
objective function consisting of the loss function of 𝑙(𝑦𝑖, 𝑦𝚤- ) and the regulation model of 𝛺(𝑓"). 
XGBoost also implements improvement techniques such as shrinkage (learning rate), automatic 
feature selection, and parallelization in training, which makes it a very effective algorithm for 
classification and regression tasks [13]. 

2.4. Data Collection 
In this research, the collection of data was done by web scraping. Web scraping is an automated 

technique used to gather information and data from websites. The collected data can then be saved 
in various formats such as text, CSV, or JSON [14]. Through web scraping, it becomes easy to collect 
pertinent tweets from platform Twitter related to the IISMA program. In this step, relevant data were 
gathered from platform Twitter using scraping techniques, allowing access to public posts and user-
generated content related to the IISMA program. The keywords used to gather the data were 
“IISMA,” “MBKM,” and “Kampus Merdeka.” The dataset was limited to 2,000 data points and 
collected from January 1, 2021, to February 1, 2025. The goal was to collect a large dataset of tweets 
that express opinions about IISMA in general. However, the selection of keywords may introduce 
bias in the sentiment distribution, as users expressing opinions about the discontinuation of the 
IISMA program may not always use these specific keywords. This limitation may affect the 
representativeness of the dataset and the diversity of opinions captured. 

2.5. Data Cleaning 
The data gathered through web scraping is often messy, unorganized, and unstructured. Web 

scraping tools typically gather a large volume of data, but this data may contain numerous 
inconsistencies, duplicates, and irrelevant tweets that do not align with the research objectives. For 
instance, some tweets may be off-topic, not related to the IISMA program, or contain noise such as 
spam or irrelevant hashtags. Additionally, there may be repeated tweets, which can lead to 
redundancy in the dataset, affecting the quality of the analysis. 

To ensure the accuracy and reliability of the data, it is essential to perform a thorough data 
cleaning process. The first step in cleaning the dataset involved removing duplicates, which are often 
present due to the nature of web scraping. Duplicate entries can distort the sentiment analysis results 
by artificially inflating the frequency of certain sentiments. 

Next, it was important to filter out irrelevant tweets. These might include tweets that did not 
mention the keywords or were not related to the public sentiment regarding its discontinuation. 
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Irrelevant data also included tweets in languages other than the one used for the study or tweets that 
were not properly formatted for analysis. 

2.6. Data Labelling 
After collecting the data, the next step was dataset labeling. In this phase, each tweet was 

manually annotated or categorized based on the sentiment it expresses positive, negative, or 
questioning [15]. Positive label was for tweet that agreed with the discontinuation of IISMA, negative 
label was for tweet that did not agree with the discontinuation of IISMA, and questioning label was 
for tweet that questioned whether IISMA was really being discontinued. 

The annotation process was conducted by the author, who served as a single annotator, using 
domain knowledge and predefined criteria, such as expressions of support, complaints, or inquiries. 
This approach helps to provide a reliable ground truth for training the machine learning models. 
Labeling the data ensures that the model learns to distinguish between different sentiments and can 
classify future tweets accurately [16]. 

2.7. Data Preprocessing 
Data preprocessing is a crucial step in preparing the dataset for machine learning model training. 

Several tasks are performed to clean and standardize the data [17]. 

2.7.1. Case Folding 
This process involves converting all texts to lowercase. This aims to ensure uniformity and avoid 

the model treating the same word in different cases as distinct. 

2.7.2. Remove Symbols and Usernames 
Tweets on Twitter often contain hashtags or symbols in the sentence that represent usernames. 

These symbols must be removed since the analysis focused solely on the text of the tweet itself. 

2.7.3. Fixing Typos 
Many social media posts contain misspellings or informal language. This step corrects common 

typos by using a predefined dictionary to map each word’s typo. In this research, SymSpell was 
utilized to enhance the quality of the text data, ensuring that the model could accurately interpret the 
words. 

2.7.4. Tokenization 
Tokenization involves breaking down text into smaller units, such as words or phrases (tokens), 

then assigning a token into each word. This helps the model understand the structure of the language 
and the relationships between different words. 

2.7.5. Stemming 
Stemming reduces words to their base or root form. This helps to minimize the complexity of 

the data and ensures that variations of the same word are treated as equivalent. Sastrawi is the library 
used for stemming Indonesian words [18]. 

2.7.6. Removing Stopwords 
Stopwords are common words that are removed from the dataset as they do not carry significant 

meaning for sentiment analysis. Common Indonesian words like “yang,” “di,” “ke,” and “dan” were 
removed. In this research, natural language toolkit (NLTK) was used to remove the stopwords [19]. 

2.8. Modelling 
Once the data are preprocessed and clean, the next step was to apply machine learning models 

for sentiment classification. In this research, three popular classifiers models were used to evaluate 
sentiment from the tweets: SVM, RFC, and XGBoost Classifier. 
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2.9. Model Evaluation 
In this research, the evaluation of the machine learning models was conducted using accuracy, 

precision, recall, and F1-score, which are essential metrics for assessing classification performance. 
Precision measures the accuracy of positive predictions by calculating the proportion of correctly 
predicted positive instances out of all predicted positives. A high precision value indicates that the 
model makes fewer false positive errors. Recall, on the other hand, evaluates the model’s ability to 
correctly identify all relevant instances by measuring the proportion of correctly predicted positives 
out of all actual positive instances. A high recall value suggests that the model effectively captures 
most of the positive samples but may produce more false positives. F1-score is the harmonic mean 
of precision and recall, providing a balanced measure when there is an uneven class distribution. It 
is particularly useful in sentiment analysis, where some sentiment classes may be more frequent than 
others [20]. By analyzing these three metrics, this study ensures a comprehensive evaluation of the 
classifiers’ effectiveness in accurately predicting sentiment in tweets about IISMA. 

2.10. Parameter Tuning 
Parameter tuning is a crucial part in machine learning, as the performance of a model heavily 

depends on the parameters chosen. These parameters include number of estimators, leaf, impurity 
and model configuration parameters. Optimizing them is often time-consuming, requiring multiple 
training runs over large datasets, leading to high computational costs and CO2 emissions. Selecting 
the right hyper-parameters is critical because they influence the model accuracy, training efficiency, 
and ensure the model performs well on unseen data [21].  

In this research, the parameter tuning used was Optuna. Optuna is an open-source 
hyperparameter optimization framework designed to automate the search for optimal parameters in 
machine learning models [22]. It uses a technique called Bayesian optimization to efficiently explore 
the hyperparameter space, making it a more computationally efficient alternative to methods like 
GridSearch or random search. Instead of trying every possible combination of parameters, Optuna 
learns from previous trials to propose more promising parameter sets, often leading to better results 
in fewer iterations. This approach can save a lot of time and reduce computational costs, especially 
in complex models with many hyperparameters. Additionally, Optuna’s integration with other 
machine learning libraries, like scikit-learn, XGBoost, or LightGBM, makes it highly adaptable to 
various use cases. By leveraging Optuna, model’s performance can be fine-tune more effectively 
while minimizing resource consumption [23]. 

3. Results and Discussion 

3.1. Scrapping and Labeling Result 
The data collection process which was done through web scraping resulted in a dataset containing 

1,879 entries. This dataset holds three distinct sentiment classes: positive, negative, and questioning. 
A positive label indicates agreement with the discontinuation of the IISMA program, while negative 
signifies disagreement, and questioning reflects uncertainty about it. Table 2 shows the result of the 
scrapping and labeling process. 

Table 2. Dataset Labeling Result 

Tweet Label 
@ferrykoto Program nadiem kampus merdeka MSIB dan IISMA 
dihapus menteri yg ini nih. Padahal itu bagus2 semua. Negative 

@kenapsbangkesel mau dihapus AH pler nih ajg duitnya habis ke 
iisma &amp; lpdp #hapuskaniisma ga guna relevansi ke disiplin 
ilmu gue hampir gada anying 

Positive 

Damn.... iisma n msib cuma postpone apa beneran dihapus ya....... Questioning 

Some entries did not specifically focus on IISMA and were then removed. After filtering the data 
to concentrate only on IISMA, the resulting dataset contained 630 entries, as shown in Fig. 2.  
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Fig. 2 Visualization of the total sentiment of IISMA. 

The data included 63 entries categorized as questioning, 263 entries classified as negative, and 304 
entries marked as positive. This distribution shows an imbalance in the data, with the questioning 
class having significantly fewer entries and the negative class having slightly fewer entries than the 
positive class. These imbalances could potentially affect the model’s accuracy in predicting these 
classes. To address this issue, the questioning class label was removed, and resampling was 
performed on the negative and positive classes to balance the dataset. Specifically, 263 samples were 
randomly resampled between both the negative and positive classes, ensuring equal data size. 

3.2. Preprocessing Result 

3.2.1. Case Folding 
This step converted all text into lowercase. Table 3 shows the result of this step. 

Table 3. Case Folding Result 

Tweet Case Folding Result 
@ferrykoto Program nadiem kampus merdeka MSIB 

dan IISMA dihapus menteri yg ini nih. Padahal itu 
bagus2 semua. 

@ferrykoto program nadiem kampus merdeka 
msib dan iisma dihapus menteri yg ini nih. padahal 

itu bagus2 semua. 
@kenapsbangkesel mau dihapus AH pler nih ajg 

duitnya habis ke iisma &amp; lpdp #hapuskaniisma 
ga guna relevansi ke disiplin ilmu gue hampir gada 

anying 

@kenapsbangkesel mau dihapus ah pler nih ajg 
duitnya habis ke iisma &amp; lpdp 

#hapuskaniisma ga guna relevansi ke disiplin ilmu 
gue hampir gada anying 

Damn.... iisma n msib cuma postpone apa beneran 
dihapus ya....... 

damn.... iisma n msib cuma postpone apa beneran 
dihapus ya....... 

3.2.2. Remove Symbols and Usernames 
Every symbol, hashtag, usernames, and URL were removed in this step. Table 4 shows the result 

of this step.  
Table 4. Symbol and Username Removal Result 

Tweet Symbol and Username Removal Result 
@ferrykoto program nadiem kampus merdeka msib 
dan iisma dihapus menteri yg ini nih. padahal itu 
bagus2 semua. 

program nadiem kampus merdeka msib dan iisma 
dihapus menteri yg ini nih padahal itu bagus2 
semua 

@kenapsbangkesel mau dihapus ah pler nih ajg 
duitnya habis ke iisma &amp; lpdp #hapuskaniisma 
ga guna relevansi ke disiplin ilmu gue hampir gada 
anying 

mau dihapus ah pler nih ajg duitnya habis ke iisma 
lpdp ga guna relevansi ke disiplin ilmu gue hampir 
gada anying 

damn.... iisma n msib cuma postpone apa beneran 
dihapus ya....... 

damn iisma n msib cuma postpone apa beneran 
dihapus ya 



ENTHUSIASTIC 
International Journal of Applied Statistics and Data Science 

160 

 

https://journal.uii.ac.id/ENTHUSIASTIC p-ISSN 2798-253X 
e-ISSN 2798-3153 

 

3.2.3. Fixing Typos 
Most tweets contained informal language and typos, so they needed to be fixed. Table 5 shows 

the result of this step. 
Table 5. Fixing Typos Result 

Tweet Symbol and Username Removal Result 
program nadiem kampus merdeka msib dan iisma 
dihapus menteri yg ini nih padahal itu bagus2 semua 

program nadiem kampus merdeka msib dan iisma 
dihapus menteri yang ini nih padahal itu bagus2 
semua 

mau dihapus ah pler nih ajg duitnya habis ke iisma 
lpdp ga guna relevansi ke disiplin ilmu gue hampir 
gada anying 

mau dihapus ah pler nih anjing duitnya habis ke 
iisma lpdp tidak berguna relevansi ke disiplin ilmu 
gue hampir tidak ada anying 

damn iisma n msib cuma postpone apa beneran 
dihapus ya 

damn iisma dan msib hanya postpone apa beneran 
dihapus ya 

3.2.4. Tokenization 
In this step, each word in the sentence was broken down into tokens. Table 6 shows the result of 

this step. 
Table 6. Tokenization 

Tweet Tokenization Result 
program nadiem kampus merdeka msib dan iisma 
dihapus menteri yang ini nih padahal itu bagus2 
semua 

[program, nadiem, kampus, merdeka, msib, dan, 
iisma, dihapus, menteri, yang, ini, nih, padahal, itu, 
bagus2, semua] 

mau dihapus ah pler nih anjing duitnya habis ke 
iisma lpdp tidak berguna relevansi ke disiplin ilmu 
gue hampir tidak ada anying 

[mau, dihapus, ah, pler, nih, anjing, duitnya, habis, 
ke, iisma, lpdp, tidak, berguna, relevansi, ke, 
disiplin, ilmu, gue, hampir, tidak, ada, anying] 

damn iisma dan msib hanya postpone apa beneran 
dihapus ya 

[damn, iisma, dan, msib, hanya, postpone, apa, 
beneran, dihapus, ya] 

3.2.5. Stemming 
In this step, each word that had been tokenized was reverted to its original form. Table 7 shows 

the result of this step. 
Table 7. Stemming 

Tweet Tokenization Result 
[program, nadiem, kampus, merdeka, msib, dan, 
iisma, dihapus, menteri, yang, ini, nih, padahal, itu, 
bagus2, semua] 

[program, nadiem, kampus, merdeka, msib, dan, 
iisma, hapus, menteri, yang, ini, nih, padahal, itu, 
bagus2, semua] 

[mau, dihapus, ah, pler, nih, anjing, duitnya, habis, 
ke, iisma, lpdp, tidak, berguna, relevansi, ke, disiplin, 
ilmu, gue, hampir, tidak, ada, anying] 

[mau, hapus, ah, pler, nih, anjing, duit, habis, ke, 
iisma, lpdp, tidak, berguna, relevansi, ke, disiplin, 
ilmu, gue, hampir, tidak, ada, anying] 

[damn, iisma, dan, msib, hanya, postpone, apa, 
beneran, dihapus, ya] 

[damn, iisma, dan, msib, hanya, postpone, apa, 
beneran, hapus, ya] 

3.2.6. Removing Stopwords 
Indonesian stopwords, such as “dan,” “atau,” “akan,” and “ya,” were removed from the 

tokenization result. Table 8 shows the result of this step. 
Tabke 8. Stopwords Removal 

Tweet Stopwords Removal Result 
[program, nadiem, kampus, merdeka, msib, dan, 
iisma, hapus, menteri, yang, ini, nih, padahal, itu, 
bagus2, semua] 

[program, nadiem, kampus, merdeka, msib, iisma, 
hapus, menteri, padahal, bagus2, semua] 

[mau, hapus, ah, pler, nih, anjing, duit, habis, ke, 
iisma, lpdp, tidak, berguna, relevansi, ke, disiplin, 
ilmu, gue, hampir, tidak, ada, anying] 

[hapus, pler, anjing, duit, habis, iisma, lpdp, tidak, 
berguna, relevansi, disiplin, ilmu, gue, hampir, 
tidak, ada, anying] 

[damn, iisma, dan, msib, hanya, postpone, apa, 
beneran, hapus, ya] 

[damn, iisma, msib, hanya, postpone, beneran, 
hapus] 



ENTHUSIASTIC 
International Journal of Applied Statistics and Data Science 

161 

 

https://journal.uii.ac.id/ENTHUSIASTIC p-ISSN 2798-253X 
e-ISSN 2798-3153 

 

3.3. Model Performance Result 
The dataset was into train and test data with the ratio of 80:20 to ensure a sufficient amount of 

training data. Cross-validation was not used in this study due to the limited dataset size, which 
consisted of only 368 data points. Splitting the data into multiple folds could result in excessively 
small training and validation sets, potentially leading to unstable model performance and reduced 
generalizability. The models performed in this research are SVM, RFC, and XGBoost Classifier. The 
performance of each model was evaluated based on the accuracy, precision, recall, and F1-score.   

3.3.1. Support Vector Machine (SVM) 
The SVM model has the accuracy of 83%. This score is considered good and indicates that the 

model performs well in predicting the classification. In addition to accuracy, the model’s 
performance can be evaluated as shown in Table 9. 

Table 9. SVM Performance Result 

 Precision Recall F1-Score 
Positive 0.79 0.86 0.82 
Negative 0.87 0.81 0.84 

These results highlight the trade-offs between precision, recall, and F1-score for different classes, 
emphasizing the model’s effectiveness in handling class imbalance. It has higher precision for the 
negative class (fewer false positives) but also has slightly lower recall for this class (misses some 
true positives). To improve the model’s performance, parameter tuning was conducted, resulting in 
an increase in accuracy to 85.44%. The updated SVM model scores after tuning are shown below in 
Table 10. 

Table 10. Updated SVM Performance Result 

 Precision Recall F1-Score 
Positive 0.83 0.86 0.85 
Negative 0.88 0.85 0.86 

After parameter tuning, there was a noticeable improvement in precision, recall, and F1-score 
for both classes with the most significant improvement observed in the negative class recall and the 
F1-scores of both classes. So, the model became more effective in both identifying and classifying 
the positive and negative class, with the negative class showing the most improvement after tuning. 

3.3.2. Random Forest Classifier (RFC) 
The RFC model achieved an accuracy of 83%, which is the same as the SVM model. This result 

indicates that the model performed well in predicting the classification. Besides accuracy, the 
model’s performance was also assessed, as shown in Table 11. 

Table 11. RFC Performance Result 

 Precision Recall F1-Score 
Positive 0.82 0.82 0.82 
Negative 0.84 0.84 0.84 

The model performed similarly for both classes with slight improvements in Negative class. The 
F1-scores are balanced, indicating a decent performance of the Random Forest Classifier in 
distinguishing between the two classes. However, there is room for improvement, especially if the 
application is sensitive to misclassifications of either class. Therefore, parameter tuning was 
performed to improve the model.  

After parameter tuning, the accuracy of the model increased to 85.44%. The updated RFC model 
scores after tuning are shown below in Table 12. 
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Table 12. Updated RFC Performance Result 

 Precision Recall F1-Score 
Positive 0.81 0.89 0.85 
Negative 0.90 0.82 0.86 

Overall, the parameter tuning has led to a model that is better at identifying both classes, with a slight 
trade-off in recall for negative class but a notable increase in precision. The F1-scores for both classes 
have improved, indicating that the tuning has enhanced the balance of the model’s performance. 

3.3.3. XGBoost Classifier 
The XGBoost classifier model achieves an accuracy of 78.3%. Besides accuracy, the model’s 

performance was also assessed, as shown in Table 13. 
Table 13. XGBoost Classifier Performance Result 

 Precision Recall F1-Score 
Positive 0.76 0.78 0.77 
Negative 0.80 0.79 0.80 

While both classes exhibited decent performance, the negative class emerged as the stronger 
performer, with slightly better precision and recall values. The model was more adept at 
distinguishing negative class instances, resulting in higher accuracy when predicting this class. To 
further improve performance, additional tuning was applied, leading to a significant boost in the 
model’s effectiveness. After the tuning, the model’s performance increased significantly to 84.18%. 
The updated XGBoost model scores after tuning are shown below in Table 14. 

Table 14. XGBoost Classifier Performance Result 

 Precision Recall F1-Score 
Positive 0.79 0.90 0.84 
Negative 0.91 0.79 0.84 

The model showed a significant improvement after tuning, particularly in precision and recall 
for the positive class, which had a higher recall value of 0.90. While precision for negative class was 
higher, recall for positive class was significantly better. This result suggests better performance in 
identifying positive class instances. Therefore, the model performed well for both classes by 
maintaining a strong balance as evidenced by similar F1-scores for both classes. This result indicates 
that the model has effectively learned to balance both classes after tuning. 

This improvement highlights the importance of hyperparameter tuning, especially for a 
parameter-sensitive model like XGBoost. By optimizing key parameters such as learning rate, max 
depth, and number of estimators, the model was able to refine its classification performance, 
increasing its overall accuracy from 78.3% to 84.18%. However, despite these improvements, 
XGBoost still did not surpass SVM and RFC, suggesting that tree-based boosting methods may not 
be the most effective approach for this particular text classification task. This could be attributed to 
the high-dimensional nature of text data, where models like SVM, which excel in handling sparse 
representations, demonstrated superior performance. 

3.4. Sentiment Analysis Word Cloud 
 In this research, in addition to comparing three models for classifying labels for the IISMA 
program, sentiment analysis was conducted using a word cloud visualization. This approach aims to 
provide a deeper understanding of the sentiment surrounding the IISMA program by analyzing the 
frequency and context of key terms, offering valuable insights into public perception. The 
combination of model comparison and sentiment analysis will contribute to a more comprehensive 
evaluation of the program’s reception and overall sentiment. 
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3.4.1. Negative Label 
The word cloud in Fig. 3 visualizes the negative sentiment expressed by individuals who disagree 

with the discontinuation of the IISMA program. The word cloud highlights the most frequently 
mentioned terms from each tweet. 

 

Fig. 3 Visualization of most frequent words in negative label. 

The word cloud above reflects the key concerns and emotional responses from those opposing 
the decision. From the word cloud above, frequent appearance of words such as “iisma,” “magang,” 
“msib,” “merdeka,” “program,” and “kampus” indicates strong emotions related to the loss of the 
program and its value in terms of independence and opportunities for university students. Words like 
“kalo” and “gak” also hint at casual and frustrated tones in expressing disbelief or disagreement with 
the decision. Other words such as “studi independent,” “exchange,” and “manfaat” show that the 
IISMA program gave positive impact and new experiences to the students. This analysis helps 
illustrate the emotional weight behind the discourse, reflecting concerns over the impact of this 
change on students and their future opportunities. 

3.4.2. Positive Label 
The word cloud in Fig. 4 visualizes the positive sentiment expressed by individuals who agree 

with the discontinuation of the IISMA program. The word cloud highlights the most frequently 
mentioned terms from each tweet. 

 

Fig. 4 Visualization of most frequent words in positive label. 

Fig. 4 exhibits the sentiment of individuals who agree with the discontinuation of the IISMA 
program. Keywords like “iisma” and “hapus” appear as the most frequent words which indicates the 
strong focus on the idea of removing or discontinuing the program. Additionally, words like “msib,” 
“mending,” and “magang” suggest that people might feel the need to shift towards other educational 
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opportunities. There is also a significant use of terms like “output” and “anggar,” which may imply 
concerns related to the allocation of resources and national priorities in education. This word cloud 
represents a more pragmatic and supportive tone toward the changes, perhaps focusing on efficiency, 
program restructuring, and new opportunities in line with the government’s vision. 

4. Conclusion 
 The sentiment analysis and visualizations revealed that positive sentiment toward the 

discontinuation of the IISMA program outweighed negative sentiment, suggesting general public 
agreement. Contributing factors included concerns about the program’s urgency and measurable 
outcomes, and a desire to prioritize other national education issues. These findings can inform 
policymakers in reassessing IISMA’s impact and exploring more targeted educational investments, 
such as improving access to quality education, domestic university infrastructure, or vocational 
training. SVM and RFC models performed best for sentiment classification, both achieving 85.44% 
accuracy. 

However, limitations exist, including the reliance on Twitter data, a small and demographically 
skewed sample, and a short observation period. Future research should expand to multiple platforms, 
include larger and more diverse datasets, and analyze long-term sentiment trends. Additionally, 
exploring multilingual sentiment models, temporal shifts in opinion, and applying topic modeling to 
policy discourse would further enrich educational policy analysis. 
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