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Abstract 

 

Sentiment analysis is a key method for deriving insights from user-generated content, particularly in evaluating 

public satisfaction with digital health services. This study conducts a comparative analysis of sentiment polarity 

classification models on 34,178 Indonesian-language reviews from SATUSEHAT Mobile, a national health 

application by the Indonesian Ministry of Health. The dataset was manually annotated into positive, neutral, and 

negative classes. Three model categories were evaluated: classical machine learning (Support Vector Machine, 

XGBoost), baseline neural networks (Multilayer Perceptron, Convolutional Neural Network), and pretrained 

transformer-based models (IndoBERT, XLM-RoBERTa). All models were trained using stratified 5-fold cross-

validation and tested on a held-out set. Results show that transformer-based models significantly outperform others 

in all metrics. IndoBERT achieved the highest weighted F1-score (0.8555), followed closely by XLM-RoBERTa 

(0.8552). Despite the similar average performance, XLM-RoBERTa exhibited the lowest performance variance 

across folds, making it the most stable and effective model overall. Statistical validation using Friedman and 

Nemenyi tests confirmed these differences as significant. However, all models struggled with neutral sentiment 

detection due to data imbalance. Although computationally more expensive than IndoBERT, XLM-RoBERTa 

offers superior robustness for sentiment classification in Indonesian health-related text. These findings support the 

integration of transformer-based sentiment monitoring into public health dashboards to enable timely, data-driven 

service improvements.  
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1. INTRODUCTION  

Mobile health (mHealth) applications have 

become pivotal in modern public healthcare delivery, 

especially in the post–COVID-19 era. These platforms 

enable digital vaccination records, symptom tracking, 

and teleconsultations, contributing to more efficient 

and accessible healthcare systems. In Indonesia, the 

Ministry of Health’s SATUSEHAT Mobile App 

serves as a centralized digital health ecosystem, 

connecting millions of citizens and healthcare 

providers through integrated health data services. 

Evaluating user feedback on such public service 

applications is essential for maintaining service quality 

and informing policy refinement. Sentiment analysis 

an application of natural language processing (NLP) 

enables the automated classification of opinions into 

categories such as positive, neutral, or negative. This 

technique allows policymakers and system developers 

to identify public perceptions, detect recurring 

problems, and improve responsiveness to user 

concerns. 

Earlier research often employed classical machine 

learning methods such as Support Vector Machines 

(SVM) and Extreme Gradient Boosting (XGBoost), 

which offer strong interpretability and reliable 

performance [1], [2]. However, these models rely 

heavily on manually engineered features and struggle 

to capture the nuanced linguistic patterns and code-

mixed expressions common in Indonesian mobile app 

reviews. Neural architectures such as Multilayer 

Perceptrons (MLP) and Convolutional Neural 

Networks (CNN) have improved this by learning 

representations directly from text [3], yet their 
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capacity to model long-range contextual dependencies 

remains limited. 

Recent advances in transformer-based pretrained 

language models, such as IndoBERT [4] and XLM-

RoBERTa (XLM-R) [5], have dramatically enhanced 

sentiment classification performance. These models 

are trained on extensive Indonesian and multilingual 

corpora, allowing them to effectively understand both 

syntactic and semantic contexts. In particular, XLM-

RoBERTa demonstrates superior generalization across 

multilingual and cross-domain tasks, as it is trained on 

a larger, more diverse dataset than IndoBERT, 

enabling better handling of mixed-language inputs 

frequently found in Indonesian user reviews. This 

makes XLM-RoBERTa especially robust for real-

world sentiment analysis where users may blend 

English and Indonesian expressions. 

Despite these advancements, most existing 

studies focus on single-model or descriptive sentiment 

evaluations in mHealth contexts. Structured 

comparisons across classical machine learning, 

baseline neural networks, and pretrained transformer 

models especially within Indonesian government 

health service platforms remain scarce. Moreover, 

while transformer-based models generally yield high 

overall accuracy, they often struggle with correctly 

identifying neutral sentiments. This occurs because 

neutral reviews typically contain limited emotional 

cues and overlap linguistically with both positive and 

negative expressions, making them more challenging 

to distinguish. 

This study contributes to the field by conducting 

a comprehensive comparative evaluation of sentiment 

polarity classification on SATUSEHAT Mobile app 

reviews across three model families: (a) Classical 

Machine Learning Models: SVM and XGBoost, (b) 

Baseline Neural Network Models: MLP and CNN, and 

(c) Pretrained Transformer Models: IndoBERT and 

XLM-RoBERTa. The findings provide empirical 

evidence of model performance trade-offs, 

highlighting the strengths of transformer-based 

architectures in processing Indonesian and 

multilingual content, while also identifying areas such 

as neutral sentiment classification that warrant further 

methodological refinement. These insights contribute 

to both academic research in NLP and the practical 

improvement of Indonesia’s digital public health 

services. 

2. RESEARCH METHOD 

This section outlines the methodology employed 

in conducting sentiment polarity classification on 

Indonesian public health app reviews. To ensure a 

systematic and reproducible approach, the study 

adopts a multi-stage workflow encompassing four 

main phases: Data Collection, Data Preparation, 

Modeling, and Evaluation. Each phase comprises 

several key steps as illustrated in the research 

workflow (see Fig. 1), and is described in detail in the 

subsequent subsections. 

 

 
Figure 1. Research Methodology Workflow 

 

The dataset used in this study comprises 34,178 

user reviews of the SATUSEHAT Mobile application, 

collected from the Google Play Store using the google-

play-scraper Python library. The crawler was 

configured to retrieve Indonesian-language reviews 

posted between March 1, 2023, and December 31, 

2024. Only the review text and timestamp were 

retained for analysis, aligning with the study’s focus 

on temporal sentiment dynamics. This automated data 

acquisition method has been widely adopted in mobile 

app feedback mining [16]. A monthly aggregation of 

review counts was visualized to illustrate the 

distribution of user engagement over time. 

 

 
Figure. 2. Monthly distribution of SATUSEHAT app reviews from 

March 2023 to December 2024 

 

Following the data collection stage, the dataset 

underwent preparation for supervised sentiment 

classification, beginning with a manual data labeling 

process. Each user review was annotated into one of 

three sentiment categories positive, neutral, or 

negative based on predefined polarity criteria 

reflecting user satisfaction with public health digital 

services. Labeling was conducted by two independent 

annotators over a period of 90 days, following a 

structured annotation guideline to ensure semantic 

consistency. The sentiment annotation scheme is 

summarized in Table 1. 



Ananda, et. al, Sentiment Analysis of Public …   163 

Table 1. Sentiment Annotation Guidelines 

Sentiment Class Definition 

Positive 

Reviews indicating satisfaction, 

appreciation, or overall favorable 

response. 

Neutral 
Reviews containing factual or ambiguous 

content without clear sentiment. 

Negative 
Reviews indicating dissatisfaction, 

criticism, or reports of poor experience. 

 

Manual annotation was chosen to ensure high-

quality sentiment supervision, as accurate, context-

aware labeling has been widely recognized as critical 

for achieving robust model performance on real-world 

unstructured data, particularly in the health domain 

where textual nuances influence interpretation [17], 

[18], [19]. 

After labeling, the dataset was subjected to 

standard text preprocessing steps to ensure data 

consistency and prepare the text for vectorization and 

model training. Preprocessing was guided by 

established NLP practices for Indonesian texts [20], 

[21], [22], [23] and included the following:  

• Normalization and Cleaning, which involved 

lowercasing all text and removing punctuation, 

emojis, HTML tags, and special characters to 

reduce noise and ensure structural uniformity.  

• Tokenization, where sentences were segmented 

into individual tokens to allow for discrete 

analysis by the learning algorithms. 

• Stopword Removal, in which high-frequency but 

semantically uninformative words (e.g., "yang", 

"dan", "di") were excluded to improve signal 

quality. 

• Stemming, performed using the Sastrawi 

algorithm a widely adopted stemmer for Bahasa 

Indonesia was applied to reduce inflected words 

to their root forms. This step simplified the 

vocabulary space and enhanced the 

generalizability of the model. 

To better illustrate the preprocessing pipeline, 

Table 2.  presents an example of stepwise 

transformation applied to a representative review. 

 
Table 2. Example Of Stepwise Text Preprocessing Pipeline 

Applied To A Satusehat Review 

 

Stage Output Example 

Original Text 
Pelayanan lambat, aplikasi sering error pas 

buka fitur vaksin. Gimana ini? 

Normalized 

& Cleaned 

pelayanan lambat aplikasi sering error pas buka 

fitur vaksin gimana ini 

Tokenized 
[pelayanan, lambat, aplikasi, sering, error, pas, 

buka, fitur, vaksin, gimana, ini] 

Stopword 

Removed 

[pelayanan, lambat, aplikasi, sering, error, 

buka, fitur, vaksin] 

Stemmed 
[layan, lambat, aplikasi, sering, error, buka, 

fitur, vaksin] 

 

This preprocessing pipeline was implemented 

prior to text representation, ensuring that input data 

was clean, token-consistent, and linguistically 

normalized before entering the subsequent modeling 

stage. 

After the preprocessing stage, textual data was 

transformed into numerical representations suited for 

different model families. Three distinct representation 

strategies were adopted to align with the respective 

requirements of classical machine learning, baseline 

neural networks, and pretrained transformer-based 

models. 

• TF-IDF Vectorization. For traditional classifiers 

such as Support Vector Machine (SVM) and 

XGBoost, this study employed Term Frequency–

Inverse Document Frequency (TF-IDF) to 

quantify word importance within documents. Let 

t be a term, d a document, and "D" the entire 

corpus, the TF-IDF weight is calculated as: 

TF-IDF(𝑡, 𝑑) = tf(𝑡, 𝑑) × log (
𝑁

df(𝑡)
) 

where "tf" (t,d) is the frequency of term t in 

document d, "df" (t) is the number of documents 

containing t, and N is the total number of 

documents. This method results in a sparse high-

dimensional feature space, where discriminative 

terms carry higher weights in documents related 

to bugs or functionality issues [24]. 

• Integer Tokenization and Sequence Padding. For 

models such as Multilayer Perceptron (MLP) and 

Convolutional Neural Network (CNN), input 

reviews were first converted into sequences of 

integer indices based on a vocabulary map. These 

sequences were subsequently padded or 

truncated to a fixed length (100 tokens), ensuring 

input dimensional consistency across the batch. 

This representation preserves word order while 

enabling fast vectorized computation [25]  

• Subword Tokenization and Attention Masking. 

For IndoBERT and XLM-RoBERTa, input 

sequences were processed using subword 

tokenization WordPiece and SentencePiece, 

respectively allowing for granular handling of 

rare or compound words. The text was then 

transformed into token IDs, attention masks, and 

segment embeddings, which serve as inputs to 

the transformer architecture. The maximum 

sequence length was capped at 128 tokens to 

balance context retention and computational 

efficiency [26]. 

The models were selected to represent three major 

classes of text classifiers: classical machine learning, 

baseline neural networks, and pretrained transformer-

based models. Each model was chosen based on its 

theoretical foundation, empirical performance in prior 

studies, and compatibility with the structured output of 

the data preparation pipeline. 

Support Vector Machine (SVM) was selected as a 

representative of classical linear classifiers due to its 

robustness in high-dimensional spaces and proven 
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performance in text classification tasks. SVM 

maximizes the margin between support vectors of 

opposing classes in a transformed feature space. With 

the use of TF-IDF features, SVM has demonstrated 

excellent performance for sparse input vectors [27] 

making it an ideal candidate for baseline comparisons 

in this study.  

Extreme Gradient Boosting (XGBoost), a tree-

based ensemble method, was included due to its 

superior performance in many structured and semi-

structured data competitions. XGBoost enhances weak 

learners iteratively using a gradient descent 

optimization framework, regularization, and parallel 

processing, which collectively improve its 

generalization capability and computational efficiency 

[28]. In prior sentiment analysis research on short 

texts, XGBoost consistently outperformed shallow 

models, especially when feature sparsity and non-

linearity are present. 

Multilayer Perceptron (MLP) serves as the 

baseline for neural network models in this study. MLP 

is a fully connected feedforward network that learns 

non-linear decision boundaries via backpropagation 

and activation functions such as ReLU. Although MLP 

lacks spatial inductive bias, it offers a strong 

benchmark for understanding the performance lift 

contributed by deeper architectures. 

Convolutional Neural Network (CNN) was 

incorporated to exploit the local spatial features within 

sequences of text tokens. Originally designed for 

image data, CNNs have shown competitive 

performance in sentence-level classification tasks 

through 1D convolutions and max-pooling operations 

[29]. CNN is especially effective in capturing n-gram 

patterns and is computationally more efficient than 

RNN-based architectures. 

IndoBERT, a monolingual transformer model 

pretrained on a large Indonesian corpus, was adopted 

to capture rich contextual information at both word 

and sentence levels. IndoBERT uses the BERT 

architecture with WordPiece tokenization and is 

pretrained using Masked Language Modeling (MLM) 

objectives. Prior studies in Bahasa Indonesia 

sentiment classification have shown that IndoBERT 

outperforms both classical and standard deep learning 

models by a significant margin, particularly in 

domain-specific tasks [4]. 

XLM-RoBERTa, a multilingual transformer 

model based on RoBERTa architecture and trained on 

100+ languages using the CommonCrawl dataset, was 

selected to test the transferability of multilingual 

contextual embeddings to the Indonesian healthcare 

domain. Unlike IndoBERT, XLM-RoBERTa uses 

SentencePiece tokenization and is optimized with a 

larger batch size and dynamic masking. It has 

demonstrated exceptional performance on cross-

lingual benchmarks and low-resource language tasks 

[5] making it a relevant candidate for this study. 

To maximize predictive performance across 

architectures, this study implemented tailored tuning 

strategies for each model family: hyperparameter 

tuning for classical machine learning and baseline 

neural network models, and fine-tuning for pretrained 

transformer-based models. Each model was tuned 

using parameter grids validated via stratified 5-fold 

cross-validation. 

For classical machine learning models, Support 

Vector Machine (SVM) and XGBoost classifiers were 

tuned using grid search over selected hyperparameter 

spaces. SVM optimization involved the regularization 

strength parameter C ∈ {0.1, 1.0, 10.0} and kernel 

types from {linear, radial basis function (RBF), 

sigmoid}, which influence margin flexibility and 

decision boundaries. For XGBoost, the tuning space 

included n_estimators ∈ {100, 200, 300} and 

learning_rate ∈ {0.01, 0.1, 0.3}, enabling control over 

model complexity and convergence behavior. These 

settings are consistent with prior best practices in text 

classification tasks involving high-dimensional 

features. 

For baseline neural networks models (MLP and 

CNN), the search space focused on architectural and 

training parameters. Experiments were conducted over 

embedding_dim ∈ {50, 100, 150}, number of dense 

units or convolutional filters units ∈ {32, 64, 128}, and 

learning rates ∈ {1e−3, 5e−4, 1e−4}. All networks 

used the Adam optimizer, and early stopping was 

applied based on validation performance. The 

configuration aimed to balance expressive capacity 

and regularization for short-text sentiment input.  

For pretrained transformer-based models 

(IndoBERT and XLM-RoBERTa), fine-tuning was 

conducted end-to-end on the sentiment-labeled corpus 

using the Hugging Face Transformers framework. The 

fine-tuning grid included learning rates ∈ {5e−5, 3e−5, 

2e−5}, training epochs ∈ {3, 5}, and batch sizes ∈ {32, 

128} per device. During fine-tuning, all model weights 

were updated using gradient descent, and sequences 

were truncated to 128 tokens. Early stopping and 

validation-based model selection were also 

incorporated to prevent overfitting and ensure 

convergence. Table 3. summarizes the hyperparameter 

configurations and search spaces employed for each 

model category used in this study. 

 
Table 3. Hyperparameter Configuration For Each Model 

Model 
Tuned 

Hyperparameters 
Search Space 

SVM 

Regularization {0.1, 1.0, 10.0} 

Kernel type 
{linear, rbf, 

sigmoid} 

XGBoost 

Number of Trees 

(n_estimators) 
{100, 200, 300} 

Learning Rate 

(learning_rate) 
{0.01,0.1,0.3} 

MLP / 

CNN 

Hidden Units (units) {32, 64, 128} 

Learning Rate 
{1e−3, 5e−4, 

1e−4} 
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Model 
Tuned 

Hyperparameters 
Search Space 

Embedding Dimension 

(embedding_dim) 
{50, 100, 150} 

IndoBERT 

/ XLM-

RoBERTa 

Learning Rate 
{5e−5, 3e−5, 

2e−5} 

Batch Size {32, 128} 

Epochs {3, 5} 

 

To ensure fair and reproducible evaluation across 

all models, the dataset was initially partitioned into 

two subsets: 70% for training and 30% for testing. The 

training set was used for both hyperparameter tuning 

and model fitting, while the testing set was withheld 

entirely for final evaluation to simulate real-world 

deployment performance. Within the training set, a 

stratified 5-fold cross-validation approach was 

applied. This technique preserved the class 

distribution across folds and enabled robust estimation 

of generalization performance, especially in the 

presence of imbalanced sentiment classes. The 

complete procedure is illustrated in Fig. 3 [30], which 

depicts the simulation of 5-fold training-validation 

cycles prior to final testing. 

 

 
Figure 3. Simulation of 5-Fold Cross-Validation 

 

The model training and validation procedures 

were executed on cloud-based infrastructure using 

Google Colab Pro. Classical machine learning models 

were trained using CPU resources, while baseline 

neural network models (MLP, CNN) leveraged the 

NVIDIA Tesla T4 GPU. For pretrained transformer-

based models, such as IndoBERT and XLM-

RoBERTa, a high-performance NVIDIA A100 GPU 

was utilized via runtime upgrade. The full 

computational environment specifications are 

summarized in Table 4. 

 
Table 4. Computational Environment Specifications 

 

Component Specification 

Platform Google Colab Pro 

CPU 

Intel(R) Xeon(R) CPU @ 

2.30GHz, 8 vCPU (4 cores, 2 

threads/core) 

CPU Architecture x86_64, 64-bit 

RAM 51 GB 

Disk 235.7 GB Virtual Storage 

GPU (for MLP, CNN) 
NVIDIA Tesla T4 (CUDA), 15 

GB VRAM 

Component Specification 

GPU (for Transformers) 
NVIDIA A100 (CUDA), 40 GB 

VRAM (via runtime upgrade) 

Virtualization 
KVM (Kernel-based Virtual 

Machine) 

L1/L2/L3 Cache L1: 256 KB, L2: 1 MB, L3: 45 MB 

Operating System 
Ubuntu Linux (Kernel 

Virtualization) 

Python Version Python 3.11 

 

EVALUATION 

The evaluation phase of this study was structured 

to comprehensively assess model performance across 

three main dimensions: predictive performance 

metrics, statistical significance, and computational 

efficiency. This multi-faceted approach ensured not 

only that the models were accurate but also reliable 

and scalable for real-world application in Indonesian 

sentiment analysis. 

1) Performance Metrics 

The effectiveness of each model was evaluated 

using standard classification metrics: accuracy, 

precision, recall, and F1-score. Among these, the F1-

score was adopted as the primary evaluation metric 

due to its robustness in handling class imbalance, 

which is a common challenge in sentiment 

classification tasks. It balances false positives and 

false negatives, offering a more informative view than 

accuracy alone when evaluating models with uneven 

class distributions. 

Let TP, FP, FN, andTNrepresent true positives, 

false positives, false negatives, and true negatives, 

respectively. For each sentiment class c, the metrics 

are defined as follows: 

• Precision (positive predictive value): 

 Precision𝑐 =
𝑇𝑃𝑐

𝑇𝑃𝑐+𝐹𝑃𝑐
  (2) 

• Recall (sensitivity): 

Recall𝑐 =
𝑇𝑃𝑐

𝑇𝑃𝑐+𝐹𝑁𝑐
  (3) 

• F1-score (harmonic mean of precision and 

recall): 

𝐹1𝑐 = 2 ⋅
Precision𝑐⋅Recall𝑐

Precision𝑐+Recall𝑐
 (4) 

• Accuracy: 

Accuracy =
𝑇𝑃+𝑇𝑁

𝑇𝑃+𝑇𝑁+𝐹𝑃+𝐹𝑁
  (5) 

 

The macro-average of each metric was calculated 

to ensure equal weighting across classes, which is 

particularly important for imbalanced datasets. In 

addition, to account for differences in class 

distribution and to more accurately reflect overall 

model performance in the presence of majority and 

minority classes, the weighted average of each metric 

was also computed. This allows a more reliable 

comparison between models by incorporating class 

frequency into the aggregation process [1]. 

 

2) Statistical Significance Testing 

To assess whether observed performance 

differences among models were statistically 

significant, the Friedman test was employed. This non-
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parametric test is suitable for comparing multiple 

classifiers over several datasets or folds [2]. Let R_ij 

denote the rank of the j-th model on the i-th fold. The 

Friedman statistic is computed as: 

 

𝜒𝐹
2 =

12𝑁

𝑘(𝑘+1)
[∑ 𝑅𝑗

2̅̅̅̅𝑘
𝑐=1 −

𝑘(𝑘+1)2

4
] (6) 

 

Where N = number of folds, k = number of models, 

and (R_j ) ̅ = average rank of model j. Following the 

Friedman test, the Nemenyi post-hoc test was 

conducted to identify pairwise differences among 

models. The critical difference (CD) is calculated as: 

 

𝐶𝐷 = 𝑞𝛼 ⋅ √
𝑘(𝑘+1)

6𝑁
  (7) 

Where q_α is the critical value from the 

Studentized range distribution. This statistical 

evaluation framework enabled robust, fair, and 

replicable comparison across all modeling strategies 

used in this study. 

 

3. RESULT AND DISCUSSION 

This section presents the experimental results and 

provides a comprehensive analysis of model 

performance across various sentiment classification 

tasks. The discussion is structured to reflect key stages 

of the evaluation pipeline, beginning with an overview 

of the annotated data distribution, followed by detailed 

performance comparisons across six models 

representing three major learning paradigms: classical 

machine learning, baseline neural networks, and 

pretrained transformer-based architectures. 

Quantitative results are further examined using 

statistical significance testing and computational 

efficiency analysis, culminating in a discussion of the 

practical implications for real-world public health 

applications such as SATUSEHAT. 

The labeled dataset used in this study comprises 

34,178 user reviews of the SATUSEHAT Mobile 

application. Reviews were annotated into three 

sentiment categories: negative, neutral, and positive, 

following a standardized annotation protocol as 

described in the methodology. The resulting 

distribution reveals a substantial imbalance in 

sentiment classes. As visualized in Fig. 4, negative 

reviews dominate the dataset, accounting for 74.02% 

of all entries. Positive reviews comprise 21.58%, while 

only 4.41% are labeled as neutral. 

 
Figure 4. Sentiment label distribution of SATUSEHAT Mobile app 

reviews. 

 

This distribution reflects the tendency of users to 

express dissatisfaction more vocally in public health 

platforms, particularly when encountering technical 

issues or unmet service expectations. The relatively 

small proportion of neutral reviews may suggest a 

lower likelihood of users submitting feedback unless 

they have a strongly polarized experience. The 

presence of such imbalance necessitates careful 

treatment in model development and evaluation, as it 

can bias predictions toward the majority class. 

Accordingly, macro-averaged metrics were employed 

throughout this study to ensure performance 

assessments remain class-balanced and reflective of 

true model generalizability across all sentiment types. 

All models were trained and evaluated using a 

consistent experimental setup as previously outlined in 

the methodology. A 70:30 train–test split was applied 

to the labeled dataset to separate training and final 

evaluation stages. The training portion, comprising 

70% of the labeled data, was then subjected to 

stratified 5-fold cross-validation to ensure class 

proportion consistency during model tuning and 

validation. The class distribution in the training and 

test sets closely mirrored the original dataset, as 

illustrated in Figure. 5. 

 
Figure 5. Label distribution across training and test sets after 

stratified 70:30 split. 

 

Each model was evaluated under optimized 

hyperparameter configurations derived from either 

grid or randomized search, depending on the model 

category. To ensure fair and imbalanced-aware 

evaluation across sentiment classes, performance 

metrics including F1-score, accuracy, precision, and 

recall were computed using the weighted average 

method, which accounts for the proportion of instances 

in each class. The following tables present the selected 

best hyperparameters for each model (TABLE V.  and 

summarize the corresponding cross-validation results 

(Table 5. ), averaged over five folds. 

 
Table 5.  Summary Of Tuned Hyperparameters And Their 

Optimal Values 

Model Hyperparameters Optimal Value 

SVM 

Regularization 10.0 

Kernel type rbf 

XGBoost 
Number of Trees 

(n_estimators) 
200 
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Model Hyperparameters Optimal Value 

Learning Rate 

(learning_rate) 
0.3 

MLP 

Hidden Units (units) 32 

Learning Rate 0.001 

Embedding Dimension 

(embedding_dim) 
100 

CNN 

Hidden Units (units) 32 

Learning Rate 0.001 

Embedding Dimension 

(embedding_dim) 
100 

IndoBERT 

Learning Rate 2e-5 

Batch Size 32 

Epochs 3 

XLM-

RoBERTa 

Learning Rate 2e−5 

Batch Size 128 

Epochs 5 

 
Table 6. Average Performance Metrics From 5-Fold Cross-

Validation 

Model F1-Score Accuracy Precision Recall 

SVM 
0.8282 ± 

0.0146 

0.8166 ± 

0.0097 

0.8507 ± 

0.0098 

0.8507 ± 

0.0098 

XGBo

ost 

0.8028 ± 

0.0329 

0.8096 ± 

0.0160 

0.8358 ± 

0.0220 

0.8358 ± 

0.0220 

MLP 
0.8473 ± 

0.0090 

0.8355 ± 

0.0152 

0.8690 ± 

0.0071 

0.8690 ± 

0.0071 

CNN 
0.8477 ± 

0.0047 

0.8295 ± 

0.0050 

0.8693 ± 

0.0048 

0.8693 ± 

0.0048 

IndoB

ERT 

0.8509 ± 

0.0047 

0.8396 ± 

0.0043 

0.8665 ± 

0.0075 

0.8665 ± 

0.0075 

XLM-

RoBE

RTa 

0.8564 ± 

0.0029 

0.8384 ± 

0.0029 

0.8785 ± 

0.0029 

0.8785 ± 

0.0029 

 

 

Among the classical machine learning models, 

SVM demonstrated better performance than XGBoost 

across all metrics, particularly achieving an F1-score 

of 0.8282 ± 0.0146. For baseline neural network 

models, both MLP and CNN showed competitive 

results, with CNN slightly outperforming MLP in 

terms of recall and F1-score (0.8473 ± 0.0090). These 

results indicate that deeper architectures can 

generalize better on informal textual inputs, especially 

when combined with embedding-based 

representations. 

However, the transformer-based models clearly 

surpassed the others in overall performance. XLM-

RoBERTa attained the highest F1-score of 0.8564 ± 

0.0029, while IndoBERT followed closely with 

0.8509 ± 0.0047, reinforcing the strength of pretrained 

transformers in handling sentiment polarity 

classification for Indonesian user reviews. These 

models also consistently achieved top scores in 

precision, recall, and accuracy. Based on these cross-

validation results, all models were then retrained using 

the best configuration on the full training set and 

evaluated on the held-out test set.  

After the completion of hyperparameter tuning 

and cross-validation, each model was retrained on the 

full training set using the best-performing 

configuration. Final evaluation was conducted on the 

held-out 30% test set to assess the generalization 

capability of each model on unseen data. Table VII. 

and Fig. 6 presents the final performance metrics, 

including weighted F1-score, precision, recall, and 

accuracy for all six models across the three model 

families. 

 
Table 7. Final Evaluation Results Of All Models On The Held-Out 

Test Set. 

Model F1 Score Precision Recall Accuracy 

SVM 0.8434 0.8281 0.8631 0.8631 

XGBoost 0.8415 0.8294 0.8611 0.8611 

MLP 0.8479 0.8362 0.8691 0.8691 

CNN 0.8448 0.8257 0.8654 0.8654 

IndoBERT 0.8555 0.8400 0.8750 0.8750 

XLM-

RoBERTa 
0.8552 0.8372 0.8772 0.8772 

 

The results consistently demonstrate that 

pretrained transformer-based models outperformed 

classical and baseline neural models across all 

evaluation metrics. IndoBERT achieved the highest 

F1-score (0.8555) and the best precision (0.8400), 

closely followed by XLM-RoBERTa with an F1-score 

of 0.8552. Among baseline neural networks, MLP 

slightly outperformed CNN (0.8479 vs. 0.8448), while 

in the classical model category, SVM slightly 

surpassed XGBoost, with both achieving competitive 

F1-scores above 0.84. These outcomes reaffirm the 

superior generalization ability of transformer-based 

models, as also reflected in the cross-validation results. 

However, class-wise performance reveals a persistent 

weakness in detecting neutral sentiments. All models 

including SVM, XGBoost, MLP, and CNN showed 
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near-zero F1-scores for the neutral class, likely due to 

the combination of semantic ambiguity and extreme 

label imbalance (neutral reviews comprise less than 

5% of the dataset). In contrast, both negative and 

positive sentiments were more reliably captured, 

particularly by IndoBERT and XLM-RoBERTa, 

which consistently delivered strong performance 

across all classes. These results emphasize the 

importance of contextualized representations in 

handling nuanced sentiment expressions. Fig. 6 

presents a detailed comparison of the F1-scores across 

sentiment classes for each model. 

 

 
Figure 6. Class-wise F1-score comparison across all evaluated 

models. 

 

To further illustrate this discrepancy, a confusion 

matrix of the best-performing model is provided in 

Fig. 7 and Fig. 8. 

 

 
Figure 7. Confusion matrix of the IndoBERT model on the test set. 

 

 
Figure 8. Confusion matrix of the XLM-RoBERTa model on the 

test set. 

 

As illustrated in Fig. 7 and Fig. 8, both 

IndoBERT and XLM-RoBERTa exhibit strong 

classification performance, particularly in identifying 

negative (class 0) and positive (class 2) sentiments, as 

reflected by the dense diagonal patterns in their 

confusion matrices. However, both models 

consistently show reduced accuracy in detecting 

neutral sentiment (class 1), where the number of true 

positives is notably lower and misclassification into 

positive or negative categories is frequent. 

This reduced performance for the neutral class 

can be attributed to several factors. First, neutral 

reviews often contain vague or context-dependent 

expressions that lack clear emotional cues, making 

them difficult to distinguish from mildly positive or 

negative comments. Second, class imbalance in the 

dataset where neutral samples are typically fewer or 

less diverse can lead to biased learning toward more 

dominant sentiment classes. Third, transformer-based 

models, despite their contextual understanding, tend to 

associate stronger attention weights with explicit 

sentiment indicators (e.g., “good,” “bad,” “problem,” 

“excellent”), which are less common in neutral 

statements. Consequently, the subtle linguistic 

patterns of neutrality are more prone to 

misclassification. 

Nonetheless, the confusion matrices confirm that 

both transformer-based models maintain robust 

discriminative ability in classifying polarized 

sentiments, reinforcing their reliability in identifying 

strongly positive and negative user opinions. To 

statistically assess whether performance differences 

among the six evaluated models were significant, the 

Friedman test was employed as a non-parametric 

alternative to repeated-measures ANOVA. This test 

evaluates the null hypothesis H_0: there is no 

significant difference in performance rankings across 

models. The test was applied on F1-scores obtained 

from stratified 5-fold cross-validation. Table 8. 

summarizes the average F1-score ranks of all models 

across folds, which form the basis for the Friedman 

test analysis. 

 
Table 8. Final Average Ranks Of Models 

Model Average Rank 

XLM-RoBERTa 1.0 

IndoBERT 2.0 

MLP 3.2 

CNN 4.2 

XGBoost 5.2 

SVM 5.4 

 

Let N=5 denote the number of folds and k=6 the 

number of models. The Friedman statistic is computed 

as follows Equation (6). Substituting the values: 

𝜒𝐹
2 =

12 × 5

6(6 + 1)
[89.08 −

6 × (7)2

4
]  =  22.26 
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According to the chi-squared distribution, the 

critical value at α=0.05 for df=5 is approximately 

χ_0.05,5^2=11.07. Since 22.26 > 11.07, the null 

hypothesis H_0 (that all models perform equally) is 

rejected at the 95% confidence level. Furthermore, the 

corresponding p-value is 0.0005 which means p < 

0.05, providing strong evidence that at least one model 

performs significantly differently from the others. 

Following this result, a Nemenyi post-hoc test 

was applied to perform pairwise comparisons and 

identify which models differed significantly. The 

critical difference (CD) was computed using the 

Equation (1) : 

𝐶𝐷 = 2.728 ⋅ √
6(6 + 1)

6 × 5
 ≈ 3.2278 

 

Where q_α  is the critical value from the 

Studentized range distribution for k=6,α=0.05. These 

findings are visually presented in the critical difference 

diagram in Fig. 10, which illustrates the statistically 

significant differences between the models. 

 

 
Figure 10. Critical Difference Diagram from the Nemenyi post-hoc 

test. 

 

The average rank results from the Friedman test 

indicate that XLM-RoBERTa and IndoBERT 

outperform other models, with mean ranks of 1.0 and 

2.0, respectively. The critical difference (CD) 

calculated from the Nemenyi post-hoc test is 3.23. 

Given that the rank difference between IndoBERT 

(2.0) and the next best model, MLP (3.2), is less than 

the CD, no statistically significant difference is 

observed between them. However, both transformer-

based models (XLM-RoBERTa and IndoBERT) 

exhibit a statistically significant performance 

advantage over classical machine learning models 

(XGBoost and SVM), whose ranks (5.2 and 5.4) are 

well beyond the CD threshold. This result affirms the 

superior effectiveness of pretrained transformer 

models in sentiment polarity classification of 

Indonesian public health app reviews. 

To complement the predictive performance 

analysis, this study also evaluates the computational 

efficiency of each model in terms of training time and 

prediction time per sample. These metrics are essential 

for assessing model practicality, particularly in real-

world deployment scenarios with time or resource 

constraints. The training time reflects the total duration 

(in seconds) required to train each model on the full 

training set of 23,924 reviews, while the prediction 

time denotes the average time (in milliseconds) to infer 

a single sample from the test set (10,254 reviews). The 

summarized results are presented in Table 9. 

 
 

Table 9. Train And Predicition Time Of Models. 

Model Train Time 

(s) 

Prediction Time per 

Sample (ms) 

SVM 132.14 1.002 

XGBoost 9.24 0.010 

MLP 37.47 0.144 

CNN 26.80 0.118 

IndoBERT 669.69 3.692 

XLM-RoBERTa 1036.20 3.345 

 

As shown in TABLE IX. XGBoost and SVM 

exhibit significantly lower training and prediction 

times, highlighting their computational efficiency for 

large-scale applications. Baseline neural network 

models, including MLP and CNN, require moderate 

time for training and inference, thus striking a balance 

between performance and computational cost. 

However, pretrained transformer-based models, 

namely IndoBERT and XLM-RoBERTa, incur the 

highest computational overhead both in training time, 

exceeding 600 seconds, and in prediction time, 

exceeding 3 milliseconds per sample. While these pre-

trained transformer-based models achieve top-tier 

performance in sentiment classification, the 

substantial time costs associated with fine-tuning and 

inference require consideration in latency-sensitive or 

resource-constrained environments. 
 

4. CONCLUSION 

This study investigated the effectiveness of 

various machine learning approaches for sentiment 

polarity classification on Indonesian-language reviews 

of the SATUSEHAT Mobile application. Three 

distinct model families were evaluated: classical 

machine learning (SVM and XGBoost), baseline 

neural networks (MLP and CNN), and pretrained 

transformer-based models (IndoBERT and XLM-

RoBERTa). Utilizing a carefully annotated dataset 

consisting of 34,178 reviews labeled into positive, 

neutral, and negative sentiments, the experimental 

results revealed that pretrained transformer-based 

models consistently outperform classical machine 

learning and baseline neural network models across all 

evaluation metrics. IndoBERT achieved the highest 

F1-score of 0.8555, closely followed by XLM-

RoBERTa at 0.8552, demonstrating their robust 

capability to capture semantic nuances inherent in 

informal Indonesian text. 

Addressing the first research question, "How do 

pretrained transformer-based models such as 

IndoBERT and XLM-RoBERTa compared to classical 

machine learning and baseline neural network 

approaches in classifying sentiment polarity in 

Indonesian public health app reviews?", this study 

employed statistical validation through Friedman and 

Nemenyi tests. The Friedman test indicated significant 

differences in performance across models (χ² = 

22.2571, p < 0.05), with XLM-RoBERTa and 

IndoBERT significantly surpassing classical machine 

learning and baseline neural networks. Specifically, 

XLM-RoBERTa secured an average rank of 1.0, 
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illustrating a clear statistical superiority, while 

IndoBERT maintained strong performance at an 

average rank of 2.0, significantly outperforming SVM 

and XGBoost. Despite their computational overhead, 

these transformer-based models provided a decisive 

advantage in accurately classifying sentiment polarity, 

especially for nuanced and informal textual data. 

Regarding the second research question, "How 

can sentiment analysis of user-generated reviews be 

leveraged to improve the quality and responsiveness of 

digital government health services?", this study 

highlights substantial practical implications. The 

findings suggest that integrating transformer-based 

sentiment classifiers such as IndoBERT and XLM-

RoBERTa into real-time analytic dashboards of digital 

health platforms, like SATUSEHAT, can significantly 

enhance responsiveness and service quality. Such 

integration facilitates prompt detection of negative 

sentiments, allowing governmental health authorities 

to swiftly identify and rectify service issues, 

improving citizen engagement and fostering a more 

agile public health infrastructure. 

Nevertheless, several limitations emerged from 

this research. The substantial imbalance in sentiment 

label distribution, predominantly skewed towards 

negative reviews (74.02%), significantly constrained 

models' ability to effectively classify neutral 

sentiments. Additionally, the dataset derived 

exclusively from Google Play Store reviews for one 

specific application potentially limits generalizability 

across diverse digital health contexts. These factors 

underscore the necessity for cautious interpretation 

and application of these findings in broader public 

health analytics contexts. 

Future research should address these limitations 

by expanding datasets to encompass additional sources 

such as social media, health forums, and diverse app 

stores to enhance domain robustness and linguistic 

variability. Employing advanced data augmentation 

and rebalancing methods, such as SMOTE, 

backtranslation, or paraphrasing, could alleviate issues 

arising from imbalanced sentiment classes. 

Additionally, exploring larger language models 

(LLMs), including GPT-style architectures fine-tuned 

on Indonesian healthcare corpora, is highly 

recommended due to their superior contextual 

comprehension and scalability. Implementing these 

advanced models within real operational environments 

and validating them through collaborative evaluations 

with government stakeholders will further solidify 

their practical utility and help optimize public health 

digital services. 
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