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Abstract 
The increasing volume of mobile application reviews has created a need for 
automated sentiment classification capable of handling large-scale and 
imbalanced user-generated data. This study aimed to compare classical 
machine learning algorithms and evaluate the effectiveness of class-
weighted learning in improving minority-class recognition in Indonesian 
mobile application reviews. The dataset was cleaned, deduplicated, and 
controlled for conflicting labels and data leakage, resulting in 357,327 
unique reviews across Negative, Neutral, and Positive sentiment classes. 
Textual features were represented using Term Frequency-Inverse 
Document Frequency (TF-IDF) with 50,000 features, and the data were 
divided using an 80:20 stratified train-test split. Logistic Regression, 
Multinomial Naive Bayes, Linear Support Vector Machine (SVM), and 
Random Forest were evaluated alongside class-weighted Logistic 
Regression and Linear SVM. Logistic Regression achieved the highest 
accuracy of 83.47%, whereas Balanced Linear SVM achieved the highest 
Macro F1-score of 62.87% and improved the Neutral F1-score from 8.70% 
to 21.18%, while maintaining an accuracy of 79.09%. The findings 
demonstrate that the highest overall accuracy does not necessarily indicate 
the most balanced classifier under class imbalance. Balanced Linear SVM 
provided the most favorable trade-off between overall performance and 
minority-class recognition, highlighting the importance of class-sensitive 
evaluation and class-weighted learning for imbalanced sentiment 
classification. 
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1 | INTRODUCTION 
 

The rapid growth of the mobile application ecosystem has increased the importance of user reviews as a valuable 
source of information for understanding user experiences, satisfaction, complaints, and perceptions of application quality. 
User-generated reviews provide developers with direct feedback that can support application maintenance, feature 
improvement, and software evolution, and can be systematically analyzed to identify user requirements, recurring issues, 
and feature-related concerns (Dabrowski et al., 2022). As the volume of user feedback continues to increase, automated 
review analysis has become increasingly important because manual examination is inefficient and difficult to scale (Assi 
et al., 2025; T. Liu et al., 2023). Sentiment analysis provides an effective approach for transforming large volumes of user 
reviews into meaningful information by classifying user opinions into positive, neutral, and negative sentiments, and in 
mobile application environments, it can reveal user satisfaction and complaints that may not be adequately represented 
by numerical ratings alone. Previous studies have demonstrated its usefulness across application domains, including 
health and wellness applications (Varghese et al., 2025) and educational applications (Mondal et al., 2022). Nevertheless, 
sentiment classification remains challenging because user-generated texts contain diverse linguistic expressions and 
contextual variations that complicate accurate polarity recognition (Birjali et al., 2021; Wankhade et al., 2022). 

Machine learning has been widely applied to sentiment classification because it enables large-scale textual data to be 
categorized automatically. Since conventional machine learning algorithms require numerical inputs, textual reviews must 
first be transformed into suitable feature representations. Term Frequency-Inverse Document Frequency (TF-IDF) is 
widely used for this purpose because it represents terms according to their relative importance within individual 
documents and the overall corpus (Robertson, 2004; Tang et al., 2022). Supervised algorithms such as Logistic Regression 
(LR), Multinomial Naive Bayes (MNB), Support Vector Machine (SVM), and Random Forest (RF) have been combined with 
TF-IDF for text classification (Hassan et al., 2022; Solovyeva & Abdullah, 2022), although their performance can vary across 
datasets, making controlled comparative evaluation necessary for identifying the most appropriate classifier for a 
particular review corpus (Hassan et al., 2022). 

Class imbalance remains a major challenge in sentiment classification because unequal class distributions can cause 
learning algorithms to favor majority classes while providing inadequate recognition of minority categories. This issue is 
particularly important when neutral sentiment is underrepresented, as high overall accuracy may conceal poor minority-
class performance. Therefore, imbalanced classification should be evaluated using metrics beyond accuracy, including 
precision, recall, and F1-score, to provide a more representative assessment of class-specific performance (Kaope & 
Pristyanto, 2023; Vluymans, 2019). Various strategies, including undersampling, oversampling, and cost-sensitive 
learning, have been investigated to mitigate the effects of unequal class distributions (Desuky & Hussain, 2021; Mortaz, 
2020), indicating that sentiment classification on imbalanced datasets requires both appropriate learning strategies and 
evaluation metrics that adequately reflect minority-class recognition. 

Despite extensive research on sentiment classification and class-imbalance handling, comparative evidence remains 
limited regarding the performance of conventional TF-IDF-based classifiers and their class-weighted counterparts under 
the same experimental setting for reviews from Indonesian mobile applications. Existing studies have predominantly 
addressed imbalanced classification through data-level strategies such as undersampling and oversampling or through 
more complex learning mechanisms, which may introduce information loss, synthetic noise, or additional computational 
complexity (Desuky & Hussain, 2021; Y. Liu et al., 2024; Wang et al., 2021). Moreover, the effectiveness of imbalance-
handling strategies can vary according to data distribution and classification characteristics (Zhao et al., 2025). Therefore, 
a controlled comparison using both overall and class-sensitive evaluation metrics is needed to clarify the trade-off 
between aggregate classification performance and minority-class recognition. 

Accordingly, this study aims to evaluate and compare the performance of Logistic Regression (LR), Multinomial Naive 
Bayes (MNB), Linear Support Vector Machine (SVM), and Random Forest (RF) for sentiment classification of reviews from 
Indonesian mobile applications using Term Frequency-Inverse Document Frequency (TF-IDF) feature representation. In 
addition to the baseline classifiers, class-weighted LR and Linear SVM are evaluated to investigate their effectiveness in 
addressing class imbalance and improving minority-class recognition. This study provides three main contributions: a 
controlled comparative evaluation of conventional and class-weighted machine learning models using 357,327 cleaned 
and unique reviews; a leakage-controlled experimental procedure in which duplicate and conflicting texts are removed 
prior to stratified data splitting, while TF-IDF is fitted exclusively on the training data; and an evaluation of model 
performance using overall and class-sensitive metrics, complemented by five-fold stratified cross-validation and 
McNemar's test, providing a more robust assessment of model stability, prediction differences, and minority-class 
recognition.  
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2 | BACKGROUND THEORY 
 
2.1 Sentiment Analysis of Mobile Application Reviews 

Sentiment analysis, also known as opinion mining, is a computational approach for identifying and classifying 
subjective information in textual data into positive, neutral, and negative sentiments (Birjali et al., 2021; Wankhade 
et al., 2022). In mobile applications, user reviews provide valuable information regarding user satisfaction, 
complaints, service quality, and application performance (Hardiansyah et al., 2024; Mahmud et al., 2022). Sentiment 
classification enables large volumes of unstructured reviews to be transformed into structured information that 
supports application evaluation and improvement. However, user-generated reviews often contain contextual 
expressions, linguistic variations, mixed sentiments, and imbalanced class distributions that may reduce 
classification performance (Memon et al., 2025). Therefore, appropriate text representation and classification 
methods are essential for reliable sentiment analysis of mobile application reviews. 

 
2.2 TF-IDF Feature Representation 

Term Frequency-Inverse Document Frequency (TF-IDF) is a widely used feature representation technique that 
assigns weights to terms according to their frequency within a document and their importance across the document 
collection. Term Frequency (TF) measures how frequently a term occurs in a document, whereas Inverse Document 
Frequency (IDF) reduces the influence of terms that frequently appear across documents (Robertson, 2004). TF-IDF 
therefore emphasizes terms that are more discriminative for representing textual content and has been widely 
applied in text classification (Tang et al., 2022). However, TF-IDF may produce high-dimensional and sparse feature 
spaces, which can increase computational and memory costs in text classification tasks (Cunha et al., 2020). Despite 
this limitation, its simplicity, interpretability, and effectiveness make TF-IDF suitable for conventional machine 
learning-based text classification. 

 
𝑇𝐹𝐼𝐷𝐹(𝑡, 𝑑) = 𝑇𝐹(𝑡, 𝑑) × 𝐼𝐷𝐹(𝑡)         (1) 
 
Where IDF(t) is defined as: 
 

𝐼𝐷𝐹(𝑡) = log (
𝑁

𝑑𝑓(𝑡)
)           (2) 

 
Where 𝑡represents a term, 𝑑represents a document, 𝑁denotes the total number of documents in the corpus, and 
𝑑𝑓(𝑡)represents the number of documents containing term 𝑡. 
 
2.3 Machine Learning Algorithms for Text Classification 

Several conventional machine learning algorithms are widely applied to text classification. Logistic Regression 
(LR) is a probabilistic linear classifier that is effective for high-dimensional text representations such as TF-IDF 
(Hassan et al., 2022; Kholwal, 2023). Multinomial Naive Bayes (MNB) estimates class probabilities based on the 
assumption of feature independence and is computationally efficient for large-scale text classification. Linear 
Support Vector Machine (SVM) identifies a separating hyperplane with a maximum margin and is particularly 
suitable for high-dimensional and sparse text features (Hassan et al., 2022). Random Forest (RF) is an ensemble 
classifier that combines multiple decision trees and determines predictions through majority voting, providing 
robustness across classification tasks (Kholwal, 2023). The performance of these algorithms may vary depending on 
dataset characteristics, feature representation, and class distribution (Allam et al., 2025). 

 
2.4 Class Imbalance and Class-Weighted Learning 

Class imbalance occurs when the distribution of classes in a dataset is unequal, causing classification models to 
favor the majority class while reducing their ability to recognize minority classes (Niaz et al., 2022; Rekha & Tyagi, 
2020). Consequently, accuracy alone may provide a misleading evaluation, particularly when minority-class recall 
and F1-score are low (Kaope & Pristyanto, 2023; Vluymans, 2019). Class-weighted and cost-sensitive learning 
address this problem by assigning greater importance or misclassification costs to underrepresented classes, 
thereby encouraging the model to give greater attention to minority samples without directly modifying the original 
class distribution (Das et al., 2022). A commonly used balanced class-weighting scheme is expressed as: 

 

𝑤𝑐 =
𝑁

𝐾×𝑛𝑐
            (3) 

 
Where 𝑤𝑐represents the weight assigned to class 𝑐, 𝑁denotes the total number of samples, 𝐾represents the number 
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of classes, and 𝑛𝑐denotes the number of samples belonging to class 𝑐. Based on this theoretical framework, the 
experimental design integrates TF-IDF as the common feature representation and LR, MNB, Linear SVM, and RF as 
baseline classifiers with different learning characteristics. Because the review corpus exhibits substantial class 
imbalance, class-weighted variants of LR and Linear SVM are additionally evaluated to examine whether algorithm-
level weighting improves minority-class recognition without modifying the original training distribution. 
Accordingly, the comparison between baseline and class-weighted models is evaluated using both overall and class-
sensitive metrics, particularly Macro F1-score and class-specific recall and F1-score. This design directly connects 
the theoretical concepts of feature representation, classifier characteristics, and imbalanced learning with the 
empirical evaluation conducted in this study. 
 
2.5 Previous Studies and Theoretical Positioning 

Previous studies have applied various machine learning and deep learning approaches to sentiment analysis of 
mobile application reviews. Algorithms such as Support Vector Machine (SVM), Naive Bayes, and Convolutional 
Neural Network (CNN) have demonstrated their effectiveness in classifying user sentiments (Varghese et al., 2025b). 
TF-IDF has also been widely combined with conventional machine learning classifiers, including Logistic Regression 
and Random Forest, to provide effective text representations for sentiment classification (Abbas et al., 2024). To 
address class imbalance, previous research has explored resampling and optimization techniques such as SMOTE, 
ADASYN, and Particle Swarm Optimization; however, these approaches may modify the original data distribution 
and increase methodological complexity. Therefore, this study adopts a controlled comparison of conventional and 
class-weighted classifiers using a consistent TF-IDF representation, with particular attention to minority-class 
performance and data leakage prevention. 
 

3 | METHOD 
 
3.1 Research Design and Dataset 

The sentiment labels used as the target variable were derived deterministically from the numerical star ratings 
associated with the original user reviews. Reviews with ratings of 1–2 stars were categorized as Negative, reviews 
with a rating of 3 stars as Neutral, and reviews with ratings of 4–5 stars as Positive. This rating-to-sentiment mapping 
was consistently applied across the entire initial dataset. Therefore, the sentiment labels were not generated through 
manual human annotation, and inter-rater agreement measures such as Cohen's kappa were not applicable to the 
labeling procedure. The initial corpus consisted of reviews from six Indonesian mobile applications representing 
different service domains and collection periods, as summarized in Table 1. The datasets were pooled to construct a 
large and heterogeneous corpus for evaluating classifier performance under a common preprocessing, feature-
representation, and evaluation framework. The purpose of pooling was not to compare sentiment patterns among 
individual applications or to estimate application-specific effects, but to assess the behavior of the investigated 
classifiers across a heterogeneous review corpus. Accordingly, differences among application domains and collection 
periods should be considered when interpreting the results, and application-specific evaluation is identified as an 
important direction for future research. 

 
Table 1. Composition of the Initial Review Dataset 

Application Initial Reviews Review Period 
SATUSEHAT 190,696 Mar 2020 – Oct 2021 
JMO 200,000 Sep 2021 – Mar 2023 
Mobile JKN 122,103 Jun 2016 – Nov 2021 
Pertamina 96,291 Aug 2017 – Jul 2022 
KAI 7,311 Jul 2014 – Dec 2017 
BMKG 1,321 May 2012 – Dec 2015 
Total 617,722 May 2012 – Mar 2023 

Source: Research data processed by the authors (2026). 

 
Following dataset integration, data cleaning was performed by removing missing and empty review texts, duplicate 
records, conflicting labels, URLs, mentions, numbers, and non-alphabetic characters, followed by text normalization. 
Duplicate review texts associated with conflicting sentiment labels were removed before data splitting to prevent 
ambiguous ground-truth assignments and potential data leakage. After preprocessing and duplicate verification, 
357,327 unique reviews remained for analysis. The final dataset exhibited substantial class imbalance, as presented 
in Table 2. 
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Table 2. Final Dataset Distribution 
Sentiment Percentage 

Negative 59.0% 
Neutral 7.1% 
Positive 33.9% 
Total 100.0% 

Source: Research data processed by the authors (2026). 

 
The dataset was divided using an 80:20 stratified split, resulting in 285,861 training and 71,466 testing samples. 
Duplicate and conflicting texts were removed before splitting, and the final verification showed zero text overlap 
between the training and testing sets. 
 
3.2 TF-IDF and Classification Models 

Textual reviews were represented using TF-IDF with unigram and bigram features, min_df = 2, max_df = 0.95, 
and a maximum of 50,000 features. The TF-IDF vectorizer was fitted exclusively on the training set to prevent data 
leakage. Four baseline classifiers—Logistic Regression (LR), Multinomial Naive Bayes (MNB), Linear Support Vector 
Machine (SVM), and Random Forest (RF)—were evaluated. Class-weighted LR and Linear SVM were additionally 
examined to address class imbalance. The main model configurations are summarized in Table 3. 

 
Table 3. Model Configuration 

Model Main Configuration 
LR SAGA, max_iter = 1000 
MNB Default 
Linear SVM C = 1.0 
RF 100 trees, max_depth = 30 
Balanced LR class_weight = balanced 
Balanced Linear SVM class_weight = balanced 

Source: Research data processed by the authors (2026). 

 
3.3 Evaluation 

Model performance was evaluated using Accuracy, Macro Precision, Macro Recall, Macro F1-score, Weighted 
F1-score, class-specific F1-score, confusion matrix, and training time. Because the dataset was imbalanced, Macro 
F1-score was used as the primary criterion for comparing model performance, while class-specific metrics were 
examined to assess recognition of the minority Neutral class. All experiments were conducted using Python and 
Scikit-learn in Google Colab with a fixed random state of 42 where applicable. To assess the stability of the principal 
model comparison beyond a single train-test split, five-fold stratified cross-validation was additionally performed 
on the training set for Logistic Regression and Balanced Linear SVM. The held-out 20% test set was retained 
exclusively for final evaluation. In addition, McNemar's test with continuity correction was applied to the paired 
predictions of Logistic Regression and Balanced Linear SVM on the same held-out test set to determine whether their 
prediction differences were statistically significant. Statistical significance was assessed at the 0.05 level. 
 

4 | RESULTS AND DISCUSSION 
 
4.1 Results 

After data cleaning and preprocessing, 357,327 unique reviews were retained from the initial 617,722 records. 
As summarized in Table 4, the final dataset exhibited substantial class imbalance, with Negative reviews accounting 
for 59.0%, Positive reviews for 33.9%, and Neutral reviews for only 7.1%. The stratified 80:20 split resulted in 
285,861 training samples and 71,466 testing samples while preserving the class distribution, and no overlapping 
cleaned texts were identified between the training and testing sets, confirming that model evaluation was 
conducted under a leakage-controlled setting. Given the relatively small proportion of Neutral reviews, Macro F1-
score and class-specific F1-score were considered alongside overall accuracy as particularly important criteria for 
comparing classifier performance. 
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Table 4. Dataset Characteristics 
Characteristic Value 

Final reviews 357,327 
Training samples 285,861 
Testing samples 71,466 
Negative 59.0% 
Neutral 7.1% 
Positive 33.9% 
TF-IDF features 50,000 

Source: Research data processed by the authors (2026). 

 
The performance of the four baseline classifiers and two class-weighted configurations is presented in Table 5. 
Logistic Regression achieved the highest accuracy of 0.8347 and the highest Weighted F1-score of 0.8081; however, 
its Neutral F1-score was only 0.0636, indicating limited recognition of the minority class. Linear SVM produced a 
slightly lower accuracy of 0.8272 but achieved a higher Macro F1-score of 0.5967 and a Neutral F1-score of 0.0870. 
Random Forest exhibited the weakest overall performance, with a Macro F1-score of 0.4616 and a Neutral F1-score 
of 0.0000, whereas Balanced Linear SVM achieved the highest Macro F1-score of 0.6287 and the highest Neutral 
F1-score of 0.2118, indicating a more favorable balance between overall classification performance and minority-
class recognition. 

Table 5. Performance Comparison of Classification Models 
Model Accuracy Macro F1 Weighted F1 Neutral F1 

Logistic Regression 0.8347 0.5931 0.8081 0.0636 
Multinomial Naive Bayes 0.8166 0.5642 0.7858 0.0240 
Linear SVM 0.8272 0.5967 0.8043 0.0870 
Random Forest 0.7253 0.4616 0.6733 0.0000 
Balanced Logistic Regression 0.6081 0.5227 0.6359 0.2041 
Balanced Linear SVM 0.7909 0.6287 0.7979 0.2118 

Source: Research data processed by the authors (2026). 

 
To provide a clearer comparison across evaluation metrics, the performance of all six model configurations is 
visualized in Figure 1. 
 

 
Figure 1. Performance Comparison of Sentiment Classification Models 

 
As illustrated in Figure 1, Logistic Regression achieved the highest accuracy and Weighted F1-score, whereas 
Balanced Linear SVM obtained the highest Macro F1-score and Neutral F1-score. The results indicate a clear trade-
off between overall predictive accuracy and balanced performance across sentiment classes. Although class 
weighting reduced the overall accuracy of Linear SVM, it substantially improved the recognition of the minority 
Neutral class, and Balanced Linear SVM therefore provided the most favorable performance when class balance 
was considered. To examine whether the observed performance was stable beyond the single train-test split, five-
fold stratified cross-validation was conducted on the training set for Logistic Regression and Balanced Linear SVM. 
Logistic Regression achieved a mean accuracy of 0.8349 ± 0.0015, Macro F1-score of 0.5918 ± 0.0007, and Weighted 
F1-score of 0.8079 ± 0.0014, while Balanced Linear SVM achieved a mean accuracy of 0.7912 ± 0.0013, Macro F1-
score of 0.6265 ± 0.0016, and Weighted F1-score of 0.7970 ± 0.0012. These results were consistent with the 
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corresponding held-out test-set performance, indicating that the relative performance patterns of both classifiers 
were stable across the training folds. 

 
Table 6. Five-Fold Stratified Cross-Validation Results 

Model Accuracy Macro F1 Weighted F1 
Logistic Regression 0.8349 ± 0.0015 0.5918 ± 0.0007 0.8079 ± 0.0014 
Balanced Linear SVM 0.7912 ± 0.0013 0.6265 ± 0.0016 0.7970 ± 0.0012 

Source: Research data processed by the authors (2026). 

 
McNemar's test was subsequently conducted on the paired predictions of Logistic Regression and Balanced Linear 
SVM using the same 71,466 held-out test observations. Both classifiers correctly predicted 54,900 observations, 
whereas both incorrectly predicted 10,188 observations. Among the discordant predictions, Logistic Regression 
was correct while Balanced Linear SVM was incorrect for 4,755 observations, whereas Balanced Linear SVM was 
correct while Logistic Regression was incorrect for 1,623 observations. This difference in prediction outcomes was 
statistically significant (McNemar's χ² = 1537.0274, p < 0.001), confirming a statistically significant difference in 
the paired prediction outcomes of the two classifiers. The application of class weighting produced different effects 
on Logistic Regression and Linear SVM. For Logistic Regression, the Neutral F1-score increased from 0.0636 to 
0.2041 after class weighting, but this improvement was accompanied by a substantial decrease in accuracy from 
0.8347 to 0.6081 and Macro F1-score from 0.5931 to 0.5227, indicating that class weighting increased the model's 
sensitivity toward the minority Neutral class while considerably reducing its overall classification performance. A 
more favorable trade-off was observed for Linear SVM, whose Neutral F1-score increased from 0.0870 to 0.2118 
and Macro F1-score from 0.5967 to 0.6287, although accuracy decreased from 0.8272 to 0.7909; unlike Balanced 
Logistic Regression, Balanced Linear SVM therefore improved both minority-class recognition and balanced overall 
performance. These findings indicate that the effect of class weighting varies across classifiers, and in the present 
dataset, Balanced Linear SVM provided the most favorable trade-off between overall predictive performance and 
minority-class recognition. Based on Macro F1-score, Balanced Linear SVM provided the most balanced class-level 
performance among the evaluated configurations. Its class-specific performance is presented in Table 7. 
 

Table 7. Class-Specific Performance of Balanced Linear SVM 
Sentiment Precision Recall F1-score Support 

Negative 0.8643 0.8514 0.8578 42,161 
Neutral 0.1862 0.2454 0.2118 5,077 
Positive 0.8339 0.8000 0.8166 24,228 

Source: Research data processed by the authors (2026). 

 
The model performed strongly for Negative and Positive sentiments, achieving F1-scores of 0.8578 and 0.8166, 
respectively, while Neutral remained the most difficult class, with an F1-score of 0.2118. Nevertheless, the 
substantial improvement compared with the baseline Linear SVM indicates that class weighting increased the 
model's sensitivity to minority-class observations. The remaining performance gap may reflect greater linguistic 
ambiguity and overlapping characteristics between Neutral reviews and the Positive and Negative classes. To 
further evaluate the classification behavior of Balanced Linear SVM, a confusion matrix was analyzed to identify 
correct predictions and misclassification patterns across the three sentiment classes, as presented in Figure 2.  
 

 
Figure 2. Confusion Matrix of Balanced Linear SVM 
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As shown in Figure 2, Balanced Linear SVM correctly classified 35,894 Negative, 1,246 Neutral, and 19,383 Positive 
reviews. The model demonstrated strong classification performance for the Negative and Positive classes, while 
Neutral remained the most difficult class to identify: of the 5,077 Neutral reviews, 2,658 were incorrectly classified 
as Negative and 1,173 as Positive. These results indicate that class weighting improved minority-class recognition 
compared with the baseline Linear SVM; however, the relatively high misclassification rate of Neutral reviews 
suggests that class imbalance and overlapping linguistic characteristics remain important challenges. This pattern 
indicates that, from a practical application-monitoring perspective, the classifier should not be used as the sole 
mechanism for automatically prioritizing or filtering user feedback, since genuinely Neutral feedback may be 
incorrectly interpreted as expressing satisfaction or dissatisfaction, potentially distorting aggregate sentiment 
summaries and the prioritization of user concerns. Therefore, for operational app-review monitoring, predictions 
for the Neutral class should be interpreted cautiously and may benefit from supplementary manual review or 
confidence-based screening, particularly when sentiment outputs are used to support service evaluation or 
application-improvement decisions. 
 
4.2 Discussion 

The experimental results demonstrate that high overall accuracy does not necessarily indicate balanced 
sentiment classification, particularly when the dataset exhibits substantial class imbalance. Logistic Regression 
achieved the highest accuracy of 83.47%, but its F1-score for the Neutral class was only 6.36%. In contrast, Balanced 
Linear SVM achieved a lower accuracy of 79.09%, while producing the highest Macro F1-score of 62.87% and the 
highest Neutral F1-score of 21.18%. This finding supports previous studies emphasizing that accuracy alone may 
be insufficient for evaluating classifiers on imbalanced datasets and that class-sensitive measures such as precision, 
recall, and F1-score should also be considered (Imran et al., 2014; Mortaz, 2020). The results also show that class 
weighting did not affect all classifiers equally. Applying class weights to Logistic Regression improved Neutral-class 
recognition but reduced its accuracy and Macro F1-score considerably, whereas class weighting improved the 
Macro F1-score of Linear SVM from 59.67% to 62.87% and the Neutral F1-score from 8.70% to 21.18%. This result 
indicates that imbalance-handling strategies should be evaluated in relation to the characteristics of individual 
classifiers rather than assumed to provide uniform improvements, an observation consistent with previous 
research showing that the effectiveness of imbalance-handling techniques varies according to data characteristics 
and classification methods (Desuky & Hussain, 2021). 

The strong performance of Linear SVM is also relevant to the use of TF-IDF representation in this study. TF-
IDF generates a sparse and high-dimensional representation of textual data, for which linear classifiers are 
generally effective, and previous comparative studies have similarly reported competitive performance of SVM and 
Logistic Regression in text classification tasks (Hassan et al., 2022; Solovyeva & Abdullah, 2022). In the present 
study, however, the contribution extends beyond identifying the classifier with the highest accuracy by examining 
how class weighting changes model behavior under substantial sentiment imbalance. Despite these improvements, 
the confusion matrix reveals that Neutral sentiment remains difficult to distinguish. Balanced Linear SVM correctly 
classified only 1,246 of 5,077 Neutral reviews, while 2,658 were classified as Negative and 1,173 as Positive. This 
suggests that the challenge cannot be attributed solely to numerical class imbalance; Neutral reviews may also 
contain lexical patterns that overlap with positive and negative expressions, limiting the discriminative capability 
of TF-IDF-based representations. Consequently, improving minority-class recognition may require methods that 
capture richer contextual and semantic information in addition to class-balancing strategies. 

The principal contribution of this study lies in demonstrating, on a large dataset of 357,327 Indonesian mobile 
application reviews, that the model with the highest accuracy is not necessarily the most appropriate model when 
minority-class recognition is important. Balanced Linear SVM provided the most favorable trade-off between 
overall predictive performance and balanced sentiment recognition, highlighting the importance of combining 
data-leakage control, class-sensitive evaluation metrics, and class-weighted learning when developing sentiment 
classification models for large-scale and imbalanced user-review datasets. 

 

5 | CONCLUSIONS AND FUTURE WORK 
 

This study evaluated the performance of classical machine learning classifiers for sentiment classification on 
a large-scale and imbalanced dataset of reviews from Indonesian mobile applications. After data cleaning, conflict 
removal, and leakage control, 357,327 unique reviews were retained and represented using TF-IDF with 50,000 
features. The results showed that Logistic Regression achieved the highest accuracy of 83.47% and Weighted F1-
score of 80.81%. However, its ability to recognize the minority Neutral class was limited, with an F1-score of only 
6.36%. In comparison, Balanced Linear SVM achieved the highest Macro F1-score of 62.87% and improved the 
Neutral F1-score from 8.70% to 21.18%, while maintaining an accuracy of 79.09%. Five-fold stratified cross-
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validation further confirmed the stability of this performance pattern, with Logistic Regression achieving a mean 
accuracy of 83.49% ± 0.15% and Balanced Linear SVM achieving a higher mean Macro F1-score of 62.65% ± 0.16%. 
McNemar's test also revealed a statistically significant difference between their paired prediction outcomes (χ² = 
1537.0274, p < 0.001), providing further evidence that the observed performance differences were not merely 
descriptive. These findings demonstrate that the classifier with the highest overall accuracy is not necessarily the 
most effective when balanced performance across sentiment classes is required. 

The main contribution of this study is the empirical demonstration that class-weighted learning combined 
with class-sensitive evaluation provides a more informative assessment of sentiment classification under 
substantial class imbalance. Balanced Linear SVM offered the most favorable trade-off between overall predictive 
performance and minority-class recognition. From a practical perspective, this approach can support large-scale 
analysis of mobile application reviews by enabling developers and service providers to identify user sentiment 
more systematically, including feedback from less-represented sentiment categories. 

Despite these findings, Neutral sentiment remained difficult to classify, indicating that class weighting alone 
was insufficient to achieve strong minority-class recognition in the investigated dataset. Consequently, Neutral 
predictions should be interpreted cautiously in operational app-review monitoring, particularly when automated 
sentiment outputs are used to support service evaluation or application-improvement decisions. The use of TF-IDF 
also limits the representation of contextual and semantic relationships between words. Future research should 
therefore investigate contextual language representations such as IndoBERT or multilingual transformer-based 
models, alternative imbalance-handling techniques, and hybrid approaches combining class weighting with 
resampling or cost-sensitive learning. Further studies could also examine sentiment performance separately across 
different application domains and incorporate aspect-based sentiment analysis to identify not only sentiment 
polarity but also the specific application features associated with user satisfaction and dissatisfaction. 
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