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Abstract

Imbalanced data poses a significant challenge in multi-label classification tasks, especially when combining
sentiment analysis with usability testing of mobile application reviews. This study investigates the effectiveness of
the Synthetic Minority Over-sampling Technique (SMOTE) in improving classification performance on a multi-label
dataset consisting of 10,000 Indonesian language user reviews from the Google Play store. The classification labels
represent a combination of usability criteria and sentiment polarity, with strong imbalance observed across several
classes. Three machine learning algorithms SVM, Decision Tree, and Random Forest were evaluated on datasets of
increasing sizes (1,000 to 10,000 entries), each tested under both original and SMOTE-balanced conditions using
stratified 10-fold cross-validation with accuracy and F1-score as the primary metrics. Experimental results show that
SMOTE significantly improves the performance of Decision Tree mainly on smaller datasets but exhibits inconsistent
gains as the dataset grows, provides modest and stable improvements for Random Forest, and negatively impacts
SVM, whose performance remains consistently better without SMOTE. This study concludes that SMOTE is not a
universally effective solution and must be applied selectively based on model characteristics. These findings
contribute to the Machine Learning for Software Engineering (ML4SE) domain and the field of informatics by
highlighting the importance of aligning resampling techniques with algorithmic behaviour when dealing with highly
imbalanced multi-label text classification tasks.
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1. INTRODUCTION

Mobile applications have become an integral part of everyday life in modern society. With the
number of apps on Google Play Store surpassing 2.4 million by 2023, developers are under increasing
pressure not only to deliver innovative features but also to ensure high usability quality in order to
remain competitive and retain users [1]-[3]. One emerging approach to assessing app usability is
sentiment analysis, which allows user reviews to be automatically leveraged as a valuable source of real-
world evaluative data [4][5]. In previous studies, the authors conducted two stages of research. The first
stage evaluated the performance of several classification algorithms namely Support Vector Machine
(SVM), Naive Bayes, Decision Tree, and Random Forest in classifying user reviews based on a
combination of usability testing dimensions and sentiment polarity. This study found that SVM offered
the most consistent performance [5]. The second stage focused on optimizing SVM through kernel
selection and tuning of the parameter C, where the linear kernel with C = 0.01 yielded the best results,
achieving an accuracy of 75.20% and an F1-score of 0.8775 [6].

However, one critical challenge that remained unaddressed in these studies is the class imbalance
among labels particularly within the multi-label setup that combines usability dimensions and sentiment.
This imbalance is not only prevalent but also varies drastically, ranging from mild to extremely skewed
cases [7][8]. For example, the label Efficiency Positive has 552 samples, while its counterpart
Efficiency Negative only has 30. Similarly, UserSatisfaction Positive dominates with 813 instances
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compared to just 61 for UserSatisfaction Negative. An extreme disparity is seen in the
ErrorRate Positive label, which appears only once, while ErrorRate Negative occurs 373 times. Such
distributions reveal that in some cases, the imbalance ratio exceeds 1:500, creating a highly suboptimal
environment for training classification models. Under these conditions, classifiers tend to ignore
minority classes due to their negligible contribution to the loss function during training [9]-[11].
Consequently, the model becomes biased toward majority classes, which may lead to reduced overall
accuracy and poor generalization, particularly when applied to real-world data with more diverse
distributions [12][13].

Several related works have explored text classification on app reviews, but their settings differ
markedly from this study. Prior research on governmental service apps applied SMOTE only in a single-
label Arabic dataset with moderate imbalance (about a 4:1 ratio), while recent other evaluations of
oversampling techniques also focus solely on single-label text classification [14][15]. Other studies such
as MNoR-BERT address multi-label classification for NFR extraction, yet they do not consider class
imbalance or oversampling. Consequently, no existing work has examined how SMOTE behaves in
multi-label usability sentiment classification, especially under imbalance that ranges from moderate to
highly extreme [16].

Class imbalance is a recurring problem in text classification, especially when minority classes
contain only a small number of instances compared to dominant classes [17][18]. This imbalance often
causes models to favor majority labels and overlook minority ones, which becomes even more
problematic in multi-label settings where each label combination may have a different imbalance ratio
[19]-[21]. A common strategy to mitigate this issue is the Synthetic Minority Over-sampling Technique
(SMOTE). Instead of duplicating minority samples, SMOTE creates new synthetic instances by
interpolating between a sample and its nearest neighbors, allowing the minority class to become more
representative and diverse [22]-[26].

To address this issue, the present study focuses on applying the Synthetic Minority Over-sampling
Technique (SMOTE) to mitigate data imbalance and enhance classification performance. This research
investigates the impact of SMOTE on the performance of three classifiers SVM, Decision Tree, and
Random Forest both with and without the application of SMOTE. The experiments were conducted
using user review data from a popular application on Google Play Store, with datasets ranging from
1,000 to 10,000 samples, evaluated using 10-fold stratified cross-validation. Through this experimental
setup, the study aims to test the hypothesis that SMOTE can significantly improve classification
performance on imbalanced multi-label datasets. The findings are expected to contribute valuable
insights into the effectiveness of SMOTE in the context of multi-label text classification within the
domain of Machine Learning for Software Engineering (ML4SE) particularly for automated usability
evaluation based on user reviews.

2. METHOD

2.1. Research Design

This study adopts a quantitative experimental approach to examine the impact of the SMOTE
oversampling technique on the performance of classification models in sentiment analysis combined
with usability testing parameters. The complete sequence of research stages is illustrated in figure 1.

2.2. Dataset and Labeling

The dataset used in this study consists of 10,000 user reviews collected from a popular mobile
application on the Google Play Store. Each review was annotated using a multi-label classification
approach that combines usability testing criteria with sentiment polarity [5]. The annotation process was
carried out in two stages.

938


https://jutif.if.unsoed.ac.id/

Jurnal Teknik Informatika (JUTIF) Vol. 7, No. 2, April 2026, Page. 937-947
P-ISSN: 2723-3863 https://jutif.if unsoed.ac.id
E-ISSN: 2723-3871 DOI: https://doi.org/10.52436/1.jutif.2026.7.2.5351

| b

Dataset of user reviews:
- data scrapping from GooglePlay Store
- save to csv format

v

Text preprocessing:

- Case Folding

- Tokenization

- Stopword Removal

- Lemmatization

- Narmalization

- Cleaning non-alphabetic characters
- Feature Extraction

e Y
Multilabel classification:

- Usability Testing Parameters
- Sentiment analysis Parameters

Yes” ppply SMOTE? SN2

r'a , . =,
| Balance training data using SMOTE | | Training data without SMOTE |
| Sk .

~

4

~,

" Evaluate accuracy and F1-score
| (Compare SMOTE vs Non-SMOTE) |

M -
P

‘- Repeat with different dataset sizes ‘
(1000 to 10000 samples)

e

Figure 1. Research Stages

-

4

First, Annotator A labeled each review with sentiment polarity (positive or negative). After this
step was completed, Annotator B assigned usability testing labels (such as User Satisfaction,
Learnability, Error Rate, Effectiveness, and others) and reviewed the sentiment labels assigned by
Annotator A to ensure consistency. Finally, Annotator A performed a second pass to validate the
usability labels provided by Annotator B. This multi-stage annotation ensured that each review could
contain more than one label, reflecting the multi-label nature of the dataset.

To handle the multi-label classification technically, this study adopted a binary relevance
transformation, in which each usability-sentiment combination was treated as an independent binary
classification subproblem. This approach is widely used for multi-label text classification because it
allows traditional classifiers such as SVM, Decision Tree, and Random Forest to be applied directly to
each label without requiring algorithmic modification [27][28] .

The distribution of data based on the combination of criteria and sentiment is presented in figure
2. figure 2 illustrates a hierarchical imbalance in data distribution, ranging from moderate to highly
extreme disparities. For instance, the label UserSatisfaction  Positive dominates with 4,446 samples,
while Learnability Negative contains only 24 samples. The most striking imbalance is observed in the
ErrorRate Positive label, which appears only 15 times out of 10,000 samples. This imbalance becomes
even more problematic in the earlier stages of testing, such as at the 1,000 to 5,000 sample scale where
ErrorRate Positive drops to fewer than five instances. As a result, this label was excluded from the
training process to prevent extreme imbalance that could negatively affect model accuracy and stability.

To investigate the effect of the SMOTE technique in addressing this imbalance, a stepwise
experiment was conducted, starting from 1,000 up to 10,000 reviews, increasing in increments of 1,000
samples. At each step, classification was performed using SVM, Decision Tree, and Random Forest,
both with and without SMOTE, and evaluated using stratified 10-fold cross-validation.
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Figure 2. Data Distribution by Usability Criteria and Sentiment

2.3. Text Preprocessing

The collected user reviews were subjected to a text preprocessing pipeline to ensure that the data
fed into the classification models is clean, consistent, and analytically meaningful [29] . Since all reviews
were written in Indonesian, the preprocessing steps were specifically tailored to match the linguistic
characteristics of the language.

The process began with case folding, followed by tokenization, which splits sentences into
individual word tokens. This was then followed by stopword removal, eliminating common Indonesian
words such as “dan” (and), “yang” (which), or “itu” (that), which typically carry little semantic weight
in the context of sentiment and usability analysis [30]-[32]. Next, lemmatization was applied to reduce
each word to its base or root form for example, “membeli” (buying) becomes “beli” (buy). This was
followed by normalization of numeric and non-alphabetic characters to simplify the text format. As part
of this normalization, numerical values were also converted into words (e.g., the number “1” is
transformed into “satu”), allowing them to be processed linguistically on par with regular words [6].
The final step involved feature extraction using the TF-IDF (Term Frequency—Inverse Document
Frequency) method. This technique assigns weights to words based on their importance within a
document relative to the entire collection of reviews. The outcome of this entire preprocessing pipeline
is a TF-IDF matrix a numerical representation of each user review in Indonesian that serves as the input
for the classification algorithms [33][34].

2.4. Handling Imbalanced Data with SMOTE

Imbalanced data is a common issue in classification tasks, especially when one or more classes
have significantly fewer samples compared to others [17][18]. This imbalance can lead to classification
models becoming overly biased toward the majority class while ignoring the minority class, ultimately
degrading the overall performance particularly in multi-label classification settings [19]-[21]. To
address this issue, this study employs the Synthetic Minority Over-sampling Technique (SMOTE).
Unlike traditional oversampling methods that replicate existing data, SMOTE generates synthetic
samples based on the existing minority class instances, thereby creating more diverse and representative
training data [22]-[24].

SMOTE works by randomly selecting a sample from the minority class, identifying its nearest
neighbors (commonly using the k-nearest neighbors algorithm), and then generating a new sample by
interpolating between the original point and one of its neighbors [25][26]. In this study, the feature
vectors x; and x,; represent TF-IDF embeddings in R%, and the number of nearest neighbors k was set
to 5, which is the standard configuration used in most SMOTE implementations. For example, if x; is
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the feature vector of a minority sample and x,; is its nearest neighbor, the synthetic sample x,,,,, is
generated using the formula:

Xnew = Xi + 6 x (xzi _xi) (1)
where:
X; = original minority data point (vector in R% )
Xy = nearest neighbor of x; (vector in R% )
6 € [0,1] = a random value drawn from a uniform distribution

Through this approach, SMOTE produces new samples that lie between existing data points, thereby
introducing natural variation and enriching the representation of the minority class without simply
duplicating data [35][36].

2.5. Classification and Evaluation

In the classification stage, this study employed three machine learning algorithms SVM, Decision
Tree, and Random Forest. The SVM was implemented with a linear kernel, following previous research
findings that demonstrated its consistent and stable performance in multi-label text classification tasks
[5]. The Decision Tree was selected as a baseline approach due to its interpretability, while the Random
Forest served as an extension that aggregates multiple decision trees to improve accuracy and reduce
the risk of overfitting [37][38].

Each model was tested under two primary conditions without SMOTE (the model was trained
using the original, imbalanced dataset) and with SMOTE (the dataset was first balanced synthetically
using the Synthetic Minority Over-sampling Technique (SMOTE) before being used for model training).
Model performance was evaluated using stratified 10-fold cross-validation, in which the dataset is
divided into ten equal parts while preserving the label distribution in each fold. This method ensures
that the training and testing process remains consistent and unbiased across class distributions [39].

As the primary evaluation metric, this study use accuracy, precision, recall and F1-Score,
including macro average variants, to provide a more comprehensive assessment of performance on
imbalanced multi-label data. These metrics allow the evaluation to capture both the model’s ability to
correctly identify minority classes and its overall classification correctness. The evaluation focused on
comparing the classification results between models trained on the original data and those trained on
SMOTE-balanced data, in order to observe whether the use of synthetic data had a significant impact
on improving classification performance.

2.6. Data Size Variation

To examine the effect of data scale on model performance and the effectiveness of SMOTE,
experiments were conducted incrementally using the following dataset sizes: 1,000; 2,000; 3,000; 4,000;
5,000; 6,000; 7,000; 8,000; 9,000; and 10,000 user reviews. Each scenario was evaluated independently
to provide a comprehensive understanding of how model performance trends vary across different
dataset sizes.

3.  RESULT

This study aims to evaluate the effectiveness of the SMOTE technique in addressing imbalanced
data problems in multi-label classification involving sentiment and usability testing. Three machine
learning algorithms SVM, Decision Tree, and Random Forest were tested under both SMOTE and non-
SMOTE conditions, across varying dataset sizes ranging from 1,000 to 10,000 samples. Evaluation was
performed using stratified 10-fold cross-validation, with accuracy and macro-averaged metrics as the
primary performance metric.
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3.1. Overall Model Performance Across Dataset Sizes

Figure 3 shows that the impact of SMOTE varies across models. For SVM, the non-SMOTE
condition consistently achieved higher accuracy at all dataset sizes. Decision Tree gained small
improvements on smaller datasets, but SMOTE became less effective as the dataset grew. Random
Forest showed stable results in both settings, with only marginal differences between SMOTE and non-
SMOTE.

Model Accuracy Comparison with and without SMOTE
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Figure 3. Model Accuracy Comparison With and Without SMOTE

3.2. Performance Trends Across Dataset Sizes and Algorithms

The results in figure 4 to 6 summarize the performance of SVM, Decision Tree, and Random
Forest on datasets ranging from 1,000 to 10,000 samples, evaluated using accuracy and macro-averaged
precision, recall, and Fl-score. A consistent pattern emerges across all dataset sizes: the impact of
SMOTE depends strongly on the underlying classification model.

Performance Metrics for SVM
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Figure 4. SVM Performance Summary

Figure 4 shows the performance trends for SVM across dataset sizes from 1,000 to 10,000 samples
show a clear and consistent pattern. Macro precision for both SMOTE and non-SMOTE settings
increases gradually as the dataset size grows, but the non-SMOTE version maintains slightly higher
stability, especially from 4,000 samples onward. Macro recall shows that SMOTE offers a mild benefit
at smaller dataset sizes, with higher recall at 1,000 to 3,000 samples. However, as the dataset becomes
larger, the gap narrows and both conditions converge with only minor differences. Macro F1-score
follows a similar pattern, the SMOTE version improves performance on very small datasets but
gradually loses its advantage once the dataset exceeds 4,000 samples. Across nearly all metrics, the
SMOTE curves fluctuate more sharply, while the non-SMOTE curves show smoother and more stable
growth.

942


https://jutif.if.unsoed.ac.id/

Jurnal Teknik Informatika (JUTIF)
P-ISSN: 2723-3863
E-ISSN: 2723-3871

Vol. 7, No. 2, April 2026, Page. 937-947
https://jutif.if unsoed.ac.id
DOI: https://doi.org/10.52436/1.jutif.2026.7.2.5351

Performance Metrics for Decision Tree
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Figure 5. Decision Tree Performance Summary

In figure 5, the Decision Tree model shows a different behavioral pattern compared to SVM.
Based on the performance curves, macro precision, recall, and F1-score fluctuate across dataset sizes
for both SMOTE and non-SMOTE conditions, indicating that Decision Tree is more sensitive to
variations in data distribution. SMOTE provides small gains at certain points, particularly in recall and
F1-score for mid-sized datasets between 4,000 and 8,000 samples. However, these improvements are
inconsistent and do not persist as the dataset grows. In several cases, the non-SMOTE model achieves
higher macro precision, especially at 6,000 and 8,000 samples, suggesting that synthetic oversampling
does not consistently enhance the model’s ability to generalize.

Performance Metrics for Random Forest
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Figure 6. Random Forest Performance Summary

Figure 6 illustrates that Random Forest demonstrates the most stable performance across dataset
sizes, with both precision and F1-score increasing gradually as the number of samples grows. Compared
to SVM and Decision Tree, the effect of SMOTE on Random Forest is modest but consistently positive.
The SMOTE-enhanced model shows slightly higher macro precision and macro F1-scores, particularly
at 3,000 to 8,000 samples, indicating improved recognition of minority labels without degrading
performance on majority classes. Macro recall follows a similar upward trend in both conditions, with
SMOTE offering small but steady improvements.

4. DISCUSSION

4.1. SMOTE Performance Analysis

Based on the model accuracy comparison chart (Figure 3) covering datasets from 1,000 to 10,000
samples, it is evident that the effectiveness of SMOTE varies across different classification algorithms.
The results in this study show that the effect of SMOTE on Decision Tree is actually inconsistent across
dataset sizes. While SMOTE helps improve accuracy on smaller datasets (1,000 to 3,000 samples), its
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benefit does not persist and even fluctuates as the dataset grows. This indicates that Decision Trees are
indeed sensitive to data imbalance, but they do not always gain stable improvement from SMOTE,
especially at larger data scales where oversampling can introduce noise that affects the split criteria.

In contrast, Random Forest more stability. The accuracy curve of Random Forest with SMOTE
remains slightly higher than its non-SMOTE counterpart across most dataset sizes, particularly from
3,000 samples and above. This suggests that Random Forest’s ensemble nature reduces the negative
impact of synthetic noise and allows SMOTE to provide modest yet consistently positive contributions.
Although the improvement is not large, the pattern is stable and predictable, unlike the fluctuations
observed in Decision Tree.

For the Support Vector Machine (SVM) model, SMOTE did not improve performance at any
dataset size. The non-SMOTE condition consistently outperformed the SMOTE-enhanced version,
especially in the 8,000 to 10,000 sample range. This indicates that SVM is already structurally robust
against imbalanced data due to its margin maximization mechanism. Introducing synthetic samples
through SMOTE likely distorts the minority class distribution and disrupts the optimal hyperplane,
resulting in reduced accuracy.

These findings reaffirm a key insight, SMOTE is not universally beneficial, and its effectiveness
depends heavily on the characteristics of the model. Decision Tree benefits from SMOTE only in smaller
datasets and shows unstable improvements at larger scales, Random Forest receives a small but steady
enhancement, and SVM experiences performance degradation due to synthetic data interfering with its
decision boundary. These results highlight the importance of aligning imbalance-handling strategies
with model behaviour. Oversampling techniques such as SMOTE should be used selectively, with
consideration of both dataset size and algorithmic sensitivity.

5. CONCLUSION

This study evaluated the impact of the SMOTE technique in addressing data imbalance issues
within multi-label classification that combines sentiment analysis and usability testing of mobile app
user reviews. By testing three classification algorithms SVM, Decision Tree, and Random Forest across
various dataset sizes and two experimental conditions (with and without SMOTE), the findings reveal
that the effectiveness of SMOTE is strongly influenced by the characteristics of each model rather than
by the imbalance ratio alone. The experimental results show that Decision Tree benefits from SMOTE
primarily on smaller datasets, but the improvements are inconsistent and tend to fluctuate as the dataset
size increases. This reflects the model’s high sensitivity to distributional changes introduced by synthetic
oversampling. Random Forest demonstrates more stable performance, with SMOTE providing modest
yet consistently positive improvements, supported by the ensemble’s robustness against noise. For
SVM, SMOTE consistently reduces performance, as the introduction of synthetic samples interferes
with the optimal separating margin, especially at larger data scales. These findings confirm that SMOTE
is not a universal solution for imbalanced multi-label text classification. Its effectiveness depends greatly
on the inherent learning mechanism of each algorithm. Accordingly, the application of SMOTE or any
oversampling method should be carefully aligned with the structural properties of the chosen model.
This study contributes meaningful insights to the field of Machine Learning for Software Engineering
(MLASE), particularly in developing strategies for handling imbalanced multi-label datasets derived
from user reviews.
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