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Abstract. This study proposes a hybrid sentiment analysis 

framework to examine user perceptions of four Indonesian e-wallet 

applications using Google Play Store reviews. The framework 

combines TF-IDF features reduced through Truncated SVD with a 

Bidirectional Long Short-Term Memory (Bi-LSTM) model within a 

two-stage evaluation design consisting of holdout classification 

and external temporal inference. For supervised classification, 

20,000 raw reviews were filtered and labeled using a rating-based 

strategy, resulting in 13,823 labeled reviews. Reviews with ratings of 

4–5 stars were assigned to the positive class and 1–2 stars to the 

negative class; these labels should be interpreted as sentiment 

proxies rather than fully human-validated ground truth. A second 

dataset of 24,000 reviews was constructed for balanced cross-

application temporal comparison across 2024–2026. On the holdout 

test set, the proposed model achieved an accuracy of 0.881, with 

macro-F1 and weighted-F1 scores of 0.881. Under the external 

temporal setting, DANA remained relatively stable, GoPay improved 

markedly in 2025 and remained high in 2026, ShopeePay showed a 

gradual decline, and OVO exhibited the strongest negative trend. 

These results indicate that the proposed framework is useful not 

only for supervised sentiment classification but also for structured 

temporal monitoring across e-wallet platforms. 

 

Keywords: app review mining, Bi-LSTM, Google Play Store reviews, 

Indonesian e-wallet, temporal sentiment monitoring, TF-IDF. 
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1. INTRODUCTION 

 

The rapid growth of the digital economy has accelerated the adoption of mobile-based 

financial services, making e-wallet applications an important part of everyday digital 

transactions in Indonesia [1]. Along with this growth, user expectations regarding 

transaction reliability, interface usability, security, feature performance, and service 

responsiveness have also increased. Users frequently express their unmet expectations 

through public review platforms such as the Google Play Store. As a result, user reviews 

have become an important source of real-world feedback for understanding how digital 

payment applications are perceived in practical usage contexts [2]. 

 

Google Play Store reviews are valuable because they contain large volumes of 

spontaneous textual feedback written by users based on actual experiences. However, 

these reviews are unstructured, noisy, and difficult to evaluate manually at scale. Prior 

studies have shown that review data can support application evaluation, user feedback 

analysis, and service improvement when processed systematically [2], [3]. In this context, 

sentiment analysis provides an effective analytical approach for transforming raw review 

text into structured indicators of positive and negative user perception, thereby 

supporting more data-driven decision-making for developers and digital service 

stakeholders [3]. 

 

Recent studies have applied various sentiment analysis approaches to user-generated 

reviews, ranging from conventional machine learning to deep learning and hybrid 

architectures [3]. In the financial technology context, [4] demonstrated that customer 

reviews can be used to analyze sentiment patterns across e-wallet companies and reveal 

user perceptions through review-based evidence. In the Indonesian context, local studies 

on OVO and GoPay application reviews further confirm that sentiment analysis is useful 

for identifying user opinions in digital wallet services [5], [6]. However, these studies still 

primarily focus on classification performance, algorithm comparison, or platform-specific 

sentiment profiling. 

 

Despite these advances, an important gap remains in the literature. Most previous studies 

still treat app reviews as a relatively static corpus and primarily evaluate sentiment 

classification models using random train-test partitioning, algorithm comparison, or 
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platform-specific classification settings [4]–[6], [8], [9]. While such settings are useful for 

benchmark evaluation, they are less appropriate for real-world monitoring because user 

sentiment may shift over time due to application updates, transaction problems, policy 

changes, promotional campaigns, and evolving service expectations [9]. In the context of 

digital financial services, review-based sentiment analysis has been shown to provide 

meaningful insights for service evaluation and user-opinion monitoring, which further 

highlights the need for evaluation designs that remain informative under changing user 

conditions [8], [10]. 

 

Based on this gap, this study proposes a hybrid sentiment analysis framework for reviews 

of four Indonesian e-wallet applications by combining TF-IDF and Bidirectional Long 

Short-Term Memory (Bi-LSTM) within a two-stage evaluation design. The first stage 

applies holdout evaluation to measure supervised sentiment classification performance, 

while the second stage uses a balanced external dataset for structured temporal 

comparison across applications and years [9]. Therefore, the main contribution of this 

study lies in extending app-review sentiment analysis from static classification toward 

structured cross-application temporal sentiment monitoring through a two-stage 

evaluation design in the Indonesian e-wallet context [8], [9]. 

 

2. METHODS 

 

This study proposes a hybrid sentiment analysis framework for Indonesian e-wallet user 

reviews collected from the Google Play Store. The framework integrates statistical lexical 

representation using Term Frequency–Inverse Document Frequency (TF-IDF) with 

sequential contextual modeling using Bidirectional Long Short-Term Memory (Bi-LSTM). 

In addition to supervised sentiment classification, the study incorporates a temporally 

structured evaluation setting to compare sentiment dynamics across applications during 

the 2024–2026 period. Accordingly, the research design consists of two complementary 

stages, namely holdout evaluation for supervised sentiment classification and external 

temporal inference for cross-application sentiment monitoring [9], [10]. The overall 

workflow of the study is presented in Figure 1. 
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Figure 1. Research Method Flow 

 

Table 1. Summary of the experimental workflow 

Stage Dataset Main Purpose Main Procedure Output 

Stage 1 
Dataset-

1 

Supervised 

sentiment 

classification 

Filtering, preprocessing, 

rating-based labeling, 

stratified holdout split, 

model training and holdout 

testing 

Supervised 

classification 

performance 
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Stage Dataset Main Purpose Main Procedure Output 

Stage 2 
Dataset-

2 

External 

temporal 

monitoring 

Filtering, duplicate control, 

balanced sampling by 

application-year, model 

inference 

Yearly 

comparative 

sentiment 

indicators 

Baseline 

comparison 

Dataset-

1 

Model 

benchmarking 

Same holdout setting 

applied to TF-IDF + Logistic 

Regression and Bi-LSTM-

only 

Comparative 

evaluation across 

modeling 

strategies 

 

2.1 Tools and Libraries 

The proposed hybrid sentiment analysis system was implemented in Python. Data 

scraping from the Google Play Store was conducted using the google-play-scraper 

library. Dataset manipulation and preprocessing were performed using pandas and 

NumPy. Statistical text feature extraction based on TF-IDF was implemented using scikit-

learn. The deep learning architecture, including tokenization and Bidirectional LSTM 

modeling, was developed using TensorFlow/Keras. In addition, sentiment classification 

outputs and comparative monitoring results were presented through an interactive 

evaluation dashboard built with Streamlit. 

 

2.2 Dataset Construction and Data Collection 

Review data were collected from the Google Play Store through a Python-based scraping 

process for app-review mining [12], [8]. The data collection process focused on Indonesian 

market reviews (locale='id') from the Google Play Store. The reviews analyzed in this study 

were posted during 2024–2026, and the scraping process was conducted in January 2026. 

To maintain linguistic consistency during preprocessing and classification, the analysis 

was restricted to Indonesian-language user reviews. Each review record contained at 

least the review text, star rating, review date, and application identity. The study focused 

on four Indonesian e-wallet applications, namely DANA, GoPay, OVO, and ShopeePay. 

 

To support the two-stage evaluation design, two datasets were constructed. Dataset-1 

was used for supervised model development and holdout evaluation. The initial raw 

collection for Dataset-1 consisted of 20,000 reviews. Dataset-2 was constructed 
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separately for external temporal inference and cross-application comparison. This 

dataset covered the 2024–2026 period and was balanced with 2,000 reviews per 

application per year, resulting in 24,000 reviews in total. After filtering and duplicate 

removal, reviews in Dataset-2 were grouped by application and year, and 2,000 reviews 

were randomly selected without replacement for each application-year cell. 

 

Dataset-1 and Dataset-2 were kept separate to preserve experimental independence. 

Cross-dataset duplicate cleaning was conducted using review text, review date, and 

application identity [13], [14]. For Dataset-1, the filtering procedure followed the exact 

order implemented in the original preprocessing script. Starting from 20,000 raw reviews, 

818 reviews with a 3-star rating were first removed to avoid neutral-label ambiguity in 

binary sentiment learning, leaving 19,182 reviews. Next, 748 invalid or non-informative 

reviews were excluded after text cleaning, resulting in 18,434 reviews. Finally, 4,611 

duplicate reviews with identical cleaned textual content were removed, leaving 13,823 

labeled reviews for supervised classification. This procedure was intended to preserve 

more organic review patterns and to reduce redundancy in the supervised learning stage. 

A summary of the dataset structure is shown in Table 2, while the temporal sampling 

design is illustrated in Figure 2.  

 
To improve methodological transparency, duplicate handling was applied at two levels. 

Within Dataset-1, duplicate reviews were identified when two records produced exactly 

identical cleaned textual content after preprocessing. Across Dataset-1 and Dataset-2, 

independence checking additionally considered the combination of review text, review 

date, and application identity in order to minimize cross-dataset overlap [13], [14]. For 

Dataset-2, temporal balancing was conducted only after filtering and duplicate removal, 

by randomly selecting 2,000 cleaned reviews without replacement for each application-

year cell. This procedure was intended to improve comparability across applications and 

years while reducing distortion caused by unequal review volume. 

 

Table 2. Dataset summary 

Dataset Purpose Period Applications Sampling Rule Total  

Dataset-

1 

Training and 

holdout 

evaluation 

Mixed 

collection 

period 

DANA, GoPay, 

OVO, 

ShopeePay 

Raw collection of 20,000 

reviews; 818 3-star reviews 

removed; 748 invalid/short 

13,823 

final 
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Dataset Purpose Period Applications Sampling Rule Total  

reviews removed; 4,611 

cleaned-text duplicates 

removed; final 13,823 labeled 

reviews; stratified 80:20 split 

labeled 

reviews 

Dataset-

2 

External 

temporal 

comparison 

2024–2026 

DANA, GoPay, 

OVO, 

ShopeePay 

2,000 reviews per 

application per year 

24,000 

reviews 

 

 
Figure 2. Balanced external temporal sampling design 

 

2.3 Data Filtering and Rating-Based Sentiment Labeling   
Before model development, Dataset-1 underwent a staged filtering procedure to remove 

ambiguous labels, invalid textual entries, and duplicate content [15]. The filtering order 

followed the original preprocessing script. From the initial 20,000 raw reviews, 818 

reviews with a 3-star rating were first removed to avoid neutral-label ambiguity in binary 

sentiment learning, leaving 19,182 reviews. In the second stage, 748 invalid or non-

informative reviews were excluded after regex-based cleaning. These included entries 

with no interpretable semantic content, such as symbol-dominated text, repetitive 

fragments, or cleaned text with a remaining length of two characters or fewer. This step 
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reduced the dataset to 18,434 reviews. In the final stage, 4,611 duplicate reviews with 

identical cleaned textual content were removed, leaving exactly 13,823 labeled reviews 

for supervised classification. Dataset-1 was labeled using a rating-based sentiment 

strategy. Reviews with ratings of 4–5 stars were assigned to the positive class, whereas 

reviews with ratings of 1–2 stars were assigned to the negative class [15]. This strategy 

enabled large-scale supervised learning without full manual annotation. However, the 

resulting labels should be interpreted as rating-derived sentiment proxies rather than 

fully human-validated ground truth [15]. 

 

2.4 Text Preprocessing 

After filtering and label construction, the review texts underwent preprocessing to 

reduce noise and standardize the textual input before feature extraction. First, cleansing 

was applied to remove URLs, numbers, selected punctuation, emojis, and excessive 

whitespace. Second, case folding converted all characters into lowercase form. Third, 

tokenization segmented each review into word-level units. Fourth, token normalization 

and stopword removal were conducted to standardize informal expressions and eliminate 

low-information words [16],[17]. 

 

During text preparation, web addresses (URLs), emojis, and user mentions were removed 

using Regular Expression (Regex)-based cleansing. The cleaned text was then mapped 

into a custom lexical normalization dictionary to unify informal and non-standard 

expressions. For example, lexical variants referring to slow performance, such as lemot, 

lelet, delay, pending, and nge-lag, were normalized into the unified feature form lambat. 

In addition, contrast markers such as tapi were preserved using the token <BUT>, and 

negation expressions were retained using _NEG to maintain sentiment-shifting cues [18]. 

The resulting corpus was then used as the common input for both the TF-IDF pathway 

and the Bi-LSTM pathway. Examples of review text transformation are presented in Table 

3.  

Table 3. Examples of review text transformation across preprocessing stages  

(Indonesian Text) 

Raw Review Cleansed Text Lowercased Text Tokenized Text Final Text 

“Aplikasinya 

bagus!!! tapi 

kadang error !"#$%&” 

“Aplikasinya 

bagus tapi 

kadang error” 

“aplikasinya bagus 

tapi kadang error” 

[aplikasinya, 

bagus, tapi, 

kadang, error] 

“aplikasinya bagus 

<BUT> kadang error” 
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Raw Review Cleansed Text Lowercased Text Tokenized Text Final Text 

“Transfer lama 

bgt!!! saldo 

kepotong, tapi 

uang belum 

masuk.” 

“Transfer lama 

bgt saldo 

kepotong tapi 

uang belum 

masuk” 

“transfer lama bgt 

saldo kepotong 

tapi uang belum 

masuk” 

[transfer, lambat, 

bgt, saldo, 

kepotong, tapi, 

uang, tidak, 

masuk] 

“transfer lambat bgt 

saldo kepotong 

<BUT> uang tidak 

masuk_NEG” 

“Promo banyak, tp 

pas bayar QR tdk 

bisa dipakai.” 

“Promo banyak tp 

pas bayar QR tdk 

bisa dipakai” 

“promo banyak tp 

pas bayar qr tdk 

bisa dipakai” 

[promo, banyak, 

tapi, bayar, qr, 

tidak, dipakai] 

“promo banyak 

<BUT> bayar qr tidak 

dipakai_NEG” 

 

2.5 Proposed Hybrid TF-IDF – Bi-LSTM Framework 

The proposed framework integrates two complementary representation pathways. The 

first pathway is based on Bi-LSTM and is intended to capture contextual dependencies 

in review text from both forward and backward directions [19]. The second pathway is 

based on TF-IDF and is intended to capture discriminative lexical importance across the 

corpus [16]. In the sequential pathway, preprocessed reviews were transformed into token 

sequences and converted into fixed-length inputs using padding or truncation. The 

vocabulary size was limited to the most frequent 12,000 words, and the maximum 

sequence length was set to 120 tokens. These sequences were passed through an 

embedding layer with a dimension of 128 and then processed by a Bidirectional LSTM 

layer with 64 units to produce contextual sentence-level representations [19]. 

 

In the statistical pathway, the same preprocessed reviews were represented using TF-

IDF vectors. Lexical features were extracted using TfidfVectorizer with an n-gram range 

of (1,2). The maximum vocabulary size was limited to 12,000 features in order to retain 

the most informative lexical patterns while controlling dimensional growth. Because TF-

IDF features are sparse and high-dimensional, Truncated Singular Value Decomposition 

(SVD) was applied to reduce the feature space to 128 dimensions while retaining the 

dominant latent structure [19]. The outputs from the Embedding–Bi-LSTM pathway and 

the TF-IDF–SVD pathway were then concatenated and passed to a dense output layer 

with sigmoid activation for binary sentiment classification [19]. A review was classified as 

positive when the predicted probability was equal to or greater than 0.5, and negative 

otherwise. 
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The methodological contribution of this study lies in integrating statistical lexical 

representation and sequential contextual representation within a two-stage evaluation 

design that includes both holdout testing and external temporal generalization. The 

proposed architecture is shown in Figure 3, and the training configuration is summarized 

in Table 4. 

 
Figure 3. Proposed hybrid model architecture 

 

Table 4. Hyperparameter configuration of the proposed model 

Parameter Value 

Max Words 12,000 

Max Sequence Length 120 

Embedding Dimension 128 

Bi-LSTM Units 64 

TF-IDF SVD Dimension 128 

Dropout Rate 0.3 

Batch Size 32 

Epochs Maximum 20 with early stopping (validation ratio = 0.10) 
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Parameter Value 

Learning Rate 0.001 

Optimizer Adam 

Output Activation Sigmoid 

Classification Threshold 0.5 

 

2.6 Holdout Evaluation Protocol 

The first evaluation stage used Dataset-1 to measure sentiment classification 

performance under a supervised holdout setting. After the filtering and labeling stages 

were completed, the cleaned corpus of 13,823 reviews was organized as Dataset-1 for 

supervised historical sentiment classification. The dataset was divided proportionally into 

11,058 reviews (80%) for training and 2,765 reviews (20%) for testing using a stratified 

holdout strategy. This split was designed to preserve class balance between positive and 

negative labels during model development and final evaluation [15].  

 

Model training was conducted on the training partition. During training, 10% of the 11,058 

training reviews were reserved internally as a validation subset, yielding 1,106 validation 

reviews and 9,954 reviews for model fitting. This validation subset was used to monitor 

performance at each epoch and to activate early stopping when no further improvement 

was observed. Model training was monitored using the Area Under the Precision-Recall 

Curve (PR-AUC) rather than relying only on standard loss values. To mitigate overfitting, 

an EarlyStopping strategy was applied by monitoring validation PR-AUC (val_prc) with a 

patience of 3 epochs. In parallel, ReduceLROnPlateau was used to reduce the learning 

rate by 50% (factor=0.5) after 2 epochs of stagnant validation improvement. The best-

performing model parameters were restored automatically (restore_best_weights=True) 

and retained as the final .keras checkpoint for evaluation. The best model checkpoint was 

then evaluated once on the holdout test set. To prevent information leakage, data-

dependent transformations such as vocabulary construction, token indexing, TF-IDF 

fitting, and SVD fitting were derived only from the training partition and then applied 

unchanged to the holdout test set [20]. In addition to the proposed framework, 

comparative evaluation was also conducted using selected baseline models, namely TF-

IDF + Logistic Regression and Bi-LSTM-only configurations, under the same holdout 

partition. 
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The selected baselines were intended to represent the two principal modeling 

perspectives underlying the proposed framework. TF-IDF + Logistic Regression was 

chosen as a strong lexical-statistical baseline because it is widely recognized as effective 

for short-text sentiment classification and remains competitive under noisy review 

conditions [15]. Bi-LSTM-only was selected to represent a purely sequential contextual 

approach without explicit TF-IDF-based lexical weighting [19], [20]. By comparing the 

proposed hybrid framework with these two baselines under the same holdout partition, 

the study can more transparently assess whether the integration of lexical-statistical 

and sequential contextual representations provides added value beyond single-path 

modeling strategies. 

 

2.7 External Temporal Inference and Cross-Application Comparison 

After the best-performing model had been obtained from Dataset-1, it was applied to 

Dataset-2 as an external temporal inference setting for cross-application sentiment 

monitoring. Dataset-2 was organized into balanced application-year cells, with 2,000 

reviews for each application in each year from 2024 to 2026. The balanced application-

year structure was formed after filtering and duplicate removal so that each cell 

represented a comparable set of cleaned reviews for temporal inference. 

 

Dataset-2 was used exclusively as an inference-oriented case study dataset for 

comparative dashboard analysis across temporal periods. The reviews contained in 

Dataset-2 were never introduced into the training process of the Hybrid TF-IDF-BiLSTM 

model. Therefore, all supervised performance metrics, including Accuracy, Macro F1-Score, 

and PR-AUC, were calculated solely on the independent testing set of 2,765 reviews from 

Dataset-1, while Dataset-2 was used only for external classification inference and cross-

application temporal comparison. 

 

For each application-year cell, the predicted labels were aggregated to compute the 

annual proportion of positive sentiment. This aggregation generated a comparable 

temporal sentiment indicator for DANA, GoPay, OVO, and ShopeePay. Because the dataset 

was balanced by design, the comparison was less affected by unequal review volume and 

more suitable for interpreting relative sentiment changes across applications and years 

[17]. The resulting yearly sentiment proportions were then visualized using line charts and 

grouped comparison plots. 
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2.8 Performance Metrics and Implementation Environment 

Performance on Dataset-1 was evaluated using a confusion matrix and standard 

classification metrics, namely accuracy, precision, recall, and F1-score [15]. Macro-average 

and weighted-average F1-scores were also reported to provide a more complete view of 

model behavior across both sentiment classes [15], [21]. The complete research pipeline, 

including data collection, filtering, preprocessing, hybrid feature construction, model 

training, evaluation, and visualization, was implemented in Python. For monitoring 

purposes, the trained model was integrated into a Streamlit-based application to display 

sentiment distribution, confusion matrices, evaluation metrics, and temporal comparison 

results across applications. 

 

3. RESULTS AND DISCUSSION 

 

This section presents the empirical results of the proposed hybrid TF-IDF-SVD and Bi-

LSTM framework and discusses their methodological and practical implications. The 

analysis is organized into two complementary parts. First, holdout evaluation on Dataset-

1 is used to assess supervised sentiment classification performance on unseen reviews. 

Second, external temporal inference on Dataset-2 is used to examine yearly sentiment 

dynamics across four Indonesian e-wallet applications during 2024–2026. Beyond 

reporting quantitative outcomes, this section also interprets the observed patterns, 

relates them to the study design, and discusses their implications for sentiment 

monitoring in digital financial services. 

 

3.1 Holdout Evaluation Results 

The holdout evaluation was conducted to assess the supervised classification 

performance of the proposed hybrid TF-IDF-SVD and Bi-LSTM model on unseen data. 

After filtering and rating-based labeling, Dataset-1 contained 13,823 labeled reviews, 

which were divided into 11,058 training reviews and 2,765 testing reviews using a 

stratified split. The evaluation was performed on the 2,765-review holdout test set. The 

results indicate that the proposed model achieved an overall accuracy of 0.881 on the 

holdout test set, with macro-F1 and weighted-F1 values both equal to 0.881. This result 

suggests that the model maintained relatively balanced predictive performance across 

the positive and negative classes rather than concentrating performance on only one 

dominant label. 
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Table 5. Holdout evaluation metrics 

Sentiment Class Precision Recall F1-Score Support 

Negative 0.892 0.862 0.877 1351 

Positive 0.872 0.900 0.886 1414 

Accuracy   0.881 2765 

Macro Avg 0.882 0.881 0.881 2765 

Weighted Avg 0.882 0.881 0.881 2765 

 

A closer inspection of class-level performance shows that the negative class obtained 

higher precision (0.892) but lower recall (0.862), whereas the positive class obtained 

slightly lower precision (0.872) but higher recall (0.900). This pattern indicates that the 

model was somewhat more conservative when assigning negative sentiment, resulting in 

fewer false positive negative predictions but a slightly greater tendency to miss some 

truly negative reviews. In contrast, the model was more inclusive in identifying positive 

sentiment, which improved recall but introduced a modest trade-off in precision. The 

relatively small gap between the two classes indicates that the hybrid architecture was 

able to combine lexical discrimination from TF-IDF-SVD with contextual sequence 

modeling from Bi-LSTM in a reasonably stable manner. In practical terms, this is important 

because app-review sentiment data often contain short, noisy, and informal expressions, 

where purely lexical or purely sequential representations may each capture only part of 

the available sentiment signal. 

 

3.2 Comparative Performance with Baseline Models 

To provide a clearer evaluation of the proposed model, a comparative analysis was 

conducted against several baseline models under the same holdout evaluation setting. 

This comparison aims to assess whether the proposed hybrid architecture offers 

measurable advantages over conventional approaches. 

 

Table 6 compares the proposed hybrid model with selected baseline models under the 

same holdout evaluation setting. The results show that the proposed hybrid model did 



Vol. 8, No. 2, April 2026 

 
 

Noor Latifah, Dias Henandra Eka Putra, et al | 1972 

not achieve the single highest accuracy among all compared models, as the TF-IDF + 

Logistic Regression baseline produced a slightly higher accuracy score. This finding 

indicates that lexical-statistical baselines remain highly competitive for short and noisy 

app-review texts. However, the hybrid model still demonstrated competitive overall 

performance across the evaluated metrics, while also offering a more structurally 

integrated framework that combines lexical salience and sequential contextual 

information within a unified architecture. In methodological terms, the value of the 

proposed framework does not lie solely in achieving the best raw classification score, 

but in supporting the broader objective of this study, namely linking supervised 

sentiment classification with structured cross-application temporal monitoring. 

Accordingly, the hybrid model should be interpreted as a competitive and 

methodologically aligned framework for temporally oriented review analysis rather than 

as a purely accuracy-driven alternative to simpler baselines. 

 

Table 6. Comparative performance of the proposed model and baseline models 

Model Accuracy Precision Recall Macro-F1 Weighted-F1 

TF-IDF + Logistic Regression 0.8833 0.8845 0.8841 0.8833 0.8833 

Bi-LSTM only 0.8773 0.8798 0.8784 0.8773 0.8772 

Proposed Hybrid TF-IDF-SVD 

+ Bi-LSTM 

0.881 

 

0.8848 

 

0.8839 

 

0.881 

 

0.881 

 

 

3.3 Confusion Matrix Analysis 

Figure 4 provides a more detailed view of the prediction distribution on the holdout test 

set. The confusion matrix shows that correct predictions dominate in both sentiment 

classes, confirming that the model did not collapse into one-sided classification behavior. 

However, classification errors still occurred in both directions, which is expected given 

the noisy nature of app-review text and the use of rating-derived labels as sentiment 

proxies rather than fully human-annotated ground truth. 

 

These misclassifications may arise from several sources. First, short reviews often 

contain limited contextual information, making sentiment polarity harder to infer reliably. 

Second, some reviews may include mixed opinions, such as positive evaluations of one 

feature combined with complaints about another. Third, because the training labels were 

derived from star ratings, the textual sentiment and numerical rating may not always be 
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perfectly aligned. As a result, some errors may reflect label noise rather than pure model 

failure. 

 
Figure 4. Confusion matrix on holdout test 

 

A brief qualitative interpretation helps clarify this issue. For example, a user may assign 

a 4-star rating while still writing a complaint about delayed balance updates, failed 

transfers, or unstable login performance, causing the textual content to appear more 

negative than the assigned label. Conversely, a short review may contain a brief positive 

expression while receiving a low rating because the user was dissatisfied with one critical 

service incident. In such cases, the observed misclassification should not be interpreted 

solely as model failure, but also as a consequence of proxy-label mismatch in large-scale 

weakly supervised sentiment learning. 

 

3.4 Training Process and Learning Behavior 

Figure 5 illustrates the training dynamics of the proposed model across epochs. The 

learning curve shows that both training and validation performance improved during the 

early epochs and then stabilized before reaching the maximum training limit. This pattern 

suggests that the optimization process converged in a controlled manner and that the 

early stopping strategy functioned as intended to prevent unnecessary additional 

training. 
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Figure 5. Learning curve (training history) of the proposed model. 

 

The absence of extreme divergence between training and validation trajectories also 

indicates that the model did not exhibit severe overfitting under the adopted 

configuration. This is relevant because the proposed framework integrates two feature 

pathways with moderate dimensionality, and without appropriate monitoring the model 

could have become overly fitted to the training partition. The use of PR-AUC-based 

monitoring, early stopping, and learning-rate reduction therefore appears to have 

contributed to training stability. 

 

3.5 Class Distribution after Labeling and Filtering 

Figure 6 shows the final class distribution after filtering and rating-based label 

construction. The resulting dataset is relatively balanced between positive and negative 

sentiment classes, which is beneficial for evaluation because it reduces the risk that 

aggregate metrics are inflated by class dominance. 

 
Figure 6. Final class distribution 
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This balance also helps explain why the macro-F1 and weighted-F1 scores are identical at 

0.881. In imbalanced settings, weighted averages often mask weaker minority-class 

performance. In the present study, the near-balanced distribution means that the 

reported performance more credibly reflects model behavior across both sentiment 

categories. 

 

3.6 Lexical Characteristics of Sentiment Classes 

Figure 7 presents a lexical summary of dominant terms in positive and negative reviews. 

Although this visualization is descriptive rather than inferential, it helps contextualize 

the classification results by showing that the corpus contains repeated sentiment-

bearing expressions associated with user satisfaction, technical problems, transaction 

delays, failed payments, and feature usability. 

 

 
Figure 7. Word cloud / top terms comparison (Positive vs Negative). 

 

This lexical contrast supports the relevance of combining TF-IDF-based lexical weighting 

with sequence-based contextual modeling. Frequent complaint-related words may be 

captured effectively through statistical weighting, while sentiment shifts caused by 

contrast markers and negation are better handled through sequential context modeling. 

Accordingly, the lexical profile shown in Figure 7 is consistent with the rationale of the 

proposed hybrid architecture. 

 

3.7 External Temporal Inference Results and Application Comparison 

The trained sentiment classification model was applied to Dataset-2 to examine 

sentiment dynamics under an external temporal inference setting. Dataset-2 contained 

24,000 reviews from DANA, GoPay, OVO, and ShopeePay during 2024–2026, with a 

balanced design of 2,000 reviews per application per year. Because this dataset was not 

used during training, the results reported here should be interpreted as external 
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inference outcomes rather than supervised accuracy estimates. Accordingly, the reported 

yearly sentiment proportions should be interpreted as comparative sentiment indicators 

rather than direct measures of application quality. 

 

Table 7. Positive sentiment proportion by application and year (2024–2026). 

App 2024 2025 2026 

DANA 0.7705 0.7755 0.774 

GoPay 0.776 0.8395 0.8195 

OVO 0.385 0.314 0.203 

ShopeePay 0.828 0.784 0.7605 

 

As shown in Table 7, DANA exhibited a relatively stable positive sentiment proportion 

across the observation period, with values of 0.7705 in 2024, 0.7755 in 2025, and 0.7740 

in 2026. This pattern suggests a comparatively consistent user-perception profile, with 

no major directional shift over time. GoPay showed a different trajectory, increasing from 

0.7760 in 2024 to 0.8395 in 2025, before remaining high at 0.8195 in 2026. This indicates 

a notable improvement in predicted user sentiment between 2024 and 2025, followed by 

a slight but still favorable adjustment in 2026. 

 

In contrast, ShopeePay displayed a gradual decline from 0.8280 in 2024 to 0.7840 in 2025 

and 0.7605 in 2026. Although it remained relatively strong in absolute terms, the 

downward direction suggests a weakening sentiment trajectory over time. The most 

pronounced negative pattern appeared in OVO, where the positive sentiment proportion 

decreased consistently from 0.3850 in 2024 to 0.3140 in 2025 and 0.2030 in 2026. 

Compared with the other applications, OVO’s values indicate a substantially less favorable 

sentiment profile and the clearest negative temporal trend in the observation window. 

 

3.8 Temporal Trend Visualization 

Figure 8 visualizes the yearly sentiment trajectories across the four applications and 

makes the directional differences more explicit. DANA follows a nearly horizontal pattern, 
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GoPay shows an upward shift followed by slight normalization, ShopeePay declines 

moderately, and OVO declines sharply and continuously. Because the dataset was 

balanced by application-year cell, these comparisons are less likely to be distorted by 

unequal review volume and therefore provide a clearer basis for relative temporal 

interpretation. 

 

 
Figure 8. Time-series trend of positive sentiment proportion P!,#(2024–2026) across 

applications. 

 

 
Figure 9. Cross-application comparison per year (grouped bar/line visualization). 



Vol. 8, No. 2, April 2026 

 
 

Noor Latifah, Dias Henandra Eka Putra, et al | 1978 

Figure 9 complements this view by comparing applications within each year. In 2024, 

ShopeePay recorded the highest positive sentiment proportion, followed by GoPay and 

DANA, while OVO lagged substantially behind. In 2025, GoPay became the strongest 

performer, whereas OVO continued to remain lowest. By 2026, GoPay and DANA still 

occupied the upper range, ShopeePay remained positive but weaker than in earlier years, 

and OVO declined further. Taken together, these figures demonstrate that cross-

application sentiment differences are not static and can evolve meaningfully over time. 

 

3.9 Discussion 

The empirical results indicate that the proposed hybrid framework is useful not only for 

supervised sentiment classification but also for structured temporal monitoring across 

e-wallet applications. On Dataset-1, the balanced macro-F1 and weighted-F1 values 

suggest that the model maintained relatively stable predictive behavior across both 

sentiment classes. Rather than demonstrating superiority solely in terms of raw accuracy, 

the hybrid architecture should be understood as a framework that integrates 

complementary lexical and contextual representations within a two-stage evaluation 

design. This is particularly relevant for app-review data, which are often short, noisy, and 

linguistically variable, and for research settings where the analytical objective extends 

beyond benchmark classification toward temporally structured comparative monitoring 

[6], [22]. 

 

The class-level results also reveal an important nuance. The model achieved slightly 

higher precision for the negative class but higher recall for the positive class. This 

suggests that the classifier was somewhat stricter in assigning negative sentiment while 

being more inclusive in assigning positive sentiment. Such behavior is plausible in app-

review data because many user reviews contain short praise expressions, whereas 

negative reviews often include more diverse and context-dependent complaint forms 

[23]. The error pattern may therefore reflect both linguistic variability and label noise 

inherited from the rating-based supervision strategy. 

 

Compared with previous app-review sentiment studies, the contribution of the present 

study lies more in evaluation design than in proposing a completely new text-

classification architecture. Prior studies in e-wallet and related digital-service contexts 

have generally emphasized platform-specific sentiment classification, feature-level 
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opinion detection, or algorithm comparison under static train-test settings [4]–[6], [24]. In 

contrast, the present study combines supervised holdout evaluation with balanced 

external temporal inference across multiple applications and years. This design makes it 

possible to move beyond one-time benchmark performance and instead examine how 

relative sentiment trajectories differ across platforms under a controlled application-

year structure. 

 

The external temporal results strengthen the contribution of this study beyond static 

classification. Unlike prior app-review sentiment studies that mainly focus on single-

platform classification accuracy or random train-test evaluation, the present study 

introduces a balanced application-year inference design to track relative sentiment 

movement over time. In this setting, DANA appears stable, GoPay improves markedly in 

2025 and remains strong in 2026, ShopeePay shows a gradual weakening trend, and OVO 

experiences the sharpest decline. These differences suggest that sentiment monitoring 

can reveal platform-specific trajectories that would be obscured if all reviews were 

treated as one undifferentiated static corpus [24]. 

 

From a practical standpoint, the proposed framework may serve as an early monitoring 

instrument for digital financial service providers, particularly for detecting relatively 

stable, improving, or declining sentiment tendencies across platforms. However, these 

outputs should be interpreted cautiously. Because Dataset-2 was used only for inference, 

and because sentiment labels in Dataset-1 were derived from star ratings, the resulting 

yearly sentiment proportions should be understood as comparative sentiment indicators 

rather than direct measures of service quality. This caution is important to ensure that 

the practical implications remain aligned with the current data structure, proxy-labeling 

strategy, and temporal aggregation design [9], [24], [25]. 

 

These findings are generally consistent with previous studies showing that app-review 

sentiment analysis can provide useful feedback for service evaluation and user-opinion 

monitoring in digital financial applications [24], while also supporting the argument that 

more temporally aware evaluation settings are needed when review distributions shift 

over time [9]. Accordingly, the present study contributes by extending e-wallet review 

sentiment analysis from static benchmark-style classification toward comparative, time-

aware monitoring under a structured external inference design. 
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Overall, the results show that the proposed hybrid framework achieved stable supervised 

performance on the holdout test set and generated interpretable temporal sentiment 

indicators under the external monitoring setting. The holdout results support the 

effectiveness of the hybrid TF-IDF-SVD and Bi-LSTM architecture for sentiment 

classification on Indonesian e-wallet reviews, while the external temporal results reveal 

distinct yearly sentiment trajectories across DANA, GoPay, OVO, and ShopeePay. Taken 

together, these findings support the main objective of the study, namely to move from 

static review classification toward structured temporal sentiment monitoring across 

digital payment applications. 

 

4. CONCLUSION 

 

Conclusion. This study proposed a hybrid sentiment analysis framework for Indonesian 

e-wallet reviews by combining TF-IDF-SVD and Bi-LSTM within a two-stage evaluation 

design consisting of holdout classification and external temporal inference. On the 

holdout test set, the model achieved competitive performance with an accuracy of 0.881 

and balanced macro-F1 and weighted-F1 scores of 0.881. Under the external temporal 

setting, DANA remained relatively stable, GoPay improved markedly in 2025 and remained 

strong in 2026, ShopeePay showed a gradual decline, and OVO exhibited the strongest 

negative trend. These findings indicate that the proposed framework is useful not only 

for supervised sentiment classification but also for structured comparative temporal 

monitoring under the current data and proxy-labeling setting. However, the study 

remains limited by rating-based label construction and yearly aggregation. Future studies 

may strengthen the framework through partial manual annotation, finer temporal 

granularity, and comparison with transformer-based Indonesian language models. 
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