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Abstract: This study compares the performance of Naïve Bayes, Long Short-Term Memory (LSTM), and 

Bidirectional LSTM (BiLSTM) models in sentiment analysis of EasyCash application reviews, with data 

balancing techniques applied throughout the process. The dataset was collected from the Google Play Store 
and processed through cleaning, tokenization, stemming, and normalization. Sentiment labeling classified 

reviews into positive, neutral, and negative categories. To address class imbalance, the Synthetic Minority 

Oversampling Technique (SMOTE) was applied prior to model training. Feature extraction was conducted 
using TF-IDF, and models were evaluated on accuracy, precision, recall, and F1-score. Naïve Bayes 

outperformed both LSTM and BiLSTM, producing higher accuracy and more stable results across evaluation 
metrics. The findings suggest that simpler machine learning models can be more effective than deep 

learning approaches when working with limited and imbalanced datasets. Careful data preprocessing, 

appropriate balancing techniques, and deliberate model selection remain central to achieving reliable 
sentiment classification performance in fintech applications. 
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1.  Introduction 

The rapid advancement of information technology has compelled various industrial sectors to continuously 

adapt to evolving societal and economic demands, including the financial technology (fintech) sector. Fintech 
has emerged as a transformative force that reshapes conventional financial services into more flexible, 

efficient, and technology-driven systems. One of the most prominent innovations in this domain is online 
lending, which provides faster and more accessible financial services through digital platforms. Applications 

such as EasyCash exemplify this transformation by enabling users to access loan services conveniently via 

smartphones — a shift that aligns with the broader objective of fintech in promoting financial inclusion and 
expanding access to financial services for diverse populations (Feriyanto et al., 2024; Riska et al., 2025). In 

Indonesia, fintech has experienced significant growth over the past decade, driven by increasing digital 
adoption, supportive regulatory frameworks, and the demand for inclusive financial services. Regulatory bodies 

such as the Financial Services Authority (OJK) and Bank Indonesia (BI) have implemented various policies, 

including regulatory sandboxes, to ensure innovation while maintaining financial stability and consumer 
protection. The presence of licensed fintech lending companies and the increasing volume of online loan 
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disbursements indicate strong adoption of digital financial services among the population (Adji et al., 2023; 
Gandasari et al., 2025; Kwon et al., 2023; Tritto et al., 2020; Wulandari et al., 2025). 

Despite its benefits, the rapid expansion of fintech also introduces critical challenges related to consumer 
protection, data privacy, and cybersecurity. The increasing reliance on digital platforms necessitates robust 

governance frameworks to manage risks such as data misuse, cyberattacks, and fraud. Studies emphasize 

that the integration of data protection regulations and cybersecurity practices is essential to sustain user trust 
and ensure the long-term viability of fintech ecosystems. The harmonization of cross-sectoral regulations and 

the adoption of global best practices in data governance are equally pressing concerns (Algamar & Ismail, 
2023; Hesniati & Limgestu, 2023; Laínez & Gardner, 2023; Mehrban et al., 2020). The widespread use of 

fintech applications has, in turn, generated a large volume of user-generated content in the form of online 
reviews on platforms such as the Google Play Store. These reviews serve as valuable sources of information 

for evaluating service quality, user satisfaction, and potential issues within applications. Prior studies highlight 

that the quality, credibility, and content of reviews significantly affect perceived trust, risk, and behavioral 
intentions in online environments (Attar et al., 2022; Helmi et al., 2024; Sulistyowati & Husda, 2023). 

Analyzing user reviews, however, presents several challenges due to their unstructured nature, informal 
language, and semantic ambiguity. Manual analysis is inefficient and prone to bias, necessitating the use of 

automated sentiment analysis techniques to classify opinions into positive, negative, and neutral categories. 

Various machine learning and deep learning approaches have been applied to this task. Traditional methods 
such as Naïve Bayes are known for their simplicity and robustness, particularly when dealing with small 

datasets, while deep learning models such as Long Short-Term Memory (LSTM) and Bidirectional LSTM 
(BiLSTM) are designed to capture sequential dependencies and contextual information in textual data. Prior 

studies indicate, however, that deep learning models do not always outperform traditional methods — 
especially when datasets are limited or exhibit class imbalance, which may lead to biased predictions toward 

majority classes (Alzoubi et al., 2024; Shah & Patel, 2025). Techniques such as the Synthetic Minority 

Oversampling Technique (SMOTE) have been widely used to address this problem, yet the integration of data 
balancing techniques with both machine learning and deep learning models remains underexplored in the 

context of fintech application reviews. This study therefore conducts a comparative performance analysis of 
Naïve Bayes, LSTM, and BiLSTM models with data balancing techniques for sentiment analysis of EasyCash 

application reviews, contributing empirical evidence on model effectiveness under imbalanced data conditions 

and offering practical guidance for classification method selection in fintech-related sentiment analysis. 
 

2.  Related Work 

2.1 Sentiment Analysis in Fintech Applications 

Sentiment analysis has become a prominent research area within natural language processing (NLP), 

particularly in analyzing user-generated content such as online reviews. In the fintech domain, sentiment 
analysis plays a critical role in understanding user perceptions of digital financial services, including mobile 

lending applications. Unlike structured survey data, user reviews capture spontaneous and unfiltered opinions 
— making them a uniquely valuable source for assessing service quality, user satisfaction, and potential 

operational risks. As fintech platforms continue to grow in scale and user base, the volume of such reviews 

has expanded considerably, creating both an opportunity and a challenge for systematic analysis. Prior 
research has demonstrated that sentiment analysis on fintech platforms, such as Google Play Store reviews, 

can effectively support decision-making and service evaluation processes (Amrie et al., 2022). The ability to 
automatically classify user sentiment at scale represents a meaningful step toward more responsive and user-

centered financial service development. 
 

2.2 Machine Learning Approaches for Sentiment Classification 

Traditional machine learning methods, including Naïve Bayes and Support Vector Machine (SVM), have 
been widely applied in sentiment analysis due to their simplicity, computational efficiency, and relatively strong 

performance on structured textual data. These models are particularly well-suited for scenarios where labeled 
data is limited and training resources are constrained. Mongkito et al. (2024) showed that Naïve Bayes and 

SVM can effectively classify user reviews of online lending applications, producing reliable results even when 

the dataset size is modest. Similarly, Fullah (2025) achieved high classification performance using SVM in 
analyzing sentiment related to data misuse issues in fintech services, further confirming the method's 

applicability in domain-specific contexts. Collectively, these findings indicate that traditional machine learning 
models remain reliable and competitive — a point worth emphasizing given the prevailing tendency in recent 

literature to favor deep learning approaches regardless of data conditions. 
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2.3 Deep Learning Approaches in Sentiment Analysis 
In contrast to traditional methods, deep learning models have gained considerable traction due to their 

capacity to capture contextual and sequential relationships within textual data. Long Short-Term Memory 
(LSTM) and Bidirectional LSTM (BiLSTM) are among the most widely used architectures for sentiment 

classification tasks, owing to their ability to model temporal dependencies and retain information across long 

sequences. Noveandini et al. (2025) demonstrated that LSTM models can effectively analyze sentiment in 
mobile application reviews, producing competitive accuracy scores across multiple evaluation metrics. Winarni 

et al. (2025) extended this line of inquiry by showing that combining LSTM with transformer-based techniques 
such as BERT further improves classification performance, particularly in capturing nuanced semantic context. 

These findings suggest that deep learning architectures hold genuine promise for sentiment analysis — 
provided that sufficient data and computational resources are available to support their training requirements. 

 

2.4 Challenges of Imbalanced Data in Sentiment Analysis 
Despite the advantages of both machine learning and deep learning methods, sentiment analysis 

frequently encounters challenges related to imbalanced datasets. In many real-world cases, certain sentiment 
classes — such as neutral or positive — dominate the dataset, producing skewed classification results that 

favor the majority class. This is not merely a statistical inconvenience; it directly undermines the practical 

utility of a model, particularly when the minority class carries the most actionable information, as is often the 
case with negative sentiment in service reviews. Shah & Patel (2025) found that deep learning models do not 

always outperform traditional approaches under these conditions, especially when datasets are small or heavily 
imbalanced. Alzoubi et al. (2024) further argued that class imbalance significantly degrades model 

performance, as classifiers tend to neglect minority classes in favor of those with greater representation — 
ultimately reducing classification reliability across the board. 

 

2.5 Data Balancing Techniques for Improving Model Performance 
To address class imbalance, various data balancing techniques have been proposed, with oversampling 

methods — particularly the Synthetic Minority Oversampling Technique (SMOTE) — receiving considerable 
attention in the literature. Rather than simply duplicating existing minority samples, SMOTE generates 

synthetic instances by interpolating between neighboring data points, producing a more diverse and 

representative minority class distribution. Assyifa & Luthfiarta (2024) demonstrated that SMOTE-based 
approaches can substantially improve classification performance by strengthening the representation of 

underrepresented classes, enabling models to learn more balanced decision boundaries. The practical benefit 
of this technique is well-documented across multiple classification domains. Its application in combination with 

both machine learning and deep learning models in fintech sentiment analysis, however, remains 

underexplored — a gap that warrants direct empirical attention. 
 

2.6 Role of User Reviews in Digital Trust and Decision-Making 
User reviews occupy a central position in digital ecosystems as indicators of trust, perceived risk, and 

information quality. On online platforms, reviews function as a form of electronic word-of-mouth (eWOM), 
shaping user behavior and influencing decision-making processes in ways that traditional marketing channels 

cannot easily replicate. The credibility and perceived helpfulness of a review can determine whether a 

prospective user chooses to adopt or avoid a service — a dynamic that is especially pronounced in fintech, 
where trust is both difficult to establish and easy to lose. Studies have consistently shown that high-quality 

and credible reviews can substantially strengthen trust and reduce uncertainty in digital transactions (Attar et 
al., 2022; Helmi et al., 2024; Sulistyowati & Husda, 2023). Accurate sentiment analysis of user reviews is 

therefore not merely an academic exercise — it carries direct implications for service improvement, user 

retention, and the long-term reputation of fintech platforms. 
 

2.7 Research Gap and Contribution 
A review of the existing literature reveals that prior studies have predominantly focused on either machine 

learning or deep learning approaches in isolation, with limited attention given to systematic comparative 
analysis across both model types under consistent experimental conditions. The integration of data balancing 

techniques with both categories of models in fintech-specific sentiment analysis remains insufficiently 

examined. Most studies either apply balancing techniques without comparing model families, or compare 
models without adequately controlling for class imbalance — making it difficult to isolate the true source of 

performance differences. This study addresses that gap directly by conducting a comparative performance 
analysis of Naïve Bayes, LSTM, and BiLSTM models combined with SMOTE-based data balancing for sentiment 

analysis of EasyCash application reviews. The research contributes empirical evidence on model effectiveness 

under imbalanced data conditions and offers practical guidance for selecting appropriate classification methods 
in similar fintech. 
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3.  Methodology 

This study employs a systematic approach to conduct sentiment analysis on user reviews of the EasyCash 

application, structured across several sequential stages from data collection through to comparative model 
evaluation. The research process begins with data collection using web scraping techniques from the Google 

Play Store, targeting reviews submitted by real users of the EasyCash application. These reviews represent 

diverse user experiences and opinions, making them a suitable source for multi-class sentiment classification. 
The collected data then undergoes a preprocessing stage designed to improve data quality and ensure 

consistency across the dataset. Raw user reviews typically contain considerable noise — including irrelevant 
characters, slang, abbreviations, and inconsistent spelling — all of which can interfere with downstream 

modeling. To address this, four preprocessing steps were applied sequentially: cleaning to remove irrelevant 

elements such as punctuation, numbers, and special symbols; tokenization to split text into individual word 
units; stemming to reduce words to their base forms; and normalization to standardize informal and non-

standard language. Each of these steps contributes to producing a cleaner, more uniform textual 
representation suitable for machine learning algorithms. After preprocessing, the dataset was labeled into 

three sentiment categories — positive, neutral, and negative — using a lexicon-based or rating-based 
approach. Given that class imbalance is a common and well-documented challenge in textual datasets, the 

Synthetic Minority Oversampling Technique (SMOTE) was applied to balance the class distribution before 

model training. Rather than simply duplicating existing minority samples, SMOTE generates synthetic instances 
through interpolation, producing a more representative distribution across all sentiment classes. Following 

data balancing, the dataset was divided into training and testing sets using an 80:20 ratio, ensuring that model 
evaluation is conducted on data that was not seen during training. 

Feature extraction was then performed using the Term Frequency–Inverse Document Frequency (TF-

IDF) method, which transforms textual data into numerical vectors by weighting terms according to their 
frequency within a document relative to their frequency across the entire corpus. These feature vectors served 

as input for three classification models trained in parallel: Naïve Bayes, Long Short-Term Memory (LSTM), and 
Bidirectional LSTM (BiLSTM). Naïve Bayes was selected as a representative traditional machine learning 

baseline, while LSTM and BiLSTM were included to assess the extent to which deep learning architectures — 

capable of capturing sequential and bidirectional contextual dependencies — offer performance advantages 
under the given data conditions. The trained models were evaluated using accuracy, precision, recall, F1-

score, and ROC curve analysis, providing a multi-dimensional view of classification performance. A comparative 
analysis was subsequently conducted to determine the most effective model for sentiment classification based 

on results across all evaluation metrics. 

 
Figure 1. Research Framework Diagram 
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The diagram illustrates the overall workflow of the research methodology in a structured and sequential 
manner. It begins with data collection from the Google Play Store, followed by preprocessing steps to clean 

and standardize the textual data. The processed data is then labeled into sentiment classes and balanced 
using SMOTE to address class imbalance. After splitting the dataset into training and testing sets, feature 

extraction is performed using TF-IDF to convert text into numerical representations. Three classification models 

— Naïve Bayes, LSTM, and BiLSTM — are then trained in parallel. The models are subsequently evaluated 
using multiple performance metrics, and a comparative analysis is conducted to identify the most effective 

model for sentiment classification. 
 

4. Result and Discussion 

4.1 Results 
4.1.1 Dataset Characteristics and Sentiment Distribution 

The dataset used in this study consists of user reviews collected from the EasyCash application on the 
Google Play Store, representing real user experiences and opinions regarding the application's services, 

usability, and performance. After data collection, the dataset was preprocessed to remove noise and 
standardize textual content, ensuring suitability for sentiment analysis and machine learning modeling. The 

final dataset was then labeled into three sentiment categories: positive, neutral, and negative. The distribution 

of sentiment classes revealed a significant imbalance among categories. The neutral class dominated the 
dataset, accounting for approximately 62% of the total data, while positive sentiment represented around 

25% and negative sentiment accounted for only 13%. This imbalance indicates that most users tend to provide 
neutral feedback — which may reflect moderate satisfaction or descriptive comments rather than strong 

opinions. Such skewed distribution poses challenges for classification models, as they may become biased 

toward the majority class and fail to adequately learn patterns associated with minority classes. Table 1 
presents the distribution of sentiment classes before applying data balancing techniques. 

 
Table 1. Sentiment Distribution Before Data Balancing 

Sentiment Reviews Percentage 

Positive 250 25% 
Neutral 620 62% 

Negative 130 13% 

 

 
Figure 2. Sentiment Distribution Pie Chart 

 

The pie chart illustrates the imbalance in sentiment distribution, where the neutral class dominates significantly 
compared to positive and negative classes. This imbalance can negatively affect model performance, 

particularly in identifying minority classes such as negative sentiment — the class that arguably carries the 
most actionable information for service improvement. Addressing this issue before proceeding to model 

training is therefore a necessary step, and it directly justifies the application of SMOTE in this study. 
 

4.1.2 Data Preprocessing and Transformation 

The preprocessing stage plays a critical role in preparing textual data for sentiment analysis. Multiple 
preprocessing techniques were applied sequentially, including cleaning, tokenization, stemming, and 
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normalization. Cleaning removed irrelevant characters such as punctuation, numbers, and special symbols. 
Tokenization split sentences into individual words, enabling further analysis at the word level. Stemming 

reduced words to their root forms, while normalization ensured consistency in word usage across the dataset. 
Together, these steps substantially improved data quality and reduced noise, making the dataset more suitable 

for machine learning algorithms. Without proper preprocessing, models may misinterpret irrelevant patterns 

or fail to capture meaningful linguistic relationships — a risk that is particularly pronounced in user-generated 
text, which tends to be informal, inconsistent, and noisy. The transformation process also strengthens the 

effectiveness of feature extraction methods such as TF-IDF, producing a more structured and informative 
representation for classification tasks. 

 
Figure 3. Sequential Preprocessing Steps Applied to the Dataset 

 
The diagram illustrates the sequential preprocessing steps applied to the dataset. Each stage contributes to 

improving data quality and ensuring that the textual input is suitable for modeling. The transformation from 

raw text to processed text reflects the importance of preprocessing in achieving accurate sentiment 
classification, and this stage serves as the foundation for all subsequent feature extraction and modeling 

processes. 
 

4.1.3 Impact of Data Balancing Using SMOTE 
To address the issue of class imbalance, the Synthetic Minority Oversampling Technique (SMOTE) was 

applied to the dataset. Rather than simply duplicating existing minority samples, SMOTE generates synthetic 

instances through interpolation between neighboring data points, producing a more diverse and representative 
class distribution. After applying SMOTE, the dataset became evenly distributed across all three sentiment 

categories, with each class comprising 400 samples — a substantial improvement over the original skewed 
distribution. This balancing process is essential for ensuring that classification models can learn patterns from 

all classes equally, reducing the risk of bias toward the majority class and strengthening performance on 

minority classes. Consequently, evaluation metrics such as recall and F1-score for minority classes are 
expected to reflect more reliable results. Table 2 shows the distribution of sentiment classes after data 

balancing. 
Table 2. Sentiment Distribution After Data Balancing 

Sentiment Number of Reviews Percentage 

Positive 400 33% 
Neutral 400 33% 

Negative 400 33% 

 
The diagram confirms that the dataset becomes evenly distributed after applying SMOTE. This uniform balance 

allows models to learn more effectively from all sentiment classes, producing classification outcomes that are 

more reliable and less susceptible to majority-class bias. The use of SMOTE is therefore a necessary step in 
improving overall model performance, particularly in real-world datasets where class imbalance is the norm 

rather than the exception. 
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Figure 4. Data After the Balancing Process 

 
4.1.4 Model Performance Evaluation 

The performance of the three classification models was evaluated using accuracy, precision, recall, and 

F1-score — metrics that together provide a thorough assessment of model effectiveness across all sentiment 
classes. Accuracy measures overall correctness, while precision and recall evaluate the model's capacity to 

correctly identify specific classes. The F1-score, which balances precision and recall, is particularly informative 
in the context of multi-class classification where class distributions may still vary after balancing. Naïve Bayes 

achieved the highest performance among the three models, obtaining an accuracy of 0.70 with balanced 

precision and recall values. Both LSTM and BiLSTM, by contrast, achieved accuracy scores of only 0.50, with 
precision values of 0.25 — indicating poor performance in correctly identifying sentiment classes and 

suggesting that these models were unable to learn discriminative patterns from the available data. The 
performance gap between Naïve Bayes and the deep learning models is notable, and warrants careful 

interpretation rather than a straightforward conclusion that one model family is universally superior. Table 3 
summarizes the comparative results. 

 

Table 3. Model Performance Comparison 

Model Accuracy Precision Recall F1-Score 

Naïve Bayes 0.70 0.65 0.70 0.66 

LSTM 0.50 0.25 0.50 0.33 
BiLSTM 0.50 0.25 0.50 0.33 

 

 
Figure 5. Model Performance Comparison 

 
The bar chart clearly shows that Naïve Bayes outperforms both LSTM and BiLSTM across all evaluation metrics. 

This result is somewhat counterintuitive given the general perception that deep learning models are 
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architecturally more capable. The findings suggest, however, that model performance is highly dependent on 
dataset characteristics — and in this case, the limited dataset size likely constrained the learning capacity of 

the deep learning models, preventing them from realizing their theoretical advantages. 
 

4.1.5 Discussion of Model Performance 

The superior performance of Naïve Bayes can be attributed to its simplicity and effectiveness in handling 
small datasets. Unlike deep learning models, Naïve Bayes does not require large volumes of data to achieve 

reasonable performance, as it relies on probabilistic assumptions that allow it to generalize well even under 
limited data conditions. This property makes it particularly well-suited for text classification tasks where dataset 

size is a binding constraint. LSTM and BiLSTM, on the other hand, require substantial training data to effectively 
learn complex patterns and contextual relationships. In this study, the relatively limited dataset size likely 

hindered the learning process of these models, preventing them from outperforming the simpler Naïve Bayes 

baseline. Deep learning models are also more sensitive to residual data imbalance and feature sparsity — both 
of which may have further affected their performance in this setting. 

 

 
Figure 6. Relationship Between Dataset Characteristics and Model Performance 

 

The diagram illustrates the relationship between dataset characteristics and model performance. Small and 

imbalanced datasets tend to constrain deep learning models disproportionately, while simpler probabilistic 
models such as Naïve Bayes remain more robust under these conditions. This finding reinforces the importance 

of selecting models based on actual dataset characteristics rather than defaulting to the most architecturally 
complex option available. 

 

4.1.6 Key Insights and Implications 
The results of this study yield several important observations about sentiment analysis in fintech 

applications. Deep learning models do not always outperform traditional machine learning methods — their 
performance is highly dependent on data size and quality, and architectural complexity alone does not 

guarantee better results. Data balancing techniques such as SMOTE are essential for improving classification 
performance in imbalanced datasets, and their application should be treated as a standard step rather than 

an optional one. The findings also point to the importance of preprocessing and feature extraction: proper 

data preparation substantially strengthens model performance by reducing noise and improving the quality of 
textual representation. Taken together, these observations challenge the common assumption that more 

complex models always yield better results, and suggest that methodological choices should be driven by data 
realities rather than by prevailing trends in the literature. 

 

 
Figure 7. Factors That Contribute to Successful Sentiment Analysis 
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The diagram summarizes the key stages that contribute to successful sentiment analysis. Each stage plays a 
critical role in ensuring accurate and reliable classification outcomes, and the insights gained from this study 

can inform both future research directions and practical applications in fintech sentiment analysis. 
 

4.2 Discussion 

The findings of this study indicate that the performance of sentiment classification models is highly 
influenced by dataset characteristics, particularly size and class distribution. Naïve Bayes outperformed both 

LSTM and BiLSTM, achieving higher accuracy and more balanced evaluation metrics across all sentiment 
classes. This result aligns with Shah & Patel (2025), who reported that traditional machine learning models 

can outperform deep learning approaches when applied to relatively small datasets. Deep learning models 
typically require large volumes of data to effectively capture contextual patterns, and their performance tends 

to degrade when data is limited — a condition that was clearly present in this study. The superior performance 

of Naïve Bayes can therefore be attributed to its efficiency and robustness in handling smaller datasets, rather 
than to any inherent limitation of the deep learning architectures themselves. These results, however, contrast 

with findings from Noveandini et al. (2025) and Winarni et al. (2025), both of whom demonstrated that LSTM-
based models can achieve higher accuracy in sentiment analysis tasks. Those studies point to the genuine 

strength of deep learning models in capturing sequential dependencies and contextual meaning in textual 

data. The discrepancy between their findings and those of the present study is likely explained by differences 
in dataset size, feature representation, and preprocessing techniques. In their studies, the use of larger 

datasets and advanced techniques such as BERT integration contributed to improved performance — 
conditions that were not replicated here, where the dataset size was relatively limited and thus constrained 

the learning capacity of both LSTM and BiLSTM. 
The impact of class imbalance on model performance is equally apparent from the results. Before applying 

data balancing techniques, the dataset was dominated by the neutral class, which skewed classification 

outcomes in ways that would have disproportionately affected minority class detection. This observation is 
consistent with Alzoubi et al. (2024), who argued that imbalanced datasets produce biased predictions toward 

the majority class. Applying SMOTE successfully improved class distribution and strengthened the models' 
capacity to learn from minority classes. Assyifa & Luthfiarta (2024) reported comparable findings, confirming 

that SMOTE-based techniques can substantially improve classification performance by increasing minority class 

representation — a finding that holds across multiple classification domains, including the fintech context 
examined here. The role of preprocessing is equally evident from the results. Cleaning, tokenization, stemming, 

and normalization improved the overall quality of the dataset and facilitated more effective feature extraction 
using TF-IDF. Amrie et al. (2022) made a similar observation, noting that proper preprocessing substantially 

strengthens sentiment classification performance in Google Play Store review datasets. Effective preprocessing 

reduces noise and ensures that meaningful textual patterns are captured — a requirement that applies equally 
to machine learning and deep learning models, regardless of architectural complexity. Taken together, these 

findings suggest that model selection should be tailored to dataset characteristics rather than driven by 
assumptions about model superiority. The integration of data balancing techniques and comprehensive 

evaluation metrics provides a more reliable basis for sentiment analysis in real-world datasets where imbalance 
and noise are common and persistent challenges. 

 

5.  Conclusion and Recommendations 

This study evaluated and compared the performance of Naïve Bayes, LSTM, and BiLSTM models for 

sentiment analysis of EasyCash application reviews, with data balancing techniques applied throughout the 
experimental pipeline. The findings indicate that Naïve Bayes outperformed both deep learning models in 

terms of accuracy and overall evaluation metrics — a result that, while counterintuitive at first glance, is 

consistent with the broader literature on model behavior under limited and imbalanced data conditions. Simpler 
machine learning models, the evidence suggests, can be more effective than architecturally complex 

approaches when the dataset is relatively small and class distribution is skewed. The implementation of SMOTE 
proved effective in addressing class imbalance, producing more uniform class distributions and contributing to 

more reliable classification outcomes across all sentiment categories. Preprocessing techniques — including 

cleaning, tokenization, stemming, and normalization — also played a measurable role in improving data quality 
and enabling more accurate feature representation through TF-IDF. None of these stages operated in isolation; 

the results reflect the cumulative effect of each methodological decision made throughout the pipeline. 
Several directions merit attention in future research. Studies working with deep learning architectures 

such as LSTM and BiLSTM should prioritize the use of larger and more diverse datasets, given that the 

performance of these models is highly sensitive to data scale and quality. Exploring more advanced feature 
representation methods — such as word embeddings or transformer-based models like BERT — may also yield 
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meaningful improvements in classification accuracy, particularly for capturing semantic nuance in informal 
user-generated text. The use of hybrid or adaptive data balancing techniques, beyond standard SMOTE, is 

worth examining as a means of strengthening model robustness in real-world settings where class imbalance 
takes varied and unpredictable forms. From a practical standpoint, fintech companies stand to benefit from 

deploying automated sentiment analysis systems to monitor user feedback at scale, identify recurring service 

issues, and support more responsive customer experience management. When implemented thoughtfully, 
such systems can serve as an early-warning mechanism for service degradation — and, over time, as a 

foundation for building more sustained user trust in digital financial services. 
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