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Conventional sentiment analysis lacks granularity for capturing detailed user
experiences and cross-country comparative insights in digital finance.
This study identifies and maps perception gaps among ShopeePay users in
Indonesia and Thailand using a topic-informed sentiment analysis pipeline
inspired by aspect-based sentiment analysis (ABSA) principles. Adopting
the knowledge discovery in databases (KDD) framework, over 170,000 web-
scraped reviews were preprocessed, automatically labeled through pseudo-
labeling, and balanced using random oversampling. To mitigate pseudo-label
reinforcement, manual validation on 500 reviews per country achieved
agreement rates of 98.80% (Indonesia) and 99.20% (Thailand) with Cohen’s
Kappa above 0.97. The fine-tuned DistilBERT model achieved accuracies of
97.65% (Indonesia) and 98.38% (Thailand), though these figures should be
interpreted within the pseudo-labeled evaluation context. Significant
perception gaps were revealed: Thai users showed lower satisfaction with
transactions (67.6% negative) while Indonesian users were more positive
(93.0% positive). Process time received negative dominance in both
countries, with Indonesia at 78.2% and Thailand at 50.8% negative. These

findings demonstrate that user satisfaction is shaped by local infrastructure
and cultural contexts, providing strategic insights for regional fintech
development.
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1. INTRODUCTION

The integration of internet technology has transformed financial services within the digital economy [1],
entering the financial technology (fintech) 4.0 phase with a focus on full asset digitization and payment
infrastructure strengthening [2]. These innovations span electronic payment systems to digital wallets
(e-wallets) [3], supported by responsive regulatory policies and increased financial literacy [4]. In Southeast
Asia, Indonesia and Thailand lead fintech investment growth [5], driving more equitable financial inclusion
across ASEAN [6] through fintech-banking collaboration [7]. E-wallets have become essential tools with
80% adoption rates in both markets [8]-[10], and ShopeePay has emerged as the market leader in e-
commerce transactions [11]. Despite this leadership, ShopeePay faces persistent user satisfaction challenges
[11], including account verification constraints and cybersecurity threats [12]. The pressure of information
technology use often triggers technostress, hindering service adoption [13], [14] and manifesting as negative
reviews containing technical complaints and privacy concerns [15]. Aspect-based sentiment analysis (ABSA)
offers a relevant framework for understanding these perceptions by measuring sentiment on specific review
aspects [16], [17]. Unlike conventional sentiment analysis, which assigns a single polarity to entire
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documents [18], [19], ABSA evaluates sentiment based on aspect categories and opinion terms [16], [20],
with advances driven by transformer-based models and topic modeling such as Latent Dirichlet Allocation
(LDA) [21]-[23].

However, canonical ABSA as defined in semantic evaluation (SemEval) shared tasks involves joint
extraction of aspect terms and polarities at the sentence level. Many applied studies instead adopt a relaxed
operationalization where LDA-derived topics serve as proxy aspects and sentiment is classified at the
document level [24], [25]. This study follows the latter approach. While we use the term “ABSA” to situate
our work within the broader literature, we explicitly acknowledge that our implementation does not perform
fine-grained aspect-opinion pair extraction; instead, LDA-derived topics function as service-level aspects
with sentiment classification applied per review within each topic cluster. Most ABSA studies remain
restricted to single-country or single-language datasets, overlooking regional comparative nuances [26].

Cross-country ABSA research in fintech is particularly scarce, leaving a significant gap: existing
studies cannot explain why the same digital service receives fundamentally different perceptions across
markets. This gap is critical in Southeast Asia, where rapid fintech adoption coexists with diverse regulatory
environments, infrastructure maturity levels, and socio-cultural norms. Indonesia and Thailand were selected
for three reasons: (1) both represent the largest e-wallet markets in Southeast Asia by transaction volume [5],
[9], [10]; (2) they operate under different regulatory frameworks Indonesia’s Bank Indonesia licensing versus
Thailand’s Bank of Thailand sandbox model; and (3) prior literature has focused on each market
independently [12], [13] without systematic cross-country aspect-level comparison.

This study addresses this gap through a unified topic-informed sentiment pipeline inspired by ABSA
principles, combining LDA for automatic topic extraction as proxy service aspects [27] with a fine-tuned
DistilBERT model for computational efficiency [28], [29]. This knowledge distillation mechanism captures
the unique characteristics of e-wallet reviews [24], [30]. The framework’s importance lies in uncovering
granular perception gaps that generic sentiment metrics overlook, providing a strategic blueprint for
navigating regional socio-cultural complexities in fintech. The main contributions are fourfold: (i) a
structured cross-country topic-informed sentiment pipeline with explicit distinction from canonical ABSA;
(ii) automatic topic extraction using LDA optimized with coherence scores as proxy service aspects;
(iii) sentiment classification with pseudo-label reliability validated through manual annotation using Cohen’s
Kappa (x > 0.97); and (iv) perception gap quantification supported by a documented cross-country topic
alignment protocol for strategic insights in Southeast Asian fintech. Section 2 describes the methodology;
section 3 presents results and discussion; section 4 presents conclusions.

2. METHOD
2.1. Research framework overview

This study adopts the knowledge discovery in databases (KDD) framework, encompassing
systematic stages from data acquisition to knowledge interpretation. The KDD approach ensures structured
information extraction through selection, preprocessing, transformation, data mining, and evaluation stages
[31]. The framework is iterative, allowing researchers to return to previous stages if evaluation results do not
meet quality standards. The entire research flow is shown in Figure 1.

Aspect
Extraction
(LDA)

Find optimal K
Number (Coherence
Score)

Scrapping Data R Data . Bag of Words
10 & TH Reviews Data Translation Preprocessing Tokenization (BoW)

Model Treining
(Fine Tuning
distilbert-base-

DLT;;I‘::;E: Data Train Data Sentiment Lobeling
9 Splitting Model (distilbert-
(80:20) sst-2-english)
Data Test Model Testing reluation Interpretotion &
Analysis
uncased)

Figure 1. The proposed research framework for cross-country sentiment analysis of fintech services using
KDD and LDA methodology
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2.2. Data collection

The data collection process used web scraping in Python with the Google Play Scraper library to
extract data from ShopeePay applications in Indonesia and Thailand. The data collected on October 20, 2025,
yielded a massive volume of reviews, ranging from 80,000 to 90,000 per country. The data attributes
collected included reviewld, userName, content, score, and review date (at). However, this study focused its
analysis on the content attribute due to potential bias in numerical ratings, which often do not align with
users’ textual expressions [32]. All raw reviews were then saved in XLSX format for processing in the
preprocessing stage.

2.3. Translation and text preprocessing

All reviews were translated into English to leverage the DistilBERT-base-uncased model, which has
been extensively pre-trained on high-quality English corpora. This cross-language approach allows analysis
on various target languages without requiring massive labeled data [33]. Text cleaning involved case-folding,
removing empty values, HTML entities, symbols, emojis, and numbers. Dataset statistics are presented in
Table 1, and cleaning examples in Table 2.

Table 1. Summary of raw and cleaned ShopeePay review datasets for Indonesia and Thailand
Country  Rawdata Cleaned data
Indonesia 91234 89311
Thailand 84100 82260

Table 2. Examples of translated reviews and corresponding cleaned text after preprocessing steps

Country Translated reviews Cleaned reviews
Indonesia  Cheap items..discounts to satisfy customers &~ & & cheap items discounts to satisfy customers
1&#39;m still having trouble verifying im still having trouble verifying
Thailand Excellent. This app is the best. & & & excellent this app is the best
Good products, everything available, good products everything available affordable

2.4. Tokenization and lemmatization

Text was lemmatized using the spaCy library, and standard English stopwords were removed to
reduce semantic noise [34]. The final result of this stage is a collection of final tokens ready to be used as input
for forming a topic modeling corpus, as presented in Table 3.

Table 3. Sample lemmatized review representations used as input for topic modeling
Lemmatized reviews
[‘cheap’, ‘item’, “discount’, ‘satisfy’, ‘customer’]
[<im’, “still’, “having’, ‘trouble’, “verifying]
[‘excellent’, ‘app’, ‘good’]
[‘good’, ‘product’, ‘available’, ‘affordable’, ‘price’, ‘app’]

2.5. Aspect extraction

Clean text was converted to numerical format using Bag-of-Words (BoW). Topic extraction was
performed using LDA to identify main review themes [35]. LDA-extracted topics are treated as proxy service
aspects rather than fine-grained aspect terms as defined in canonical ABSA frameworks (e.g., SemEval tasks),
following applied research that employs unsupervised topic models to approximate aspect categories when
labeled aspect-level data is unavailable [24], [25].

The optimal number of topics (K) was determined from the peak of the topic coherence score graph.
The LDA procedure produces topic distributions per word and per document, enabling structured
identification of public opinion patterns [27]. The Indonesian dataset achieved highest coherence at K=9, while
the Thai dataset’s optimal point was K=6 (Figure 2 and Figure 3). This variance reflects differing semantic
diversity: Indonesian reviews exhibited broader themes (e.g., loan features, admin fee complaints) requiring
higher K, while Thai reviews concentrated on core functionalities like registration and payment processing,
requiring fewer topics for semantic consistency. Topics were labeled based on dominant keywords, reflecting
key digital wallet service areas including transactions/payments, user experience, promotions/incentives,
service processes, and account/security.
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Figure 2. Topic coherence for the Thai dataset. Figure 3. Topic coherence for the Indonesian dataset.
The peak at K=6 indicates optimal semantic The peak at K=9 ensures optimal semantic
consistency for focused and representative aspect consistency for distinct and representative aspect
identification identification

After determining the optimal number of topics (K), the next step is to annotate each topic generated
by the LDA model through the topic labeling stage. This process is done manually by analyzing the most
representative keywords (topic keywords) and examining the review examples with the highest probability in
each topic to ensure accurate semantic interpretation. The results of aspect extraction for each country are
presented in Tables 4 and 5. Based on these results, 9 service aspects were identified for the Indonesian region
and 6 for the Thai region.

Table 4. LDA-based topic keywords and manually assigned aspect labels for Indonesian ShopeePay reviews
Topic labeling Indonesia

Topic no. Topic keywords Labels
0 easy, transaction, fast, payment, simple, practical, safe, process Transaction and payment
1 use, well, download, app, get, application, balance, coin App usage
2 great, pay, awesome, shopee, loan, limit, spinjam, paylater, spaylater Loan feature
3 excellent, like, transfer, admin, free, bank, fee, wallet Admin fees and bank transfer
4 cool, lot, satisfied, star, shopee, buy, discount, shopeepay, voucher Promo, discount, and voucher
5 try, want, account, time, bad, application, money, long Process time
6 helpful, okay, application, slow, smoothly, run, app, bug App performance (bug/slow)
7 thank, shopeepay, shopee, help, easy, make, hopefully, shopping General positive feedback
8 good, application, useful, ok, job, app, service Good app/service

Table 5. LDA-based topic keywords and manually assigned aspect labels for Thailand ShopeePay reviews
Topic labeling Thailand

Topic no.

Topic keywords Labels
0 money, account, bank, transfer, add, baht, game, app, want, deduct Transaction and payment
1 like, card, number, app, try, enter, verify, identity, say, code Registration
2 convenient, pay, great, like, bill, shopee, thank, ok, buy, app Bill payment and merchant
3 use, easy, convenient, fast, work, like, lot, discount, promotion, app User experience (UX) and promotion
4 time, long, problem, star, bad, take, service, system, wait, contact Service process time
5 good, app, service, worth, game, mastercard, activity, useful, exchange General positive feedback

For cross-country comparison analysis, this study focuses its evaluation on overlapping aspects in
both countries. These aspects include the dimensions of transaction & payment, promotion/voucher, and
process time. This alignment is intended to ensure that the perception gap is measured using service
parameters that are equivalent and functionally valid across both fintech ecosystems. These selected aspects
will then be processed for automatic sentiment labeling before entering the classification phase using the
DistilBERT model

Since LDA was conducted separately on the Indonesian and Thai corpora, an aspect alignment
process was required to identify comparable service dimensions across both countries. First, Jaccard Similarity
was calculated based on the top 10 keywords of each topic, resulting in a maximum similarity score of
0.20. This relatively low score indicates lexical differences arising from the use of different languages and
terminologies, suggesting that keyword overlap alone is insufficient to establish topic equivalence.
Therefore, a manual alignment process was performed by examining topic keywords, representative reviews,
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and the functional meaning of each topic. The resulting aspect pairs were subsequently validated through
expert judgment by a domain expert to ensure conceptual and functional equivalence across the two fintech
ecosystems. Through this process, three overlapping aspects were identified, namely transaction & payment,
promotion/voucher, and process time.

2.6. Sentiment pseudo-labeling

Initial sentiment labeling was performed using a pseudo-labeling approach with the pretrained
DistilBERT SST-2 model to generate binary positive/negative classes. This stage enabled automatic labeling
of large-scale datasets without requiring comprehensive manual annotation. This model was developed
through knowledge distillation techniques to transfer knowledge from large BERT models to smaller models
without significant loss of accuracy [28].

Although the number of layers was reduced, the Multi-Head Attention block structure, which is
crucial for language processing, was retained [36]. The model was trained using a transformer architecture
that captures bidirectional language context [23]. In the classification process, the model extracts features
from the special classification token [CLS], which are then processed through the Softmax function to
generate class probabilities [37]. The following equation defines in (1):

{e{zi}}
P(yilx) = T 1)
Zg=ye’
where P (yi |x) represents the likelihood of input x being classified into class yi, z is the model’s output logit
score for that class, and C is the total number of sentiment classes. The pseudo-labeling results (Table 6)
show class imbalance in both datasets: Indonesian positive sentiment at 78.7% (70,288 reviews) versus
21.3% negative (19,023), and Thailand at 72.1% positive (56,190) versus 27.9% negative (21,756).

Table 6. Summary of sentiment polarity distribution across countries highlighting class imbalance
Country  Positive count  Negative count  Positive (%)  Negative (%)
Indonesia 70,288 19,023 78.7 213
Thailand 56,190 21,756 72.1 27.9

The significant imbalance in distribution between the positive and negative classes in both countries
confirms the presence of data imbalance. If this data is used directly for fine-tuning without special handling,
there is a concern that the model will be biased towards the majority class (positive) and perform poorly at
recognizing user complaints (negative class). Therefore, these labeling results provide a strong basis for
conducting the Imbalanced Data Handling stage using the oversampling technique before starting model
training.

To mitigate the risk of circular evaluation, a stratified random sample of 500 reviews per country
was independently annotated by the authors. Results (Table 7) show Cohen’s Kappa of 0.9760 (Indonesia)
and 0.9840 (Thailand), indicating “Almost Perfect” agreement. Disagreements occurred primarily in short or
sarcastic reviews with inherently ambiguous polarity. These findings confirm that the pseudo-labels
generated by the DistilBERT SST-2 model are exceptionally reliable for training purposes. While the final
classification accuracies (97-98%) reported in Section 3 partly reflect the model’s alignment with the
pseudo-labeler’s output, this manual validation provides robust evidence that such alignment is closely
synchronized with human emotional interpretation. The results of the manual validation, comparing the
automated pseudo-labels against human judgment, are summarized in Table 7.

Table 7. Manual validation results of pseudo-label reliability
Country  Subsetsize  Agreement count  Agreement rate (%) Cohen’s Kappa (k)  Agreement level
Indonesia 500 494 98.80 0.9760 Almost perfect
Thailand 500 496 99.20 0.9840 Almost perfect

2.7. Data splitting and class imbalance handling

The dataset was split 80:20 for training and testing, with the fixed split selected due to the scale
(170,000+ reviews) and computational cost (~24 hours per fine-tuning cycle). Random oversampling was
applied exclusively to the training set; the test set retained its natural imbalanced distribution. Exact data
counts are in Table 8.
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Table 8. Distribution of positive and negative sentiment samples across training and testing sets
Data split summary

Country Sentiment Data total Data train Data test

Indonesia Positive 70288 56230 14058
Negative 19023 15218 3805

Thailand Positive 56190 44951 11239
Negative 21756 17405 4351

The labeling results revealed striking class imbalance in both datasets (e.g., Indonesian reviews:
78.7% positive vs. 21.3% negative). To address this, random oversampling was applied specifically to the
training set, replicating minority class (negative) samples to equalize distribution. This method was selected
over synthetic minority over-sampling technique (SMOTE), which generates synthetic samples through
vector-space interpolation that often produces ‘hallucinated’ semantic meanings absent in real-world
language. For a transformer-based model like DistilBERT that relies on bidirectional context, duplicated but
authentic reviews preserve natural linguistic structures more effectively than distorted synthetic data.
Random oversampling was also preferred over loss-adjustment techniques such as class weighting or focal
loss, as it provides a more stable training distribution for fine-tuning large-scale transformers, directly
optimizing recall for negative sentiment to ensure high sensitivity in detecting technostress and critical user
complaints.

2.8. Fine-tuning DistilBERT for sentiment classification

The DistilBERT-base-uncased model, pre-trained on the SST-2 dataset, was fine-tuned for domain-
specific sentiment classification. DistilBERT was chosen over larger models such as BERT-base or
ROBERTa due to computational constraints: with over 170,000 reviews and approximately 24 hours per
training cycle, a lighter architecture was essential. DistilBERT offers a 40% size reduction and 60% speed
increase while retaining ~97% of BERT’s performance [28]. Fine-tuning was conducted using the ShopeePay
review dataset to adjust the model’s language representation to e-wallet service terminology and user
complaint patterns. The configuration included a learning rate of 1x107%, 3 epochs to prevent overfitting
while ensuring convergence, and a validation-set-based evaluation strategy to select the best model
checkpoint.

2.9. Evaluation methods

The evaluation stage assesses the classification model’s reliability and the quality of the features
derived [38]. The first component is the evaluation of aspect extraction results using the topic coherence
metric. This metric measures semantic consistency within each topic generated by the LDA model; a higher
coherence value indicates that the words in that topic are strongly semantically connected. The optimal
number of aspects, K is determined from the peak of the coherence score graph before a significant decline.
The second component is the evaluation of the fine-tuned sentiment classification model’s performance.
Testing was conducted on test data measured using a confusion matrix to obtain accuracy, precision,
recall, and F1-score values [39]. Given the data balancing efforts in the previous stage, the F1-score is crucial
as a more balanced metric for assessing model performance across positive and negative classes [40].
The formula is defined as (2).

Precision XRecall

F1 Score =2 X 2

Precision+Recall
To ensure evaluation transparency: (i) evaluation was conducted exclusively on the unmodified
test set (20% split) retaining its natural class distribution; (ii) the reported accuracy reflects alignment
with pseudo-labels, not human ground truth, though manual validation on a 500-review subset
(section 2.6) provides an external reliability check; and (iii) high classification accuracy alone does
not guarantee real-world robustness in this translated, cross-country setting, though the model’s
reliability is further supported by consistent Fl-scores across both sentiment classes and the narrow
confidence intervals, as detailed in the section 3. Beyond global metrics, aspect-level evaluation assesses
model consistency across defined ShopeePay service aspects. If results meet quality standards, the process
proceeds to knowledge interpretation; otherwise, the system iterates back to data mining or transformation
stages.
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3. RESULTS AND DISCUSSION
3.1. General sentiment distribution

After fine-tuning the DistilBERT-base-uncased model, sentiment classification performance was
evaluated on test datasets from both countries. Evaluation metrics included accuracy, precision, recall, and
F1-score to assess the model’s ability to classify reviews as positive or negative. A summary of the global
classification performance for the Indonesian and Thai datasets is presented in Table 9. For the Indonesian
dataset, the model achieved an accuracy of 97.65% with strong detection of both negative sentiment
(precision = 0.9517, recall = 0.9372) and positive sentiment (precision = 0.9831, recall = 0.9871). The
Thailand dataset achieved 98.38% accuracy with well-balanced metrics across both classes (negative F1 =
0.9709, positive F1 = 0.9887).

However, these figures require caveats: the 97-98% accuracy primarily reflects agreement with the
pseudo-label teacher model rather than human ground truth, though manual validation (Section 2.6)
confirmed ~99% human agreement (x > 0.97). Translation to English may also reduce sentiment-bearing
nuance, potentially simplifying classification for an English-centric model. Nonetheless, this performance is
consistent with similar transformer fine-tuning studies [40], [41], where binary classification typically
exceeds 95%. Model performance is further validated through Confusion Matrix analysis (Figure 4 and
Figure 5), comparing predicted labels against actual labels on the test data.

Table 9. Global classification performance metrics of the fine-tuned DistilBERT model for Indonesian and
Thai datasets

Country Class Precision  Recall Fl-score  Support
Indonesia Negative 0.9517  0.9372  0.9444 3805
Positive 0.9831 0.9871  0.9851 14058
Accuracy (global) 0.9765 17863
Thailand Negative 0.9708 0.971 0.9905 4351
Positive 0.9888 0.9887  0.9905 11239
Confusion Matrix — TRUE Test Set (ShopeePay Indonesia) Confusion Matrix — TRUE Test Set (ShopeePay Thailand)
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Figure 4. Confusion matrix for the Indonesian Figure 5. Confusion matrix for the Thai dataset.
dataset. The dominant diagonal values validate the Minimal off-diagonal values ensure classification
model’s reliability in distinguishing sentiment accuracy, supporting the validity of the perception
polarities gap findings

Beyond global metrics, to fulfill the standards of Aspect-Based Sentiment Analysis (ABSA),
classification performance was evaluated at the aspect level. To maintain alignment with the subsequent
cross-country comparison, Table 10 presents the detailed classification report specifically for the three
overlapping service aspects across both datasets. The model demonstrates high consistency and robustness in
both countries. For example, in the “promotion/voucher” aspect, the model achieved exceptional F1-scores of
0.985 (Indonesia) and 0.993 (Thailand). While the “process time” aspect exhibited a slightly lower precision
(0.930) in the Indonesian dataset, likely due to the highly nuanced or sarcastic language often employed by
users when expressing latency frustrations, the overall aspect-level metrics confirm that the fine-tuned
DistilBERT model’s predictive capability is highly reliable for identifying the cross-country perception gaps.
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Table 10. Aspect-level classification performance on overlapping aspects

Aspect Country  Samples  Accuracy  Precision Recall Fl-score
Transaction and payment ID 1,891 0.977 0.985 0.99 0.987
TH 2,695 0.988 0.974 0.947 0.961
Promotion/voucher ID 1,254 0.976 0.983 0.988 0.985
TH 1,757 0.989 0.992 0.993 0.993
Process time 1D 1,787 0.968 0.93 0.925 0.928
TH 1,352 0.993 0.989 0.986 0.987

3.2. Cross-country perception gap analysis

The final stage of knowledge interpretation within the KDD framework is to conduct a comparative
sentiment analysis on overlapping aspects of service between Indonesia (ID) and Thailand (TH). This
analysis aims to identify the perception gap among users regarding the quality of ShopeePay services across
two markets. A visualization of the comparison of sentiment proportions using a Grouped 100% stacked bar
chart is presented in Figure 6.

In transaction and payment, a significant gap was observed: Indonesian users showed 93.0%
positive sentiment, while Thai users expressed only 32.4% positive sentiment (67.6% negative). This
indicates notable friction with payment features in Thailand, aligning with research on digital payment
friction in developing markets where e-wallet and banking infrastructure interoperability significantly affects
satisfaction [42]. Thailand’s fragmented payment landscape, despite the national PromptPay system, may
create integration friction that Indonesian users operating within a more consolidated e-commerce ecosystem
do not experience to the same degree.

In promotion/voucher, both countries showed predominantly positive sentiment, with Thai users at
90.6% and Indonesian users at 80.8% positive. The remaining gap may reflect Indonesia’s highly competitive
e-wallet ecosystem (GoPay, OVO, DANA, ShopeePay), which generates higher promotional expectations [43].

In process time, Indonesia showed 78.2% negative sentiment compared to Thailand’s more balanced
split (50.8% negative, 49.2% positive). This may be linked to variable internet connectivity across the
Indonesian archipelago and higher server loads during peak shopping events [44]. Overall, these findings
provide empirical evidence that user expectations are deeply rooted in local infrastructure and cultural
contexts. By bridging the gap between high-level sentiment and specific service attributes, this study offers a
data-driven framework for regional fintech providers to refine operational strategies across diverse Southeast
Asian ecosystems.

100

Percentage (%)

Transaction & Payment Promotion/Voucher Process Time

B Positive (ID) [ Positive (TH)
HE Negative (D) EEH Negative (TH)

Figure 6. Comparison of positive and negative sentiment proportions on overlapping service aspects between
Indonesian and Thai ShopeePay users

3.3. Technical strength of DistilBERT and model evaluation

The DistilBERT model achieved 97-98% accuracy, demonstrating the transformer architecture’s
effectiveness for informal fintech review language. Generalization was ensured by limiting fine-tuning to
three epochs with a conservative learning rate (1x107°) and selecting checkpoints based on lowest validation
loss. Consistent F1-scores across all sentiment classes confirm that random oversampling addressed class

Transformer-based sentiment modeling for identifying cross-country fintech ... (Kayla Zhafira Ardinov)




530 a ISSN: 2502-4752

imbalances without artificial bias. The narrow confidence intervals in Table 11 further provide strong
evidence that the performance is statistically robust and not an artifact of a favorable data split.

Table 11. Statistical performance and robustness metrics

Country Test sample size (n) Testing accuracy 95% Confidence interval (Cl)
Indonesia 17,863 97.65% [97.43%, 97.87%)]
Thailand 15,590 98.38% [98.18%, 98.58%]

Although k-fold cross-validation and ablation studies (e.g., comparing against BERT-base,
RoBERTa, or logistic regression) were not conducted due to computational constraints (~24 hours per cycle),
the pipeline’s reliability is supported by consistent performance across two linguistically distinct datasets and
alignment with cross-lingual sentiment analysis standards [33], [41]. Future work should incorporate baseline
comparisons to better contextualize the model’s contribution.

3.4. Strategic business implications and recommendations

The following are directional hypotheses informed by sentiment patterns, not causal claims.
The sentiment data identifies what users are dissatisfied with but cannot establish why without supplementary
data.

3.4.1. Optimization of Thailand’s payment ecosystem

The transaction and payment gap, 67.6% negative in Thailand versus 7.0% in Indonesia indicates
significant transaction experience obstacles in Thailand. The negative sentiment suggests potential friction
points in payment or know your customer (KYC) processes, though causal attribution cannot be conclusively
established. This reflects technostress, where users perceive technology burden as exceeding their adaptive
capacity [45]. Directional recommendation: ShopeePay should investigate whether deeper PromptPay
integration and local banking application programming interface (API) connectivity could minimize
transaction failures, and whether simplifying the e-KYC journey through automated optical character
recognition (OCR) for Thai ID cards may reduce frustration and lower churn rates toward local competitors.

3.4.2. Enhancing voucher competitiveness in Indonesia

In terms of Promotion/Vouchers, both countries show positive sentiment, though Thai users are
more satisfied (90.6% positive) than Indonesian users (80.8% positive). Directional recommendation: to
bridge the satisfaction gap, ShopeePay Indonesia could consider adopting a ‘transparency-first” promotion
strategy. This might involve simplifying the terms and conditions (T&C) visible to users and implementing
real-time voucher availability notifications. These recommendations are based on the observed sentiment
patterns and would benefit from further validation through user surveys or A/B testing before
implementation.

3.4.3. Infrastructure scaling and latency management process time

Process time is a critical issue for both countries, but the urgency is higher in Indonesia, where
78.2% of respondents expressed negative sentiment compared to Thailand’s 50.8%. Directional
recommendation: the technical team should investigate backend server scalability and latency mitigation,
specifically for top-up and real-time payment confirmations. The sentiment data alone cannot identify the
specific technical root causes, but the volume and intensity of complaints suggest that infrastructure capacity
and query performance warrant priority investigation.

3.5. Theoretical implications

Theoretically, this study offers a new perspective on the transactional model of technostress.
Our findings suggest that technostress is not a universal issue; rather, it is shaped by regional infrastructure
and local cultural contexts. For instance, while Thai users experience higher stress levels regarding
transaction reliability, Indonesian users are more affected by service speed and latency. This demonstrates
that a user’s experience with technology-related stress is deeply tied to their specific digital environment.
By comparing these two markets, this study highlights that user behavior theories cannot follow a ‘one-size-
fits-all’ approach, particularly within the diverse Southeast Asian fintech landscape.

3.6. Limitations and future work

This study has several limitations. First, the pipeline employs topic-informed sentiment
classification rather than canonical aspect-term-level ABSA, limiting granularity. Second, pseudo-labeling
introduces circular evaluation risk, though mitigated by manual validation (k > 0.97). Third, English
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translation may flatten regional nuances such as Indonesian slang or Thai emotional particles. Fourth,
semi-manual topic alignment (k = 0.92) may not generalize without adaptation. Fifth, no baseline model
comparisons were conducted due to computational constraints.

Future research should explore multilingual models (MBERT, XLM-RoBERTa) for direct analysis
on original texts, incorporate larger human-annotated evaluation sets as primary benchmarks, and expand to
other Southeast Asian markets (Vietnam, Malaysia) to validate generalizability. Additionally, integrating this
pipeline into live fintech dashboards and exploring large language model (LLM)-based prompting for
simultaneous aspect-polarity extraction [20] represent strategic opportunities.

4. CONCLUSION

This study identified ShopeePay perception gaps between Indonesian and Thai users by applying a
KDD framework integrated with fine-tuned DistilBERT, achieving accuracies of 97.65% and 98.38%
respectively. These results demonstrate that transformer architecture with random oversampling provides a
consistent approach for sentiment classification in digital finance, though reliance on pseudo-labeling and
English translation may introduce semantic biases. Manual validation confirmed approximately 99% label
agreement (Cohen’s Kappa > 0.97), establishing robust reliability. Beyond technical performance, the
primary contribution is empirical evidence that Technostress is a localized phenomenon moderated by
regional infrastructure maturity and socio-cultural expectations, not a uniform response. By revealing
divergent perceptions of the same platform, this study adds a critical comparative dimension to behavioral
technology adoption models, demonstrating that single-market evaluations are insufficient for emerging
Southeast Asian markets.
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