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  Abstract  

 The development of digital banking services has transformed the interaction 

patterns between consumers and banking products or services, including at 

PT Bank Digital Nusantara, which operates the ABC application as its primary 

mobile-based financial transaction platform. This study aims to analyze 

public sentiment toward the Bank’s official social media content on 

Instagram and TikTok, as an effort to understand the perceptions, needs, and 

feedback, particularly from the bank’s customers. Using 10,198 comments 

collected during the period from August 31, 2024, to August 31, 2025, this 

study applies two Machine Learning methods, namely Naïve Bayes and 

Support Vector Machine (SVM), to classify customer sentiment and compare 

the performance of both models. The sentiment analysis results are then 

integrated into a SWOT analysis to identify strengths, weaknesses, 

opportunities, and threats, which are further examined through Root Cause 

Analysis using the Fishbone Diagram and 5 Whys approach to systematically 

determine the underlying causes of issues. The study shows that leveraging 

sentiment analysis plays a strategic role in supporting data-driven decision-

making, enhancing the company’s responsiveness to service issues, 

strengthening brand awareness, and promoting the competitiveness of ABC 

by Nusantara as a digital bank in Indonesia. These findings are expected to 

contribute to the development of digital banking business strategies while 

enriching the academic literature on the application of sentiment analysis to 

improve service quality and customer experience. 
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INTRODUCTION 

The development of digital technology has driven significant changes in how consumers interact with 

banking services. PT Bank Digital Nusantara is one of the digital banks in Indonesia that offers a branchless banking 

experience through the Abc application as its primary financial transaction platform. The Bank currently utilizes social 

media, particularly Instagram and TikTok, as channels to build communication with customers, obtain feedback, and 
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understand public perceptions of the services provided (Drus & Khalid, 2019). However, the absence of an adequate 

opinion-monitoring system may lead to uncontrolled issues, reputational risks, and a decline in customer trust. 

In the financial domain, sentiment analysis has been applied to examine subjective expressions and their 

relationship with organizational performance, indicating its relevance for strategic evaluation in financial services 

(Zhong & Ren, 2022). 

Sentiment analysis serves as a strategic approach to identifying positive, negative, and neutral opinions 

expressed by users (Axhiu et al., 2014; Liu, 2022; Pak & Paroubek, 2010; Pang & Lee, 2008). This study focuses on 

employing sentiment analysis on 10,198 comments collected from the Bank’s social media platforms during the 

period of 31 August 2024 to 31 August 2025. The implementation of sentiment analysis not only enables early 

detection of complaints or emerging issues but also assists the Bank in understanding the preferences and needs of 

customers who actively use these visual and interactive platforms. 

Previous studies have extensively discussed the evolution, application domains, and methodological trends 

of sentiment analysis across various online platforms. Systematic and tertiary reviews highlight that sentiment 

analysis has been widely applied to social media data to capture public opinion, user perception, and behavioral 

patterns, particularly in large-scale and data-intensive environments(Chen et al., 2017; Ligthart et al., 2021; 

Rodríguez-Ibánez et al., 2023). 

Sentiment analysis has also been adopted across multiple domains, including education, business, and 

public services, demonstrating its flexibility as a methodological tool for extracting meaningful insights from 

unstructured textual data in diverse application contexts (Pooja & Bhalla, 2022; Pradhan & Merline, 2023). 

Recent empirical studies demonstrate that sentiment analysis on social media effectively captures customer 

perception and public opinion across different linguistic and cultural contexts, using various machine learning 

approaches to evaluate service quality, social issues, and user satisfaction (Alsemaree et al., 2024; Fauzi et al., 2024). 

Beyond service evaluation, sentiment analysis has also been utilized to detect anomalies, misinformation, 

and distorted narratives in social media environments, highlighting its broader analytical potential (Bhardwaj et al., 

2024). 

To produce a more comprehensive understanding, this research employs two Machine Learning methods: 

Naïve Bayes and Support Vector Machine (SVM) (Hastie et al., 2005; Joachims, 1998; McCallum, 1998; Medhat et al., 

2014). Naïve Bayes offers advantages in fast and efficient classification processes, while SVM is known for delivering 

more accurate classification results through optimal data separation. The use of both methods allows for 

performance comparison and minimizes bias in sentiment interpretation, thereby providing a stronger and more 

reliable depiction of public perception. 

The sentiment classification results are subsequently used as input for a SWOT analysis to identify strengths, 

weaknesses, opportunities, and threats relevant to the development of the Bank’s services (David et al., 2017). 

Findings related to weaknesses are further examined through Root Cause Analysis (RCA) using the Fishbone Diagram 

and 5 Whys method to systematically trace the underlying causes of problems (Divya, 2019). The combination of 

these approaches provides deeper insights into internal and external factors influencing service quality and enables 

the formulation of targeted solutions. 

Overall, this study is expected to provide practical contributions to the banking sector in improving service 

quality, strengthening brand awareness, and enhancing user experience based on empirical data (Kaur, 2021). 

Additionally, it contributes academically to the development of studies on the application of sentiment analysis in 

digital banking, particularly in the context of strategic decision-making oriented toward customer needs and 

perceptions. 
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METHOD 

Descriptive Method 

The descriptive method is used to scientifically describe actual phenomena, including conditions, inter-

component relationships, and prevailing opinions. This method aims to provide an objective understanding of the 

problem under investigation. 

 

Exploratory Method 

The exploratory method is employed to understand patterns, characteristics, and data structures before 

conducting in-depth analysis. In this study, exploration includes word frequency analysis, emoji usage, and sentiment 

distribution to guide preprocessing strategies and the selection of relevant features. 

 

Quantitative Research Method 

The quantitative method focuses on the objective collection and analysis of numerical data to identify 

relationships between variables and test hypotheses (Mitchell, 1997; Monika et al., 2022). This study utilizes both 

primary and secondary data, allowing the results to be measured, statistically validated, and generalized more 

broadly. 
 

RESULT AND DISCUSSION 

Data collection was conducted through crawling processes using IGCommentExporter, InsCommentExport, 

and TTCommentExporter modules to extract comments from Instagram and TikTok in CSV or Excel format (Sharma 

& Kaushik, 2023). Extraction was performed based on the URL of each official Bank post during the period from 

August 31, 2024, to August 31, 2025, with module selection adjusted according to the number of comments on each 

post. A total of 10,198 comments were collected, comprising 4,217 from Instagram and 5,981 from TikTok. 

 

Figure 1. The collected social media user comments 

Social media text presents unique challenges for information retrieval and sentiment classification due to 

its informal language, high variability, and contextual dependency, requiring appropriate preprocessing and 

representation techniques (Pak & Paroubek, 2010; Vechtomova, 2009). 

 

Data Preprocessing Phase 

The initial stage of data preprocessing (data preparation) aims to produce clean and structured data to 

support further processing. The following steps were conducted during data preparation: 
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1. Data Import 

The first step in data processing involved reading the raw data stored in Excel format and loading it into a 

structured data frame using Python in Jupyter Notebook. The file rawdata.xlsx was successfully imported, containing 

a total of 10,198 rows and 4 columns. 

 

 

Figure 2. The imported data within Jupyter Notebook 

2. Handling Missing Values 

Missing value processing is conducted to ensure the dataset meets standardized quality, making the data 

complete, consistent, and reliable for analysis. Incomplete data can introduce bias and reduce analytical accuracy; 

therefore, missing entries are removed or otherwise addressed to maintain dataset integrity. 

 

Figure 3. Processing of Empty Data Removal 

3. Removing Duplicates 

Removing duplicates eliminates identical entries to prevent repetition of comments that may have been 

collected multiple times during initial data extraction. 
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Figure 4. Process of Duplicate Removal 

4. Case Folding 

At this stage, text is standardized by converting all characters to lowercase, ensuring that every word or 

sentence in the text attribute follows a consistent format to support accurate data analysis. 

 

Figure 5. Letter Standardization Process 

5. Lemmatization 

Lemmatization is the process of normalizing text by reducing words to their base or lemma form, allowing 

variations of words with similar meanings to be unified in the analysis. Applying lemmatization enhances accuracy in 

natural language processing (NLP) by representing each word in its most grammatically representative form. 

 

Figure 6. Text Normalization Process (Lemmatization) 
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6. Tokenization 

Tokenization involves splitting text into smaller units, such as words, phrases, or symbols. This process 

transforms lengthy text into a form that is easier to process and analyze. Tokens, particularly adjectives, verbs, or 

domain-specific terms, are then available for further sentiment analysis. 

 

Figure 7. Tokenization Process 

7. Stopwords Removal 

Stopwords removal eliminates common words that do not contribute significantly to the analytical context, 

improving efficiency and accuracy in text processing, especially for sentiment analysis. 

 

Figure 8. Stopword Removal Process 

8. Stemming 

Stemming reduces words to their base form. For example, “membaca,” “pembaca,” and “dibaca” are all 

converted to “baca.” This step minimizes unnecessary word variations in the text corpus, allowing analysis to focus 

on core meanings consistently. 

 

Figure 9. Word Base-Form Normalization Process 
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9. Word Translation 

In sentiment analysis, word translation converts Indonesian text into English to enable processing with 

models trained on English-language datasets. This step improves sentiment classification accuracy by leveraging 

more comprehensive English-language models and resources. 

 
Figure 10. Text Data Translation Stages 

These preprocessing steps are standard practices in natural language processing to improve data 

consistency, reduce noise, and enhance the accuracy of sentiment classification (Loria, 2018; Martin & Jurafsky, 

2009). 

10. Splitting Training and Testing Datasets 

The dataset is divided into 80% training and 20% testing data, using stratified parameters to maintain 

balanced label distribution. This ensures the model learns patterns accurately and can be evaluated for generalization 

performance, providing valid and reliable results on new data. 

 
Figure 11. Training and Testing Data Configuration 

 
Figure 12. Distribution of Training and Testing Data Based on Sentiment Labels 
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11. Data Vectorization 

Data vectorization is performed using Bag of Words (BoW) and TF-IDF methods to convert preprocessed, 

multilingual, and normalized text into numerical matrix representations (Bishop & Nasrabadi, 2006; Hastie et al., 

2005). TF-IDF extracted 5,000 features with the 30 most significant words, such as want, card, and just, which carry 

high weights even if not present in all comments.  

 

Figure 13. Text Representation Using TF-IDF 

BoW highlighted the most frequently occurring words, including want, card, just, and account, reflecting 

topics largely related to digital financial services, transactions, and banking account issues. 

 

Figure 14. Text Representation Using the Bag-of-Words (BoW) Model 

 

Sentiment Classification Data Processing 

After preprocessing, the dataset was reduced from 10,198 to 8,972 comments, as some data were identified 

as duplicates, non-informative, or consisting solely of symbols and non-alphabetic characters. The remaining dataset 

is considered more valid and standardized, making it optimal for sentiment classification to produce accurate and 

reliable analyses. 

1. Naïve Bayes Classifier 

a. Model Accuracy Evaluation 

Sentiment classification using the Naïve Bayes method was performed on the preprocessed dataset, 

including model training and testing to recognize sentiment patterns in text. The model achieved an accuracy of 

84.29%, which falls within the typical performance range of Naïve Bayes for sentiment analysis (Fitri et al., 2019). 

The classification report indicated that the model was most accurate in detecting neutral sentiment, while 

performance for negative sentiment remained limited due to low recall, and positive sentiment exhibited relatively 

good performance. Weighted averages for precision, recall, and F1-score were 0.85, 0.84, and 0.83, respectively, 

reflecting balanced overall performance. The confusion matrix revealed misclassifications, particularly for the 
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negative class, which was often classified as neutral or positive, suggesting contextual similarities between sentiment 

categories. 

From a theoretical perspective, Naïve Bayes is known to rely on probabilistic assumptions that may limit its 

ability to capture complex contextual dependencies in text data, which can affect classification performance in 

sentiment analysis tasks (Kang et al., 2012; Murphy, 2012). 

 
Figure 15. Model Performance Evaluation Using the Classification Report 

 
Figure 16. Naive Bayes Model Evaluation Using the Confusion Matrix 

b. Naïve Bayes Sentiment Processing 

Naïve Bayes classification results showed that most user comments were neutral (5,422), followed by 

positive sentiment (2,363) and negative sentiment (1,183). This distribution indicates that user perceptions of ABC’s 

services tend to be stable, with positive sentiment exceeding negative, reflecting a relatively satisfactory user 

experience. 

 
Figure 17. Sentiment Distribution Chart Based on Naïve Bayes Classification 
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WordCloud visualizations were used to illustrate the most influential words in shaping sentiment based on 

frequency and probabilistic weight. For positive sentiment, terms such as free, first, account, ok, safe, and good 

dominated, reflecting perceptions of convenience, security, and benefits of the digital banking service. Negative 

sentiment was dominated by words such as long, cant, time, transaction, and fee, highlighting complaints related to 

service duration, transaction issues, and technical disruptions, including application and international service 

problems. This WordCloud representation based on Naïve Bayes is considered more accurate due to its probabilistic 

weighting, which reflects user sentiment tendencies more precisely. 

 

Figure 18. Positive Sentiment Word Cloud for Naïve Bayes 

 

Figure 19. Naïve Bayes Negative Sentiment Word Cloud 

2. Support Vector Machine (SVM) Classification 

a. Model Accuracy Evaluation 

The Support Vector Machine (SVM) model demonstrated excellent performance in sentiment classification, 

achieving an overall accuracy of 92.11%. According to the classification report, neutral sentiment exhibited the best 

performance (precision 0.92; recall 0.99), followed by positive sentiment (precision 0.94; recall 0.87), while negative 

sentiment showed good precision but higher misclassification rates (precision 0.90; recall 0.70). Macro and weighted 

average scores were approximately 0.92, indicating consistent performance across all classes. 
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Figure 20. SVM Model Classification Report 

The confusion matrix further confirmed these results, showing that most data in each category were 

correctly classified. However, the negative class had a higher misclassification rate, with only 166 out of 237 negative 

comments correctly classified, compared to 1,070 out of 1,079 neutral comments and 412 out of 473 positive 

comments. 

 
Figure 21. SVM Model Evaluation Using the Confusion Matrix 

b. SVM Sentiment Processing 

SVM classification results indicated that neutral sentiment dominated with 5,671 comments, followed by 

positive sentiment (2,229) and negative sentiment (1,042). This finding suggests that the majority of responses are 

informative or neutral, with positive reviews exceeding negative, reflecting generally favorable public perception of 

the ABC application. 

 
Figure 22. Sentiment Distribution Chart Based on SVM Classification 
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c. SVM Word Visualization 

WordCloud visualizations from the SVM classification highlight dominant terms reflecting user perceptions 

of digital banking services. Positive sentiment was dominated by words such as free, card, first, safe, better, and good, 

indicating appreciation for transaction convenience, security, and overall app experience. Frequently occurring terms 

like transfer, account, pay, and saving emphasize that transaction features are the most valued aspects. Conversely, 

negative sentiment was dominated by words such as time, long, cant, transaction, bank, account, and slow, indicating 

user complaints primarily related to processing time, transaction difficulties, account access limitations, and 

suboptimal application performance. 

 
Figure 23. Positive Sentiment Word Cloud of SVM 

 
Figure 24. Negative Sentiment Word Cloud of SVM 

Gap Identification between Naïve Bayes and SVM Classification 

Analysis of 8,942 comments revealed that 442 comments (4.94%) were classified differently between Naïve 

Bayes and SVM, reflecting variations in feature interpretation due to Naïve Bayes’ probabilistic approach and SVM’s 

hyperplane separation.  

Table 1. Perbandingan Hasil Analisis Sentimen Naïve Bayes dan SVM 

  
Support Vector Machine (SVM) Grand 

Total Negatif Netral Positif 

Naïve Bayes 

Negatif   146 55 201 

Netral 7   23 30 

Positif 52 159   211 
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TOTAL 59 305 78 442 

 

Overall performance evaluation indicates that SVM outperformed Naïve Bayes, achieving an accuracy of 

0.9234, precision 0.92, recall 0.86, and F1-score 0.88, compared to Naïve Bayes with accuracy 0.8429, precision 0.83, 

recall 0.73, and F1-score 0.75 (Asriana et al., 2024; Jannah & Kusnawi, 2024; Korovkinas et al., 2017). The most 

notable performance difference was observed in negative sentiment, where SVM achieved a recall of 0.70 versus 

0.39 for Naïve Bayes, demonstrating SVM’s superior capability in detecting user complaints and reducing false 

negatives.  

Table 2. Comparison of the Performance of Naïve Bayes and SVM Models 

Model Performance Comparison: SVM and Naïve Bayes 

Method Accuracy 
Precision 
(Macro Avg) 

Recall (Macro 
Avg) 

F1-Score (Macro 
Avg) 

Naïve Bayes 0,8429 0,83 0,73 0,75 

SVM 0,9234 0,92 0,86 0,88 

 

Per-Class Sentiment Comparison (SVM and Naïve Bayes) 

Model Sentiment Precision Recall F1-Score Support 

Naïve Bayes 

Negative 0,86 0,39 0,53 237 

Neutral 0,88 0,94 0,91 1.079 

Positive 0,77 0,86 0,81 473 

SVM 

Negative 0,91 0,7 0,79 237 

Neutral 0,92 0,99 0,95 1.079 

Positive 0,94 0,88 0,91 473 

 

Consistency in handling imbalanced data. Naïve Bayes’ lower performance is influenced by its feature 

independence assumption, which does not align well with the contextual and diverse nature of social media text. 

Consequently, SVM is recommended as the final model due to its higher accuracy and stability, particularly in 

detecting actionable user criticism. 

 

Strategic Analysis Using SWOT 

The SWOT analysis identifies user sentiment toward digital banking services through four dimensions: 

Strengths, Weaknesses, Opportunities, and Threats (David et al., 2017). This mapping provides insight into internal 

and external factors affecting user perception and experience, serving as a strategic basis for enhancing service 

quality and competitiveness (Utami & Hidayat, 2024; Utomo & Hidayat, 2023). 
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Figure 25. SWOT Analysis of Digital Banking Services 

• Strengths: Positive perceptions of service quality are reflected in terms such as free, ok, good, and safe, 

highlighting convenience, efficiency, and transaction security. Core feature performance is demonstrated by 

words like card, transfer, and account, indicating functional and valuable application features. Quality customer 

interaction is represented by admin and message, reflecting responsive and communicative service 

experiences. 

• Weaknesses: System performance needs optimization, indicated by long, slow, and time. Application stability 

and reliability issues are revealed through cant, log, wrong, and difficult, reflecting technical challenges with 

login and transactions. Transaction and payment problems are suggested by transfer, transaction, and pay, while 

poor user experience is indicated by bad and application. Slow customer support response is reflected by ask 

and already. 

• Opportunities: Strengthening perceptions of security and efficiency (safe, save), developing faster, personalized, 

and integrated digital transaction features (transfer, card), and enhancing onboarding experiences for new users 

(good, first) can improve retention and satisfaction. 

• Threats: Declining satisfaction and loyalty are indicated by long, slow, and wait. System reliability concerns 

(error, log) may cause user migration, while negative perceptions (application, transaction) can undermine 

brand reputation and competitiveness. 

 

Root Cause Analysis 

1. Fishbone Diagram 

Fishbone analysis, derived from identified weaknesses in SWOT and reinforced by elements of Strengths, 

Opportunities, and Threats, highlights suboptimal application performance, including slow transactions, system 

instability, login issues, and unsatisfactory user interactions. Key causes are primarily linked to technological and 

infrastructure limitations, inefficient operational processes, and insufficient customer support, while interaction 

design and management policies exacerbate user dissatisfaction. Main causal categories include People, Process, 

Technology, System Integration, and Policy Management, enabling a comprehensive examination of service issues 

from multiple perspectives. 
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Figure 26. Fishbone Diagram of Suboptimal System Performance and Service Speed 

The primary issue concerns system performance and service speed, which do not meet optimal standards. 

This stems from Weakness points (a) and (e) and Threat point (a), reflecting insufficient system performance and 

slow service response. Root causes include technological infrastructure constraints, suboptimal system architecture, 

and the absence of standardized response times. Additionally, limited real-time performance monitoring and delayed 

incident handling by human resources contribute to suboptimal service delivery. 

2. Whys Analysis 

The 5 Whys Analysis approach was conducted to systematically identify and trace the root causes of non-

compliance in handling technical incidents. This section presents a scenario-based 5 Whys analysis derived from 

Fishbone 1: Suboptimal System Performance and Service Speed. 

a. Suboptimal System Performance and Service Speed 

Scenario 1: Slow Transaction Response Time 

The 5 Whys analysis for this scenario was carried out to identify the causes of delayed response times in 

digital banking transactions. The root causes were found to be server capacity limitations and suboptimal 

implementation of load balancing systems, which hinder the system’s ability to process transactions efficiently and 

promptly. 

Table 3. Five Whys Analysis: Slow Transaction Response Time 

Main Problem 

The digital banking application exhibits slow response times when processing financial transactions. 

First Why Because the server capacity is not yet able to handle a surge in simultaneous users. 

Second Why Because the load balancing system has not been optimized to distribute workloads 

evenly. 

Third Why Because the system architecture does not yet support dynamic, on-demand scalability 

(auto-scaling). 
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Fourth Why Because there is no policy for managing infrastructure based on cloud resource 

management. 

Fifth Why Because prioritizing system performance improvements has not yet become a strategic 

agenda for IT management. 

Solusi Implementing an adaptive auto-scaling and load balancing system, supported by strategic 

policies to strengthen cloud-based infrastructure, to ensure service performance and 

speed. 

 

Follow-up Plan 

Action Coordinator 

Evaluation of server capacity and application usage patterns IT Ops & Infrastructure  

Implementation of adaptive load balancing IT Ops & Infrastructure 

Integration of auto-scaling policies IT Ops & Infrastructure 

 

Formulation of Improvement Recommendations 

The formulation of comprehensive improvement recommendations, based on in-depth analysis and aligned 

with user-centered design principles, is necessary to ensure the creation of a more consistent, efficient, and 

sustainable service design. Through a systematic approach, these recommendations aim to enhance the quality of 

digital banking products and improve the overall user experience. 

1. Suboptimal System Performance and Service Speed 

Scenario 1: Slow Transaction Response Time 

Slow transaction response times in digital banking services indicate limitations in system capacity to handle 

surges in user demand. This condition has the potential to reduce user experience quality and negatively affect 

perceptions of service reliability. The recommended improvements focus on enhancing system performance through 

infrastructure capacity optimization, implementation of adaptive scalability, and improved workload distribution, 

thereby enabling digital transactions to operate more quickly, stably, and responsively under various usage scenarios. 

Table 4. Slow Transaction Response Time Recommendations 

Follow-up Plan 

Action Owner Priority Status 

Evaluation of server capacity and application usage patterns IT Ops & 

Infrastructure 

High Open 

"Evaluating server capacity and application usage patterns is a strategic effort to ensure the system can handle 

workloads optimally. This high-priority activity aims to identify potential bottlenecks, determine capacity 

enhancement needs, and serve as the basis for implementing adaptive load balancing, thereby maintaining the 

stability and performance of digital banking services." 

 

Management Response 

Management approves the implementation of server capacity and application usage pattern evaluations as a 

critical step in maintaining service performance and stability. Management emphasizes that the results of this 

evaluation must be analyzed comprehensively to ensure that capacity enhancement recommendations, including 

the implementation of adaptive load balancing, can be executed effectively and aligned with operational needs as 

well as projected growth of digital banking services. (Estimated Resolution Date: January 1, 2026) 
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Implementation of adaptive load balancing IT Ops & 

Infrastructure  

High Closed 

"The implementation of adaptive load balancing enables dynamic distribution of system workloads according to 

traffic conditions and resource capacity, thereby maintaining service performance at an optimal level. This 

approach also enhances system resilience by minimizing the risk of bottlenecks and ensuring service continuity 

across various usage scenarios." 

 

Management Response 

Management has implemented adaptive load balancing as a strategic measure to enhance service stability and 

performance. Management has also applied this mechanism alongside regular monitoring and measurable 

technical evaluations, ensuring that the effectiveness of workload distribution can be continuously improved and 

aligned with the operational needs of digital banking services. 

Implementation of server auto-scaling policy integration IT Ops & 

Infrastructure  

Medium Open 

The integration of auto-scaling policies is carried out to enhance the flexibility and availability of IT services by 

automatically adjusting server capacity according to workload fluctuations. This initiative by the IT Infrastructure 

and Operations team aims to maintain service performance, reduce the risk of downtime, and improve the 

efficiency of resource and cost utilization. 

 

Management Response 

Management approves the implementation of auto-scaling policies as a measure to achieve adaptive and efficient 

capacity enhancement. Management also emphasizes the importance of establishing clear configuration 

parameters and conducting regular evaluations to ensure that the capacity adjustment mechanism operates 

optimally and supports the stable continuity of digital banking services. 

 

Evaluation and Validation of Recommendations 

Based on the recommendations discussed with management, the majority have been implemented (status: 

CLOSE) to enhance the quality of digital banking services. Some recommendations, still marked as OPEN, such as 

improving human resource capacity and infrastructure monitoring, indicate that implementation processes are 

ongoing, with management demonstrating a commitment to executing them progressively. 

Table 5. Management Response Regarding Slow Transaction Response Time 

No Results of the Evaluation and Validation of Follow-Up Implementation 

1 Server Capacity and Application Usage Evaluation 

Evaluating server capacity and application usage patterns is a strategic effort to ensure the system can handle 

workloads optimally. This high-priority activity aims to identify potential bottlenecks, determine capacity 

enhancement needs, and serve as the basis for implementing adaptive load balancing, thereby maintaining 

the stability and performance of digital banking services. 

 

Management Response (IT Ops & Infrastructure) 

Management approved the implementation of server capacity and application usage evaluations as a critical 

step to maintain service performance and stability. Management emphasized that the evaluation results 

must be analyzed comprehensively to ensure capacity enhancement recommendations, such as adaptive 

load balancing, can be implemented effectively and aligned with operational requirements and projected 

growth of digital banking services (Estimated Completion: January 1, 2026). 
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Recommendation Evaluation 

The recommendation to evaluate server capacity and analyze application usage patterns is considered 

relevant to ensure service stability and performance. Observations indicate that this recommendation is 

valid and implementable, as it supports the identification of potential bottlenecks, determination of capacity 

enhancement needs, and the measured implementation of adaptive load balancing. Management has 

approved the execution, emphasizing the need for comprehensive evaluation of the results to implement 

capacity improvements effectively and in alignment with projected service growth. 

2 Integration of Auto-Scaling Policy 

The integration of an auto-scaling policy aims to enhance IT service flexibility and availability by 

automatically adjusting server capacity in accordance with workload fluctuations. This initiative from the IT 

Infrastructure and Operations team seeks to maintain service performance, reduce downtime risk, and 

improve resource and cost efficiency. 

 

Management Response (IT Ops & Infrastructure) 

Management approved the implementation of the auto-scaling policy as an adaptive and efficient capacity 

enhancement measure. Management also stressed the importance of defining clear configuration 

parameters and conducting regular evaluations to ensure the capacity adjustment mechanism operates 

optimally and supports the continuity of digital banking services. 

 

Recommendation Evaluation 

The auto-scaling policy recommendation is deemed appropriate and strategically relevant for increasing 

flexibility, availability, and efficiency in handling workload fluctuations. Automatic server capacity 

adjustments are considered valid and implementable, as they help maintain service performance, minimize 

downtime risk, and optimize resource utilization. Management approved this recommendation, emphasizing 

the necessity of clear configuration parameters and periodic evaluations to ensure the auto-scaling 

mechanism functions effectively and consistently supports digital banking service continuity. 

 

CONCLUSION 

The evaluation results reveal that the Support Vector Machine (SVM) model outperforms the Naïve Bayes 

algorithm in sentiment classification, demonstrating the superior ability of SVM to optimally separate data classes 

within the scope of this analysis. Regarding digital banking services, sentiment analysis indicates that the majority of 

users hold neutral a nd positive perceptions, reflecting a relatively stable level of user satisfaction. Both models, 

Naïve Bayes and SVM, highlight a higher proportion of positive comments compared to negative ones, with a 

significant amount of neutral sentiment observed in the dataset. The data processing methodology, which 

incorporates steps such as text standardization, word normalization, and language translation, contributes 

significantly to improving sentiment analysis accuracy and ensures the relevance and validity of the data used. This 

approach is essential for reliable model performance and the generation of robust analytical results. Despite this, the 

performance of digital banking systems still exhibits certain areas that require improvement, particularly related to 

slow transaction processing, system instability, and login issues, all of which affect the overall user experience. In 

addition to technological and infrastructural factors, inefficient operational processes also play a substantial role in 

these challenges. 

To improve sentiment analysis accuracy and comprehensiveness, it is recommended to conduct regular data 

collection from various social media platforms and to perform systematic data cleaning (pre-processing) to obtain 

more accurate and representative results. Moreover, the development of advanced sentiment classification models, 
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particularly those utilizing deep learning algorithms, can help reduce misclassification rates and offer a more precise 

representation of user perceptions. Continuous model training with updated data is also essential. Additionally, 

investing in training and enhancing the capabilities of human resources, especially in data analysis, communication, 

and IT utilization, is crucial to strengthening internal insights and improving service quality. This competency 

development will foster evidence-based and data-driven decision-making. Finally, enhancing system specifications 

and technological infrastructure is vital to ensure faster and more reliable digital banking transactions, which would 

improve the overall user experience. Prioritizing, evaluating, and periodically implementing infrastructure 

improvements should be a key focus for continued progress. 
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