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Abstract. This study employs sentiment analysis to assess bank reputation during system 
failures, using Twitter data from 959 tweets collected between 2023 and 2024. We compare 
the performance of Naive Bayes and GPT-2 algorithms in analyzing customer complaints 
about banking application issues. The research focuses on three variables: problem features, 
initial customer sentiment, and sentiment after bank response. Naive Bayes achieved 
accuracies of 76.75%, 62.23%, and 87.78% for these variables respectively, while GPT-2 
recorded 82.02%, 67.33%, and 61.39%. The study reveals that GPT-2 outperforms Naive 
Bayes in initial sentiment classification, likely due to its superior ability to understand context. 
These findings provide valuable insights for banks to improve their reputation management 
strategies and customer service responses during system failures. 

Keywords: sentiment analysis, bank reputation, system failures, twitter data, customer 
complaints, naive bayes, gpt-2, reputation management, machine learning, customer service. 
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1. Introduction 
In the digital age, the banking sector has seen a significant shift towards digital services, notably through 
the adoption of banking applications. These applications play a crucial role in facilitating 
communication and transactions between banks and their customers, aiming to deliver efficient and 
satisfactory services. However, operational challenges such as system disruptions and data breaches can 
precipitate communication crises, which disrupt services and adversely affect the bank's reputation. 
This research explores the management of crisis communication to mitigate the negative impacts on the 
reputations of banking institutions. With approximately 167 million active social media users in 
Indonesia, the implementation of effective crisis communication strategies becomes essential. This 
study employs the Naive Bayes and GPT-2 models for sentiment analysis to identify optimal 
communication strategies, leveraging their effectiveness in text classification. 

Currently, many banks still rely on manual sentiment management, which often results in 
suboptimal outcomes. There is a pressing need for automated solutions to identify and respond to 
negative sentiments more effectively. This study utilizes Python and Selenium for data scraping and 
sentiment analysis, concentrating on pivotal issues such as login difficulties. Through this approach, 
banks can enhance customer satisfaction and protect their reputation by proactively managing issues. 
Research Gap and Objectives: A major challenge in the era of digital banking is the occurrence of 
communication crises, often triggered by operational disruptions like system failures and security 
breaches. These crises can interrupt services and potentially cause long-term damage to a bank's 
reputation. 
The objectives of this study are to: 

• Analysed bank sentiment on social media by comparing the Naive Bayes and GPT-2 models. 
• Develop effective communication strategies to boost customer satisfaction and enhance the 

bank's reputation. 
Rationale for Model Selection: The strategic selection of the Naive Bayes and GPT-2 models is due 
to Naive Bayes' efficiency in conducting preliminary sentiment analysis across large datasets, making 
it ideal for initial data filtering. In contrast, GPT-2 is chosen for its advanced language modeling 
capabilities, which enable it to handle the nuanced and context-rich language typical of social media, 
providing deeper insights into customer sentiments during crises. 
Paper Structure: This paper is organized into the following sections: Introduction, Literature Review, 
Methodology, Results, and Conclusions. The Introduction discusses the digital transformation in 
banking and the associated challenges. The Literature Review examines prior research on digital 
transformation, sentiment analysis, and crisis communication within the banking sector. The 
Methodology section describes the analytical techniques employed to analyze social media data. The 
Results section compares the performance of the machine learning models, and the Conclusions section 
offers strategic insights for practical implementation. 
Contributions: This study contributes both theoretically and practically to the fields of bank reputation 
management and sentiment analysis. Theoretically, it advances the application of sentiment analysis 
techniques within the banking sector, especially in understanding how digital crises influence customer 
perceptions and bank reputations. Practically, it showcases how sophisticated sentiment analysis models 
like Naive Bayes and GPT-2 can refine crisis communication strategies, enabling banks to respond 
more effectively to customer sentiments and thus improve reputation management during system 
failures. This research not only provides a robust methodological framework for analyzing customer 
sentiment but also furnishes actionable insights that can guide banks in enhancing their crisis 
management strategies. 
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2. Literature Review 

2.1. Sentiment Analysis in the Banking Sector 
Sentiment analysis is a methodological process aimed at identifying and extracting subjective 
information from a given data source. This technique is frequently applied to texts from social media, 
product reviews, and other platforms that capture public opinions. The primary goal is to evaluate the 
attitude or sentiment conveyed in the text, determining whether it is positive, negative, or neutral with 
respect to a specific subject or topic. In a study by Fauzi et al. (2023, p.3), sentiment analysis was 
utilized to assess tweets and classify sentiments, either positive or negative, in relation to Islamic 
banking. Through the use of Twitter data, this analysis seeks to explore and comprehend public opinion 
trends surrounding Islamic banking. 
 

2.2. Twitter as Data Source 
The social media platform Twitter has emerged as one of the most influential communication tools in 
the digital age. Its role in transforming global communication dynamics is particularly significant in the 
context of public communication. Public institutions have adjusted their communication strategies to 
align with the interactive and fast-paced environment that platforms such as Twitter offer. This 
adjustment is especially critical during crises, where Twitter functions as an essential tool for the rapid 
dissemination of information and public engagement. Furthermore, Twitter plays a pivotal role in 
enabling sentiment analysis, which is vital for understanding public reactions to various crisis situations. 
This analysis helps public institutions refine their communication strategies during such critical periods 
(Tasente et al., 2024). 

2.3. Rapid Miner for Sentiment Analysis 
Sentiment analysis, a method used to classify and analyze opinions expressed in text, is increasingly 
employed in research to gain deeper insights into public sentiment. Rapid Miner, a comprehensive data 
analysis tool, has demonstrated its effectiveness in this area, particularly in studies related to the 
Sembako/BPNT Program (Noor et al., 2022). By facilitating data extraction, cleaning, and sentiment 
classification, especially from social media platforms such as Twitter, Rapid Miner allows researchers 
to efficiently process and analyze unstructured data. This process transforms raw data into structured, 

Fig. 1: Tweet Sentiment Bank 
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meaningful information, providing critical insights into public opinion dynamics. The integration of 
Rapid Miner with Gataframework in this research illustrates the potential of modern data analysis tools 
to enhance the understanding of public perceptions and reactions to government initiatives (Noor et al., 
2022). The findings from this sentiment analysis provide valuable guidance for policymakers and 
stakeholders, emphasizing the importance of such tools in social and communication studies. 

2.4. CRISP-DM Methodology 
The CRISP-DM (Cross-Industry Standard Process for Data Mining) methodology is widely employed 
in text mining research and is often integrated with text pre-processing techniques. This methodology 
is structured into several key phases: Business Understanding, Data Understanding, Data Preparation, 
Modeling, Evaluation, and Deployment. Each phase is crucial for ensuring that the data mining process 
is comprehensive, systematic, and aligned with the project's business objectives. In a study by 
Kurniawan et al. (2020), CRISP-DM was applied to data processing, utilizing text pre-processing 
through the GATA Framework and RapidMiner to manage Indonesian language data. This framework 
proves particularly valuable for managing large and complex datasets, especially in the context of text 
mining and natural language processing, providing a solid foundation for generating relevant and 
accurate research results. 

2.5. Business Intelligence in Financial Services 
Business Intelligence (BI) involves the use of tools that provide companies with insights into intangible 
resources, enabling the development of models that enhance business intelligence. The primary 
objective of BI is to improve the efficiency and effectiveness of organizational management, allowing 
companies to achieve more complex goals and remain competitive in an increasingly critical and 
vigilant society (Wang et al., n.d.). BI applications play a key role in innovative management by 
processing large volumes of intangible data, automatically extracted from various digital sources. These 
results can be integrated into management reports and dashboards, supporting market sustainability and 
enabling companies to predict social behavior, thus fostering the development of proactive management 
models. 

BI employs techniques such as OLAP and data mining to analyze and visualize complex 
relationships among intangible assets, including experiences, emotions, and attitudes, particularly those 
derived from social media. At the corporate level, BI-driven data analysis aims to improve strategic 
decision-making processes, thereby enhancing business performance. Historically, strategic decisions 
were based on precise analysis of historical data, which enabled companies to understand current 
problems, identify potential strategies, and predict outcomes. 
In the modern digital ecosystem, intangible assets have become among the most valuable resources for 
organizations. However, managing data associated with corporate big data presents significant 
challenges.  

Organizations must adopt tools that advance their BI models, including the automation of 
information from digital sources, daily data aggregation, and brand-based historical analysis, enabling 
effective visualization and interpretation. In the banking sector, where financial market sustainability is 
critical, companies must develop integrated management strategies based on the key intangible assets 
of relational capital. Decision-makers must analyze and understand the vast volumes of opinions 
generated in the digital ecosystem, focusing on the emotions and perceptions stakeholders associate 
with brand performance and communication. 

2.6. Machine Learning for Sentiment Analysis 
In machine learning research, as described by Jain and Dandannavar (2016), two sets of data are 
typically required: a training set and a testing set. In supervised learning classification methods, the 
training set is used to train the model to recognize distinguishing attributes within the text, while the 
model’s performance is evaluated using the testing set. Commonly used machine learning algorithms 
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for text classification include Maximum Entropy (ME), Naive Bayes (NB), and Support Vector 
Machines (SVM). 

Sentiment analysis using machine learning begins with the collection of a labeled dataset of tweets. 
This data often contains noise and must be preprocessed using various Natural Language Processing 
(NLP) techniques. Relevant features for sentiment analysis are then extracted, after which the classifier 
is trained on the dataset and tested on new, unseen data to assess its effectiveness. 
 

 
Fig. 2: Workflow for twitter sentiment analysis using machine learning algorithms by Niranjan 

2.7. Naive Bayes Method 
According to Omatu et al. (n.d.), the Naive Bayes algorithm—named after the British mathematician 
Thomas Bayes—is a statistical classification method based on Bayes' Theorem. This Bayesian 
classification technique is widely recognized for its simplicity and effectiveness as a predictive model. 
 

 
 

In this context, let X = x1, x2, x3, ..., xn represent a set of samples, and C1, C2, C3, ..., Cm represent 
a set of different classes. To classify a sample, the probability that the sample belongs to each class is 
calculated using the relevant equation. The sample is then assigned to the class with the highest 
probability. This approach leverages statistical principles to enable more accurate classification 
decisions. 

2.8. Large Language Models in Sentiment Analysis 
Large Language Models (LLMs) are advanced artificial intelligence systems designed to automatically 
understand and generate human language. These models are trained on vast text datasets, enabling them 
to learn and recognize complex linguistic patterns. The primary function of LLMs is to execute a wide 
range of natural language processing tasks, including text generation, comprehension, and semantic 
analysis. 

Models such as GPT (Generative Pre-trained Transformer) and T5 (Text-to-Text Transfer 
Transformer) are prominent examples of LLMs that have significantly advanced how machines process 
and interpret text. These models utilize sophisticated natural language processing techniques to generate 
contextually relevant and accurate responses based on the input they receive (Al Naffakh et al., 2024). 

2.9. Web Scrapping for Data Collection 
Web scraping, as described by Perwej et al. (n.d.), refers to the automated process of collecting data 
and information from the web. This method involves extracting data from the internet and is employed 
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in various applications, including information retrieval, news aggregation, website monitoring, and 
more. Web scraping provides a faster and more efficient alternative to manual data collection, making 
it increasingly prevalent in the digital age. 

Web scraping software, commonly referred to as "bots," is designed to navigate websites, identify 
relevant pages, and extract meaningful data. These bots automate the data extraction process, facilitating 
the rapid collection of large volumes of information. In the era of big data, where information is 
constantly updated and evolving, web scraping has become an essential tool. Its applications are broad, 
particularly in the field of data analytics, offering significant advantages in the gathering and analysis 
of information. 
 
2.10. TF-IDF (Term Frequency-Inverse Document Frequency) 
TF-IDF, which stands for Term Frequency-Inverse Document Frequency, is an algorithmic method 
used to calculate the weight of each word within a document. This method is widely employed in text 
processing for tasks such as document classification, text mining, and information retrieval. 

TF-IDF operates by calculating two key components: 

• Term Frequency (TF): This measures how frequently a term appears in a document. The more 
often a word occurs in a document, the higher its TF value. However, if a word appears 
frequently across all documents, its TF value is reduced to balance its weight. 

• Inverse Document Frequency (IDF): This measures how common or rare a word is across a 
collection of documents. If a word appears in many documents, its IDF value will be low. 
Conversely, if a word appears in only a few documents, its IDF value will be high. This 
adjustment reduces the weight of common words (e.g., "and," "the") and increases the weight 
of rarer, potentially more meaningful terms. 

The final TF-IDF value for a word in a document is the product of its TF and IDF. The general 
formula is: 

TF-IDF(t, d) = TF(t, d) × IDF(t) 

Where: 

• t represents a specific word, 
• d is a document, 
• TF(t, d) is the frequency of word t in document d, 
• IDF(t) is the logarithm of the total number of documents divided by the number of documents 

containing word t. 

TF-IDF is widely used in applications such as text classification and social media text analysis, 
where it assigns weights to words based on their importance within a specific document and the entire 
document collection. In the journal you uploaded, TF-IDF is employed to identify frequently occurring 
words on social media platforms like Twitter, which are then used in forecasting processes through time 
series analysis. 

2.11. Customer Satisfaction 
Customer satisfaction is defined as the evaluation of a product or service's performance by the customer, 
which directly influences customer loyalty. It involves comparing the actual performance of the product 
or service with the customer’s expectations (Sudira et al., n.d.). The hypothesis posits that this approach 
can effectively measure sentiment and customer satisfaction from social media comments, revealing 
varying levels of satisfaction across different digital payment services. 
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The hypothesis in this study is grounded in the direct disconfirmation approach, which is subjective 
and employs a summary rating scale to measure confirmation or disconfirmation. This direct 
measurement aligns with the weighting method, wherein customer ratings of each attribute are 
multiplied by its assigned importance, although the statistical independence of variables has not been 
confirmed. Within this framework, sentiment analysis is used to determine customer satisfaction levels, 
as interpreted through Instagram comments, and categorizes them as positive, negative, or neutral. 

 
Fig. 3: Research Model dari Instagram Sentiment Analysis with Naive Bayes and KNN: Exploring Customer 

Satisfaction of Digital Payment Services in Indonesia 

2.12. GPT-2 Method 
Generative Pre-Training (GPT-2), developed by OpenAI, is an artificial intelligence model designed to 
comprehend and generate natural language text. In the study conducted by Tsai et al. (2021), GPT-2 
was implemented to facilitate automatic question generation, aiming to reduce the workload of 
educators in creating exam or practice questions. 

Methodology: 

• Keyword Extraction: The initial step in question generation involves extracting keywords 
using the BERT (Bidirectional Encoder Representations from Transformers) model. This 
model analyzes text from textbooks or learning materials provided by educators to identify and 
extract relevant key elements. 

• Syntactic Analysis: After the successful extraction of keywords, syntactic analysis is 
conducted using Stanford CoreNLP. This analysis identifies complete sentences that contain 
the keywords, which are essential as they form the foundation for question formulation. 

• Question Generation: The analyzed and validated sentences are then input into the GPT-2 
model. GPT-2 generates coherent and contextually appropriate questions based on these 
sentences. The model predicts words step by step until a logical and relevant question is formed, 
which can be used as an evaluation or practice tool. 

The research also includes a testing and evaluation phase, during which the questions generated by 
GPT-2 are reviewed and assessed by educators. This evaluation determines the relevance and 
effectiveness of the questions within the actual learning context. Educators may also edit or modify the 
generated questions to enhance their quality and alignment with the learning material. The use of GPT-
2 for automatic question generation demonstrates significant potential in reducing the time and effort 
educators invest in preparing evaluation materials. By integrating natural language processing and 
artificial intelligence technologies, the educational process can be substantially improved, contributing 
to more efficient and effective teaching practices. 
2.13. Hugging Face 
The development and implementation of a system known as HuggingGPT leverage Large Language 
Models (LLMs), such as ChatGPT, to function as a controller that coordinates various artificial 
intelligence (AI) models available on the Hugging Face platform to solve complex AI tasks. 
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Fig. 4: Overview Hugging Face 

The key steps in HuggingGPT, as outlined by Shen et al. (n.d.), are as follows: 

• Task Planning: HuggingGPT utilizes ChatGPT to analyze user requests and develop a plan 
that outlines various tasks. This plan is designed to harness the capabilities of different AI 
models based on the specific requirements identified from the user’s input. 

• Model Selection: Following task planning, the system selects the most appropriate AI models 
from Hugging Face for each task. The selection is informed by the documented descriptions 
and capabilities of the models available on the Hugging Face platform. 

• Task Execution: The selected models are executed to perform their respective portions of the 
overall task. This step involves applying the models to process data, conduct calculations, or 
generate the necessary output. 

• Response Generation: Upon task completion, HuggingGPT integrates the outputs from the 
models and utilizes ChatGPT to generate a coherent response for the user, summarizing the 
outcomes of the process. 

2.14. Synthesis of Previous Studies 
The study by Airin Fariza Abu Samah et al. developed a web-based dashboard that visualized sentiment 
analysis results for the top three Malaysian airlines: AirAsia, Malaysia Airlines, and Malindo Air. Using 
the Naïve Bayes algorithm, the study conducted bilingual sentiment analysis on data collected from 
Twitter. The Naïve Bayes algorithm was selected due to its proficiency in handling multiclass prediction 
challenges, especially in sentiment classification tasks where public opinion was divided into positive, 
neutral, and negative sentiments. Data were pre-processed using Natural Language Processing (NLP) 
methods to ensure accurate classification. 

 
Fig. 5: Research design 
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The results of the sentiment analysis were displayed through interactive visualizations, including 
word clouds, pie charts, and bar charts. These visualizations offered significant insights into the public 
reputation of the airlines, revealing key trends and opinions shared on social media. This approach 
validated the effectiveness of the Naïve Bayes algorithm for sentiment analysis in the aviation industry, 
highlighting its utility in extracting actionable insights from public opinion data. 

Building upon this work, Gallastegui et al. (2024) also employed machine learning techniques for 
sentiment analysis in the financial sector, specifically analyzing Twitter data related to BBVA, a 
prominent European bank. Their study introduced more advanced models, including XGBoost, to 
achieve higher accuracy in sentiment classification compared to traditional methods such as Support 
Vector Machines (SVM) and Random Forest. This research demonstrated that XGBoost consistently 
outperformed these older models in handling large-scale datasets, achieving accuracy rates above 90%
. Furthermore, they addressed the challenge of multilingual sentiment analysis by incorporating models 
that could process data in multiple languages, making their approach highly relevant in globalized 
markets. 

While the Gallastegui study focused on the European banking sector, this research aims to apply 
similar advanced sentiment analysis techniques in the Indonesian banking industry. By leveraging 
models such as XGBoost and focusing on customer sentiment in both English and Indonesian, this study 
seeks to address the complexities of multilingual sentiment analysis in Indonesia's diverse linguistic 
landscape. Additionally, this research contributes to the field by introducing real-time dashboard 
visualizations, providing Indonesian banks with practical tools to monitor and respond to customer 
feedback, ultimately enhancing customer satisfaction and reputation management. 
In summary, this study builds on prior research by combining the sentiment analysis techniques from 
the airline industry (Abu Samah et al.) and the advanced machine learning models used in the financial 
sector (Gallastegui et al.). It offers a novel contribution by applying these methods in a new context—
Indonesia’s banking sector—while also advancing the accuracy and effectiveness of sentiment 
classification across multiple languages. 

3. Methodology 
This study employs the Cross-Industry Standard Process for Data Mining (CRISP-DM) framework, 
recognized for efficiently organizing data mining projects. The adoption of CRISP-DM is pertinent due 
to its structured approach to handling complex datasets, including the unstructured data from social 
media platforms like Twitter. This framework facilitates an iterative process from business 
understanding to deployment, ensuring accurate and adaptable analyses for the dynamic nature of social 
media sentiments. The flexibility provided by CRISP-DM in data pre-processing and model evaluation 
phases is crucial for this study's comparative analysis between Naive Bayes and GPT-2 machine 
learning models. 

The research utilized several tools: 
• Integrated Development Environment (IDE) IntelliJ IDEA: For software development and 

scripting. 
• Microsoft Excel: Employed for data manipulation and preliminary analysis. 
• Rapid Miner: Used for complex data mining tasks. 
• Selenium Developer Tools: For automating the web scraping process. 

 
The analysis incorporated two primary machine learning models: 
• Naive Bayes: Known for its efficiency in quick, preliminary sentiment analysis within large 

datasets. This model's probabilistic approach effectively categorizes baseline sentiments, ideal 
for initial data filtering. 

• GPT-2: Chosen for its advanced language modelling capabilities, which provide a deeper 
understanding of complex text structures typical in social media. GPT-2 is preferable to its 
successor GPT-4 due to its balance between computational demands and depth of analysis. 

Data collection involved scraping tweets using Python and Selenium, focusing on terms related to 
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bank system failures such as "bank" and "system failure." The data pre-processing steps included: 
• Data Cleaning: Removing duplicates and handling missing values. 
• Tokenization: Segmenting text into smaller components for analysis. 
• TF-IDF Application: Utilizing Term Frequency-Inverse Document Frequency to extract 

significant textual features from tweets. 
The study analysed three main variables to capture the customer experience during system failures: 
• Problem Features: Identifying issues mentioned in the tweets. 
• Initial Sentiment: Assessing customer sentiment prior to any bank intervention. 
• Post-Response Sentiment: Evaluating sentiment following the bank's response. 
Ethical considerations were meticulously adhered to, given the public nature of Twitter data: 
• All data was publicly available, with no personal information extracted. 
• Any potentially identifying details were anonymized to maintain privacy. 
• The study complied with social media data usage policies, ensuring no ethical violations. 
This systematic and transparent methodology not only enhances the robustness of the sentiment 

analysis but also aligns with ethical standards, providing banks with crucial insights into effective 
reputation management during crises. 
 
 
Business Understanding 
 
Define In the Business Understanding stage of the CRISP-DM framework, the focus is on 
comprehensively understanding the business problem and setting analytical goals that will support the 
achievement of organizational targets. 
• Business Context:  

• Background: Errors in banking applications can result in customer dissatisfaction, financial 
losses for the bank, and long-term negative impacts on reputation. 

• Business Problem: There is an increase in the number of negative tweets related to banking 
application errors, reflecting potential larger issues in customer service and IT 
infrastructure. 

• Business Impact: Widespread negative sentiments on social media can influence the 
perception of both new and existing customers, potentially lowering customer satisfaction 
and resulting in revenue loss. 

• Business Objectives:  
• Main: Rehabilitate customer trust and improve the public image of the banking application. 
• Specific: Identify and analyze customer sentiments related to application errors discussed 

on Twitter. Formulate effective communication strategies to manage the crisis. 
• To understand the objectives and define the problem to be solved, this study involves a series of 

activities with the following methods: 
• Literature Review: Conduct a literature study to learn about various aspects related to the 

use case and technical aspects of data classification implementation on customer sentiment. 
• Research Objective and Use Case Analysis: Examine research objectives and use cases 

related to the application of classification in providing recommendations for effective 
strategies, including communication, reputation crisis handling, information transparency, 
and service recovery. 

• Follow-Up and Review: Monitor and analyse sentiments on Twitter and evaluate responses 
during the crisis to identify effective tactics and areas needing improvement. 

 
Data Understanding: 
 
In the Data Understanding stage of CRISP-DM, the goal is to collect and explore available data to gain 
a deep understanding of the information held. This involves initial assessment, data exploration, and 
data quality verification, for the case of system failure analysis in banks discussed on Twitter. 
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Fig. 6: Dataset Scraping Process 

• Data Collection:  
• Source of Data: Data is collected from Twitter via a scraping process, which includes tweets 

specifically mentioning the bank application and issues faced by users. 
• Data Volume: A total of 959 tweets have been collected during the research period spanning 

from 2023 to 2024. 
• Data Variety: Types of data available include tweet text, date and time of posting, retweets, 

likes, replies, mentions, hashtags, and so on. 

 
Fig. 7 Dataset 

• Data Quality:  
• Accuracy: Check for errors in data collection, such as irrelevant tweets or advertisements. 
• Completeness: Assess if there are any gaps in the data or periods without data that could 

affect the analysis. 
• Consistency: Ensure that data across the period is collected and recorded in a uniform 

manner. 
• Validity: Verify that the collected data is valid and represents the research questions to be 

answered. 
• Data Preparation:  

The Data Preparation stage within CRISP-DM involves processing the collected data to ensure it is 
ready for analysis and modeling. Detailed steps in this stage, in the context of sentiment analysis 
regarding system failures in bank applications using Twitter data for the variables sentiment content, 
feature-problem, and sentiment-after-response, are as follows: 
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• Data Preparation for GPT-2 

 
 
 
 

To provide a comprehensive understanding of the practical implementation of machine learning 
models for sentiment classification, here are the detailed steps performed from data retrieval to model 
evaluation: 

• Initialization and Data Preparation 

Fig. 8: Pseudocode GPT-2 

// Import necessary libraries 

IMPORT pandas AS pd 

IMPORT torch 

IMPORT sklearn.metrics, sklearn.model_selection 

IMPORT transformers 

// Define a class for the sentiment dataset 

CLASS SentimentDataset: 

    INIT(dataframe, tokenizer): 

        self.dataframe = dataframe 

        self.tokenizer = tokenizer 

    FUNCTION __len__(): 

        RETURN LENGTH(self.dataframe) 

    FUNCTION __getitem__(idx): 

        text = self.dataframe[idx]['content'] 

        label = self.dataframe[idx]['sentiment content'] 

        inputs = tokenizer.encode_plus(text, add_special_tokens, return_tensors, padding, truncation, max_length) 

        input_ids = SQUEEZE(inputs['input_ids']) 

        attention_mask = SQUEEZE(inputs['attention_mask']) 

        label_mapping = {'netral': 0, 'negative': 1, 'unidentified': 2} 

        label = label_mapping[label] 

        RETURN input_ids, attention_mask, label 

// Define function to evaluate the model 

FUNCTION evaluate(model, data_loader): 

    model.eval() 

    predictions = [] 

    true_labels = [] 

    FOR EACH input_ids, attention_mask, labels IN data_loader: 

        MOVE input_ids, attention_mask TO device 

        outputs = model(input_ids, attention_mask) 

        logits = outputs[0] 

        preds = ARGMAX(logits) 

        predictions.APPEND(preds) 

        true_labels.APPEND(labels) 

    RETURN accuracy_score(true_labels, predictions) 

// Main execution block 

MAIN: 

    PRINT("Persiapan data...") 

    df = pd.read_csv("path_to_csv_file") 

    train_df, test_df = train_test_split(df, test_size=0.2, random_state=42) 

    PRINT("Pra-pemrosesan Data...") 

    tokenizer = GPT2Tokenizer.from_pretrained("gpt2") 

    model = GPT2ForSequenceClassification.from_pretrained("gpt2", num_labels=3) 

    PRINT("Pelatihan Model...") 

    train_dataset = SentimentDataset(train_df, tokenizer) 

    test_dataset = SentimentDataset(test_df, tokenizer) 

    train_loader = DataLoader(train_dataset, batch_size=8, shuffle=True) 

    test_loader = DataLoader(test_dataset, batch_size=8, shuffle=False) 

    device = SELECT_DEVICE("cuda", "cpu") 

    model.to(device) 

    optimizer = AdamW(model.parameters(), lr=2e-5) 

    epochs = 3 

    FOR epoch IN range(epochs): 

        model.train() 

        total_loss = 0 

        FOR input_ids, attention_mask, labels IN train_loader: 

            MOVE input_ids, attention_mask, labels TO device 

            model.zero_grad() 

            outputs = model(input_ids, attention_mask, labels) 

            loss = outputs[0] 

            total_loss += loss 

            loss.backward() 

            optimizer.step() 

        avg_train_loss = total_loss / LENGTH(train_loader) 

        PRINT("Epoch", epoch, "Loss:", avg_train_loss) 

    PRINT("Evaluasi Model...") 

    test_accuracy = evaluate(model, test_loader) 

    PRINT("Test Accuracy:", test_accuracy) 

    model_path = "path_to_save_model" 

    SAVE model.state_dict TO model_path 

    PRINT("Model telah disimpan di", model_path) 
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• Data Reading: The code begins by reading data from a CSV file into a 
Data Frame using pandas. This data likely contains text to be classified and 
related sentiment labels. 

• Data Splitting: The data is then divided into two sets, training data 
(train_df) and testing data (test_df), with an 80% split for training and 20% 
for testing. This division uses the train_test_split function from scikit-learn, 
which also ensures that the split is performed randomly. 

• Setup Model and Tokenizer 
• Tokenizer: An instance of GPT2Tokenizer is initialized. This tokenizer is 

responsible for converting text into a format that can be processed by the 
model, including adding special tokens, padding, and truncation. 

• Model: GPT2ForSequenceClassification is initialized with specifications 
for sentiment classification, which includes three output labels. This model 
is a version of GPT-2 adapted for classification tasks. 

• DataLoader Preparation 
• Dataset: Two instances of the SentimentDataset class are created, one with 

train_df and another with test_df. This class manages how data is prepared 
for the model, including encoding text and converting labels into integer 
values 

• DataLoader: DataLoader is used to load data in batches, making the training 
process more efficient. The DataLoader for training data is set to shuffle the 
data, while for testing data, it is not. 

• Training Configuration 
• Device: The code checks if CUDA (GPU) is available for faster training; if 

not, it will use the CPU. 
• Optimization: AdamW, an optimization algorithm, is initialized with the 

model parameters and a specified learning rate. 
• Training Loop: Training is run for a specified number of epochs. For each 

batch in the DataLoader: 
• Data and labels are loaded onto the appropriate device. 
• Gradients are calculated based on the resulting loss. 
• Model weights are updated. 
• Loss information is printed for each epoch. 

• Model Evaluation : After training, the model is evaluated using the testing data. 
Accuracy is calculated to assess the model's performance in classifying sentiments. 

• Model Saving : The trained model is saved to a file, allowing it to be reused in the 
future without the need for retraining. 

 
 
 
 
 
 
 
 

• Data Preparation for Naive Bayes:  

 
Fig. 9: Training for Sentiment Content 
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During the data preparation phase for sentiment analysis, several steps must be executed to 
ensure the data is ready for processing by the machine learning model. These steps include: 

• Get Data Training Sentiment Content: The initial step to retrieve training data 
specifically for sentiment content. 

• Select Attributes: Specific attributes such as URL, Content, and Sentiment Content 
are selected from the dataset for further processing. 

• Nominal to Text: Data conversion from nominal format to text, which may be 
necessary for NLP processing. 

• Process Documents: Documents are processed, including word tokenization, which 
is crucial for data preparation in NLP models like Naive Bayes. 

 

 
Fig. 10: Get Data Training for Sentiment Content 

To provide a clear overview of the data preparation process before entering the training phase of 
machine learning models, here are the critical steps executed to ensure the data is in optimal condition: 

• Retrieve Dataset: This is the first step where the dataset to be used for training is 
retrieved or loaded from a data source. Typically, this involves reading from a file 
or database. 

• Remove Duplicate: This step aims to cleanse the dataset by removing duplicate 
entries based on certain attributes such as Username and Content. Removing 
duplicates is important to prevent bias in the model and to optimize training 
performance. 

• Filter Examples: At this stage, data is filtered to ensure that there are no missing 
values in critical attributes such as content, URL, and sentiment content. Filtering 
and cleaning the data is an essential step to ensure the quality of the data used for 
training. 

• Sort: Data is sorted by time in ascending order. This step might be important for 
processing data based on the order of events, which could be crucial depending on 
the model's usage context. 

• Set Role: Here, the attribute "Sentiment Content" is set as the label that the model 
will learn. Setting the label is a crucial step for supervised learning models, where 
the model needs to know what to predict. 

• Trim: The final step is cleaning the data by removing unnecessary spaces. This 
includes eliminating spaces at the beginning and end of strings, which can help in 
standardizing data and avoiding errors in further data processing. 
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Fig. 11: Flow Diagram TF-IDF 

The TF-IDF (Term Frequency-Inverse Document Frequency) diagram explains a technique used to 
calculate the frequency of words appearing in a dataset. This explanation includes the following steps: 

• Tokenization: This process involves breaking down text into a collection of words 
(tokens), where only non-letter elements are extracted. 

• Case Transformation: Next, the data is transformed to lowercase to ensure 
consistency in analysis. 

• Stop word Filtering: This step involves removing words that are insignificant for 
analysis, such as conjunctions and prepositions (e.g., 'and', 'in', 'to', 'which', 'for', 
'on', 'with', 'is', 'of', 'it'). 

• Token Filtering: This process filters words based on their length; words must have 
a minimum of 4 letters and a maximum of 25 letters. 

 

 
Fig. 12: Testing for Sentiment Content 

 
As preparation for the testing phase of machine learning models in sentiment analysis, we follow a 

series of crucial steps to ensure the test data is ready for processing. These steps include: 
• Retrieve Sentiment Content: Retrieve the dataset to be used for testing. 
• Select Attributes: As in training, specific attributes are selected for the testing 

process. 
• Set Role: Assign the role of the data, such as making sentiment content the label. 
• Filter Examples: Filter examples to get only data with missing sentiment content, 

possibly to handle specific cases. 
• Nominal to Text: Convert data from nominal format to text for testing preparation. 
• Process Documents: As in training, documents are processed for testing, including 

tokenization steps. 
 
 
Modelling: 
 
• Sentiment Content for GPT-2: 
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Fig. 13: Process Flow Sentiment Content using GPT 2 

 
• Sentiment Content for Naive Bayes: 

 
Fig. 14: Process Flow Sentiment Content using Naive Bayes 

 
 
 
 
Evaluation: 
 
In order to assess the effectiveness of the developed sentiment classification models, researcher conduct 
a series of comparative evaluations on the accuracy level of these models compared to sentiment 
classifications previously performed. The evaluation steps are executed as follows: 
• Model Invocation: The model generated through manual sentiment classification processes in 

previous periods may exhibit variance in accuracy and precision. In contrast, the system designed 

// Import necessary libraries 
IMPORT argparse 
IMPORT os 
IMPORT pandas AS pd 
IMPORT torch 
IMPORT time 
IMPORT sklearn.metrics 
IMPORT torch.utils.data 
IMPORT transformers 
 
// Define a class for the sentiment dataset 
CLASS SentimentDataset: 
    INIT(dataframe, tokenizer): 
        self.dataframe = dataframe 
        self.tokenizer = tokenizer 
 
    FUNCTION __len__(): 
        RETURN LENGTH(self.dataframe) 
 
    FUNCTION __getitem__(idx): 
        text = self.dataframe[idx]['content'] 
        label = self.dataframe[idx]['sentiment content'] 
        inputs = tokenizer.encode_plus(text, add_special_tokens, return_tensors, padding, truncation, max_length) 
        input_ids = SQUEEZE(inputs['input_ids']) 
        attention_mask = SQUEEZE(inputs['attention_mask']) 
        label_mapping = {'netral': 0, 'negative': 1, 'unidentified': 2} 
        label = label_mapping.GET(label, default=-1) 
        RETURN input_ids, attention_mask, label, text, idx 
 
// Define function to evaluate the model and update the dataframe 
FUNCTION evaluate(model, data_loader, dataframe): 
    model.eval() 
    predictions = [] 
    true_labels = [] 
    texts = [] 
    start_time = CURRENT_TIME() 
    WITH NO_GRAD(): 
        FOR EACH input_ids, attention_mask, labels, text, idx_batch IN data_loader: 
            MOVE input_ids, attention_mask TO device 
            outputs = model(input_ids, attention_mask) 
            logits = outputs[0] 
            preds = ARGMAX(logits, dimension=1).TO_CPU().AS_NUMPY() 
            predictions.EXTEND(preds) 
            true_labels.EXTEND(labels.TO_CPU().AS_NUMPY()) 
            texts.EXTEND(text) 
 
            // Update DataFrame for each index in the batch 
            FOR i, pred IN ZIP(idx_batch, preds): 
                IF i IS TENSOR: 
                    i = CONVERT_TO_INTEGER(i) // Convert tensor to int 
                IF pred == 0: 
                    sentiment = 'netral' 
                ELIF pred == 1: 
                    sentiment = 'negative' 
                ELSE: 
                    sentiment = 'unidentified' 
                dataframe[i, 'sentiment content'] = sentiment 
 
    total_time = CURRENT_TIME() - start_time 
    PRINT("Total evaluation time:", total_time, "seconds") 
    RETURN accuracy_score(true_labels, predictions) 
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in this research integrates AI-based data mining techniques for sentiment classification, offering the 
possibility of more responsive reactions from the bank to customer issues. 

• Methodology Match: The Naive Bayes and GPT-2 models used in the sentiment analysis from 
Twitter data will be evaluated based on their accuracy and their ability to capture the nuances of 
complex sentiments, as well as the efficiency of data scraping methods using Python and Selenium 
in acquiring accurate and comprehensive data. 

• Analysis and Interpretation of Results: Interpretation of research variables such as 'feature problem', 
'sentiment content', and 'sentiment after response bank' is discussed with clarity. This is crucial to 
determine how findings can be used in developing effective reputation enhancement strategies for 
the bank. By taking this approach, the research aims to contribute findings that can be pragmatically 
applied in reputation management and customer service at the bank. 

 
Deployment: 
 
In the deployment stage for customer sentiment analysis, researcher recommend the development of a 
Backoffice dashboard designed to monitor both current and past customer sentiments. This process can 
be automated by running Python scripts through cronjobs or batch data execution. Subsequently, the 
data will be processed by a specialized team tasked with detecting sentiments using the previously 
trained models. The results from testing these models will then be integrated back into the dashboard 
for further analysis, to determine the next strategic steps to be taken. 

An interactive dashboard will display data that has been classified using machine learning models. 
This dashboard is designed to provide in-depth insights and sentiment analysis, enabling bank 
administrators to delve deeper into the classification results and understand the patterns or trends 
emerging from the data. 

 

The dashboard will be a key element in understanding whether today's sentiment is neutral or 
negative. When a specific feature shows high sentiment, bank administrators can proactively respond 
to customers based on the latest sentiment analysis classified using the trained machine learning models. 
Therefore, these classification results will be used as a reference for quick responsive actions by bank 
admins to prevent the escalation of negative sentiments. This will serve as a highly valuable asset in 
enhancing the quality of bank services and strengthening relationships with customers. 
• Features of the Dashboard 

Fig. 15: Mockup Dashboard Backoffice for Sentiment 
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• Real-time Sentiment Tracking: The dashboard will continuously update with real-time 
data, providing an ongoing view of customer sentiment as it evolves. 

• Historical Data Analysis: Administrators can access historical sentiment data, allowing 
them to perform trend analysis and compare current sentiments with past data to forecast 
potential future issues. 

• Alerts and Notifications: Customizable alerts will notify administrators about significant 
changes in sentiment or when certain thresholds are reached, enabling immediate action 
to address customer concerns. 

• Detailed Sentiment Breakdown: The dashboard will break down sentiments by various 
demographics, products, or services, offering granular insights that can guide targeted 
interventions. 

• Interactive Visualizations: Interactive charts and graphs will facilitate easy understanding 
and manipulation of data, helping admins to quickly grasp complex patterns and anomalies. 

• Deployment Strategy 
• Stakeholder Training: Training sessions for bank administrators on how to effectively use 

the dashboard to monitor and respond to customer sentiments. 
• Continuous Monitoring: Setting up systems for continuous monitoring and updating of the 

dashboard to ensure it reflects the most current data. 
• Feedback Loop: Establishing a feedback loop with users to continually improve the 

dashboard’s functionality and the accuracy of the sentiment analysis models. 
 By deploying this dashboard, the bank can leverage advanced analytics to not only react to 
emerging trends but also to proactively manage customer relations, ultimately contributing to improved 
customer satisfaction and loyalty. 

4. Result 

• Sentiment Analysis Overview The analysis of Twitter sentiments revealed a predominant 
trend of negative reactions during bank system failures. These negative sentiments, if not 
managed adeptly, could pose significant reputational risks to the banking institution involved. 
This section of the study evaluates how well different machine learning models classify these 
sentiments, highlighting the crucial role of accurate sentiment detection in mitigating potential 
damages to customer trust and bank reputation. 

 

• Comparative Performance of Naive Bayes and GPT-2 The study compared the performance 
of two machine learning algorithms: Naive Bayes and GPT-2. The results indicate that GPT-2 
substantially outperformed Naive Bayes in the accuracy of sentiment classification. 
Specifically, GPT-2 achieved an accuracy of 82.02%, correctly classifying 374 out of 456 
tweets, while Naive Bayes achieved a lower accuracy of 76.75%, with 350 correct 
classifications out of 456. The superior performance of GPT-2 can be attributed to its advanced 
capability to comprehend the nuanced and complex language typically used in tweets, making 

Fig. 16: Sentiment Analysis Accuracy Results 
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it a more effective tool for sentiment analysis within the dynamic context of social media in the 
banking sector. 

 

Fig. 18: Flowchart Data Scrapping 

This flowchart explains the data scraping process using Python and Selenium. It begins with 
inputting a date limit, setting up a web driver, and logging into a social media platform (e.g., Twitter). 
The scraping proceeds by loading a search page with hashtags and scrolling through tweets to gather 
data. If data is loaded, it proceeds to extract content such as time, username, and hashtags. The extracted 
data is then validated, merged, and saved into a CSV file for sentiment analysis. 

Fig. 17 Confusion Matrix Naive Bayes vs GPT2 
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Fig. 19: Execute Machine Learning with Naive Bayes 

This flowchart depicts the steps involved in training and testing a Naive Bayes model. The process 
starts with loading the training data, duplicating the data for training, and applying the Naive Bayes 
algorithm. Testing is performed using a combination of training and testing data, followed by replacing 
missing values using TF-IDF. The model is then applied to the testing data, performance metrics are 
calculated, and results are saved to an Excel file for evaluation. 
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Fig. 20: Modelling Machine Learning for GPT2 

This flowchart shows the complete process of training a GPT-2 model for sentiment analysis. It 
starts by loading and preparing the training dataset, splitting it into training and test sets, preprocessing 
the data (tokenization), and initializing the GPT-2 model for sequence classification. The flow proceeds 
with creating dataset classes, defining an optimizer (AdamW), and training the model using 
backpropagation. The model’s performance is evaluated on the test set, and the trained model is saved. 
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Fig. 21: Execute Machine Learning with GPT 2 

This flowchart outlines the process of loading the test dataset, initializing a pre-trained GPT-2 
model, creating data loaders for evaluation, and applying the model on the test dataset. After predictions 
are made, the results are saved to CSV for further analysis. This flow represents the execution phase of 
a sentiment analysis model using GPT-2. 

• Analysis and Validation To substantiate these findings, an in-depth analysis was conducted 
using Microsoft Excel to record and analysed the sentiment classification outcomes of each 
model. This analysis involved a range of tweets, each annotated with sentiments as determined 
by both models, thus establishing a comprehensive dataset for detailed evaluation. Accuracy 
assessments were further corroborated by juxtaposing the model classifications against 
manually reviewed sentiments, serving as the ground truth. 

Statistical tests were performed to validate the observed differences in model performance. A two-
sample t-test confirmed that the differences in accuracy between Naive Bayes and GPT-2 were 
statistically significant (p-value < 0.05). This statistical validation underscores GPT-2's superior 
proficiency in decoding complex linguistic patterns and sentiment contexts, crucial for effective 
analysis of social media communications in the banking context. 

5. Conclusion 
This study demonstrated the performance of Naive Bayes and GPT-2 machine learning models in 
analyzing customer sentiment related to crisis communication within the banking sector. The results 
show that while Naive Bayes provides quick and efficient sentiment classification, GPT-2 significantly 
outperforms it in handling complex and contextually rich sentiments on social media, particularly 
during crises such as system failures. Statistical validation using a two-sample t-test confirmed the 
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significant difference in performance, with GPT-2 excelling in processing complex language structures 
typical of platforms like Twitter. 

In comparison to previous research, such as the study conducted by Airin Fariza Abu Samah et al. 
(2022), which used Naive Bayes for bilingual sentiment analysis in the aviation industry, Naive Bayes 
demonstrated high accuracy for structured and simpler sentiment tasks, including product reviews or 
controlled environments. Similarly, Garay Gallastegui et al. (2024) found that advanced algorithms 
like XGBoost and GPT-2 performed exceptionally well when analyzing large volumes of complex 
sentiment data. However, in this study, GPT-2 demonstrated even greater accuracy in capturing 
nuanced and context-rich sentiments, particularly in the informal and dynamic language of customer 
complaints on social media, especially during crises such as system failures. 

Naive Bayes, while effective in initial filtering of sentiments, tends to miss subtle shifts in sentiment, 
especially during real-time social media crises, highlighting the need for more advanced models like 
GPT-2 that can process and interpret deeper contextual meanings. GPT-2's ability to handle informal 
language, sarcasm, and emotions typically found on social media makes it more suited for environments 
where customer sentiments fluctuate rapidly, such as in banking during system failures. 

Recommendations for Banks: 
1. Integrating Sentiment Analysis into Communication Strategy: Banks can integrate GPT-2 

models into sentiment monitoring systems to provide real-time insights into customer 
sentiment, especially during spikes in negative sentiment. This enables the communication 
team to respond promptly to complaints and enhance transparency during crises. 

2. Applying Models in Customer Service: Banks are advised to train customer service teams to 
interpret sentiment analysis results from GPT-2, enabling them to adjust responses based on 
nuanced sentiments detected, such as customer frustration or anxiety. 

3. Sentiment Monitoring and Reporting Dashboard: Developing an interactive dashboard for 
tracking customer sentiment can help banks identify sentiment trends over time, directing 
long-term strategies for enhancing reputation and customer satisfaction. 

Implications for Bank Reputation Management 
The use of automated sentiment analysis models, like GPT-2, has profound implications for managing 
bank reputation, both theoretically and practically. Theoretically, this study expands the literature on 
crisis communication by exploring the role of machine learning in enhancing the responsiveness and 
effectiveness of sentiment analysis during crises. By leveraging advanced models like GPT-2, banks 
can gain a more nuanced understanding of customer sentiment, allowing for adaptive crisis responses 
that were previously challenging with manual methods. 

Practically, in today’s digital age, where customer feedback is instantaneous and public, the ability 
to monitor and respond to sentiment in real-time is critical for banks. Traditional manual sentiment 
analysis methods are often too slow and struggle to capture the evolving nature of customer emotions, 
particularly during system failures or crises. This study demonstrates that models like GPT-2 can 
significantly improve the speed and accuracy of sentiment analysis, enabling banks to respond 
proactively and effectively to negative feedback. 

For example, during a system failure, GPT-2's capability to detect nuanced negative sentiments—
such as sarcasm, frustration, or fluctuating customer moods—enables banks to intervene quickly before 
issues escalate. Such interventions could involve immediate customer support, public communication, 
or technical solutions to mitigate further reputational damage. Additionally, automated sentiment 
analysis supports continuous monitoring, essential for sustaining trust and satisfaction in a competitive 
environment. 

Beyond immediate responses, sentiment analysis also provides strategic insights for banks, helping 
to identify recurring issues, address systemic problems, and refine communication strategies. This 
proactive approach not only enhances crisis management but also contributes to building a more 
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resilient brand image and a stronger relationship with customers over the long term. 

Limitations and Future Research Directions 
One limitation of this study is the dataset size, with only 959 tweets analyzed, which may not provide 
a fully representative view of the broader spectrum of customer sentiment. Moreover, the study focused 
solely on Twitter data, which may not reflect customer views across more visual or multimodal 
platforms like Instagram and TikTok. This limitation is consistent with findings from Airin Fariza 
Abu Samah et al. (2022), which pointed out that language bias can affect sentiment analysis outcomes. 
Additionally, while GPT-2 offers greater accuracy than Naive Bayes, its computational complexity and 
the higher infrastructure costs it incurs could limit its use in real-time banking systems. 

Building on this research, future studies should explore the integration of more diverse data sources, 
such as customer reviews, news articles, and forum discussions, with social media data to create a more 
comprehensive view of public sentiment. Additionally, the incorporation of advanced machine learning 
models like GPT-4 or hybrid models combining rule-based and deep learning approaches could further 
enhance the precision of sentiment analysis. A deeper understanding of sentiment dynamics over time 
could also help banks predict potential crises early and take preventive measures, ultimately 
contributing to stronger reputation management strategies. 
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