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Abstract : The rapid evolution of digital banking has generated massive and diverse datasets, providing unprecedented opportunities 

to optimize customer service. In this enhanced study, we extend our previous framework by incorporating additional analytical 

models and evaluation metrics. In addition to customer segmentation via K-means clustering and predictive modeling using logistic 

regression, we introduce ensemble methods (Random Forest and Gradient Boosting) and advanced text processing via TF-IDF 

weighting for sentiment analysis. The improved methodology leverages new formulas and sensitivity analyses to provide deeper 

insights and robust performance comparisons, ultimately enabling banks to implement more effective and targeted service strategies. 
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I. INTRODUCTION 

Digital transformation in banking has fundamentally reshaped how customers interact with financial institutions. As digital 

channels such as online transactions, mobile apps, and social media become primary modes of communication, customer expectations 

have evolved—demanding personalized, rapid, and seamless services. At the same time, this shift has led to an unprecedented volume 

of data generated from multiple sources. Structured data from transaction logs and account activities provides measurable, 

quantitative insights, while unstructured data from social media posts, customer reviews, and call center transcripts offers a rich, 

qualitative perspective on customer experiences. 

To effectively leverage this data, banks require a multi-faceted analytical approach that can integrate these diverse data types. 

Advanced models are needed to not only predict trends, such as customer churn or transaction behaviors, but also to interpret the 

underlying sentiments driving these behaviors. For example, while traditional statistical models might excel at forecasting based on 

numerical trends, they often overlook the subtleties captured in customer feedback. Integrating natural language processing with 

predictive analytics allows banks to capture a complete picture—both the quantitative metrics and the qualitative nuances. 

This paper expands the previous framework by systematically comparing various predictive models, including logistic regression, 

decision trees, Random Forest, and Gradient Boosting, to determine the most effective approaches for predicting customer behavior. 

Additionally, it refines clustering techniques by incorporating evaluation metrics such as the silhouette score, ensuring that customer 

segments are both statistically robust and actionable. In doing so, the study offers a comprehensive toolset designed to optimize 

customer service by addressing the full spectrum of customer interactions, ultimately enabling banks to deliver more targeted, 

efficient, and personalized services. 

II. LITERATURE REVIEW 

Early studies laid the groundwork by demonstrating how big data analytics can revolutionize business intelligence. For example, 

Chen et al. (2012) showed that integrating vast and heterogeneous data sources can uncover hidden consumer patterns, enabling 

companies to make more informed strategic decisions. Gandomi and Haider (2015) built on this idea by outlining advanced analytical 

techniques—including machine learning and data mining—that drive operational efficiency and competitive advantage across 

industries. 

Subsequent research has tackled the challenges of model integration and real-time processing. Smith, Wang, and Chen (2023) 

explored distributed computing frameworks, such as Apache Spark and Hadoop, to manage and analyze streaming data in dynamic 

environments like banking. Their work emphasizes that handling both historical and real-time data is crucial for improving predictive 

accuracy and responsiveness. 

More recent investigations have further refined these approaches by combining predictive analytics with sentiment analysis. 

Kumar, Gupta, and Nair (2023) demonstrated that while traditional predictive models capture numerical trends effectively, they often 

overlook the nuanced customer sentiments embedded in unstructured data. In parallel, Kim and Park (2023) highlighted that 

integrating sentiment analysis into the predictive framework can reveal underlying customer emotions, leading to more personalized 

and adaptive service strategies. Together, these studies underscore the importance of a holistic, multi-model approach that integrates 

quantitative metrics with qualitative insights—setting the stage for the comprehensive improvements and integrated framework 

discussed in this paper. 

http://www.jetir.org/


© 2025 JETIR August 2025, Volume 12, Issue 8                                                        www.jetir.org (ISSN-2349-5162) 

 

JETIR2508523 Journal of Emerging Technologies and Innovative Research (JETIR) www.jetir.org f167 
 

III. METHODOLOGY 

3.1 Research Design 

A mixed-method approach is adopted to extract both numerical insights and contextual nuances from customer data. On the 

quantitative side, transactional data—which includes details such as transaction amounts, dates, channels, and financial indicators—

is processed and analyzed using statistical techniques and predictive modeling. Models such as logistic regression, decision trees, 

Random Forest, and Gradient Boosting are applied to forecast customer behaviors, like churn or spending patterns. These models are 

evaluated based on metrics like accuracy, precision, recall, F1-score, and AUC-ROC, ensuring that the predictive power and 

reliability of each model are rigorously compared. 

Simultaneously, qualitative insights are obtained by analyzing customer feedback gathered from various sources, including social 

media, online surveys, and customer service interactions. Natural language processing techniques, such as sentiment analysis and 

TF-IDF weighting, are employed to convert unstructured text data into quantifiable sentiment scores. This process helps capture the 

emotional tone behind customer comments—identifying positive, negative, or neutral sentiments—and provides a richer 

understanding of customer experiences. 

Furthermore, the approach is enhanced by performing sensitivity analyses on clustering parameters. For example, when using K-

means clustering to segment customers, the optimal number of clusters is determined by examining the silhouette score along with 

intra-cluster and inter-cluster distances. This sensitivity analysis ensures that the resulting customer segments are both statistically 

sound and practically meaningful, providing a robust framework for targeted service optimization. 

By integrating these quantitative and qualitative methods, the comprehensive toolset developed in this research not only predicts 

customer behavior more accurately but also unveils deeper insights into customer emotions and expectations, paving the way for 

more personalized and effective banking services. 

3.2 Data Collection and Preprocessing 

Data Sources: The data used in this study is compiled from three primary sources, providing a comprehensive view of customer 

behaviors and preferences within the banking sector. Firstly, transactional data is obtained from internal banking records, 

encompassing detailed information such as transaction amounts, dates, and transaction channels, including online banking, mobile 

applications, ATMs, and physical branch interactions. Secondly, qualitative data is gathered through customer feedback collected via 

structured surveys, customer support interactions, and unsolicited online reviews. This feedback offers direct insight into customer 

satisfaction, concerns, and sentiments regarding banking services. Lastly, digital interaction data is sourced from logs generated by 

user activities on web platforms, mobile applications, and social media engagement, capturing customers' digital behaviors, 

preferences, and interaction patterns. Integrating these diverse data streams facilitates a holistic analysis, enabling banks to gain 

nuanced insights and strategically enhance their customer service offerings. 

• Transactional Data: Internal records including transaction amount, date, and channel. 

• Customer Feedback: Surveys, support channels, and online reviews. 

• Digital Interaction Data: Web, mobile, and social media logs. 

Data Processing: The data processing phase involves meticulous preparation of the collected datasets to ensure accuracy, 

reliability, and usability for subsequent analytical steps. Initially, data cleaning procedures are rigorously applied, encompassing the 

identification and removal of duplicate records to avoid redundancy and bias. Missing values are systematically addressed using 

appropriate techniques such as imputation or exclusion, depending on the context and significance of the data gaps. Additionally, 

outlier detection methods are implemented to identify and handle anomalous data points that could skew analytical outcomes. 

Following the cleaning stage, data transformation processes are undertaken to enhance analytical effectiveness. These include 

standardizing data formats to ensure consistency across different data sources and performing feature engineering tasks—such as 

converting textual customer feedback into quantifiable sentiment scores using text-processing techniques like Term Frequency-

Inverse Document Frequency (TF-IDF). Such transformations convert qualitative insights into structured numerical data, facilitating 

integration with quantitative analyses and enabling more robust and comprehensive analytical results. 

• Cleaning: Removing duplicates, handling missing values, and outlier detection. 

• Transformation: Standardizing formats and feature engineering (e.g., converting feedback to sentiment scores using TF-

IDF). 

3.3 Analytical Tools and Techniques 

Customer Segmentation 

Customers are segmented using the K-means clustering algorithm. In addition to the Euclidean distance: 

 

𝑑(𝑥, 𝑦) = √∑(𝑥𝑖 − 𝑦𝑖)2

𝑛

𝑖−1

                    (3.1) 

we introduce the Silhouette Score to evaluate clustering quality: 

𝑠(𝑖) =
𝑏(𝑖) − 𝑎(𝑖)

𝑚𝑎𝑥(𝑎(𝑖), 𝑏(𝑖))
                   (3.2) 

where a(i) is the average distance between a data point and all other points in the same cluster, and b(i) is the minimum average 

distance to points in a different cluster. 
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A sensitivity analysis is conducted to determine the optimal number of clusters (see Table 5). 

Predictive Modeling 

A logistic regression model is used to predict customer churn, defined as: 

𝑙𝑜𝑔𝑖𝑡(𝑝) = 𝑙𝑛(
𝑝

1 − 𝑝
) = 𝛽0 + 𝛽1𝑋1+. . +𝛽𝑛𝑋𝑛                     (3.3) 

where ppp is the probability of churn, Xi are the predictors, and βi are the coefficients. In addition, we evaluate model performance 

using the F1-Score: 

𝐹1 =
2 𝑥 𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 𝑥 𝑅𝑒𝑐𝑎𝑙𝑙

𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 +  𝑅𝑒𝑐𝑎𝑙𝑙
                     (3.4) 

Beyond logistic regression, two ensemble methods are introduced: 

 Random Forest: An ensemble of decision trees, where the prediction is given by: 

𝑦̂ =
1

𝑀
∑ ℎ𝑚

𝑀

𝑚=1

(𝑥)                     (3.5) 

 Gradient Boosting: A sequential ensemble technique that minimizes prediction error through iterative refinement. 

 

𝐹𝑚(𝑥) = 𝐹𝑚−1(𝑥) + 𝑦 𝑚ℎ𝑚(𝑥)                     (3.6) 

Sentiment Analysis 

Sentiment analysis is performed on customer feedback using NLP techniques. In this enhancement, TF-IDF weighting is applied: 

𝑇𝐹 − 𝐼𝐷𝐹𝑡,𝑑 = 𝑇𝐹𝑡,𝑑𝑥 log (
𝑁

𝐷𝐹𝑡

)                   (3.7) 

where TFt,d is the term frequency in document d, N is the total number of documents, and DFt is the document frequency of 

term t 

3.4 Model Evaluation 

Evaluation Metrics: The performance of predictive models employed in this study is assessed through a robust evaluation 

framework that leverages multiple classification metrics and cross-validation techniques. Specifically, classification metrics—

including Accuracy, Precision, Recall, F1-score, and Area Under the Receiver Operating Characteristic Curve (AUC-ROC)—are 

computed to provide comprehensive insights into model effectiveness. Accuracy measures the proportion of correctly classified 

instances, while Precision evaluates the accuracy of positive predictions, and Recall assesses the model’s ability to identify true 

positives effectively. The F1-score, which is the harmonic mean of Precision and Recall, balances these two measures, offering a 

more nuanced understanding of model performance, particularly in scenarios with imbalanced datasets. Furthermore, the AUC-ROC 

metric assesses the discriminative capability of the predictive models, illustrating their effectiveness in distinguishing between 

positive and negative classes. To further ensure robustness and generalizability of results, a 10-fold cross-validation approach is 

implemented. This involves partitioning the dataset into ten subsets, iteratively using nine subsets for training and one subset for 

testing, and averaging the performance metrics across all iterations. This rigorous validation process helps prevent overfitting, 

ensuring that the models yield reliable and generalizable predictions across different subsets of data. 

• Classification Metrics: Accuracy, Precision, Recall, F1-score, and AUC-ROC. 

• Cross-Validation: k-fold cross-validation (with k = 10) to assess robustness and prevent overfitting. 

Comparative Analysis: We compare the performance of four predictive models, as summarized in Table 3. 

IV. EXPERIMENTAL DATA AND RESULTS 

4.1 Synthetic Experimental Dataset 

A synthetic dataset with 10,000 records simulates real-world banking data. Key variables include Customer_ID, Transaction_Date, 

Transaction_Amount, Channel, Customer_Feedback, and Sentiment. An excerpt is shown in Table 1. 

Table 1. Sample of Synthetic Banking Data 

Customer_ID Transaction_Date Transaction_Amount Channel Customer_Feedback Sentiment 
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10234 2023-11-25 325.75 Mobile "Quick and 

seamless mobile 

experience." 

Positive 

10567 2023-11-26 890.50 Web "User-friendly 

online banking 

interface." 

Positive 

10987 2023-11-27 450.20 Branch "Long waiting times 

at the branch." 

Negative 

11234 2023-11-28 1500.00 ATM "ATM service is 

often unavailable." 

Neutral 

11567 2023-11-29 275.30 Mobile "Efficient, but room 

for improvement." 

Negative 

4.2 Model Performance 

The predictive models are evaluated using 10-fold cross-validation. Table 2 (original) reports the performance for the logistic 

regression model. 

Table 2. Performance for the logistic regression 

Metric Value 

Accuracy 0.87 

Precision 0.84 

Recall 0.82 

F1-Score 0.83 

AUC-ROC 0.90 

 

Table 3. Comparative Analysis of Predictive Models 

Predictive Model Accuracy Precision Recall F1-Score AUC-ROC 

Logistic Regression 0.87 0.84 0.82 0.83 0.90 

Decision Tree 0.84 0.80 0.78 0.79 0.88 

Random Forest 0.89 0.86 0.84 0.85 0.92 

Gradient Boosting 0.90 0.88 0.85 0.86 0.93 

These results indicate that ensemble methods (Random Forest and Gradient Boosting) outperform the baseline logistic regression 

model, with higher overall discriminative power as reflected by the AUC-ROC values. 

4.3 Clustering Results and Sensitivity Analysis 

Customer segmentation was conducted using the K-means clustering algorithm with an initial choice of four clusters (k=4). 

The clustering algorithm grouped customers based on transaction behavior, specifically focusing on average transaction amount 

and the distribution of feedback sentiment, resulting in four distinct customer segments. These segments, summarized in detail 

in Table 4, reveal clear behavioral and experiential differences across customer groups. 

Table 4. Customer Segmentation Results 

Cluster Average 

Transaction 

Amount 

% 

Positive 

Feedback 

% 

Neutral 

Feedback 

% 

Negative 

Feedback 

1 $200.50 75% 15% 10% 

2 $450.00 60% 20% 20% 

3 $1250.75 85% 10% 5% 

4 $600.30 55% 25% 20% 

The resulting clusters illustrate varying customer profiles clearly. Specifically, Cluster 3 represents high-value customers with 

significantly larger average transaction amounts ($1,250.75) coupled with overwhelmingly positive feedback (85%), indicating 

a premium segment with high satisfaction and loyalty. Conversely, Cluster 4 and Cluster 2 exhibit moderate transaction 

amounts but notably higher percentages of neutral and negative feedback (20-25%), suggesting potential areas for customer 

experience improvement. Cluster 1, characterized by lower transaction amounts, maintains relatively high positive feedback 

(75%), reflecting satisfaction despite lower transaction engagement. 

To validate the robustness and appropriateness of the chosen number of clusters (k=4k=4k=4), a sensitivity analysis was 

conducted. We systematically evaluated alternative numbers of clusters (k=3, k=4, and k=5k=5) using quantitative metrics 

including the Silhouette Score, average intra-cluster distance, and average inter-cluster distance, as detailed in Table 5. 

 

 

http://www.jetir.org/


© 2025 JETIR August 2025, Volume 12, Issue 8                                                        www.jetir.org (ISSN-2349-5162) 

 

JETIR2508523 Journal of Emerging Technologies and Innovative Research (JETIR) www.jetir.org f170 
 

Table 5. Sensitivity Analysis of Clustering Parameters 

Number of Clusters (k) Silhouette Score Average Intra-Cluster 

Distance 

Average Inter-Cluster 

Distance 

3 0.55 0.75 1.20 

4 0.62 0.70 1.15 

5 0.58 0.72 1.18 

The sensitivity analysis revealed that the four-cluster solution (k=4) achieved the highest Silhouette Score (0.62), indicating an 

optimal balance between cluster cohesion (low intra-cluster distance of 0.70) and separation (high inter-cluster distance of 1.15). 

These metrics demonstrate that the selected four-cluster model effectively captures distinct customer behaviors and feedback 

patterns, providing actionable insights that banks can utilize to develop tailored customer service strategies. 

 

5. DISCUSSION 

The enhanced experimental results presented in this study clearly underscore the substantial benefits of integrating a broader array 

of predictive models and employing more comprehensive evaluation metrics. Specifically, ensemble methods, such as Random 

Forest and Gradient Boosting, demonstrated superior predictive performance in forecasting customer churn compared to traditional 

methods like logistic regression. Their inherent ability to capture complex interactions among features resulted in improved 

accuracy, precision, and overall discriminative power, as evidenced by significantly higher AUC-ROC scores. Additionally, the 

inclusion of the silhouette score as part of the clustering evaluation process provided a more rigorous and objective measure of 

clustering effectiveness, ensuring that customer segments were not only statistically coherent but also practically meaningful. 

Moreover, the application of TF-IDF weighted sentiment analysis greatly enhanced the qualitative dimension of the analysis by 

accurately quantifying nuanced customer sentiments embedded in textual feedback. This allowed for deeper, more refined 

interpretations of customer experiences, complementing the quantitative insights derived from predictive analytics. Collectively, 

these methodological improvements reinforce the value and necessity of adopting a multi-model analytical approach, emphasizing 

that sensitivity analyses and comprehensive performance evaluations are crucial for delivering actionable insights in real-world 

banking scenarios. 

6. CONCLUSION 

This study significantly reinforces the transformative potential of big data analytics within the banking sector by effectively 

integrating advanced predictive models and comprehensive evaluation methodologies. By combining classical analytical 

approaches, such as logistic regression and decision trees, with advanced ensemble methods, including Random Forest and Gradient 

Boosting, the enhanced analytical framework delivers improved accuracy and robustness in predicting critical customer behaviors, 

such as churn. Moreover, the refined approach to clustering evaluation, utilizing metrics such as the silhouette score, ensures that 

customer segmentation is both statistically rigorous and practically meaningful, enabling more targeted and effective customer 

engagement strategies. Additionally, the incorporation of sentiment analysis enhanced through TF-IDF weighting adds depth to 

customer insights by capturing subtle emotional nuances within qualitative feedback. Collectively, these elements form a powerful, 

integrated toolset that banks can leverage to optimize service quality and customer satisfaction. For future research, exploring real-

time data integration to facilitate dynamic, responsive analytics and applying deep learning methodologies could further advance 

predictive accuracy, enabling banks to derive even richer and more immediate insights into customer behavior and preferences. 
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