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[bookmark: _Toc238490320]Abstract
AI-enabled digital banking is expanding; however, there remains limited understanding of how customers’ perceptions of AI competencies influence satisfaction and continued usage. This study examined the relationships between Perceived AI Competencies (PAC), Customer Satisfaction (CS), and Continuance Intention (CI) among users of AI-enabled digital banking services in India. Convenience sampling was used in a quantitative, deductive, cross-sectional survey methodology. Using SPSS, descriptive statistics, reliability, correlation, and regression analysis were performed on data from 51 valid respondents. The findings demonstrated that while customer satisfaction had a large impact on continuing intention, PAC had a considerable and positive affect on both. H1, H2, and H3 were therefore supported. Further regression analysis revealed data that supported customer satisfaction's partly mediating function in the association between PAC and continuance intention. Overall, the study offers empirical data from sampled users in India and emphasises the significance of customers' perceptions of AI competency and happiness in promoting the ongoing usage of AI-enabled digital banking services.
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[bookmark: _Toc238490321]Chapter 1 Introduction 
1.1 [bookmark: _Toc238490322]Background of the study 
The use of cutting-edge digital technologies has accelerated due to the Fourth Industrial Revolution (Industry 4.0), radically altering how businesses function and provide value. Artificial intelligence (AI), one of these technologies, has become a major force behind digital transformation by boosting organisational performance, facilitating data-driven decision-making, and increasing operational efficiency. The banking sector has experienced particularly rapid AI adoption as financial institutions increasingly integrate intelligent technologies to revolutionise service delivery and respond to changing customer expectations for faster, more personalised and convenient banking services. Consequently, traditional service paradigms are being replaced by AI-enabled digital banking in banks. where AI is increasingly viewed as a strategic capability for strengthening competitiveness and sustaining long-term organisational performance (Sheth et al., 2022; Lee, Tang and Jiang, 2023; Bhatnagr, Rajesh and Misra, 2024; Kumar and Manrai, 2024).
The banking industry now heavily relies on artificial intelligence (AI), enabling financial institutions to improve operational efficiency, support decision-making and enhance customer service delivery. In banking, AI integrates technologies such as machine learning, intelligent automation and data analytics to perform financial activities with greater speed and accuracy. These technologies are increasingly applied across customer-facing and operational functions, including chatbot services, fraud detection, credit assessment and personalised financial recommendations, allowing banks to provide more effective, safe, and timely services. As a result, AI has transformed traditional banking operations by improving service quality, operational effectiveness and customer engagement. Nevertheless, AI is meant to support workers rather than take the place of human expertise. by supporting faster, more informed and customer-centred financial service delivery (Lee, Tang and Jiang, 2023; Sheth et al., 2022; Bhatnagr, Rajesh and Misra, 2024; Hussain et al., 2026).
In order to improve service delivery and customer value, artificial intelligence technologies, including machine learning, natural language processing, and predictive analytics, are integrated into digital banking platforms. This is known as "AI-enabled digital banking". AI-enabled banking, in contrast to traditional digital banking, makes use of intelligent technologies to assess consumer data, customise financial services, and facilitate quicker decision-making. It also improves operational efficiency by automating routine processes, reducing errors and enhancing the quality of customer interactions through more responsive and seamless banking experiences. Consequently, AI-enabled digital banking has become a strategic innovation that enables financial institutions to improve organisational performance while strengthening customer experience and maintaining competitiveness in an increasingly digital banking environment (Lee, Tang and Jiang, 2023; Bhatnagr, Rajesh and Misra, 2024; Hussain et al., 2026).
India's fast digital revolution and growing financial technology ecosystem make it a strategically significant environment for studying AI-enabled digital banking. Government programs like Digital India, together with increasing smartphone penetration, internet accessibility and the widespread adoption of the Unified Payments Interface (UPI), have accelerated the use of digital banking services and strengthened financial inclusion. These advancements have prompted banks to incorporate AI technologies into digital banking platforms in order to manage increasing transaction volumes and enhance service efficiency. Consequently, India's rapid AI adoption, large digital banking customer base and evolving financial landscape provide an appropriate setting for investigating how AI competencies influence customer satisfaction and continuance intention towards AI-enabled digital banking services (Kumar and Manrai, 2024; Bhatnagr, Rajesh and Misra, 2024; Prasanth, 2025).
As AI-enabled digital banking continues to change, understanding customer perceptions and post-adoption behaviour has become progressively important for financial institutions. Customer satisfaction and continuance intention are acknowledged as important indicators of the long-term success of AI-enabled banking services. Customers increasingly expect secure, personalised, efficient and convenient digital banking experiences, requiring banks to deliver intelligent and customer-centred services that meet these expectations. When AI-enabled banking services are perceived as reliable and effective, customers are more likely to be satisfied and continue using them. Therefore, examining customer satisfaction and continuance intention is essential for understanding how AI competencies influence customers' continued engagement with AI-powered online banking systems (Lee, Tang and Jiang, 2023; Zulaikha and Faricha, 2026; Hussain et al., 2026).
Artificial intelligence is becoming more widely used in digital banking, which shows that long-term success cannot be guaranteed by technological innovation alone. Instead, financial institutions must understand how AI competencies influence customers' post-adoption behaviour, particularly their satisfaction and willingness to continue using AI-enabled banking services. As banks invest in intelligent technologies to enhance service delivery and remain competitive, customer acceptance and ongoing use are now crucial markers of an effective AI deployment. Against this backdrop, the present study investigates the relationship between AI competencies, customer satisfaction and continuance intention within the Indian banking sector. This study intends to advance knowledge of how AI competencies influence consumers' post-adoption behaviour toward AI-enabled digital banking services by offering empirical data from India's quickly changing digital banking environment. (Bhatnagr, Rajesh and Misra, 2024; Kumar and Manrai, 2024; Hussain et al., 2026).













1.2 [bookmark: _Toc238490323] Research Context 
Financial institutions are now able to provide more intelligent, effective, and customer-focused services because of the quick adoption of artificial intelligence (AI), which has completely changed digital banking. However, the successful operation of AI extends beyond technological investment, as long-term value depends on how customers perceive and continue using AI-enabled banking services. Consequently, for banks looking to improve customer relations and maintain competitiveness in a changing digital landscape, it is becoming more and more crucial to comprehend how AI competencies affect consumers' post-adoption behaviour. Against this background, the present study examines the relationship between AI competencies, customer satisfaction and continuance intention within the Indian banking sector. (Bhatnagr, Rajesh and Misra, 2024; Kumar and Manrai, 2024; Hussain et al., 2026).
With both public and private financial institutions progressively incorporating artificial intelligence (AI) into customer service and operational activities, the Indian banking industry has undergone significant technological development. Leading banks, including the State Bank of India, HDFC Bank, ICICI Bank, Axis Bank and Kotak Mahindra Bank, have adopted AI-powered solutions such as virtual assistants, intelligent automation and machine learning to improve service efficiency, operational performance and customer engagement. These applications enable banks to provide faster customer support, streamline internal processes, reduce operational errors and deliver more personalised banking services. Consequently, AI has become a critical component of digital banking in India, supporting financial institutions in meeting the growing expectations of digitally connected customers while strengthening service quality and operational effectiveness (Sheth et al., 2022; Bhatnagr, Rajesh and Misra, 2024; Kumar and Manrai, 2024; Hussain et al., 2026).
The growth of AI-enabled digital banking in India has been supported by national digital transformation initiatives and advances in digital infrastructure. By increasing digital accessibility and encouraging the use of electronic financial services, the Digital India programme has boosted the adoption of digital technology. Similarly, the introduction of the Unified Payments Interface (UPI) has transformed digital payments by enabling secure and real-time financial transactions. The adoption of digital financial services has increased nationwide as a result of these advancements, FinTech's explosive expansion, rising smartphone penetration, and expanded internet access. As a result, India has developed a strong digital banking ecosystem that supports the broader application of AI-enabled banking services while promoting greater financial inclusion and technological innovation (Kumar and Manrai, 2024; Bhatnagr, Rajesh and Misra, 2024; Sharma, 2026).
Even though AI-enabled digital banking is expanding quickly in India, a number of obstacles still stand in the way of its widespread adoption and sustained use. Customer acceptance remains uneven, particularly among users with a low level of digital literacy or a preference for traditional banking services. In addition, concerns regarding cybersecurity, online fraud and data privacy continue to influence customers' trust in AI-enabled banking platforms. Due to these difficulties, financial institutions must offer safe, dependable, and customised banking services that satisfy a wide range of customer demands. Therefore, understanding the factors that influence customer satisfaction and continuance intention is essential for ensuring the long-term success of AI-enabled digital banking in India (Sharma, 2026; Sharma and Singh, 2024; Hussain et al., 2026; Sheth et al., 2022).

1.3 [bookmark: _Toc238490324] Research Problem 
The banking sector has made significant investments in cutting-edge digital technology, with artificial intelligence (AI) emerging as a key tool for enhancing consumer interaction and service delivery. Chatbots, personalised financial suggestions, fraud detection systems, automated customer service, and intelligent decision-making tools are just a few of the AI-enabled applications that banks are progressively implementing. to enhance operational efficiency, customer experience and competitive advantage. However, despite these investments, improvements in customer satisfaction and continued use of AI-enabled banking services have not been consistently attained. As a result, financial institutions continue to face uncertainty about which AI competencies create meaningful customer value and encourage customers to continue using AI-enabled digital banking services. Dealing with this problem is a significant practical challenge, as banks seek to maximise the long-term value and effectiveness of their AI investments.
Existing literature has contributed significantly to understanding the application of artificial intelligence (AI) in the banking sector by examining themes such as AI adoption, digital banking adoption, chatbot implementation, customer trust, service quality, customer satisfaction and customer experience. These studies have improved understanding of the technological and behavioural factors influencing customers' adoption and use of AI-enabled banking services, highlighting AI's growing role in enhancing banking operations and customer interactions (Othayoth and Khanna, 2024; Shah and Champaneri, 2024). However, instead of looking at AI competencies as a more comprehensive organisational capability, the majority of current research concentrates on individual AI applications or certain technology-related dimensions, such as chatbot service quality, trust, and technology uptake. Consequently, current knowledge remains predominantly technology-focused, providing limited understanding of how AI competencies influence customers' post-adoption behaviour and overall experience with AI-enabled digital banking services.
Despite the valuable contributions of previous studies, important gaps remain in the existing literature. Current research has primarily examined AI adoption, technology acceptance, customer trust, service quality and individual AI applications, with limited attention given to AI competencies as a comprehensive organisational capability. Instead of viewing AI as an integrated capability that affects customer outcomes, the majority of empirical research conceptualises AI through certain technology features or individual AI dimensions. In addition, there is slight empirical data to determine whether consumers' perceptions of AI skills increase customer happiness and, in turn, reinforce their intention to stick with AI-enabled digital banking services. Therefore, the relationships between AI competencies, customer satisfaction and continuance intention remain inadequately investigated, highlighting the need for further empirical investigation within the banking sector (Santana and Díaz-Fernández, 2023; Lee and Zhou, 2025).
Theoretically, current models offer insightful information about how consumers use technology, but they fall short of explaining the intricacy of AI-enabled digital banking services. The Technology Acceptance Model (TAM) explains technology acceptance through perceived usefulness and perceived ease of use, while the Expectation Confirmation Model (ECM) explains continuance behaviour based on expectation confirmation and post-adoption satisfaction (Davis, 1989; Bhattacherjee, 2001). Despite the fact that both theories are frequently used in research on digital banking, they mainly describe technology adoption and continuance behaviour rather than how consumers' perceptions of AI skills affect their happiness and continued usage of AI-enabled financial services. Therefore, using either theory independently provides only a partial explanation of customer behaviour.
However, although Indian studies have examined AI-enabled customer experience, digital literacy, trust, service quality and customer satisfaction, evidence remains limited regarding customers’ perceptions of AI competencies as an integrated construct and their influence on satisfaction and continuance intention (Salman and Chaya, 2026; Kasinathan, Sampath and Sampath, 2024). Moreover, findings from studies conducted in China, Indonesia and Pakistan may not be directly generalisable to India because digital infrastructure, customer behaviour, regulation and banking practices differ across national settings. Therefore, context-specific empirical investigation is required to explain how perceived AI competencies shape customer satisfaction and continued usage of AI-enabled digital banking services in India.
1.4 [bookmark: _Toc238490325] Research Aim 
The purpose of this study is to look at how AI competences affect customer satisfaction and intention to stick with AI-enabled digital banking services in India.
1.5 [bookmark: _Toc238490326] Research Objectives 
1. To explore customers' perceptions of AI competencies in AI-enabled digital banking services. 
2. To investigate the influence of AI competencies on customer satisfaction towards AI-enabled digital banking services. 
3. To examine the influence of AI competencies on customers' continuance intention towards AI-enabled digital banking services. 
4. To examine the relationship between customer satisfaction and customers' continuance intention towards AI-enabled digital banking services. 
5. To provide practical recommendations for banks to strengthen AI competencies to improve customer satisfaction and encourage customers' continuance intention towards AI-enabled digital banking services.
1.6 [bookmark: _Toc238490327] Research Question 
[bookmark: _Toc238490328]Main Research Question
How do AI competencies influence customer satisfaction and continuance intention towards AI-enabled digital banking services in India?
[bookmark: _Toc238490329]Sub-questions
1. What are customers' perceptions of AI competencies in AI-enabled digital banking services?
2. How do AI competencies influence customer satisfaction towards AI-enabled digital banking services?
3. How do AI competencies influence customers' continuance intention towards AI-enabled digital banking services?
4. What is the relationship between customer satisfaction and customers' continuance intention towards AI-enabled digital banking services?
5. How can AI competencies contribute to improving customer satisfaction and continuance intention towards AI-enabled digital banking services?
1.7 [bookmark: _Toc238490330] Research Hypotheses

· H₀₁ (Null Hypothesis)
AI competencies have no significant influence on customer satisfaction towards AI-enabled digital banking services.
H₁ (Alternative Hypothesis)
AI competencies have a significant positive influence on customer satisfaction towards AI-enabled digital banking services.

· H₀₂ (Null Hypothesis)
AI competencies have no significant influence on customers' continuance intention towards AI-enabled digital banking services.
H₂ (Alternative Hypothesis)
AI competencies have a significant positive influence on customers' continuance intention towards AI-enabled digital banking services.

· H₀₃ (Null Hypothesis)
Customer satisfaction has no significant influence on customers' continuance intention towards AI-enabled digital banking services.
H₃ (Alternative Hypothesis)
Customer satisfaction has a significant positive influence on customers' continuance intention towards AI-enabled digital banking services.
1.8 [bookmark: _Toc238490331] Significance of the study 
Academic research has focused more on topics including technology adoption, customer trust, chatbot performance, service quality, and customer experience within digital banking as AI adoption continues to grow (Shah and Champaneri, 2024; Othayoth and Khanna, 2024). Nevertheless, relatively little empirical study has looked into AI competencies as an integrated organisational capability that influences customer satisfaction and continuance intention. Furthermore, while previous studies have predominantly explored AI from a technology adoption perspective, limited attention has been given to understanding how customers' perceptions of AI competencies influence post-adoption behaviour. By integrating the Technology Acceptance Model (TAM) and the Expectation Confirmation Model (ECM), this study extends the existing body of knowledge by providing a more comprehensive understanding of the relationship between AI competencies, customer satisfaction and continuance intention within AI-enabled digital banking services (Santana and Díaz-Fernández, 2023; Ikhsan et al., 2025).
The findings of this study are expected to provide valuable practical implications for banks and financial institutions implementing AI-enabled digital banking services. Financial institutions continue to invest substantially in AI technologies to improve operational efficiency, personalise customer interactions and strengthen their competitive position. Nevertheless, banks often face uncertainty about which AI competencies most significantly contribute to customer satisfaction and encourage customers to continue using AI-enabled banking services. By identifying the AI competencies that have the greatest influence on customer satisfaction and continuance intention, this study will provide evidence-based insights that can assist banks in prioritising AI investments, improving service delivery and developing more customer-centred AI strategies. These results may also help financial institutions maintain a sustainable competitive edge in an increasingly digital banking market while fostering long-term client connections. (Al Sharif, 2026; Othayoth and Khanna, 2024).
Additionally, the study has significant consequences for financial regulators and legislators who oversee the use of AI in the banking sector. As India continues to accelerate digital transformation through initiatives promoting digital financial services, ensuring the responsible implementation of AI has become increasingly important. The findings of this research may assist the Reserve Bank of India (RBI), policymakers and regulatory authorities in developing governance frameworks that encourage transparent, ethical and customer-focused application of AI. In addition, the study may contribute to future policy development relating to responsible AI, consumer security, data privacy, and AI governance, ultimately fostering increased public confidence in financial services enabled by AI (Shah and Champaneri, 2024; Shaikh et al., 2024).
By offering data that can help banks enhance AI-enabled financial services, this study is anticipated to produce significant benefits for banking clients. A better understanding of AI competencies may enable financial institutions to deliver more personalised, responsive and accessible banking experiences. Enhanced AI capabilities can provide customers with faster support, more accurate financial recommendations and convenient banking services that are available anytime and anywhere. Furthermore, strengthening customer trust in AI-enabled banking may increase with AI competencies. increase satisfaction with digital banking experiences and encourage the long-term adoption and continued use of AI-enabled banking services (Othayoth and Khanna, 2024; Shaikh et al., 2024).
1.9 [bookmark: _Toc238490332] Scope and Delimitations of the Study
This study looks into how AI competencies affect customer satisfaction and continuance intention towards AI-enabled digital banking services from the perspective of banking customers. It focuses on understanding how retail banking customers perceive AI competencies and how these perceptions influence their satisfaction and intention to continue using AI-enabled digital banking services. Geographically, the study is limited to retail bank customers in India. A quantitative research design is adopted to collect empirical evidence using a structured questionnaire, with data collected anonymously from participants. The study focuses exclusively on customers' perceptions and experiences, offering information on how post-adoption behaviour is influenced by AI skills in the context of Indian digital banking.
The scope of this study is defined by a number of intentional delimitations. First, the research is geographically confined to India and does not include banking customers from other countries. Second, the study investigates only retail banking customers and excludes bank employees, managers and other organisational stakeholders. Third, the research focuses exclusively on AI-enabled digital banking services and does not examine traditional banking services or other financial technologies. Furthermore, the study adopts a cross-sectional quantitative research design, collecting data at a single point in time through a structured questionnaire. Convenience sampling is employed to recruit participants, and the study does not compare different banking institutions or undertake a longitudinal analysis of customer behaviour. These limitations are intended to maintain a clear research focus and ensure that the study remains aligned with its research aim and objectives.
1.10 [bookmark: _Toc238490333]Chapter Summary
The significance of artificial intelligence (AI) in the digital banking industry was established in this chapter, along with the reasons why, from the standpoint of Indian banking customers, AI competencies have grown in relevance. The chapter presented the background and context of the study and identified the practical and academic problems that motivated the research. It further discussed the existing literature and theoretical and contextual limitations, demonstrating the need for further empirical investigation into the influence of AI competencies on customer satisfaction and continuance intention towards AI-enabled digital banking services. In addition, the chapter outlined the overall research framework by presenting the research aim, objectives, research questions and hypotheses that guide the study. Along with outlining the study's boundaries and scope, it also discussed the research's academic, practical, policy, and customer importance. Collectively, these elements provide a clear foundation for the research and establish the direction of the investigation. The next chapter presents a critical review of the existing literature relating to AI-enabled digital banking, AI competencies, customer satisfaction and continuance intention. Before creating the conceptual framework and theoretical support for the suggested study hypotheses, it also looks at the underlying theories, specifically the Technology Acceptance Model (TAM) and the Expectation Confirmation Model (ECM).













[bookmark: _Toc238490334]Chapter 2 Literature Review
[bookmark: _Toc238490335]2.1 Introduction 
This chapter lays out the theoretical and empirical framework for the study and provides a critical analysis of the body of research on the subject. In order to create a thorough grasp of the present state of research within AI-enabled digital banking, the chapter critically assesses, contrasts, and synthesises the corpus of existing information rather than offering a descriptive summary of earlier studies. With this critical assessment, the chapter identifies established knowledge, highlights areas of agreement and disagreement among previous studies, examines methodological differences and identifies limitations that remain insufficiently addressed in the existing literature. As a result, the literature review offers a strong defence of the study by highlighting the need for more research on how AI competencies affect consumer satisfaction and intention to continue using AI-enabled digital banking services.
Throughout the chapter, previous studies are critically compared to identify similarities, differences, methodological approaches and empirical findings, rather than being presented as individual summaries. The chapter concludes by identifying the research gap, developing the conceptual framework and providing the theoretical justification for the proposed research hypotheses that underpin this study.
[bookmark: _Toc238490336]2.2 AI-enabled digital banking 
Digital platforms and, more recently, AI-enabled banking ecosystems have replaced branch-based service delivery in the banking sector. This transformation extends beyond the automation of routine transactions, with artificial intelligence (AI) increasingly serving as a strategic organisational capability that enables banks to analyse customer data, anticipate financial needs, improve service delivery and strengthen competitive advantage (Gallego-Gomez and De-Pablos-Heredero, 2020; Vousinas and Saluja, 2025). However, the transition from conventional digital banking to AI-enabled banking is not consistent across all markets. Evidence from developing nations indicates that organisational preparedness, digital infrastructure, customer knowledge, and the availability of human support for sophisticated financial services are all important factors in determining how effective AI is. (Sheth et al., 2022). Therefore, AI-enabled digital banking should be viewed as the integration of technological intelligence, organisational capability and customer-centred service delivery rather than simply the automation of traditional banking activities.
Studies have shown that factors such as perceived usefulness, perceived ease of use, trust, security and personalisation influence customers' adoption, satisfaction and continued use of AI-enabled banking services (Sharma and Singh, 2024; Othayoth and Khanna, 2024; Hasan et al., 2026; Bhatnagr, Rajesh and Misra, 2024). However, rather than AI capabilities as an integrated organisational competence, the majority of research concentrates on single AI applications or technology-specific aspects. Consequently, limited empirical evidence explains how cognitive, relational and emotional AI competencies collectively influence customer satisfaction and continuance intention. While recent research has broadened the definition of AI skills, it primarily focuses on organisational innovation or financial well-being rather than client outcomes in AI-enabled digital banking. (Lee and Zhou, 2025; Santana and Díaz-Fernández, 2023). Therefore, a clearer understanding of how integrated AI competencies shape customers' post-adoption behaviour remains necessary.
The majority of the literature agrees that AI-enabled digital banking has a lot to offer consumers and financial institutions. By automating repetitive operations, enhancing fraud detection, boosting predictive analytics, and providing tailored financial suggestions, AI technologies increase operational efficiency. (Ashrafuzzaman et al., 2025; Hasan et al., 2026). In addition, many customers continue to prefer human support for complex financial decisions, suggesting that AI complements rather than replaces human expertise (Sheth et al., 2022; Kumar and Manrai, 2024). These results show that the success of AI-enabled digital banking hinges on institutions' capacity to create clear, trustworthy and customer-centred AI systems, reinforcing the importance of examining AI competencies in the present study.
Even though the amount of research on AI-enabled digital banking is increasing, the methodological approaches used in previous studies are comparable. Most have adopted quantitative, cross-sectional survey designs with convenience sampling to examine technology adoption, customer trust, service quality and customer experience within single-country settings (Sharma and Singh, 2024; Othayoth and Khanna, 2024; Hasan et al., 2026). Although these studies provide valuable insights, their methodological focus limits the wider applicability of the findings across different banking contexts and customer groups. Moreover, most research continues to examine individual AI applications or technology acceptance factors rather than AI competencies as an integrated organisational capability influencing post-adoption outcomes. While a small number of recent studies have explored AI competencies, empirical evidence remains limited, particularly in the Indian banking sector (Lee and Zhou, 2025; Santana and Díaz-Fernández, 2023). ṣ
[bookmark: _Toc238490337]2.3 Artificial Intelligence Competencies 
'Artificial Intelligence' (AI) competencies refer to organisational knowledge and go beyond the use of AI technologies. Capabilities and strategic routines required to create value from AI. Rather than viewing AI as a collection of algorithms or automated tools, recent literature conceptualises AI competencies as an organisation's ability to integrate, manage and continuously improve AI resources in line with strategic objectives (Lee and Zhou, 2025; Santana and Díaz-Fernández, 2023). Sustainable competitive advantage depends more on an organisation's capacity to integrate, coordinate, and optimise AI throughout its operations than on AI adoption itself as these technologies become more widely available. Consequently, the literature has shifted from viewing AI as a technological resource to recognising AI competencies as a strategic capability that supports innovation, long-term value creation and customer-centred service delivery (Gallego-Gomez and De-Pablos-Heredero, 2020).
According to recent research, AI competences are a multifaceted notion that integrates organisational, human, and technological capabilities. Commonly identified dimensions include cognitive, analytical, relational, emotional and adaptive competencies. Cognitive and analytical competencies enable organisations to process data, generate insights and support informed decision-making, while relational and emotional competencies enhance human–AI collaboration, strengthen customer trust and improve service interactions (Lee and Zhou, 2025). An organisation's ability to modify AI applications, procedures, and resources in response to evolving technology and shifting consumer demands is reflected in its adaptive competency. While scholars disagree on the relative significance of these factors, some prioritise technical and analytical skills, while others point to organisational culture and productive human-AI cooperation as the primary factors influencing AI performance. Nevertheless, the literature consistently suggests that technological capability alone is insufficient and that sustainable AI performance depends on the effective integration of technical, organisational and human capabilities (Santana and Díaz-Fernández, 2023; Gallego-Gomez
An increasing amount of empirical research shows that AI competencies positively influence both organisational performance and customer outcomes. Strong AI competencies enable banks to improve service quality, deliver personalised financial recommendations, enhance operational efficiency and create better customer experiences, leading to higher levels of customer satisfaction and loyalty (Hasan et al., 2026; Othayoth and Khanna, 2024). Additionally, research indicates that dependable AI performance and productive customer interactions boost trust, which in turn motivates customers to stick with AI-enabled banking services (Sharma and Singh, 2024). Empirical results, however, are still conflicting. Some researchers argue that limited transparency, empathy and responsiveness in AI systems can reduce customer confidence, whereas others highlight the influence of cultural context and customer expectations on perceptions of AI-enabled services and their outcomes (Ni, 2024; Sheth et al., 2022). These contrasting findings suggest that the relationship between AI competencies and customer outcomes is more complex than previously recognised and requires further empirical investigation.
Although research on AI competencies has grown in recent years, several methodological limitations remain. Most empirical studies employ quantitative, cross-sectional survey designs with convenience sampling, providing evidence from a single point in time rather than capturing how AI competencies develop over time. Furthermore, numerous dimensions and scales have been used to test AI competencies, which has led to conflicting results and the lack of a commonly used measuring framework. (Lee and Zhou, 2025; Santana and Díaz-Fernández, 2023). The research that is now available is also mostly derived from situations outside of India or concentrates on organisational skills rather than how customers view AI talents. Consequently, limited empirical research explains how customers' perceptions of AI competencies influence customer satisfaction and continuance intention in AI-enabled digital banking within the Indian context. These methodological and contextual limitations provide a clear justification for the present study and lead to the following discussion of customer satisfaction.
[bookmark: _Toc238490338]2.4 Customer Satisfaction
Customer satisfaction is widely recognised as one of the most important indicators of organisational success because satisfied customers are more likely to continue using a service and develop long-term relationships with the provider. Because consumers entrust financial institutions with their money and demand services that are safe, dependable, accurate, and responsive, customer satisfaction is especially crucial in the banking industry. As banking services become increasingly AI-enabled, customers also expect AI systems to deliver timely assistance, personalised recommendations and consistent service without errors or unnecessary complexity. Previous studies suggest that efficient service delivery, responsiveness, reliability and trust positively influence customer satisfaction, which subsequently encourages customers to continue using digital banking services (Othayoth and Khanna, 2024; Sharma and Singh, 2024; Hasan et al., 2026). Thus, a crucial post-adoption result for assessing the efficacy of AI-enabled banking services is customer happiness.
Although many studies report a positive relationship between AI-enabled banking and customer satisfaction, the findings are not universally consistent. Concerns over data privacy, transaction security, the transparency of AI decision-making, or the precision of AI-generated suggestions may keep customers unhappy. In addition, some customers continue to prefer human interaction for complex or sensitive financial matters, indicating that technological efficiency alone does not guarantee positive customer experiences (Ni, 2024; Sheth et al., 2022). These contrasting findings suggest that customer satisfaction depends not only on the presence of AI but also on how effectively AI systems interact with customers. 
Comparatively little attention has been given to whether AI competencies themselves contribute to customer satisfaction. In addition, existing evidence is largely based on cross-sectional studies conducted outside the Indian banking context, limiting understanding of how customers perceive AI competencies in one of the world's fastest-growing digital banking markets. Finding the services that best increase customer satisfaction has become more crucial as Indian banks continue to increase their investment in AI technologies. This gap provides a clear justification for the present study and leads to the subsequent discussion of continuance intention.
[bookmark: _Toc238490339]2.5 Continuance Intention 
Continuance intention refers to a customer's willingness to continue using a service after initial adoption. Within AI-enabled digital banking, it reflects customers' intention to repeatedly use AI-driven banking services because they perceive them as valuable, reliable and beneficial. For financial institutions, continuance intention is particularly important because long-term customer retention contributes more to organisational performance than one-time service adoption. Instead of depending only on initial acceptance, banks want to motivate customers to continue using AI-enabled services on a daily basis.
Customer satisfaction has a positive impact on continuing intention, according to numerous research studies; however, this link is not necessarily consistent across various banking scenarios. Customers are more likely to continue using AI-enabled banking when they perceive the service as trustworthy, useful, convenient and capable of meeting their financial needs. Conversely, concerns regarding data privacy, transaction security Even when AI systems provide operational advantages, erroneous AI replies and little human engagement may deter continuous use. (Ni, 2024; Sheth et al., 2022). These conflicting results imply that customers' overall experiences with AI-enabled banking, rather than just technological efficiency, determine their decision to continue. Therefore, the quality of AI-driven interactions remains an important consideration in encouraging long-term customer engagement.
[bookmark: _Toc238490340]2.6 Technology Acceptance Model (TAM)
The Technology Acceptance Model (TAM), developed by Davis (1989), is one of the most widely used theories for explaining how individuals accept or reject new technologies. According to the paradigm, users' opinions of a technology's utility and usability determine whether or not they adopt it. TAM offers a suitable theoretical framework for comprehending consumers' acceptance of AI-enabled banking services because AI is an advanced digital technology. Within the banking context, the model helps explain whether customers are willing to adopt AI-driven services and engage with AI technologies as part of their everyday banking activities. Consequently, TAM has been extensively applied in digital banking research to explain customers' initial adoption of emerging technologies.
Perceived utility and perceived ease of use are the two main concepts that form the foundation of TAM. Perceived usefulness is the degree to which people think that utilising a technology enhances their performance, whereas perceived ease of use is the degree to which the technology is thought to be easy to use. (Davis, 1989). Within digital banking, these constructs are associated with faster transactions, convenient access to banking services, user-friendly interfaces and efficient service delivery. Both conceptions have a favourable impact on technology adoption and, in some situations, consumer satisfaction, according to prior research. But yet, customers' acceptance of technology, as opposed to their post-adoption experiences, is largely explained by TAM. Since the present study focuses on customer satisfaction and continuance intention following AI adoption, TAM alone does not fully explain the research context.
Although TAM provides a strong theoretical foundation for understanding technology acceptance, it offers only a partial explanation of customers' behaviour in AI-enabled digital banking. The model focuses on the factors influencing initial adoption but gives limited attention to post-adoption outcomes such as customer satisfaction and continuance intention. Therefore, relying solely on TAM would not adequately address the objectives of the present study. To overcome this limitation, TAM is combined with the Expectation Confirmation Model (ECM). This describes how consumers assess their post-adoption experiences and determine whether to stick with a technology. When combined, these theories offer a more thorough framework for analysing the connections between customer satisfaction, continuance intention, and AI competences.
[bookmark: _Toc238490341]2.7 Expectation Confirmation Theory (ECM)
The Expectation Confirmation Model (ECM), proposed by Bhattacherjee (2001), explains customers' behaviour after the initial adoption of a technology by examining the factors that influence their intention to continue using it. Unlike the Technology Acceptance Model (TAM), which is mostly concerned with technology adoption, ECM places more attention on ongoing use and post-adoption assessment. Customers should compare their actual experience with their initial expectations, according to the model. And when these expectations are confirmed, they are more likely to be satisfied and continue using the service. Confirmation, perceived utility, customer happiness, and continuing intention are among its fundamental constructs. Within AI-enabled digital banking, ECM provides an appropriate theoretical perspective because customers' long-term use depends not only on adopting AI technologies but also on whether the services continue to meet their expectations and deliver value over time. Consequently, the model has been widely applied in information systems and digital banking research to explain post-adoption behaviour.
Despite its strengths, ECM has several limitations when applied to AI-enabled banking. The model primarily assumes that confirmation and satisfaction are the main drivers of continuance intention, which could oversimplify consumer behaviour in increasingly complicated digital settings. Although not specifically included in the original ECM framework, issues including trust, privacy concerns, security, service quality, and the calibre of AI interactions may potentially have an impact on customers' decisions to stick with AI-enabled banking services. More significantly, ECM does not explain how the capabilities or competencies of AI systems influence customer perceptions and behaviour. As AI becomes increasingly integrated into banking services, understanding AI competencies is essential for explaining customer experiences beyond expectation confirmation alone. As a result, ECM alone cannot offer a thorough explanation of the current findings.

[bookmark: _Toc238490342]2.8 Research Gap 
Previous studies have made significant contributions to understanding customer behaviour in digital banking by examining factors such as service quality, trust, technology acceptance, customer satisfaction, customer loyalty and continuance intention. The Technology Acceptance Model (TAM) has been widely applied to explain customers' adoption of digital banking technologies, while other studies have investigated how satisfaction and trust influence customers' long-term engagement with digital banking services (Davis, 1989; Bhattacherjee, 2001). When taken as a whole, this corpus of work has improved our knowledge of the adoption and ongoing use of digital banking in various situations.
Despite these contributions, several gaps remain within the existing literature. Limited attention has been given to AI competencies as a key independent factor influencing customer behaviour in AI-enabled digital banking. Instead of focusing on AI's capabilities, the majority of earlier research explains continuance intention through factors like trust, customer pleasure, service quality, or technology adoption. Furthermore, TAM primarily explains customers' initial technology adoption, whereas ECM focuses on post-adoption behaviour. Although both theories have been extensively applied individually, relatively few studies have integrated them to investigate AI-enabled digital banking. In addition, empirical evidence examining these relationships within the Indian banking context remains limited despite the increasing adoption of AI technologies by financial institutions.
[bookmark: _Toc238490343]2.9 Conceptual Framework
[image: The diagram depicts a conceptual framework linking Al competencies, customer satisfaction, and continuance intention within Al-enabled digital banking, mediated by Technology Acceptance Model (TAM) and Expectation Confirmation Model (ECM).
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A conceptual framework is a fundamental component of any research study because it provides a visual and theoretical representation of the relationships among the research variables. It enables readers to understand the overall structure and direction of the study by illustrating how the variables are connected and how they contribute to addressing the research problem. The conceptual framework also serves as a foundation for empirical analysis, helps the process of gathering data, and directs the formulation of research hypotheses. According to the conceptual framework created for this study, the independent variable is AI skills. customer satisfaction the mediating variable, and continuance intention the dependent variable. The framework suggests that effective AI competencies improve customers' banking experiences, thereby enhancing customer satisfaction and encouraging continued use of AI-enabled digital banking services. Furthermore, AI competencies are also expected to have a direct influence on customers' continuance intention, while customer satisfaction mediates the relationship between AI competencies and continuance intention.
The proposed conceptual framework is supported by the integration of the Technology Acceptance Model (TAM) and the Expectation Confirmation Model (ECM). While ECM provides customers' post-adoption evaluation through happiness and their intention to continue using the service, TAM explains consumers' acceptance and adoption of AI-enabled banking technology. The function of AI abilities in influencing consumer behaviour is not explained by either theory alone, despite the fact that they offer insightful perspectives on technology adoption and continuous behaviour. The inclusion of AI competences acknowledges that the efficacy of AI systems depends on their capacity to provide dependable, responsive, and valuable customer experiences and reflects the growing investment made by banks in AI technologies. 
[bookmark: _Toc238490344]2.10 Hypothesis Development 
[bookmark: _Toc238490345]2.10.1 AI Competencies and Customer Satisfaction
Artificial Intelligence (AI) competencies are expected to positively influence customer satisfaction in AI-enabled digital banking by improving the quality, accuracy and efficiency of banking services. Competent AI systems can improve clients' entire banking experiences by offering dependable responses, tailored recommendations, and prompt assistance. Positive experiences with AI-enabled services are linked to better levels of consumer satisfaction, according to prior research. Furthermore, the integration of TAM and ECM suggests that both technology acceptance and customers' post-adoption evaluations influence satisfaction. Therefore, it is proposed that:
H1: AI competencies have a significant positive influence on customer satisfaction towards AI-enabled digital banking services.
[bookmark: _Toc238490346]2.10.2 AI Competencies and Continuance Intention
AI competencies are also expected to encourage customers to continue using AI-enabled digital banking services. Customers are more likely to view financial services as valuable, dependable, and helpful when AI systems operate well, which increases their intention to keep using them. Customers' acceptance of AI technologies is explained by TAM, whereas their post-adoption behaviour and intention to continue are explained by ECM. The integration of these theories provides theoretical support for examining the influence of AI competencies on customers' long-term usage behaviour. Therefore, it is hypothesised that:
H2: AI competencies have a significant positive influence on customers' continuance intention towards AI-enabled digital banking services.
[bookmark: _Toc238490347]2.10.3 Customer Satisfaction and Continuance Intention
Customer satisfaction is widely recognised as an important predictor of continuance intention in digital banking. Because their expectations have been met and the services continue to be valuable, customers who are happy with their experiences are more inclined to stick with AI-enabled financial services. According to ECM, satisfied customers develop stronger intentions to maintain long-term relationships with digital banking services. Consequently, higher levels of customer satisfaction are expected to increase customers' willingness to continue using AI-enabled banking services. Therefore, it is proposed that:
H3: Customer satisfaction has a significant positive influence on customers' continuance intention towards AI-enabled digital banking services.
[bookmark: _Toc238490348]2.11 Chapter Summary 
The literature pertinent to AI-enabled digital banking was critically assessed in this chapter, which also looked at the connections between AI capabilities, customer satisfaction, and continuing intention. The discussion evaluated existing studies, highlighting both established findings and the limitations within the current literature. The chapter also critically examined the Technology Acceptance Model (TAM) and the Expectation Confirmation Model (ECM), providing the theoretical justification for integrating these frameworks within the present study. A conceptual framework was created, the research gap was determined, and three research hypotheses were put forth to investigate the connections between the study variables based on the literature evaluation. Collectively, these discussions establish the theoretical foundation for the present research. The following chapter outlines the research methodology adopted to empirically examine the proposed conceptual framework and test the research hypotheses.
















[bookmark: _Toc238490349]Chapter 3 Research Methodology
[bookmark: _Toc238490350]3.1 Introduction
This chapter describes the research approach used to examine how customer happiness and desire to continue using AI-enabled digital banking services in India are impacted by perceived AI competencies. Research methodology provides the overall framework for conducting a study by guiding the research process in a systematic and structured manner. It also ensures that the selected methods are appropriate for addressing the research aim and objectives and producing reliable findings.
The chapter discusses the research philosophy, research approach, research design and research strategy adopted for the study. The target population, sampling strategy, data collection procedure, and questionnaire design are all fully explained. In addition, the chapter outlines the data analysis techniques using the Statistical Package for the Social Sciences (SPSS) and discusses the reliability, validity and ethical considerations associated with the research.
The selected methodology provides a structured process for collecting and analysing quantitative data to examine the influence of perceived AI competencies on customer satisfaction and continuance intention towards AI-enabled digital banking services in India. It also provides the methodological foundation for empirically testing the proposed research hypotheses and addressing the research objectives.
[bookmark: _Toc238490351]3.2 Research Philosophy
Research philosophy refers to the set of beliefs and assumptions that guide the overall research process and determine how knowledge is generated, examined, and evaluated. It provides the foundation for methodological choices by influencing the selection of the study methodology, research design, and data collection methods. Consequently, the choice of research philosophy should align with the nature of the research problem and the objectives of the study to ensure that the research is conducted in a logical and systematic manner (Crotty, 1998; Saunders, Lewis and Thornhill, 2023).
Business and management research commonly adopts several philosophical perspectives, including positivism, interpretivism, realism and pragmatism. Every philosophy has its own set of presumptions about reality and the nature of knowledge, which leads to various methods for carrying out study. Consequently, researchers select the philosophical position that best supports the research objectives, methodological approach and the type of evidence required to address the research problem (Bell, Bryman and Harley, 2022; Creswell and Creswell, 2023).
The present study adopts the positivist research philosophy because it is most appropriate for quantitative research that seeks to examine relationships between measurable variables. Because positivism presupposes that knowledge may be acquired by objective observation and factual data, it minimises human bias and enables researchers to evaluate ideas using statistical methods. This philosophical position emphasises the use of structured research instruments and quantitative data to produce objective, reliable and empirically verifiable findings (Saunders, Lewis and Thornhill, 2023; Creswell and Creswell, 2023).
[bookmark: _Toc238490352]3.3 Research Approach
The research approach provides the overall direction for conducting a study by explaining how theory and empirical data are connected throughout the research process. It determines the methods used to address the study topics and helps researchers decide how conclusions will be drawn. Within business and management research, two principal approaches are commonly employed, namely the deductive and inductive approaches (Saunders, Lewis and Thornhill, 2023; Bell, Bryman and Harley, 2022).
The deductive approach begins with existing theories and develops research hypotheses that are subsequently tested using empirical data. In contrast, the inductive approach starts with observations, where data are collected first and theoretical explanations are developed from the research findings. As a result, the goal of the study and the type of research topic determine the research approach to be used. Deductive reasoning is typically linked to hypothesis testing and quantitative research. whereas inductive reasoning is more commonly applied in qualitative studies that seek to generate new theories (Creswell and Creswell, 2023; Saunders, Lewis and Thornhill, 2023).
The present study adopts the deductive research approach because it aims to examine the proposed relationships among perceived AI competencies, customer satisfaction and continuance intention towards AI-enabled digital banking services in India. The study is grounded in the Technology Acceptance Model (TAM) and the Expectation Confirmation Model (ECM), from which the conceptual framework and three research hypotheses were developed through the literature review. (Saunders, Lewis and Thornhill, 2023; Bell, Bryman and Harley, 2022).
[bookmark: _Toc238490353]3.4 Research Design
Research design refers to the overall blueprint that guides the research process and provides a structured plan for conducting the study. By connecting the study objectives with suitable techniques for data collection and analysis, it shows how the research questions will be addressed. A well-developed research design ensures that the research is conducted systematically, enhances the credibility of the findings and improves the overall quality of the research process (Saunders, Lewis and Thornhill, 2023; Bell, Bryman and Harley, 2022).
The current study uses an explanatory research approach in order to investigate the connections between customer satisfaction, perceived AI competencies, and desire to continue using AI-enabled digital banking services in India. As the research employs quantitative methods and statistical analysis to examine these relationships, an explanatory research design is considered the most appropriate for achieving the research aim and objectives (Saunders, Lewis and Thornhill, 2023).
[bookmark: _Toc238490354]3.5 Research Strategy
Research strategy refers to the practical plan that explains how a study will be conducted and how data will be collected and analysed to answer the research questions. It guarantees that the research process is conducted in an orderly and rational manner and offers a methodical framework for putting the research technique into practice. Depending on the goal of the study, various research approaches are accessible. the methodological approach adopted and the nature of the research objectives (Saunders, Lewis and Thornhill, 2023; Bell, Bryman and Harley, 2022).
Business and management research uses a variety of research techniques, such as surveys, case studies, experiments, The existing study uses a survey research methodology in which consumers of AI-enabled digital banking services in India will be given a structured online questionnaire via Google Forms to gather primary data. A survey strategy enables the collection of standardised data from a relatively large number of respondents in a cost-effective and time-efficient manner (Creswell and Creswell, 2023; Saunders, Lewis and Thornhill, 2023).
[bookmark: _Toc238490355]3.6 Research Population
The research population refers to the entire group of individuals who possess the characteristics relevant to a particular study and from whom data may be collected. Choosing the right research population is crucial because it guarantees that the information gathered is pertinent to the goals of the study and improves the validity and calibre of the research findings. Therefore, in order to guarantee that the study successfully tackles the desired research problem, the target population should be precisely identified. (Saunders, Lewis and Thornhill, 2023; Bell, Bryman and Harley, 2022).
The target population for the present study comprises customers in India aged 18 years and above who actively use AI-enabled digital banking services. Participants are expected to have experience using AI-based banking applications, such as AI chatbots, virtual assistants, personalised financial recommendations and AI-enabled fraud detection services. These customers are thought to be the best group to assess perceived AI competences, customer satisfaction, and continuation intention because they have firsthand experience with AI-enabled banking systems. By choosing this demographic, it is ensured that the information gathered is directly related to the goals of the study and the suggested conceptual framework.
[bookmark: _Toc238490356]3.7 Sampling Technique
'Sampling' refers to the process of selecting a subset of participants from the target population to represent the wider population in a research study. Researchers use an appropriate sampling approach to efficiently get pertinent data because it is frequently impractical to acquire data from the complete population. Choosing an appropriate sampling strategy is crucial because it guarantees that the study is carried out within realistic restrictions while facilitating the acquisition of significant data that fulfils the research objectives. (Saunders, Lewis and Thornhill, 2023; Bell, Bryman and Harley, 2022).
The current research adopts convenience sampling, a non-probability sampling technique, because it enables the researcher to collect data from respondents who are readily accessible within the available time and resource constraints. This method is frequently used in quantitative business research when quick and effective data collection is necessary. (Creswell and Creswell, 2023). The study aims to obtain approximately 40–50 valid responses, which is considered appropriate for the requirements of this QRM assignment and the planned statistical analysis using SPSS. The final analysis will only contain completed surveys in order to guarantee the accuracy and consistency of the data gathered.
[bookmark: _Toc238490357]3.8 Data Collection
The present study adopts primary data collection because it seeks to examine customers' perceptions of AI-enabled digital banking services. Since they allow information to be gathered directly from respondents and guarantee that the material is pertinent to the goals of the research, primary data are thought to be the most suitable source of information. Unlike secondary data, customers' perceptions, opinions and experiences cannot be obtained from existing databases or published sources and therefore require direct data collection from the target respondents (Saunders, Lewis and Thornhill, 2023; Bell, Bryman and Harley, 2022). Participation will be entirely voluntary, and all responses will remain anonymous and confidential throughout the research process.
[bookmark: _Toc238490358]3.9 Questionnaire Design
The research objectives, conceptual framework, and conclusions from the literature review served as the foundation for the questionnaires' development. In order to gather background information about the respondents, the questionnaire included demographic questions. The questionnaire's general design was created to guarantee that the information gathered was pertinent to the study's goals. (Saunders, Lewis and Thornhill, 2023; Cohen, Manion and Morrison, 2018).
Structure of the Questionnaire
	Section
	Content

	Section A
	Participant Information and Consent

	Section B
	Screening Question

	Section C
	Demographic Information

	Section D
	Perceived AI Competencies

	Section E
	Customer Satisfaction

	Section F
	Continuance Intention


The questionnaire comprised multiple-choice questions for collecting demographic information and a five-point Likert scale for measuring the main research constructs. Respondents were asked to indicate their level of agreement using a scale ranging from 1 (Strongly Disagree) to 5 (Strongly Agree). Because it allows respondents to consistently express their ideas and produces data appropriate for statistical analysis using SPSS, the Likert scale is frequently used in quantitative research. (Bell, Bryman and Harley, 2022; Saunders, Lewis and Thornhill, 2023).
To make sure that responders could easily understand the questions, the questionnaire was constructed in simple, straightforward English. The questions were arranged rationally, starting with demographic and participant data questions and moving on to the primary study constructs. The purpose of this framework was to improve the quality and consistency of the replies gathered while making it easier to complete the questionnaire.
[bookmark: _Toc238490359]3.10 Data Analysis Technique
Responses will be exported from Google Forms to Microsoft Excel for preliminary screening and processing after data collection. Before analysis, the dataset will be checked for accuracy and completeness, and any incomplete or erroneous responses will be eliminated. The final dataset will then be imported into the Statistical Package for the Social Sciences (SPSS) for statistical analysis. To increase the precision and consistency of quantitative results, thorough data screening is crucial before analysis (Pallant, 2020).
A number of statistical methods will be used. The features of the data will be summarised using descriptive statistics, such as frequencies, percentages, means, and standard deviations. The internal consistency of the measurement items for perceived AI competencies, customer satisfaction, and continuing intention will be evaluated by reliability analysis using Cronbach's alpha. The degree and direction of the correlations between the research variables will be examined using Pearson correlation analysis. Lastly, the suggested links represented by H1, H2, and H3 will be tested using linear regression analysis to ascertain if the independent variables significantly predict the corresponding outcomes (Pallant, 2020; Field, 2018).
The statistical results will be presented through appropriate tables and figures and interpreted in relation to the research objectives and hypotheses. The findings will provide the empirical basis for determining whether the proposed hypotheses are supported or not supported and for addressing the research question.
[bookmark: _Toc238490360]3.11 Reliability, Validity and Ethical Considerations
A measurement tool's reliability is determined by how consistently its items measure a construct. In the present study, the internal consistency of the questionnaire will be assessed using Cronbach’s alpha in SPSS. Reliability will be evaluated independently for customer satisfaction, continuing intention, and perceived AI competencies. Internal consistency is typically considered adequate when the Cronbach's alpha coefficient is 0.70 or higher (Tavakol and Dennick, 2011; Pallant, 2020). This valuation will help determine whether the individual items within each construct consistently measure the same underlying concept.
The question of whether a research tool accurately assesses what it is supposed to measure is known as validity. The questionnaire items in this study were created in accordance with the conceptual framework, research aims, and pertinent literature. The questions directly reflect the three constructs investigated within the study, while clear and straightforward wording was used to minimise ambiguity and potential misunderstanding among respondents. By guaranteeing that the items are pertinent to the ideas being studied, these factors support the questionnaire's content validity (Cohen, Manion, and Morrison, 2018).
Ethical principles will be maintained throughout the research process. Participants will receive information regarding the purpose of the study before completing the questionnaire, and informed consent will be obtained prior to participation. Responses will remain anonymous and private because participation will be entirely voluntary and no personally identifiable information will be gathered. The information gathered will be securely saved, utilised only for academic purposes, and accessed exclusively for this study. These precautions are meant to protect study participants' rights, privacy, and autonomy (Saunders, Lewis, and Thornhill, 2023).
[bookmark: _Toc238490361]3.12 Chapter Summary
This chapter outlined the methodological framework adopted to conduct the present study. A positivist research philosophy was applied alongside a deductive survey methodology and explanatory study design. Convenience sampling was chosen, and a structured online questionnaire was used to gather quantitative primary data. The chapter also established the planned data analysis procedures, whereby SPSS will be used to conduct descriptive statistics, reliability analysis, Pearson correlation and linear regression analysis. In addition, appropriate measures relating to reliability, validity and research ethics were addressed to support the quality and integrity of the research process. When taken as a whole, these methodological decisions offer a methodical foundation for analysing the suggested links, evaluating the research hypotheses, and addressing the goals of the study. The empirical analysis and conclusions drawn from the gathered data are presented in the following chapter.





























[bookmark: _Toc238490362]Chapter 4: Data Analysis and Findings 
[bookmark: _Toc238490363]4.1 Introduction 
The results of the quantitative data analysis are presented in this chapter. To investigate the features of the sample and the connections between the research variables, SPSS was used to assess the gathered replies. Reliability testing, correlation, regression, demographic data, descriptive statistics, and mediation analysis are all included in the analysis. The results are discussed in light of the study's goals and suggested theories.
[bookmark: _Toc238490364]4.2 Respondent Demographic Profile
[bookmark: _Toc238490365]Table 1: Demographic Profile of Respondents (N = 51)
	Variable
	Category
	n
	%

	Gender
	Female
	22
	43.1

	
	Male
	28
	54.9

	
	Prefer not to say
	1
	2.0

	
	
	
	



	
	
	
	

	Age
	18–25
	14
	27.5

	
	26–35
	18
	35.3

	
	36–45
	11
	21.6

	
	46–55
	7
	13.7

	
	56 years or above
	1
	2



	
	
	
	

	Education
	High School
	3
	5.9

	
	Diploma
	6
	11.8

	
	Bachelor's Degree
	14
	27.5

	
	Master's Degree
	20
	39.2

	
	Doctorate
	6
	11.8

	
	Other
	2
	3.9



	
	
	
	

	Employment Status
	Student
	8
	15.7

	
	Employed
	22
	43.1

	
	Self-Employed
	14
	27.5

	
	Unemployed
	3
	5.9

	
	Retired
	2
	3.9

	
	Other
	2
	3.9



	
	
	
	
	

	Type of Bank
	Public Sector Bank
	13
	25.5
	

	
	Private Sector Bank
	28
	54.9
	

	
	Foreign Bank
	2
	3.9
	

	
	Digital-Only Bank
	5
	9.8
	

	
	Other
	3
	5.9
	



	
	
	
	

	AI-enabled banking use
	Less than 1 year
	18
	35.3

	
	1–3 years
	22
	43.1

	
	3–5 years
	6
	11.8

	
	More than 5 years
	5
	9.8


There were 51 valid responses in all, and the analysis contained no missing demographic information. Although the proportion of male responders was slightly larger, the gender distribution was generally balanced. (54.9%) than female respondents (43.1%). The largest age group was 26–35 years (35.3%), followed by 18–25 years (27.5%), indicating a greater concentration of younger adults within the sample. In terms of education, Master’s degree holders formed the largest group (39.2%), followed by Bachelor’s degree holders (27.5%), showing a relatively strong representation of higher educational qualifications. Employed respondents accounted for the largest employment group (43.1%), followed by self-employed respondents (27.5%). Private sector banks were the most commonly used (54.9%), compared with public sector banks (25.5%) and other banking categories. Regarding AI-enabled digital banking experience, 43.1% had used these services for 1–3 years, while 35.3% reported less than one year of experience, indicating that most respondents had relatively recent experience with AI-enabled banking services.

[bookmark: _Toc238490366]4.3 Descriptive Statistics
[bookmark: _Toc238490367]Table 2: Descriptive Statistics of Study Variables
[image: The image presents a table summarizing a user's satisfaction ratings for various aspects of Al-enabled digital banking services, including minimum, maximum, mean, and standard deviation values.
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Descriptive statistics were used to summarise responses for PAC, Customer Satisfaction (CS), and Continuance Intention (CI). All 51 respondents were included for each item, with responses ranging from 1 to 5 in accordance with the five-point Likert scale. For PAC (Q9–Q14), mean scores ranged from 3.78 to 4.18, with Q11/PAC3 recording the highest mean (M = 4.18, SD = 1.144), indicating the strongest agreement regarding the system’s ability to respond quickly to requests. Customer Satisfaction (Q15–Q18) recorded mean scores between 3.69 and 3.90, with Q18/CS4 having the highest mean (M = 3.90, SD = 1.204), relating to satisfaction with service quality. For Continuance Intention (Q19–Q22), means ranged from 3.98 to 4.12, with Q19/CI1 recording the highest mean (M = 4.12, SD = 1.070), indicating a relatively strong intention to continue using AI-enabled digital banking services. Overall, all mean scores were above the scale midpoint of 3, indicating generally favourable responses across the three constructs.

[bookmark: _Toc238490368]4.4 Reliability Analysis
[bookmark: _Toc238490369]Table 3: Reliability Analysis of Study Constructs
	Construct
	Number of Items
	Cronbach’s Alpha (α)
	Interpretation

	Perceived AI Competencies (PAC)
	6
	0.875
	Good

	Customer Satisfaction (CS)
	4
	0.913
	Excellent

	Continuance Intention (CI)
	4
	0.926
	Excellent


Reliability was assessed for PAC, CS and CI using Cronbach’s alpha. All 51 respondents were included, with no cases excluded. PAC demonstrated good internal consistency (α = .875), while CS showed excellent internal consistency (α = .913). CI recorded the highest reliability (α = .926), also indicating excellent internal consistency. All three values exceeded the commonly accepted threshold of .70, demonstrating sufficient reliability across the constructs. Therefore, all items were retained for subsequent analysis.
[bookmark: _Toc238490370]4.5 Correlation Analysis
[bookmark: _Toc238490371]Table 4. Correlation Analysis of Study Constructs
[image: The image is a table presenting Pearson correlation coefficients, significance levels, and sample sizes for different pairs of variables.
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Pearson’s correlation analysis was conducted to examine the relationships between PAC, CS and CI. A strong positive relationship was identified between PAC and CS (r = .828, p < .001), as well as between PAC and CI (r = .790, p < .001). CS and CI also demonstrated a strong positive relationship (r = .831, p < .001), which was the strongest correlation observed. All three relationships were statistically significant, indicating that higher levels of PAC and CS were associated with stronger continuance intention towards AI-enabled digital banking services.
[bookmark: _Toc238490372]4.6 Regression and Hypothesis Testing
[bookmark: _Toc238490373]Table 5. Regression Analysis and Hypothesis Testing
	
	
	
	
	
	

	Hypothesis
	Relationship
	β
	R²
	F
	p
	Decision

	H1
	PAC → CS
	0.828
	0.686
	107.084
	< .001
	Supported

	H2
	PAC → CI
	0.79
	0.623
	81.126
	< .001
	Supported

	H3
	CS → CI
	0.831
	0.69
	109.105
	< .001
	Supported



Regression analysis was conducted to test the proposed relationships among PAC, CS and CI. PAC had a significant positive effect on CS (β = .828, R² = .686, p < .001), explaining 68.6% of the variance in customer satisfaction; therefore, H1 was supported. PAC also significantly predicted CI (β = .790, R² = .623, p < .001), accounting for 62.3% of its variance and supporting H2. Similarly, CS had a significant positive effect on CI (β = .831, R² = .690, p < .001), explaining 69.0% of the variance. This represented the strongest direct relationship among the three models, providing support for H3. Diagnostic assessment identified no major issue requiring case exclusion; although one unusual residual occurred in the PAC–CS model, its influence was limited (maximum Cook’s distance = .180).
[bookmark: _Toc238490374]4.7 Mediation Analysis
[bookmark: _Toc238490375]Table 6 Multiple Regression Results for Continuance Intention

	Predictor
	B
	SE
	β
	t
	p

	PAC
	0.34
	0.143
	0.323
	2.385
	0.021

	Customer Satisfaction
	0.513
	0.124
	0.563
	4.151
	<.001



Multiple regression analysis was conducted to examine the mediating role of Customer Satisfaction in the relationship between PAC and Continuance Intention. The overall model was statistically significant, F(2, 48) = 62.613, p < .001, explaining 72.3% of the variance in continuance intention (R² = .723; adjusted R² =. 711). When PAC and Customer Satisfaction were entered simultaneously, Customer Satisfaction was a significant positive predictor of continuance intention (β = .563, p < .001). PAC also remained statistically significant (β = .323, p = .021).
Compared with the earlier direct regression, where PAC significantly predicted continuance intention (β = .790, p < .001), the effect of PAC reduced considerably to β = .323 after Customer Satisfaction was included. As the direct effect remained significant rather than becoming non-significant, the findings provide evidence consistent with partial mediation. This suggests that Customer Satisfaction may account for part, but not all, of the relationship between PAC and customers’ intention to continue using AI-enabled digital banking services. As the indirect effect was not bootstrapped, the mediation finding is interpreted cautiously.
[bookmark: _Toc238490376]4.8 Chapter Summary
51 respondents' data were evaluated in this chapter, and PAC, CS, and CI all showed satisfactory dependability. Significant positive correlations between all three constructs were found by correlation analysis. The regression results, which showed that PAC strongly predicted both CS and CI while CS significantly predicted CI, supported H1, H2, and H3. Evidence supporting the partial mediating role of customer satisfaction was found in the supplementary mediation study. These results serve as the foundation for the results discussion in the next chapter.



















[bookmark: _Toc238490377]Chapter 5 Discussion, Conclusion and Recommendations
[bookmark: _Toc238490378]5.1 Introduction 
This chapter examines the study's main conclusions in light of the goals of the investigation and pertinent literature. It takes into account customer satisfaction's mediating function as well as the connections between Perceived AI Competencies (PAC), Customer Satisfaction (CS), and Continuance Intention (CI). The chapter finishes the study, identifies future research topics, acknowledges the limits of the study, and goes on to discuss the academic and practical consequences of the findings.
5.2 [bookmark: _Toc238490379]Discussion of Key Findings
5.2.1 [bookmark: _Toc238490380]PAC and Customer Satisfaction (H1) 
The findings demonstrate that perceived AI competencies (PAC) have a significant positive influence on customer satisfaction (β = .828, R² = .686, p < .001), thereby providing support for H1. This indicates that customers who perceive AI-enabled digital banking services as competent and effective are more likely to report higher levels of satisfaction. The finding is broadly consistent with Hasan et al. (2026) and Othayoth and Khanna (2024), whose research highlights the potential of effective AI-enabled services to improve customer-related outcomes. Similarly, Sharma and Singh (2024) emphasise that reliable AI performance and positive interactions can contribute to favourable customer responses. However, the present finding should not be interpreted as suggesting that the presence of AI automatically generates customer satisfaction. Ni (2024) and Sheth et al. (2022) highlight challenges associated with AI-enabled services, including transparency, the role of human interaction and changing customer expectations. Therefore, the findings suggest that technological capability alone may be insufficient; customers’ experience and perception of that capability are also important in shaping satisfaction. Within the context of this study, the result provides empirical evidence of a strong association between PAC and customer satisfaction among the sampled users of AI-enabled digital banking services in India.
5.2.2 [bookmark: _Toc238490381]PAC and Continuance Intention (H2) 
The findings indicate that perceived AI competencies (PAC) have a significant positive influence on Continuance Intention (β = .790, R² = .623, p < .001), providing support for H2. This suggests that customers who perceive AI-enabled banking systems as competent and effective are more likely to continue using these services. This finding is consistent with Sharma and Singh (2024), who indicate that reliable AI performance and effective customer interactions can encourage continued engagement with AI-enabled banking services. However, Ni (2024) and Sheth et al. (2022) highlight that concerns surrounding AI interactions and the continuing need for human support may influence customers’ experiences, suggesting that technological capability alone may not guarantee continued usage.
TAM and ECM can also be used to interpret the results. While Bhattacherjee (2001) highlights pleasure and post-adoption appraisal in explaining continuance behaviour, Davis (1989) offers the theoretical foundation for comprehending consumers' acceptance of technology. The present findings extend these perspectives by showing that customers’ perceptions of AI competency are strongly associated with their intention to continue using AI-enabled banking services. This provides empirical evidence from the sampled Indian banking customers that PAC may represent an important factor in understanding continued engagement with AI-enabled digital banking.
5.2.3 [bookmark: _Toc238490382]Customer Satisfaction and Continuance Intention (H3) 
Customer satisfaction emerged as a particularly important predictor of continuance intention, with a significant positive effect (β = .831, R² = .690, p < .001), supporting H3. Of the three direct relationships tested, this was the strongest, suggesting that positive experiences with AI-enabled digital banking are closely associated with customers’ willingness to maintain their usage. This result aligns with previous research showing that service reliability, responsiveness and positive banking experiences can strengthen satisfaction and encourage longer-term customer engagement (Othayoth and Khanna, 2024; Sharma and Singh, 2024; Hasan et al., 2026).
Additionally, this link aligns with the Expectation Confirmation Model (ECM). According to Bhattacherjee (2001), contentment is a key component of post-adoption behaviour, whereby positive assessments of a technology that has already been used influence the choice to keep using it. The current data supports this logic in AI-powered online banking. However, worries about security, privacy, and the limitations of AI interactions may potentially influence future use. (Ni, 2024; Sheth et al., 2022). Thus, sustaining satisfactory customer experiences appears important for encouraging longer-term engagement with AI-enabled banking among the respondents examined in this study.
[bookmark: _Toc238490383]5.2.4 Mediating Role of Customer Satisfaction 
The combined regression model offers further insight into how Customer Satisfaction may operate within the relationship between PAC and Continuance Intention. When PAC was examined independently, it showed a strong positive effect on continuance intention (β = .790, p < .001). After Customer Satisfaction was introduced into the model, the effect of PAC decreased substantially to β = .323 but remained significant (p = .021), while Customer Satisfaction independently predicted continuance intention (β = .563, p < .001). This pattern provides evidence consistent with partial mediation, suggesting that PAC may influence continued usage both directly and through customers’ satisfaction with AI-enabled banking services.
This pattern is theoretically congruent with ECM, which centres post-adoption evaluation and ongoing technology use around pleasure (Bhattacherjee, 2001). Additionally, it expands on the literature that already exists, which shows that dependable and efficient AI-enabled services are linked to positive customer experiences and sustained engagement (Othayoth and Khanna, 2024; Sharma and Singh, 2024; Hasan et al., 2026). However, rather than being a conclusive proof of mediation, the evidence should be viewed cautiously because the indirect impact was not examined using bootstrapped confidence intervals.
[bookmark: _Toc238490384]5.3 Implications of the Findings
[bookmark: _Toc238490385]5.3.1 Academic Implications 
This study offers empirical proof that PAC affects Continuance Intention and Customer Satisfaction. Additionally, it fills a gap in the literature by focusing on trust, service quality, technology adoption, and specific AI applications rather than PAC as an integrated framework. Furthermore, the strong relationship between Customer Satisfaction and continuance intention supports the relevance of ECM in explaining customers’ post-adoption behaviour As a result, the study adds more empirical data from a sample of Indian consumers of AI-enabled digital banking services.
5.3.2 [bookmark: _Toc238490386]Practical Implications 
Practically, banks should concentrate on both implementing AI technologies and making sure that clients view AI-enabled services as capable, dependable, and efficient. Enhancing the calibre of AI-powered services could lead to higher consumer satisfaction. which is particularly important given its strong relationship with Continuance Intention. Therefore, in order to promote ongoing use of AI-enabled banking services, banks should place a high priority on satisfying customer experiences. While creating and enhancing AI-enabled banking services, consideration should be given to privacy, security, transparency, and human support.
5.4 [bookmark: _Toc238490387]Limitations of the Study
There are a number of limitations to this study that should be noted. First, the results' applicability to the larger Indian population of digital banking users is limited by the comparatively small sample size of 51 respondents. Second, convenience sampling was used, which may have increased sampling bias because individuals were chosen based on accessibility rather than likelihood. Third, the study used a cross-sectional design, gathering data all at once. As a result, it was impossible to record how customer perceptions and intention to continue changed over time. Lastly, the study used self-reported questionnaire responses, which could be influenced by response bias and individual perspectives.
5.5 [bookmark: _Toc238490388]Recommendations for Future Research
To increase the findings' generalisability, future research should think about employing a bigger and more varied sample of AI-enabled digital banking consumers throughout India. Researchers could also employ probability sampling methods rather than convenience sampling to achieve broader representation and reduce potential sampling bias. In addition, longitudinal research could examine whether perceptions of AI competencies, Customer Satisfaction and continuance intention change over time as customers gain greater experience with AI-enabled banking services. Future studies could also incorporate additional factors, such as trust, privacy, security and transparency, to develop a broader understanding of the factors shaping customers continued use of AI-enabled digital banking services. To attain greater representation and lessen potential sampling bias, researchers could also use probability sampling techniques instead of convenience sampling. Furthermore, as customers get more experience with AI-enabled banking services, longitudinal research might look at how views of AI skills, customer satisfaction, and continuance intention evolve over time.

5.6 [bookmark: _Toc238490389]Conclusion
In AI-enabled digital banking in India, this study looked at the connections between Perceived AI Competencies (PAC), Customer Satisfaction, and Continuance Intention. The findings supported H1 and H2 by demonstrating that PAC had a large and favourable impact on both customer satisfaction and continuing intention. Additionally, customer happiness had a significant impact on continuance intention, which supports H3 and emphasises the significance of customer satisfaction in promoting continuous usage. The additional analysis provided evidence consistent with the partial mediating role of customer satisfaction, suggesting that PAC may influence continuance intention both directly and partly through satisfaction. While acknowledging the limitations related to the relatively small sample and research design, the study helps to understand how consumers' perceptions of AI competency and their happiness are correlated with the continuous usage of AI-enabled digital banking services.
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[bookmark: _Toc238490392]7.1 Appendix A: Questionnaire 
Research Questionnaire: AI-Enabled Digital Banking Services, Customer Satisfaction, and Continuance Intention
Please read each question carefully and select the response that best reflects your view. All information provided will be treated confidentially and used solely for academic research purposes.
Section A: Consent
Q1. Do you voluntarily agree to participate in this research study?
☐ Yes
☐ No
If “No” → End Survey
Section B: Screening Question
Q2. Do you currently use AI-enabled digital banking services?
☐ Yes
☐ No
If “No” → End Survey
Section C: Demographic Information
Q3. Gender
☐ Male
☐ Female
☐ Prefer not to say
Q4. Age
☐ 18–25
☐ 26–35
☐ 36–45
☐ 46–55
☐ 56 years or above
Q5. Highest Educational Qualification
☐ High School
☐ Diploma
☐ Bachelor's Degree
☐ Master's Degree
☐ Doctorate
☐ Other
Q6. Employment Status
☐ Student
☐ Employed
☐ Self-employed
☐ Unemployed
☐ Retired
☐ Other
Q7. Which type of bank do you primarily use?
☐ Public Sector Bank
☐ Private Sector Bank
☐ Foreign Bank
☐ Digital-only Bank
☐ Other
Q8. How long have you been using AI-enabled digital banking services?
☐ Less than 1 year
☐ 1–3 years
☐ 3–5 years
☐ More than 5 years
Section D: Perceived AI Competencies, Customer Satisfaction, and Continuance Intention
Please indicate your level of agreement with each of the following statements, using the scale: 1 = Strongly Disagree, 2 = Disagree, 3 = Neutral, 4 = Agree, 5 = Strongly Agree.
Perceived AI Competencies
	Statement
	1
Strongly
Disagree
	2
Disagree
	3
Neutral
	4
Agree
	5
Strongly
Agree

	Q9. The AI-enabled digital banking system performs banking tasks effectively.
	☐
	☐
	☐
	☐
	☐

	Q10. The AI-enabled digital banking system provides accurate information.
	☐
	☐
	☐
	☐
	☐

	Q11. The AI-enabled digital banking system responds quickly to my requests.
	☐
	☐
	☐
	☐
	☐

	Q12. The AI-enabled digital banking system understands my banking needs.
	☐
	☐
	☐
	☐
	☐

	Q13. The AI-enabled digital banking system provides reliable services.
	☐
	☐
	☐
	☐
	☐

	Q14. Overall, I consider the AI-enabled digital banking system to be competent.
	☐
	☐
	☐
	☐
	☐



Customer Satisfaction
	Statement
	1
Strongly
Disagree
	2
Disagree
	3
Neutral
	4
Agree
	5
Strongly
Agree

	Q15. Overall, I am satisfied with AI-enabled digital banking services.
	☐
	☐
	☐
	☐
	☐

	Q16. AI-enabled digital banking services meet my expectations.
	☐
	☐
	☐
	☐
	☐

	Q17. My experience with AI-enabled digital banking services has been satisfying.
	☐
	☐
	☐
	☐
	☐

	Q18. I am happy with the quality of AI-enabled digital banking services.
	☐
	☐
	☐
	☐
	☐


Continuance Intention
	Statement
	1
Strongly
Disagree
	2
Disagree
	3
Neutral
	4
Agree
	5
Strongly
Agree

	Q19. I intend to continue using AI-enabled digital banking services in the future.
	☐
	☐
	☐
	☐
	☐

	Q20. I will frequently use AI-enabled digital banking services.
	☐
	☐
	☐
	☐
	☐

	Q21. AI-enabled digital banking services will remain my preferred way of banking.
	☐
	☐
	☐
	☐
	☐

	Q22. I would recommend AI-enabled digital banking services to others.
	☐
	☐
	☐
	☐
	☐


— End of Questionnaire —

[bookmark: _Toc238490393]7.2 Appendix B: SPSS Output
[bookmark: _Toc238490394]7.2.1 Frequencies
[image: The image displays a table with various statistics including highest education level, duration of alumni, qualification status, employment, digital usage, gender, age, status, type of bank, and validity, all with consistent values of '51' and no missing data.

AI-generated content may be incorrect.]

Frequency Table
[image: Prefer not to say.

AI-generated content may be incorrect.]
[image: The image displays a table showing the cumulative and valid percentages of a population distribution across various age groups.

AI-generated content may be incorrect.]
[image: The image displays a frequency distribution table of educational qualifications, showing the number, percentage, and valid percent for categories such as high school, diploma, bachelor's degree, master's degree, doctorate, and other qualifications, with a total of 51 respondents.

AI-generated content may be incorrect.]
[image: The image presents a bar chart displaying the distribution of various employment statuses, with categories such as 'Student,' 'Employed,' 'Self-Employed,' 'Unemployed,' 'Retired,' and 'Other,' alongside their respective frequencies, valid percentages, and total percentages.

AI-generated content may be incorrect.]
[image: The image presents a table showing the distribution of various types of banks, including public, private, foreign, digital-only, and other, along with their frequencies and percentages.

AI-generated content may be incorrect.]
[image: The diagram illustrates the distribution of Al-enabled digital banking usage, showing that 35.3% of users use it for less than a year, 43.1% for 1-3 years, 11.8% for 3-5 years, and 9.8% for more than 5 years.

AI-generated content may be incorrect.]
[bookmark: _Toc238490395]7.2.2 Reliability of Perceived AI Competencies
[image: The image displays a case processing summary table with 51 valid cases, a 100% completion rate, and no excluded cases.

AI-generated content may be incorrect.]
[image: The image displays a reliability statistics table with Cronbach's Alpha at .875, and the number of items being 6.

AI-generated content may be incorrect.]
[image: The table displays a user's assessment of an Al-enabled digital banking system, rating its effectiveness, accuracy, responsiveness, and reliability.

AI-generated content may be incorrect.]
[image: The image displays a table summarizing the Cronbach's alpha statistics for a set of questions about a digital banking system, indicating high internal consistency and reliability.

AI-generated content may be incorrect.]
[image: The image displays a statistical table with values for mean (23.61), variance (32.923), standard deviation (5.738), and number of items (6).

AI-generated content may be incorrect.]
[bookmark: _Toc238490396]7.2.3 Reliability of Customer Satisfaction
[image: The image displays a case processing summary table with 51 valid cases, a 100% completion rate, and no excluded cases.

AI-generated content may be incorrect.]
[image: The image displays a statistical table with columns for Cronbach's Alpha, Number of Items (N), and Number of Items (4).

AI-generated content may be incorrect.]
[image: The image displays a table of statistics with a mean satisfaction rating of 3.69 and a standard deviation of 1.304, reflecting high satisfaction levels among 51 respondents regarding Al-enabled digital banking services.

AI-generated content may be incorrect.]
[image: The image displays a table of statistics for various items, each showing high satisfaction ratings for Al-enabled digital banking services.

AI-generated content may be incorrect.]
[image: The image displays a statistical summary with a mean of 15.16, a variance of 19.455, a standard deviation of 4.411, and a total count of 4 items.

AI-generated content may be incorrect.]
[bookmark: _Toc238490397]7.2.4 Reliability of Continuance Intention
[image: The image displays a case processing summary table with 51 valid cases, a 100% completion rate, and no excluded cases.

AI-generated content may be incorrect.]
[image: The image displays a statistical table with the Reliability Statistics for Cronbach's Alpha, showing an alpha value of 0.926 and 4 items.

AI-generated content may be incorrect.]
[image: The image presents a statistical summary of a survey regarding customer preferences for Al-enabled digital banking services, highlighting a high intention to continue, frequent use, preference, and recommendation.

AI-generated content may be incorrect.]
[image: The image displays a table of statistics for a survey, showing item responses, their mean, variance, Cronbach's alpha, and correlation values, related to the usage and preference of Al-enabled digital banking services.

AI-generated content may be incorrect.]
[image: The image displays a statistical summary with a mean of 16.12, a variance of 16.186, a standard deviation of 4.023, and a count of 4 items.

AI-generated content may be incorrect.]





[bookmark: _Toc238490398]7.2.5 Regression of PAC and CS
[image: The image displays a statistical summary with the mean and standard deviation for two variables, CS and PAC, both having a sample size of 51.

AI-generated content may be incorrect.]
[image: The image displays a table presenting correlation coefficients between two variables, CS and PAC, with a high positive correlation of 0.828 and statistical significance.

AI-generated content may be incorrect.]
[image: The image displays a data entry form for a statistical model, where variables are categorized as entered or removed, and the mean values of dependent and independent variables are listed.

AI-generated content may be incorrect.]
[image: The image displays a statistical model summary, detailing the R-squared value, Durbin-Watson statistic, and regression coefficients for predictors including a constant and PAC_Mean.

AI-generated content may be incorrect.]
[image: The image is a statistical output from an Analysis of Variance (ANOVA) table, detailing the results of a regression model with a dependent variable (CS_Mean) and predictors (Constant, PAC_Mean), showing significant regression coefficients and residual variance.

AI-generated content may be incorrect.]
[image: The image is a table displaying statistical data for a regression model, showing coefficients, standard errors, confidence intervals, and significance levels for variables like the constant, PAC_Mean, and CS_Mean.

AI-generated content may be incorrect.]
[image: The image displays a table summarizing the statistics of residuals, including minimum, maximum, mean, standard deviation, number of observations, predicted values, and standardized residuals.

AI-generated content may be incorrect.] 
[bookmark: _Toc238490399]7.2.6 Regression of PAC and CI 
[image: The image displays a statistical table showing the mean, standard deviation, sample size, and mean for two sets: one for Cl and one for PAC.

AI-generated content may be incorrect.]
[image: The image displays a correlation matrix, indicating a high Pearson correlation (0.790) between Cl_Mean and PAC_Mean, with both variables having a sample size of 51 and statistically significant results (p-value < 0.001).

AI-generated content may be incorrect.]
[image: The image displays a data entry form with a section for variables, indicating that a dependent variable, CI_Mean, has been entered into the model.

AI-generated content may be incorrect.]
[image: The image is a summary table from a regression analysis, presenting various statistical measures including adjusted R-squared, standard error, Durbin-Watson statistic, and estimates for predictors.

AI-generated content may be incorrect.]
[image: The image displays an ANOVA table with the regression model showing a significant relationship between CI_Mean and PAC_Mean, with a high F-statistic and a very low p-value.

AI-generated content may be incorrect.]
[image: The image is a table displaying statistical data from a regression model, including coefficients, standard errors, t-values, and confidence intervals for a dependent variable.

AI-generated content may be incorrect.]
[image: The image displays a table presenting various statistical measures, including minimum, maximum, mean, standard deviation, and number of observations (N), for both predicted values and residuals, alongside their standard predicted values and standard residuals.

AI-generated content may be incorrect.]
[bookmark: _Toc238490400]7.2.7 Regression of CI and CS 
[image: The image displays a table with descriptive statistics, including the mean, standard deviation, and sample size (N) for two sets: one for a variable labeled 'Cl' and another for 'CS'.

AI-generated content may be incorrect.]
[image: The image displays a correlation matrix, with high correlation coefficients (0.831) between variables Cl_Mean and CS_Mean, and low p-values (<.001) indicating significant statistical significance.

AI-generated content may be incorrect.]
[image: CS_Mean

AI-generated content may be incorrect.]
[image: The image is a table presenting a statistical model summary with various metrics including adjusted R-squared, standard error, and estimates, as well as a Durbin-Watson statistic.

AI-generated content may be incorrect.]
[image: The image displays an ANOVA table with the regression model showing a significant effect (F=109.105, p<.001) on the dependent variable CI_Mean, with predictors including a constant and CS_Mean.

AI-generated content may be incorrect.]
[image: The image displays a table with statistical coefficients, including standardized, unstandardized, and confidence intervals, related to a model analyzing CI_Mean.

AI-generated content may be incorrect.]
[image: The image displays a table with statistical data showing the minimum, maximum, mean, and standard deviation for predicted and residual values, as well as the number of observations (N) for a dependent variable CI_Mean.

AI-generated content may be incorrect.]
[bookmark: _Toc238490401]7.2.8 Regression of mediation 
[image: The image depicts a statistical model where variables are being entered or removed, specifically detailing that CI_Mean is a dependent variable, and all requested variables have been entered.

AI-generated content may be incorrect.]
[image: The image is a table summarizing a statistical model, showing coefficients, standard errors, and R-squared values for predictors including a constant, CS_Mean, and PAC_Mean.

AI-generated content may be incorrect.]
[image: The image is a summary table of an Analysis of Variance (ANOVA) model, detailing the sum of squares, degrees of freedom, mean square, F-statistic, and significance level for a regression model with predictors including a constant, CI_Mean, and PAC_Mean.

AI-generated content may be incorrect.]
[image: The image is a table displaying statistical coefficients for a regression model, including standardized, unstandardized, and confidence intervals for beta, tolerance, and VIF statistics.

AI-generated content may be incorrect.]
[image: The image displays a table from a statistical analysis, presenting collinearity diagnostics for a model with various variables and their corresponding eigenvalues, variance proportions, and indices.

AI-generated content may be incorrect.]
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customer behavior in Al-enabled digital banking and addresses the research gap in existing literature.




image3.png
Descriptive Statistics

N

Minimum _ Maximum

Mean

Std. Deviation

Q9. The Aenabled digital
banking systsm performs
banking tasks effectively.

51

1

5

388

1243

Q10. The Al-enabled digital
banking system provides
accurate information

51

398

1232

Q11. The A-enabled digital
banking system responds
quickly to my requests.

51

418

1144

Q12. The Al-enabled digital
banking system
understands my banking
needs.

51

378

1318

013, The Al-enabled digital
banking system provides
reliable sevices.

51

388

1.160

Q14. Overall | consider the
Akenabled digital banking
system to be compstent.

51

302

1214

Q15. Overall | am satisfied
with Al-enabled digital
banking senices.

51

369

1.304

Q16. Al-enabled digital
banking senices meetmy
expectations.

51

378

1210

Q17. My experience with Al
enabled digital banking
senices has been
satisfying

51

380

1233

Q18.am happy with the.
quality of A-enabled digital
banking senices.

51

390

1.204

Q1. lintend to continue
using A-enabled digital
banking senices in the
future.

51

412

1.070

Q20. | will frequently use Al-
enabled digital banking
senices.

51

402

1.086

Q21. Al-enabled digital
banking senices will
remain my preferred way of
banking.

51

308

1.140

022, I would recommend
Akenabled digital banking
senices o others.

51

400

1.149

Valid N (istwise)

51





image5.png
Statistics
HighestEducati

Duration of Al
onalqualificati  Employment enabled digital

Gender  Age on Staius Typs ofBank _banking use

Valid 51 51 51 51 51 51
Missing 0 0 0 0 0 0





image6.png
Gender

Cumulative
Frequency Percent  Valid Percent Percent
Valid_Female 2 431 431 431
Male 28 549 549 98.0
Prefer notto say 1 20 20 1000
Total 51 100.0 100.0





image7.png
Age

Cumulative
Frequency Percent  Valid Percent Percent
Vald 1825 14 275 275 275
2635 18 353 353 62.7
36-45 11 216 216 843
4655 7 137 137 98.0
56 y=ars or above 1 20 20 1000
Total 51 100.0 100.0





image8.png
HighestEducationalQualification

Cumulative
Frequency Percent  Valid Percent Percent

Valid _High School 3 59 59 59
Diploma 6 18 18 1768
Bachelor's Degree 14 275 275 451
Master's Degree 20 392 392 843
Doctorate 6 18 18 96.1

Other 2 39 39 1000

Total 51 100.0 100.0





image9.png
Employment Status

Cumulative
Frequency Percent  Valid Percent Percent

Valid _Student 8 157 157 157
Employsd 2 431 431 588
SeifEmployed 14 275 275 863
Unemployed 3 59 59 922

Retired 2 39 39 96.1

Other 2 39 39 1000

Total

51 100.0 100.0





image10.png
Type of Bank

Cumulative

Frequency Percent  Valid Percent Percent
Valid_Public Sector Bank 13 265 265 265
Private Sector Bank 28 549 549 80.4
Foreign Bank 2 39 39 843
Digital-only Bank 5 98 98 94
Other 3 59 59 1000

Total 51

100.0 100.0





image11.png
Duration of Al-enabled digital banking use

Cumulative

Frequency Percent  Valid Percent Percent
Valid Less than 1 year 18 353 353 353
1-3years 2 431 431 784
3-5years 6 18 18 90.2
More than 6 years 5 98 98 1000

Total 51 100.0 100.0





image12.png
Case Processing Summary

N

Cases Valid 51 100.0
Excluded® 0 0
Total 51 100.0

a. Listwise deletion based on all
variables inthe procedure.




image13.png
Reliability Statistics

Cronbach's
Alpha Nof tems

875 6




image4.png
Correlations
PAC_Mean _CS_Mean _ Cl_Mean

PAC_Mean Pearson Correlation 1 828 790
Sig. (2-4ailed) <001 <001
N 51 51 51

©S_Mean Pearson Correlation 828" 1 831"
Sig. (2-4ailed) <001 <001
N 51 51 51

ClMean  Pearson Correlation 790" 831" 1
Sig. (2-4ailed) <001 <001
N 51 51 51
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Case Processing Summary
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Cases Valid 51 100.0
Excluded® 0 0
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a. Listwise deletion based on all
variables inthe procedure.
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