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Abstract

:

Technology innovation has dramatically transformed banks over time. Digital innovation in the banking sector began with the introduction of money to replace barter systems, and then gradually replaced wax seals with digital signatures. One such disruptive innovation that is transforming the banking sector around the world is blockchain technology (BCT). The banking sector in India has also started adopting blockchain technology in various financial transactions. However, they are encountering some difficulties in adapting to and implementing this new technology. The successful and speedy adoption of blockchain in banking largely depends on the users’ intention to use the services. Therefore, this study extended “the unified theory of acceptance and use of technology” (UTAUT) to understand the significant predictors of the bankers’ intention to use blockchain technology. The data was collected from leading banking institutions and FinTech firms in the country to empirically test and validate the extended model. The results found that facilitating conditions, performance expectancy, and initial trust, are the significant antecedents to predicting the bankers’ intention to use blockchain in banking transactions. The study also established the significant mediating role of initial trust in predicting usage intention to use blockchain. This study’s results would help government authorities, decision-makers, and technocrats to improve banking instructions for the speedy and smooth adoption of blockchain technology. The study suggested an extended UTAUT model that incorporates contextual factors based on the scope and usage of blockchain in Indian banking activities. The study helped to identify the key factors influencing blockchain adoption among Indian bankers. The proposed model and the findings make more sense in promoting the adoption of blockchain in the Indian banking sector.
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1. Introduction


Banks started their journey toward information technology with the introduction of standalone PCs, followed by the computer network, and the adoption of core banking. The main objective behind technology adoption is to enable banking possible through ‘anywhere-anytime banking’. Furthermore, IT-enabled services such as e-banking, electronic funds transfer, interconnectivity among bank branches, and ATM (Automatic Teller Machine) implementation have significantly altered the banking working system. On the other hand, there is remarkable progress in the development of innovative IT and communication technologies. Innovation like blockchain technology, artificial intelligence technologies, and process automation, etc., has the capability of changing the banking structure and working principles drastically (Ahmed et al. 2022b; Cucari et al. 2022; Gupta and Gupta 2018; Karim et al. 2022; Kumari and Devi 2022c; Patki and Sople 2020). Banks are now eagerly adapting to the technological changes, particularly blockchain technology, to be a part of a global force of technology disruption. Blockchain technology is now becoming a major factor in the fourth industrial revolution. Blockchain technology appears to be an innovation that promises a major change in banking services.



1.1. Blockchain and Banking


The major activities of banks are to conduct asset transformation, store liquidity, and utilize economies of scale to provide banking services (Bunea et al. 2016). Banks use a centralized intermediary to facilitate the storage of assets for the use and sources of funding with different mechanisms for stakeholders (MacDonald et al. 2016). Therefore, all banking activities are operated as a set of centralized ledgers of transactions for payments, storage, and services revolving around the stakeholders’ assets (Frame et al. 2018). The banking system can transition from centralized to distributed control with the use of blockchain technology (Patel et al. 2022). Blockchain technology is centered on having a decentralized ledger that is open to all users and easily accessible, allowing for the establishment of trust in unsafe environments without the need for a middleman. The ledger includes an immutable log of all previous transactions, as well as the shared and agreed-upon state of the blockchain. The rise of blockchain technology coincided with the banking and financial industry’s transition to mobile payments, branchless banking, and digital-value exchange, portending a global rupture of financial systems. Several studies (Frame et al. 2018; Zaina Kawasmi et al. 2020) have observed that the merging of traditional financial systems with blockchain-enabled systems will help both banked and unbanked consumers around the world get better services. Blockchain technology can help banks and financial institutions with Bitcoin trading, bond transactions, currency swaps, check issuance, improved KYC, improved settlement, loan granting, remittances, smart contracts, trade finance, and other activities. Additionally, blockchain can be used in conjunction with other technologies, such as identity management, encryption, and business rules, to adapt technology to the problems at hand (Osmani et al. 2020). Blockchain concepts and applications, as well as various frameworks, are being debated in research communities. Blockchains are now being used in a wide range of banking applications, including financial asset settlement, business-related services, economic transactions, and market forecasting (Haferkorn and Quintana Diaz 2014). Blockchain is expected to be essential for long-term, worldwide economic growth in the future, which will benefit society and consumers in general (Nguyen 2016). Studies have shown that digital payments, settlement, derivatives, securities, commercial banking processes, processes for loan management, auditing, and digital currencies, etc., can make the financial markets much more efficient and effective (Cucari et al. 2022; Gupta and Gupta 2018; Karim et al. 2022; Kumari and Devi 2022b; Osmani et al. 2020; Patki and Sople 2020).



The government of India’s Ministry of Electronics and Information Technology (MeitY) has designated blockchain technology as one of the key research areas with potential applications in a variety of fields, including governance, banking and finance, cyber security, and other sectors. Blockchain technology is being used by many Indian banks, including the State Bank of India, ICICI Bank, Yes Bank, Kotak Mahindra Bank, and Axis Bank, in a variety of banking and financial services, such as vendor financing and financing foreign trade. Blockchain transactions are being used by many banks in India to digitize loan sanctions, cross-border remittances, asset registries, and vendor financing. In 2017, the State Bank of India (SBI) established a financial blockchain consortium with 10 commercial banks, making it the first Indian bank to do so. The consortium members communicate know your customer (KYC), anti-money laundering (AML), and combating the financing of terrorism (CTF) information among themselves using blockchain technology. However, blockchain adoption in Indian banking and financial transactions is still in its early stages. The wide adaptation of blockchain technology in Indian banking and financial services depends on the bankers’ intention to use blockchain in their job profile. Using the technology acceptance model, the main goal of the study is to find out if bankers plan to use blockchain in banking services.




1.2. Technology Adaption Model


Technology creation must coexist with user acceptability for the rapid development of society (Taherdoost 2018). The rate of technology adoption aids decision-makers in advancing technology for the benefit of society. As a result, researchers are researching whether or not people adopt new technology, as well as the causes and effects of that. These study findings can assist various stakeholders in advancing technology adoption by guiding their actions (Taherdoost 2017, 2018, 2022). In parallel, various models and frameworks have been created to look at the factors that influence technology adoption in various fields. Acceptance depends on many factors. Such as the users’ thinking processes, trust, beliefs, attitudes, confidence levels, and support systems (Jevsikova et al. 2021). A proper technology acceptance model is needed to find out if bankers want to use blockchain systems for banking transactions. This will help explain the effects and importance of these different factors (Gupta et al. 2022).



In the past, various studies have utilized different technology acceptance models such as the Theory of Reasoned Action (TRA) (Fishbein and Ajzen 1977), the Technology Acceptance Model (TAM) (Davis 1987), the Theory of Planned Behavior (TPB) (Ajzen 1985), and the Unified Theory of Acceptance and Use of Technology (UTAUT) (Venkatesh et al. 2003). These models give a theoretical foundation for forecasting an individual’s acceptance and use of technology, as well as explanations for technology acceptance and usage based on various technological qualities and contextual circumstances. All these models have their advantages and disadvantages, but UTAUT has proven to be highly effective for measuring technology acceptance in different domains (Chao 2019; Jevsikova et al. 2021; Venkatesh et al. 2003; Wijaya et al. 2022). Users of digital technologies have frequently been forced to accept and use a particular technology almost immediately in order to adjust to the new reality. The UTAUT model is one of the most widely and frequently used theories to explain how people use and adopt technologies in organizational and individual settings (Chao 2019; Venkatesh 2022). UTAUT has served as a primary model for accepting various technologies in both organizational and non-organizational settings (Neirotti et al. 2018; Tamilmani et al. 2019). So, the primary goal of this study was to use the UTAUT to learn more about the important factors that predict whether or not a bank plans to use blockchain technology. Accordingly, the main objectives of this study were: (1) to develop an extended UTAUT model incorporating various contextual constructs to predict usage intention towards blockchain technologies in banking activities; (2) to investigate how significantly the essential factors (performance expectancy, facilitating condition, and initial trust) influence behavioral intention to use blockchain technology in the banking system; (3) to examine whether government regulations and perceived risk moderate the effects of performance expectancy, facilitating condition, and trust on behavioral intention to blockchain technology; and (4) to assess and validate the proposed model empirically.



The remainder of the paper is structured as follows: Section 2 examines previous research in the field. Section 3 presents the proposed theoretical framework. Section 4 explains the methodologies used in this study. The result and analysis section discusses the study findings (i.e., Section 5). Section 6 is devoted to the study’s discussion and implications. Section 7 discusses the limitations and future scope of the study. The study concludes with a conclusion in Section 8.





2. Literature Review


Blockchain will have a significant impact on the banking and financial sectors in the future. Blockchain provides a secure banking system, which reduces time, effort, and cost in banking services. These blockchain-related technologies help to evolve a cashless society. The success of blockchain adoption in banking systems depends on bank employees’ and bank management’s acceptance of using these systems. Acceptance depends on many factors, such as the employees’ thinking processes, trust, beliefs, attitudes, confidence levels, and support systems (Jevsikova et al. 2021). Since the early 1980s, various information system (IS) adoption theories have been created to understand and forecast technology uptake. This section will discuss the studies related to blockchain adoption in the financial and banking sectors. Although there are not many studies conducted to predict the intention of blockchain technology in the banking system, Table 1 summarizes important studies related to various modified and integrated IS models for blockchain adoption in the banking system.



As shown in Table 1, many IS models have been used successfully to find the antecedents of use intention of blockchain technology in financial intuitions and banks across the globe. The TPB adoption model was used by Chang et al. (2020) to examine the adoption of BCT in the financial sector. They identified knowledge-hiding as the most critical factor in the adoption of blockchain technology in financial services. Kawasmi et al. (2020) used a modified TAM to study the acceptance and adoption of the blockchain in the global banking industry. Kawasmi and colleagues studied blockchain adoption in three ways, i.e., supporting, hindering, and circumstantial. They also reported the lack of regulation and the need for the revision of current legislation and regulations. Heidari et al. (2019) integrated the TOE, DOI, and NIP models, to study blockchain adoption in the Iranian financial market. They observed that the blockchain acceptance readiness levels were one of the critical factors for blockchain adoption. Furthermore, Saheb and Mamaghani (2021) used a modified TOE model to study blockchain adoption in banking. They identified the most critical barriers, i.e., thelack of understanding by top managers, marketing noise, and finally compliance and regulatory requirements, for blockchain adoption in the banking sector. Khalil et al. (2021) also studied the significant factors in the adoption of the financial sector by using a moderated mediated model. They found that digital business strategy, business process innovation, and financial performance, are the three important factors for blockchain adoption. Kumari and Devi (2022a) used a decomposed theory of planned behavior (DTPB) model to investigate the factors responsible for the adoption of blockchain technology in investment banking in India. They found that perceived usefulness is an important factor for blockchain adoption in India.



However, the UTAUT framework is the latest and most widely used information system (IS) model to predict the intended and actual use of technology (Venkatesh et al. 2003). Yusof et al. (2018) studied the adoption of blockchain technology in the banking sector using the basic UTAUT model. They found effort expectancy is one of the predictors of blockchain acceptance in the banking sector in Malaysia. Chang et al. (2020) studied the adoption of blockchain in Malaysian Islamic banking using the basic UTAUT model. He found that making things easier is the most important factor in getting Islamic banks to use blockchain. Nazim et al. (2021) integrated basic UTAUT and TOE theory to determine the factors of blockchain technology in banking. They observed that effort expectancy, social influence, and facilitation, are the most important factors for adopting blockchain in the Malaysian baking system. Kumari and Devi (2022b) extended the UTAUT by adding financial literacy and perceived risk factors to study the users’ intention to use blockchain technology in digital banking services. Later, the UTAUT model has been changed many times by adding more contextual and attitude constructs (Ahmed et al. 2022a; Tamilmani et al. 2021; Venkatesh et al. 2012, 2016; Williams et al. 2015) to make it more generalizable and useful.



As discussed above, it is observed that over the past few years, there has been a lot of research on technology adaption in the banking sector. Most of the studies used different technology adoption models (TPB, TAM, DTPB, TOE, and UTAUT) to assess the bankers’ intention to use blockchain. At the same time, the UTAUT model was found to be the most reliable technology adoption model (Ahmed et al. 2022a; Tamilmani et al. 2021; Venkatesh et al. 2016; Williams et al. 2015). However, most of the previous studies used the basic UTAUT model to investigate the bankers’ intention to use blockchain in the banking system. Furthermore, most of the studies are conducted in western countries, and there is still a research gap in predicting blockchain adoption in the banking sector in the Indian context. This research gap could affect the advancement and use of blockchain technology in the banking and financial sectors in India. Because of this, the paper proposes an extended UTAUT model by incorporating different contextual variables to predict the intention of Indian bankers to use blockchain technology. This study will add perspective to evaluating blockchain adoption from a practitioner’s perspective, as prior studies in Indian banking and financial institutions lacked the empirical evidence of determinants of usage intention. The study would help the decision makers involved in the Indian banking sector to enhance the blockchain adoption in banking.




3. Theoretical Ground


Based on the objectives of the study, the theoretical basis of the proposed research framework was adopted from the UTAUT model. Effort expectancy, performance expectancy, social influence, and facilitating conditions, are the four basic predictors of behavioral intention in the original UTAUT model. Many researchers have recently extended the base UTAUT model by adding many new constructs based on the different applications (Han and Conti 2020; Jena 2022). Dwivedi et al. (2021) validated the usage of appropriate constructs in the different versions of the UTAUT model using a meta-analytic evaluation approach. They observe that performance expectancy and facilitating conditions have a substantial direct impact on behavioral intention to use technology. They also saw that the most important UTAUT extensions are trust, personal innovativeness, perceived risk, attitude, and self-efficacy.



Recently, Tamilmani et al. (2021) systematically reviewed the extension of UTAUT models and explained their theory base. They suggested the requirement of a simplified UTAUT prototype that can facilitate researchers making the necessary addition of new constructs and omission of irrelevant constructs based on the context rather than having the obligation to replicate all the constructs in the underpinning model/theory. While studying existing/experienced/specialist users of technology in various developed countries, they discovered that some variables, such as EE, are prone to generating non-significant results, others have a negative impact on others, and some predictors cannot coexist in a research model; for example, EE has been shown to reduce FC’s predictive abilities (Venkatesh et al. 2016). They also had an opinion that researchers should include or exclude the basic and extended UTAUT model constructs based on the study environment and scope. Finally, they arrived at a multi-level framework to facilitate the researchers’ extension of the UTAUT model in future research. The suggested template grouped the variables into four classes, i.e., antecedents, outcomes, mediators, and mediating variables. For this research, PE and FC are taken as antecedents to usage intention in the proposed model (Figure 1).



Further, trust is taken as a mediator in the proposed model. On the other hand, many studies have shown the moderating role of different demographic variables in different situations (e.g., gender, age, and experience) (Venkatesh et al. 2003, 2012). Therefore, instead of these demographic factors, the important contextual moderators, e.g., initial trust and perceived risk, were included in the proposed model.



3.1. Hypothesis Development


Like other studies (Ahmed et al. 2022a; Almisad and Alsalim 2020; Dwivedi et al. 2019; Jevsikova et al. 2021; Raza et al. 2021), this study left out some constructs from the original or extended UTAUT models that were not important or were used extensively in the past. Some contextual constructs, which are essential for explaining the adoption and use of blockchain technology, are added to the proposed framework. Therefore, to study the acceptance of blockchain technology in the banking system, the details of each construct and their relationships are discussed below.



	
Usage Intention (UI)






Venkatesh et al. (2003) defined usage intention as “a person’s inclination to engage in a specific behavior and has been found as a sign of actual behavior among users of technology”. Blockchain is a relatively new technology and its adoption behavior has not been explored much in the literature.



	
Initial Trust (ITR)






Kim and Prabhakar (2004) defined initial trust as the “willingness of a person to take risks to fulfill a need without prior experience or credible, meaningful information”. In other words, initial trust is formed based on the users’ convenience, flexibility, and perceived benefits of the technology, to their activities (Koufaris and Hampton-Sosa 2004). Furthermore, for new users or less technology-experienced users, initial trust plays an important role in the adoption of new technology like blockchain technology (Franque et al. 2022; Kim and Prabhakar 2004; Oliveira et al. 2014). Initial trust is influenced by the user’s personality, environmental facilitating conditions, performance expectancies of the user, and social influence (Kim and Prabhakar 2004; Oliveira et al. 2017). Trust is a very important factor when using technology, especially in the banking system. After users initially use a system, their further usage will depend on trust-building. A plethora of recent empirical studies has established that initial trust is the most dominant parameter to improve the acceptance of technology in a different context (Kopp et al. 2022; Manchon et al. 2022; Xie et al. 2022). On the contrary, Aljaafreh (2021) in their study revealed that trust has an insignificant or less relevant issue in predicting usage intention. Blockchain is a relatively new technology in banking and financial services. Bankers who lack experience face concerns about risk and lack confidence in using the technology. As the role of initial trust is not conclusive in predicting technology acceptance and blockchain is a new technology, the following hypothesis is posited for this study:

H1. 

The bankers’ initial trust in blockchain technology significantly influences the usage intention.







	
Facilitating Conditions (FC)






Venkatesh et al. (2012) defined FC as “the user belief that institutional support and infrastructure are available to assist in the use of targeted technology”. From the perspective of the blockchain environment in the bank, facilitating conditions emphasize the availability of technical structure to accept and use the technology (Lai 2020; Raza et al. 2021; Yang et al. 2022). FC is generally influenced by the users’ adequate level of technical, organizational, infrastructural, and human support to use technology. FC enhances the functionality of the technology. Further, FC helps to enhance the users’ initial trust in technology use (Hmoud and Várallyai 2020). Therefore, the following hypotheses are suggested:

H2. 

FC positively influences the bankers’ usage intention to use blockchain technology.





H3. 

FC significantly influences the bankers’ initial trust to use blockchain technology.







	
Performance Expectancy (PE)






Performance expectancy is defined as how individuals perceive that technology will help them gain maximum benefit from their work (Venkatesh et al. 2016). Performance expectancy has been proven to significantly affect behavioral intention (Ayaz and Yanartaş 2020; Nazim et al. 2021). Several studies have also found that PE has a significant impact on trust in technology (Akhtar et al. 2019). Therefore, it is expected that performance expectancy will positively influence the usage intention and initial trust to adopt blockchain technology in this study. Hence, the following hypotheses are proposed:

H4. 

PE positively influences the bankers’ usage intention to use blockchain technology.





H5. 

PE significantly influences the bankers’ initial trust to use blockchain technology.







3.1.1. Moderating Variables


	
Perceived Risk (PR)






When using advanced technology like blockchain in banking transactions, bankers often worry about perceived security risks, such as privacy issues, system errors, losing passwords, incompatibility between operating systems and security software, and low system quality. These security risk factors have a significant impact on the intention to use BCT in banking. Various studies have examined perceived security risk as an external factor influencing the UTAUT model’s variables (Chao 2019; Martins et al. 2014; Thusi and Maduku 2020). They also argued that perceived risk considerably hinders usage intention. Chao (2019) found perceived risk as a significant moderating factor in the extended UTAUT model. Thus, the present study extended the UTAUT model by adding perceived risk as a moderating variable in predicting the intention to use blockchain in banking activities.

H6. 

The relationship between performance expectancy and usage intention is moderated by perceived risk.





H7. 

Perceived risk moderates the relationship between facilitating conditions and usage intention.





H8. 

The perceived risk moderates the relationship between initial trust and usage intention.







	
Government Regulation (GR)






Government regulation is concerned with laws that are intended to control people’s behavior. Governments should draught laws to govern blockchain technologies in order to facilitate collaborative peer-to-peer communication among stakeholders, rather than subject them to legal constraints (Tapscott and Tapscott 2016). Proper legislation should be drafted or amended to facilitate the widespread adoption of blockchain technology (Kawasmi et al. 2020). Harwood-Jones (2016) suggested six regulatory/legal challenges to overcome before blockchain technology “e.g., legal nature of blockchain and distributed ledger; recognition of blockchain as immutable, tamper-proof sources of truth; right to be forgotten; legal validity of documents stored in the blockchain; the validity of financial instruments; and using smart contracts”. The government of India is now framing new IT laws and regulations to facilitate the easy adoption of blockchain technology in different sectors, including banking and financial services. No study so far has tested government regulation as a variable to predict blockchain adoption using the UTAUT framework. So, the following hypotheses are made to identify how these rules and regulations are affecting bankers’ plans to use blockchain technology:

H9. 

Government regulations moderate the relationship between performance expectancy and usage intention.





H10. 

Government regulations moderate the relationship between facilitating conditions and usage intention.





H11. 

Government regulations moderate the relationship between initial trust and usage intention.







Further, taking the combined moderating effect of GR and PR on the proposed relationship (Figure 1), the following hypotheses are proposed:

H12. 

The impact of performance expectancy on usage intention is moderated by perceived risk and government regulation.





H13. 

Perceived risk and government regulation moderate the impact of facilitating conditions on usage intention.





H14. 

The combination of perceived risk and government regulation moderates the effect of initial trust on usage intention.








3.1.2. Mediating Variable


Several studies have discovered that trust plays an important role as a mediator between usage intention and its predictors (Burda and Teuteberg 2014; Casey and Wilson-Evered 2012; Chang and Chen 2008; Domingo and Garganté 2016; Ghazizadeh et al. 2012; Giovannini et al. 2015; Hew and Kadir 2016). Burda and Teuteberg (2014) investigated the mediating role of trust between ease of use and the intention to use cloud storage. Their findings established the mediating role of trust. Masrek et al. (2014) developed a conceptual model to investigate the adoption of mobile banking in Malaysia. They found the significant mediating role of initial trust in predicting the intention to use mobile banking. Ghazizadeh et al. (2012) used trust as a mediator to predict the drivers’ intention to use technology-enabled monitoring and feedback systems. The findings showed that trust fully mediates the effect of perceived ease of use on UI. Hew and Kadir (2016) incorporated ITR as a mediator between perceived expectancy and usage intention. The findings showed that trust partially mediates the relationship between perceived expectancy and usage intention. Similarly, Chang and Chen (2008) have proved the significant mediating role of trust in the intention to purchase from an online store. Giovannini et al. (2015) established the partial mediating role of trust in predicting the intention to use m-commerce. On the contrary, Casey and Wilson-Evered (2012) found that trust in technological innovation did not produce significant effects on the intention to use technology. Chaouali et al. (2016) found trust as a strong mediator for using internet banking services. In the field of blockchain adoption, it can be defined as the trust of bankers to accept a disruptive technology. Therefore, in this study, trust in blockchain technology was introduced as a mediating variable to predict intention to use the blockchain. Thus, the following hypotheses are proposed:



H15. 

Initial trust in blockchain technology mediates the relationship between performance expectancy and usage intention.





H16. 

The relationship between facilitating conditions and usage intention is significantly mediated by the initial trust in blockchain technology.








4. Research Methodology


4.1. Study Instrument


A questionnaire (in Supplementary Information) was designed to collect data for this study. The questionnaire was divided into two sections. In the first section, 32 items were used to measure the seven constructs presented in the proposed research model (Figure 2). The scales for PE, FC, ITR, UI, GR, and PR, were developed after a thorough review of literature related to different IS models. The scale for FC, PE, and UI, was adopted by Venkatesh et al. (2012). The initial trust scales were adapted from Kim and Garrison (2009). The government regulation was measured using four items adapted from Tornatzky et al. (1990). The perceived risk scale was adapted from von Solms and von Solms (2018). All the scales were measured on a 5-point Likert scale. The second part of the instrument was used to gather demographic information about the participant.



A pilot study was conducted before the actual study to improve the readability and validity of the scale. The main objective of the pilot study was to check the accuracy and precision of the items (Hair et al. 2010). In the pilot study, 30 valid responses were received from bankers from Nagpur, India. The Cronbach’s alpha scores of all the variables were between 0.71 and 0.83. The results showed that Cronbach’s alpha values for all variables were higher than 0.7. This showed that all measurement items were reliable (Hair et al. 2010).




4.2. Participants


A cross-sectional survey based on a stratified sampling procedure was used for data collection. The stratification sampling method generally increases the precision of statistical estimates (Creswell and Creswell 2017). The sample size of this study was decided based on the requirements of Structural Equation Modeling (SEM). According to Boomsma and Hoogland (2001), a minimum sample size of 200 is required to minimize the bias in the results in SEM. Schreiber et al. (2006) recommended a ratio of 10 observations per indicator for a good sample size for SEM. In addition, Wolf et al. (2013) recommends that the minimum sample size be at least 10 times the number of free parameters in SEM. Considering the above recommendations, it was assumed that a minimum sample size of at least 200 would be sufficient to reduce bias in the study results. Aiming to receive the required responses, more than 600 questionnaires were distributed among employees of leading banking institutions and FinTech firms all over India, between 15 April 2021 and 15 February 2022. All the participating bankers were middle-to senior-level employees. All participants were informed about the research and assured that their responses would be anonymous and used only for research purposes. A total of 428 responses were collected and, after preliminary screening, only 381 responses were found usable for further analysis. The demographic data revealed that the mean age of the participants was 36.8 years, and approximately two-thirds of the participants were male (74.3%). Furthermore, 56% (approx.) of the participants had more than 12 years of experience in banking. In addition, 38.6% of the sample were from public banks.





5. Results and Analysis


The model was validated using partial least squares (PLS) regression-based structural equation modeling (SEM) techniques in R. PLS regression is very useful for data analysis during the early stages of theory building and validation (Tsang et al. 2021). The PLS model examines and evaluates the measurement model and structural model. In addition to utilizing several data-screening processes for missing values and outlier detection, a common-method variance test and a nonresponse bias test were used to ensure the data quality.



	
The Nonresponse Bias Test






Nonresponse bias is a significant problem for data acquired using the ego instrument. In this work, potential nonresponse biases were evaluated using an extrapolation technique suggested by Armstrong and Overton (1977). This method assessed and analyzed the responses of both early and late respondents to determine whether their mean values differed. A t-test was performed to compare the mean values of the first 100 participants to those of the last 100. According to the test results, there was no statistically significant difference between the sample means (t = 11.4, p = 0.03). Consequently, there was no response bias in the data.



	
The Common-Method Variance Test






In a cross-sectional study, common-method variance poses a formidable challenge (Hair et al. 2017). Consequently, the solution developed by Podsakoff et al. (2003) was utilized to solve the possible common method variance issue in this investigation. Varimax rotation was employed to treat all 32 components as a single factor. Five iterations later, the one-factor test converged to six factors (FC, PE, ITR, GR, PR, and UI). The test explained 39% of the total variance, which is significantly below the needed 50% threshold (Harman 1976). These results demonstrate that the data does not have a problem with common-method variance.



5.1. Evaluation of Measurement Models


Internal reliability (IR), convergent validity (CV), and discriminant validity (DV), were examined to evaluate the measurement model. The Cronbach’s alpha and composite reliability (CR) values were used to assess internal reliability. The average variance extracted (AVE) was used to assess the CV and DV of the construct (Bagozzi and Yi 2012; Fornell and Larcker 1981; Hair et al. 2010). Table 2 displays the item loading range, Cronbach’s alpha, AVE, and CR results. The estimated significant construct loadings, which are greater than the suggested levels, varied from 0.69 to 0.87. (Hair et al. 2010). The IR of a construct describes how well a construct is assessed using its items and assessed using Cronbach’s alpha and CR. The Cronbach’s alpha values ranged from 0.71 (PE) to 0.77 (GR), and CR values ranged from 0.77 (PE) to 0.82 (GR). For both measures, all constructs exceeded the recommended cutoff of 0.7 (Fornell and Larcker 1981; Hair et al. 2010), thereby suggesting moderate to high internal reliability. The AVE ranged from 0.62 (PE) to 0.68 (GR) and was greater than 0.5 for each construct (Fornell and Larcker 1981), thereby establishing the construct validity.



To evaluate the DV, two criteria (Fornell–Larcker criteria and the Heterotrait-Monotrait (HTMT) criteria) were used. Using the Fornell–Larcker criteria, the results show that the square root of the AVE of each latent construct (presented diagonally with strong bold text) exceeded the inter-construct correlations for each construct, as shown in Table 3, demonstrating an appropriate degree of DV. Additionally, according to the HTMT criterion, all HTMT values (upper diagonal values in Table 3) are below the cutoff of 0.90 (Hair et al. 2017), confirming the discriminant validity of the constructs.




5.2. Model Assessment


To rate the overall effectiveness of the suggested model, the goodness of fit (GoF), path coefficient, and coefficient of determination (R2) were utilized. The geometric mean of the average commonality and average R2 value was used to calculate the GoF (GoF =       A V E  ¯  ∗    R 2   ¯  )    ) as suggested by Alolah et al. (2014). The recommended threshold value of GoF is 0.36. The GoF value for the proposed model was 0.66, which is more than the threshold value. As a result, the model’s overall quality was satisfactory. The path coefficient and t-statistics were also used to assess the associations between the dependent and independent variables. Finally, the coefficients were found using the bootstrapping resampling method. The number of iterations was set at 1000.



The hypotheses concerning the direct relationship between PE, FC, ITR, and UI, are shown in Figure 2. Considering ITR as a dependent variable, the direct effect of FC and PE are significant, with path coefficients of 0.31 and 0.37, respectively. This demonstrates that FC and PE positively influence bankers’ initial trust using blockchain technology for banking activities. Hence, hypotheses H3 and H5 are supported. Further, ITR (0.39) positively influenced the usage intention to use blockchain technology in banking activities. Therefore, hypothesis H1 is found satisfactory. Further FC (0.41) positively influences the intention to use the blockchain in banking services. Thus, hypothesis H2 is supported. Similarly, PE (0.44) significantly predicts the usage intention to use blockchain. Hence, hypothesis H4 is supported.



So far, from the above findings, it is observed that the proposed structural model has a significant explanatory power (i.e., R2 value is 0.69). However, researchers have ascertained that only R2 is not sufficient to assess the stinginess of a structural model in the PLS-SEM approach (Hair et al. 2016). So, the predictive power of the proposed model was estimated using the Stone-Geisser’s Q2 test (Stone 1974). The Q2 value was calculated by using the Blindfolding procedure. Q2 ≠ 0 indicates a significant predictive relevance for its endogenous variables (Hair et al. 2017). The Q2 value of the proposed model was found at 0.37, which indicates a strong predictive relevance for the bankers’ blockchain technology use in the banking and finance sector.



5.2.1. Mediation Effect


The bootstrapping method was used to assess the mediation effect in the theoretical model. The bootstrapping method is independent of any assumption about the sampling distribution (Hair et al. 2017). The variance accounted for (VAF) was calculated as follows: VAF = Indirect effect/Total effect. According to Hair et al. (2016): “If the VAF value is less than 0.2, there is no mediation; if the value is greater than or equal to 0.2 and less than or equal to 0.8, then there is partial mediation; and if the value is greater than 0.8, there is full mediation”. Mediation results are presented in Table 4. The VAF value for PE→ITR→UI is 0.92, indicating that trust fully mediated the relationship between performance expectancy and usage intention. For the mediation effect of trust on the relationship between facilitating condition and usage intention, the VAF value is 0.93, showing full mediation. Thus, H15 and H16 are supported.




5.2.2. Moderation Effect


The interactions and moderation effects of all dimensions included in the model analysis are presented in Table 5. The results include structural path estimates and explained variations for the dependent variable (usage intention).



It was also discovered that perceived risk has a negative effect on the intention to use blockchain in banking services (β= −0.17, p < 0.05). This implies that the users’ usage intention to use blockchain increases with a decrease in perceived risk. Government regulations, on the other hand, have a positive influence on blockchain usage in the banking sector (β = 0.33, p < 0.01).



The trust was found to significantly (positively) affect usage intention. The relationship between trust and usage intention is significantly moderated by government regulation (β = 0.37, p < 0.05). Hence, hypothesis H11 is supported. Further, the perceived risk did not moderate the relationship between trust and usage intention. Therefore, H8 is not supported. However, the combined moderating effect of PR and GR on ITR→UI is also found to be insignificant. Hence, H14 is not supported.



Government regulation significantly moderates the relationship between PE and usage intention (β = 0.22, p < 0.05). H9 is supported. Again, perceived risk significantly moderates the relationship between PE→UI (β = −0.24, p < 0.01). H6 is supported. The combined (GR and PR) moderating effect on PE→UI is not significant. Hence, H12 is not supported. On the other hand, government regulation is found to significantly moderate the relationship FC→UI (β = 0.25, p < 0.05). Hypothesis H10 is supported. However, the moderating effect of PR on FC→UI is found to be insignificant. Hence, hypothesis H7 is not supported. Thus, the combined moderating effect of PR and GR on FC→UI is significant (β = 0.21, p < 0.05). H13 is supported.



The suggested model explains a significant proportion of the variance in initial trust (67%) and usage intention (69%) (Figure 2). Falk and Miller (1992) state that the coefficient of determination (R2) must be greater than 0.10. Overall, the suggested model can account for more than half of the variance in the dependent variables. These results imply that the proposed model is stable and robust. Table 5 and Figure 2 display all estimated and normalized path coefficients (significant paths are indicated with asterisks). Finally, Table 6 shows the results of the hypothesis test.






6. Discussion


This study seeks to extend the researcher’s understanding of blockchain technology adaptation in banking services by extending UTAUT with contextual variables. The research model in this study enhances the theoretical foundations of UTAUT by incorporating different contextual variables, e.g., trust, government regulation, and perceived risk, shaping the adoption behavior of bankers to use blockchain technology in the banking sector. A high level of trust in blockchain technology will make it easier for bankers to validate the details of blockchain services to evaluate their reality. The study results show the significant effect of trust in blockchain technology on usage intention. The analysis results demonstrate that a high level of trust will increase the bankers’ intention to use blockchain technology in banking services. This result is in line with the argument stated by previous researchers (Saputra and Darma 2022; Vidan and Lehdonvirta 2019). The banker will feel more comfortable using trusted services because there will be no need to check for authenticity and legitimacy (Bianchi and Brockner 2012; Saputra and Darma 2022).



The proposed model validates the relationship between performance expectancy (PE) and initial trust (ITR). This finding is consistent with previous studies in the context of IT-enabled banking services (Kim and Garrison 2009; Oliveira et al. 2014). As discussed, initial trust is formed when the user finds performance gains from using blockchain technology. Thus, when the banking tasks are optimized by blockchain technology, it leads to the initial trust of the banker. Further, this study found that PE is one of the most important predictors of usage intention to use blockchain technology. This finding is also supported by various past studies (Luo et al. 2010; Zhou et al. 2010). It is interesting to note that the banker views performance expectations as one of the most critical aspects of the acceptance of blockchain technology in Indian banking and financial services.



The moderating variable, and perceived risk, failed to moderate the association (FC→UI and ITR→UI). Indeed, blockchain application in banking is the story of the future. When trust in blockchain grows and the enabling conditions improve, bankers will be able to confidently use blockchain in their work. That means when bankers are proficient with the blockchain-enabled banking system, the impact of risk does not seem very significant in moderating the proposed relationship. Further, government regulations and perceived security are proven to be significant mediators in the proposed model. The rules and regulations regarding the use of cryptocurrencies and other financial transactions using blockchain, especially in India, are still unclear. The bankers feel that government regulation does not provide enough support for using blockchain transactions. Besides, the risk of using blockchain in banking services has not been explored enough by government regulation. The lack of clarity in rules and regulations regarding the usage of blockchain technology in banking services will make bankers distrustful in India. Meanwhile, on the security aspect, frequent bugs, and delays in the application, cause bankers to feel insecure when using it. It may be because blockchain applications are very new to the bank, so it needs more development in technology security. In addition, blockchain is a decentralized technology that is always vulnerable to malicious security attacks, resulting in huge value and data theft (Lin and Liao 2017).



6.1. Study Implication


This research makes significant contributions to both research and practice. For researchers, the model provides a holistic approach to examining the factors that predict blockchain adoption in India’s banking sector by cohesively extending the UTAUT model. The study adds to the existing body of knowledge by establishing a link between bankers’ perceptions of blockchain technology and the blockchain’s ability to meet their individual performance expectations in banking activities, facilitating conditions to support the use of blockchain technology, and their initial trust in blockchain services. It provides practitioners with useful insights into the role of advanced technology in banking service delivery. It provides a realistic view of the behavioral and technological factors that influence the decision to use blockchain technology. The study can assist banking and financial institution stakeholders in supporting blockchain initiatives, implementation, and deployment in Indian banks. The theoretical and practical implications will be explained in the next sections.



6.1.1. Theoretical Implications


This paper provides several significant advances in theory. First, to the best of our knowledge, this is an early attempt to analyze blockchain usage intention in Indian banks in a comprehensive manner. Although few prior studies have addressed blockchain adoption using the UTAUT model, the strength of this study lies in extending the UTAUT model by adding contextual behavioral, technological, and environmental variables. This is evidenced by the high explanatory power of our research model (0.69). Second, it is important to point out that the constructs relevant to blockchain adoption are not just FC, but also performance expectancy, initial trust, and the moderating role of government regulation and perceived risk. This warrants the extension of the UTAUT framework by adding contextual constructs to explain the adoption of blockchain in the Indian banking system. Future studies on technology adoption may benefit from this research. This research presents an integrative model for evaluating the impact of behavioral, technological, and environmental aspects on the adoption of new technologies.




6.1.2. Implications for Practice


This study provides a significant hands-on impact on relevant stakeholders, government representatives, industry professionals, and policymakers, involved in implementing and delivering the blockchain service. This study found the direct effects of performance expectancy on initial trust and usage intention. The direct effect of PE on UI shows that the bankers’ intention to use blockchain technology is largely influenced by the benefits (e.g., convenience, economic benefits, satisfaction, etc.) of using technology to carry out banking operations. This means that the banking authorities must provide at least all the required services available through blockchain technology. The facilitating condition is another important determinant of usage intention and creates initial trust among the users of blockchain technology in the banking environment. Therefore, it is recommended that the senior bank authorities and technical support team organize workshops, conferences, and peer-peer discussions, regarding the usage and benefits of different applications to enhance the bankers’ initial trust and usage intention. Further, providing useful suggestions through creating micro-support sites, round-the-clock call centers, and qualified personnel to offer a helping hand, can boost the banker’s trust and usage intention. Furthermore, authorities must provide the necessary infrastructure at both the organizational and technical levels to ensure a seamless blockchain experience for bankers.



Furthermore, government rules and regulations regarding the implementation and use of blockchain technology also influence the trust and intention to use blockchain services. Since 2017, the government of India has started framing rules to make banking transactions seamless and secure using blockchain1. However, the government of India needs more effort to bring user-friendly rules and regulations to influence the bankers’ decision to use blockchain and ensure that the rules optimize the usage of blockchain. Again, the perceived risk of using blockchain services was another observation from the study results. So, ensuring and maintaining information protection guarantees, transaction confidentiality, and service availability, can minimize the reputational risk.






7. Limitations and Future Research


There are certain limitations to this study, as in other studies. Some restrictions are a result of this new technology’s (blockchain) fundamental characteristics. In India, the use of blockchain in banking and financial transactions is a relatively recent service. Although most mobile phone users are aware of the blockchain service’s basic notion, they are generally unaware of its actual capabilities. Over time, bankers will use blockchain more widely, so longitudinal research in the future will help to better understand the acceptance of blockchain technology. Since there has not been much research done on how banks are using blockchain, future research can help us learn more about how users feel about blockchain services in banks, like cryptocurrency payments, and letters of credit (LOC), etc.



It can also be a worthwhile improvement to adjust the research model described in this study to incorporate different contextual moderators, e.g., technology experience, and task-technology fit, etc. Once the new service is used, the foundation of trust shifts, and as time goes on, information quality, security, and availability become the factors that matter (Zahedi et al. 2008). This study can be expanded to include data quality parameters and how they affect blockchain adoption in the face of change in mobile technology and financial service models. Retail banks, commercial banks, community development banks, or any other sort of banking institution, were not distinguished in this study. Therefore, future studies can compare and contrast the intention to adopt blockchain as various banking institutions differ in terms of IT and strategic decisions (Tallon 2010). In the future, researchers could also use other types of analysis, like spatial analysis (Franch-Pardo et al. 2020), to look at how blockchain innovations are spreading in the banking and financial sector.




8. Conclusions


This study formulated and empirically tested an extended UTAUT model to explain the important predictors of Indian bankers’ intention to use blockchain technology at an individual level. The findings of this study indicate that the suggested model has strong explanatory power and is reliable in a variety of situations. Not only is the extension of the UTAUT model with different contextual constructs (initial trust, government regulations, and perceived risk) theoretically appealing, but it is also empirically significant. The study reveals that the most important predictors of an Indian banker’s intention to use blockchain are facilitating conditions (FC), performance expectancy (PE), and initial trust (ITR). The significant moderation effect of government regulation and perceived risk on the intention to use blockchain technology and its predictors also proves the significance of the proposed model. The research proposes a comprehensive strategy for future studies on the adoption of new technologies (e.g., blockchain) by emphasizing the utility of the UTAUT extension by integrating crucial contextual elements. The research provides practitioners with helpful insights that can be used to create and ensure the seamless deployment of blockchain technology within the banking sector.
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Figure 1. Conceptualized extended UTAUT model. 
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Figure 2. Path coefficients (Direct). * p < 0.05. 
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Table 1. UTAUT and its extension used for technology adaption.






Table 1. UTAUT and its extension used for technology adaption.





	Study
	Model
	Remarks





	(Chang et al. 2020)
	TPB
	Financial services



	(Kawasmi et al. 2020)
	Modified TAM
	Global banking



	(Heidari et al. 2019)
	Integration of TOE, DOI, and NIP models:
	Financial markets



	(Saheb and Mamaghani 2021)
	Extending TOE factors
	Banking



	(Khalil et al. 2021)
	A moderated mediated model
	Financial sector



	(Cheng 2020)
	Basic UTAUT
	Financial sector



	(Yusof et al. 2018)
	Basic UTAUT
	Banking



	(Kumari and Devi 2022a)
	Decomposed theory of planned behavior (DTPB) model
	Investment Banking



	(Nazim et al. 2021)
	Basic UTAUT and Technology-Organization-Environment (TOE) Framework
	Banking



	(Kumari and Devi 2022b)
	Extended UTAUT model by financial literacy and perceived risk factors.
	Digital banking
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Table 2. Construct Reliability.






Table 2. Construct Reliability.





	Construct
	No of Items
	Loading
	Cronbach’ Alpha
	AVE
	CR





	FC
	4
	0.72–0.84
	0.74
	0.65
	0.80



	PE
	3
	0.66–0.81
	0.71
	0.62
	0.77



	ITR
	4
	0.71–0.77
	0.73
	0.64
	0.79



	GR
	4
	0.69–0.87
	0.77
	0.68
	0.82



	PR
	3
	0.72–0.87
	0.76
	0.66
	0.79



	UI
	3
	0.69–0.83
	0.75
	0.64
	0.78
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Table 3. Discriminant validity (Fornell–Larcker Criterion and Heterotrait-Monotrait ratio (HTMT)).
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	Construct
	Mean
	SD
	FC
	PE
	ITR
	GR
	PR
	UI





	FC
	3.44
	0.05
	0.80
	0.82
	0.79
	0.89
	0.82
	0.81



	PE
	3.31
	0.12
	0.36 *
	0.79
	0.74
	0.79
	0.83
	0.80



	ITR
	3.21
	0.09
	0.33 *
	0.36 *
	0.80
	0.79
	0.78
	0.74



	GR
	3.57
	0.22
	0.31 *
	0.32 *
	0.33 *
	0.82
	0.86
	0.87



	PR
	3.07
	0.18
	0.29 *
	0.25 *
	0.34 *
	0.42 *
	0.81
	0.84



	UI
	3.15
	0.26
	0.32 *
	0.33 *
	0.39 *
	0.39 *
	0.37 *
	0.80







* p < 0.05. Bold represents AVE values; italic represents HTMT values.
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Table 4. Mediation result.
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	Path
	Indirect Effect
	VAF
	Mediation





	PE→ITR→UI
	0.38 *
	0.92
	Full



	FC→ITR→UI
	0.41 *
	0.93
	Full







* p < 0.01 & Critical t-values: 2.58.
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Table 5. Path coefficients (including moderation and interaction effect).
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	Dependent Variable: Usage Intention (UI.)
	Direct Effect
	Direct + Interaction Effect





	R2
	0.71
	0.69



	Adj. R2
	0.71
	0.68



	Performance Expectancy (PE)
	0.31 *
	0.29 *



	Facilitating Condition (FC)
	0.41 *
	0.43 *



	Trust (ITR)
	0.38 **
	0.31 **



	Government Regulation (GR)
	0.29 **
	0.33 **



	Perceived Risk (PR)
	−0.19 *
	−0.17 *



	PE × GR
	
	0.22 *



	PE × PR
	
	−0.24 **



	PE × GR × PR
	
	0.01



	FC × GR
	
	0.25 *



	FC × PR
	
	0.04



	FC × GR × PR
	
	0.21 *



	ITR × GR
	
	0.37 *



	ITR × PR
	
	0.03



	ITR × GR × PR
	
	0.11







* p < 0.05; ** p < 0.01.
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Table 6. Hypothesis testing results.
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	Hypothesis
	Standard Beta (β)
	T Statistics (t-Value)
	Decision





	H1
	0.39
	45.6
	S



	H2
	0.41
	−8.2
	S



	H3
	0.31
	56.2
	S



	H4
	0.44
	43.7
	S



	H5
	0.37
	36.1
	S



	H6
	−0.24
	3.2
	S



	H7
	0.04
	−26.8
	NS



	H8
	0.03
	−4.3
	NS



	H9
	0.22
	5.6
	S



	H10
	0.25
	29.9
	S



	H11
	0.37
	44.9
	S



	H12
	0.01
	42.8
	NS



	H13
	0.21
	6.2
	S



	H14
	0.03
	24.9
	NS







Note: S—Supported; NS—Not Supported.
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