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W N e

Abstract: In this study, we examined the influence of users’ experiences with the unified payments
interface (UPI) system on the usage behavior of central bank digital currency (CBDC) in India. Our
research developed a novel conceptual framework that investigated the relationships between tech-
nology, cognitive factors, and behavioral intentions towards CBDC use. The framework integrated
UPI usage experience as a moderator within existing models of behavioral intentions and use behav-
iors. We collected data through a survey conducted in major Indian cities during the pilot launch of
CBDC. By utilizing a partial least squares structural equation model (PLS-SEM), we analyzed the
proposed model and the relationships between the constructs. Our findings revealed the significant
impact of hedonic motivation and performance expectancy on users’ behavioral intentions towards
CBDC. Social influence also played a significant role in CBDC usage. Furthermore, we identified
that prior UPI usage negatively moderated the relationship between performance expectancy and
behavioral intention, as well as the relationship between social influence and use behavior. However,
prior UPI usage did not significantly moderate the relationships between perceived risk, hedonic
motivation, behavioral intention, and use behavior. These findings contribute to our understanding
of the factors influencing CBDC adoption and usage behavior in India.

Keywords: central bank digital currency; unified payments interface; use behavior; behavioral
intention; performance expectancy; hedonic motivation; social influence; perceived risk; UPI usage

experience; India

1. Introduction

The central bank digital currency (CBDC) concept has sparked widespread interest,
and all major central banks are currently looking into its implementation. CBDCs would
need to be adopted and used on a large enough scale in the rapidly changing payment
landscape to achieve the public policy goals they intend to accomplish. According to
BIS (2021), central banks in 86% of countries surveyed were investigating the possibility
of CBDCs, 60% were conducting experiments, and 14% were launching pilot projects.
Investigating the importance of various factors in determining whether users would adopt
and use CBDCs is crucial since users’ needs evolve rapidly, and innovation is reshaping
their services.

CBDC and UPI are two distinct concepts related to the financial system’s digitalization.
While they both deal with digital payments, their purposes are different, and they operate
at different levels of the financial system. CBDCs are intended to be used as legal tender
and would have the same status as physical currency. UPI, on the other hand, is a payment
system created by the National Payments Corporation of India (NPCI) that enables instant
fund transfers between bank accounts via a mobile phone. UPI allows users to make
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payments, transfer money, and pay bills without the use of physical currency. CBDC is a
form of currency, whereas UPI is an interface where currency is used.

The Reserve Bank of India prefers a centrally controlled, conventional database infras-
tructure for CBDC instead of a DLT-based infrastructure due to the latter’s limitations. On
the other hand, UPl is a payment system that operates on a real-time payment infrastructure
developed by the NPCI. UPI enables instant fund transfers between bank accounts through
a mobile phone. UPI uses a combination of technology solutions, such as Immediate
Payment Service (IMPS) and USSD (Unstructured Supplementary Service Data) to facilitate
payments. The motive behind the implementation of CBDC alongside the UPI payment
system in India is to improve financial inclusion, reduce transaction costs, develop a secure
payment system, and improve monetary policy. By utilizing CBDC, central banks can
effectively implement and adjust monetary policy measures, including interest rate setting
and liquidity management within the financial system. This heightened control enables a
more precise and responsive implementation of monetary policy, potentially resulting in
improved economic stability (Lukonga 2023).

Previous studies analyzing the factors that influence digital payment use and adoption
behavior have utilized various theoretical models, such as the Technology Acceptance
Model (TAM) (Dixit et al. 2022; Rodrigues et al. 2021) and the Unified Theories of Ac-
ceptance and Use of Technology (UTAUT and UTAUT?2) (Manrai et al. 2021; Patil et al.
2020; Sharma and Sharma 2019). However, there are only a limited number of studies
that have examined CBDC use behavior. For instance, Wu et al. (2022) employed an
extended UTAUT model to investigate the factors affecting the adoption of China’s digital
currency electronic payment (DCEP) by the Central Bank of China. China was the first
major economy to pilot a CBDC in 2020, and the e-CNY is expected to be widely used in
China by 2023 (Benzmiller 2022). In the meantime, the Reserve Bank of India launched
CBDC pilot programs in the wholesale and retail sectors towards the end of 2022, with
high hopes of success in the near future. Given that a CBDC must anticipate future user
requirements and incorporate relevant innovations, this study aims to address the gaps in
the literature by examining CBDC use behavior using original data from Indian regions
where the government launched the e-rupee pilot test.

The study’s aim is to determine whether users” experiences with unified payments
interface systems would facilitate the adoption of central bank digital currency in a country
such as India. In India, the UPI platform is already driving a digital payment revolution.
Throughout the country, UPI-based payment is already a daily life activity for a variety of
users, including retailers, service providers, small businesses, entrepreneurs, and suppliers,
among others. Market potential, timing, and adoption rate are all critical factors to consider
for digital payment apps that use the UPI system to expand their capacity. Shifting users’
preferences toward CBDC after the adoption of the UPI payment system is a significant
challenge for the Reserve Bank of India.

To achieve the study’s aim, a theoretical framework based on a modified unified theory
of acceptance and use of technology (UTAUT) model was developed. The proposed model
incorporates UPI usage experience as a moderator in the existing behavioral intentions
and adoption behaviors framework. The data sample consists of 517 survey responses
collected from Mumbai, New Delhi, Bengaluru, and Bhubaneswar between November
and December 2022. We discovered that performance expectancy and hedonic motivation
both have a positive influence on CBDC behavior intention, whereas perceived risk has a
negative influence. Furthermore, social influence has a positive impact on use behavior.
Prior experience with UPI significantly moderates the relationship between performance
expectancy and behavior intention, as well as the relationship between social influence and
use behavior, according to the study.

The paper contributes to the existing literature in three significant ways. First, we
employed modified versions of the Unified Theory of Acceptance and Use of Technology
(UTAUT) and Technology Acceptance Model (TAM) to explain the variables influencing
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CBDC behavioral intention and usage behavior. This framework provides valuable insights
that can inform the development of more effective strategies for encouraging CBDC usage.

Second, our study introduces a novel contribution by incorporating UPI usage ex-
perience as a moderator within the behavioral intention and usage behavior framework.
This inclusion is the first of its kind and recognizes the impact of UPI usage experience on
individuals’ familiarity with digital payment methods, their trust in the payment system,
and their overall willingness to adopt a new form of currency. This addition enhances
our understanding of the factors influencing CBDC usage and contributes to the existing
literature on digital payment behavior.

Third, our findings reveal that behavioral intention has a strong influence on use
behavior, with an explanatory power of 57.80%. This highlights the significant role of
behavioral intention in usage and suggests that strategies to promote CBDC usage should
focus on influencing users’ intentions. The insights gained from our research can assist cen-
tral banks and policymakers in making more informed and successful decisions regarding
CBDC implementation.

The paper is structured as follows. The introduction provides a clear overview of the
research topic and sets the stage for the study. Section 2 provides an in-depth analysis of the
CBDC as a means of payment, which is essential for understanding the research model and
hypotheses formulated in the study. The data and methodology are presented in Section 3,
which provides transparency regarding the research methods employed. The research
findings are presented in Section 4, and a detailed discussion of the results is provided
in Section 5. The paper concludes with Section 6, which draws conclusions and provides
some final thoughts on the study.

2. Literature Review and Hypotheses Development
2.1. Central Bank Digital Currency (CBDC) as a Means of Payment

Central banks play a crucial role in the financial ecosystem of each country by pro-
viding reliable, efficient, and timely solutions for their national economies. Concurrently,
digital currency is gaining popularity as a payment method and an alternative to traditional
modes of payment such as cash, checks, and credit cards (Chaum et al. 2021; Zaidi and
Rupeika-Apoga 2021). Digital currencies offer several benefits such as facilitating online
transactions, money transfers, storage of value, and investment opportunities. Moreover,
due to the increased expense and time required for printing money, individuals tend to
prefer the convenience and ease of use of digital payment options (Ligon et al. 2019).

Several central banks across the globe, such as those in the United States, China,
Russia, and the Bahamas, are actively involved in developing or researching CBDC projects
(Alonso et al. 2021). The emergence of new financial transactions, financial technologies,
and financial services, coupled with the upheaval caused by the COVID-19 pandemic, has
heightened interest in CBDC (Adrian and Griffoli 2019). The Reserve Bank of India aims to
launch CBDC pilots in both the wholesale and retail segments by the end of 2022, where
individuals can use digital rupee-retail (e¥-R) to make payments to businesses, shops, or
other individuals, while financial institutions can use digital rupee-wholesale (eZ-W) to
settle financial market trades (Ray 2023). The successful implementation of the pilot project
could enable CBDCs to ensure that the general public continues to use and access the
most secure form of money, i.e., a central bank entitlement, even as economies become
more digitalized (Babin et al. 2022). CBDC adoption could potentially expand the range of
payment options available, reduce the time and cost involved in cross-border payments,
widen access to financial services, and facilitate fiscal transfers during liquidity crises or
economic recessions (Varma et al. 2022). A CBDC is a digital currency that has an equivalent
value to fiat currency and can be exchanged for physical currency (Bordo et al. 2021). While
CBDCs differ from decentralized and anonymous digital currencies such as Bitcoin, they
can still use blockchain technology to produce both types of currency. The Chinese digital
yuan has been in existence since 2020 but is currently in the pilot stage (Benzmiller 2022).
China’s well-established digital and mobile payment infrastructure has led to the increased
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popularity of digital payments among Chinese consumers, displacing card payments.
Central banks in developing countries are considering the potential of official digital
currencies to reach the unbanked population (Blakstad and Allen 2018).

Several theoretical studies have been conducted to evaluate the potential of digital
currency to appeal to a larger population. Lohana and Roy (2021) have highlighted that
digital currency issued by central banks is still in its early stages, and as a result, smartphone
users are not charged any transaction fees. Fahad and Shahid (2022) have examined the
efficiency of digital payments by assessing the time taken to complete transactions, which
requires only a single swipe, and the minimal involvement of middlemen. Additionally,
Croxson et al. (2022) have demonstrated that the advantages of digital currency could
contribute significantly to the expansion of India’s financial system. Although the adoption
of new technology with digital payment systems has been researched in high- and upper-
middle-income countries (Asongu et al. 2021; Lashitew et al. 2019), there are relatively few
studies conducted for low- and middle-income countries (Li et al. 2021), and even fewer
studies have been conducted for India (Handa 2020; Aggarwal et al. 2021).

Saha and Kiran (2022) and Gupta et al. (2019) conducted studies that demonstrate
how users’ intention to use the unified payments interface is significantly affected by
their expectations of the system’s performance, effort, and ease of use. In the context of
studying the use behavior of CBDC, a novel theoretical framework, based on the unified
theory of acceptance and use of technology (UTAUT), has been proposed by Wu et al.
(2022). Abrahao et al. (2021) have reported that the UTAUT model’s prediction efficiency is
70% higher than that of the technology acceptance model (TAM) because it incorporates
host and control variables. Recent studies have emphasized the importance of social
influence in the widespread adoption of technologies such as digital payments and e-
learning (Qu et al. 2022).

The Indian government has proposed the launch of a CBDC, and exploring the usage
experience of the UPI may offer valuable insights into formulating effective policies for the
adoption and implementation of CBDC. The success of UPI could potentially demonstrate
the feasibility and advantages of digital payments, thereby facilitating the adoption of
CBDC in India. However, it is possible that the success of UPI could lead to complacency or
a lack of urgency in adopting CBDC, especially if users and businesses are already satisfied
with existing digital payment mechanisms. Despite recent research on the factors that
determine CBDC usage, there is no literature that specifically investigates the moderating
influence of UPI usage experience on CBDC usage behaviors.

CBDC development represents a recent phenomenon that may trigger a fundamental
shift in economic culture. Therefore, there is a pressing need to investigate the level of
acceptance of CBDC as a payment system. This research aims to examine CBDC usage in
relation to users’ prior experiences with the UPI by utilizing a conceptualized model that
extracts some variables from the UTAUT model, the technology acceptance model, and the
UTAUT 2 model. The UTAUT model has gained popularity in the technology adoption
field as it integrates eight theories, including motivation theory, the technology acceptance
model, the theory of reasoned action, the theory of planned behavior, social cognitive theory,
the usage spread of advancement, and the combined technology acceptance model and
theory of planned behavior. Despite its high explanatory capabilities for user intentions and
usage behaviors, researchers continue to utilize the variables of the UTAUT model to better
explain specific user behaviors in various research contexts. Our study’s findings have the
potential to provide valuable insights into CBDC usage behavior and could be significant
for policymakers, industry practitioners, and researchers. The UTAUT model proposes
that the intention to use technology influences actual usage, with performance expectancy,
effort expectancy, social influence, and facilitating conditions impacting the likelihood
of technology adoption. However, in this study, the model has been conceptualized by
including performance expectancy and social influence from UTAUT, hedonic motivation
from UTAUT 2, and perceived risk from TAM. In addition, user experience with UPI has
been used as a moderator.
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By investigating the usage of digital currency issued by central banks, this study
presents a theoretical model. Figure 1 represents the paths of partial least squares structural
equation modeling. In the model, seven different constructs are used. Perceived risk,
performance expectancy, and hedonic motivation lead to behavioral intention, which in
turn affects use behavior. Use behavior is the dependent variable in the model, with others
being independent variables. Behavioral intention is a mediator in the model; it is affected
by perceived risk, performance expectancy, and hedonic motivation, but it also affects use
behavior. Use behavior is also affected by social influence. UPI usage experience is taken as
a moderator in the path analysis, as it is hypothesized that it may affect the relationship
between other constructs used in the model.

Precieved Risk

Behavioural Intention
Performance Expectancy

Social Influence

Figure 1. Research model. Source: authors” own work.

A research model (Figure 1) was developed to investigate the hypothesized relation-
ship between technological effects and cognitive influence processes and their impact
on behavioral intention. On the basis of the existing research gaps in the literature, we
investigated the moderating effect of UPI use on factors affecting CBDC usage behavior.
The following hypotheses were proposed.

2.2. Hypotheses
2.2.1. Perceived Risk

Perceived risk is a crucial factor that can impact the adoption and use of digital
currency. This risk can manifest in several ways, including the possibility of financial
loss due to fraud or hacking (Klobas et al. 2019), transaction errors (Khedmatgozar and
Shahnazi 2018), and social risk associated with isolating oneself from their social circle
(Maziriri and Chuchu 2017). Users’ perception of risk associated with digital currency
can significantly affect their acceptance, usefulness, and satisfaction with the technology
(Featherman and Pavlou 2003). Even a minor perceived risk can significantly impact user
behavior and adoption of the technology. Studies utilizing TAM have shown that perceived
risk has a significant explanatory power in the adoption and use of digital banking in rural
areas (Abdul-Hamid et al. 2019). It has also been studied that perceived risk indirectly
impacts intentions to use an online application under security threats (Lu et al. 2005).

The study by Jeon et al. (2020) validated the TAM model, which was expanded to
include perceived risk and innovativeness as additional factors, in order to identify an-
tecedents that influence customers’ intention to adopt self-service technology in restaurants.
Lee et al. (2010) investigated the effect of trust and perceived risk in the context of certified
electronic document authorities. Given the importance of understanding the potential risks
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associated with digital currency, we included a perceived risk factor and developed the
following hypothesis.

H1: Perceived Risk (PR) has a negative impact on Behavior Intention (BI).

2.2.2. Performance Expectancy

Performance expectancy refers to an individual’s belief that using a particular system
will improve their job performance (Venkatesh et al. 2003). As a fundamental construct, it
plays a significant role in determining the post-adoption use of relevant technology and is
a strong predictor of behavioral intention (Nikolopoulou et al. 2021). Essentially, it mea-
sures the extent to which a person perceives that technology will enhance their efficiency
and effectiveness (Diep et al. 2016). Studies have consistently shown that performance
expectancy significantly influences an individual’s behavior intention towards adopting
and using technology (Jangir et al. 2022). If individuals believe that technology will help
them perform better and achieve their goals, they are more likely to use and adopt it. On
the other hand, if they do not see any benefits or improvements, they are less likely to use
and adopt it (Sharma et al. 2022). Therefore, technology designers and implementers must
focus on improving performance expectancy as it is crucial in determining an individual’s
behavior intention towards adopting and using new technology (Lakhwani et al. 2020). To
determine the degree to which digital currency users perceive that using digital currency
will benefit them in their daily lives, the following hypothesis was developed.

H2: Performance Expectancy (PE) has a positive impact on Behavior Intention (BI).

2.2.3. Hedonic Motivation

The impact of hedonic perception on behavioral intention is the focus of the psycho-
logical field known as perceived enjoyment (Wang and Wang 2010). Perceived enjoyment
refers to the pleasure or enjoyment that results from using digital currency to make or
receive funds in digital form (Sarosa 2019). Hedonic motivation refers to emotional ex-
periences such as joy, imagination, enlightenment, sensuality, and happiness (Berridge
and Kringelbach 2011). Customers” willingness to use certain online banking services is
influenced by their perceived enjoyment (Curran and Meuter 2014). Hedonic motivation
can also influence a person’s behavior and intention to use central bank digital currency. If
users find CBDC enjoyable and positive, they are more likely to use it regularly and spread
the word about it (Abbasi et al. 2021). Perceived risk can also influence the adoption of
CBDCs, as factors such as security, privacy, trust, and uncertainty about new technology
can all affect it. Users may be less likely to adopt CBDCs if they believe they pose significant
risks, such as the possibility of hacking or loss of privacy. However, they may be more
likely to use CBDC:s if they perceive them to be secure and reliable (Salem and Ali 2019).

Hedonic motivation is regarded as the most significant theoretical addition to the
UTAUT?2 because it introduced a much-needed affective component into the primarily
cognition-based UTAUT (Manrai et al. 2021). It shifted the emphasis from extrinsic organi-
zational user motivation to intrinsic consumer technology motivation. Hedonic motivation
was added to the research model because it is an important determinant of consumer
technology acceptance and use.

The hypothesis presented here was developed to investigate how hedonic motivation
influences user behavior when it comes to using and adopting digital currency.

H3: Hedonic Motivation (HM) has a positive impact on Behavior Intention (BI).

2.2.4. Social Influence

Individuals are frequently influenced by the opinions, attitudes, and behaviors of those
around them, so social influence plays a significant role in shaping behavior (Howard 2012).
People tend to conform to their peers’ and social groups’ opinions and behaviors, especially
when they perceive them as credible or trustworthy sources of information (Bakshy et al.
2012). If they believe that a product or behavior is widely used or accepted by others,
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they are more likely to adopt it. Word-of-mouth recommendations, user reviews, and
public displays of use can all demonstrate social influence (Chevalier and Mayzlin 2018).
Individuals are more likely to adopt a product or behavior if it comes from someone they
know and trust (Komiak and Benbasat 2006). Because personal recommendations are more
credible than other forms of advertising or marketing, a person who already uses UPI may
not change their behavior after the introduction of CBDC, as they may consider both to
be the same. However, if people around them start using CBDC, the user may be more
likely to adopt the new technology to make transactions easier. Compatibility with the
new technology, CBDC, can explain this behavior logically. People frequently model their
actions after those they admire, including the products and brands they choose (Sharma
et al. 2023a). Social influence has a powerful impact on user behavior and can drive the
spread of products, behaviors, and ideas (Yang et al. 2012).

Akbar (2013) defines social influence as the degree to which an end-user is persuaded
to adopt a technology on the basis of the recommendations or influence of others (a
workgroup or friends). The subjective norm of one’s social circle may influence a user’s
intention to use digital currency. Jasimuddin et al. (2017) found that societal factors
influence the commons’ willingness to use new tools. The importance of social impact
through word-of-mouth was emphasized by Baur et al. (2015), and it was argued that this
was the catalyst for the use of digital currencies. The following hypothesis was developed
to determine the effect of social influence on the use behavior of digital currency.

H4: Social Influence (S1) has a positive impact on Use Behavior (UB).

2.2.5. Behavioral Intention

An individual’s attitude toward behavior (Vagnani and Volpe 2017), the subjective
norm of an individual’s perceived risk (Amirtha et al. 2020), performance expectancy
(Catherine et al. 2017), and hedonic motivation (Santo and Marques 2022) all influence
the intention to adopt technology-based innovation. Understanding the user’s behavioral
intention and anticipating what motivates them to adopt the innovation will most likely be
critical to digital currency growth (Sobti 2019). The following hypothesis was developed to
determine the impact of behavioral intention on use behavior.

HS5: Behavior Intention (BI) has a positive impact on Use Behavior (UB).

2.2.6. UPI Usage Experience

With the emergence of the digital revolution and the Indian government’s push for a
cashless economy, along with ongoing demonetization efforts, many non-banking players
have entered the payment space (Rupeika-Apoga et al. 2022). India’s UPI platform has
proven highly advantageous for both consumers and financial institutions (Sivathanu 2019).
However, UPI usage experience may serve as a moderator and impact the variables related
to CBDC usage under investigation. Users who have had a positive experience with UPI
may exhibit hesitancy in shifting to a new payment system such as CBDCs (Bijlsma et al.
2021). On the other hand, some users may have faced issues such as technical glitches,
fraud, or customer service problems, such as slow processing times or frequent system
failures, while using UPL This could give rise to concerns about a CBDC'’s reliability
and functionality, leading people to be cautious in using new digital payment solutions,
including CBDCs (Ma et al. 2022; Zhang and Huang 2022). No research has explored the
use of UPI as a moderator for the adopted variables. This study investigates how UPI usage
experience, as a moderating factor, impacts the relationship between adopted variables and
digital currency use behavior. The study presents the following hypotheses developed for
this purpose:

Heéa: UPI Usage Experience (LIPI) moderates the in-between relationship of Perceived Risk (PR)
and Behavioral Intention (BI).
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Performance Expectancy

Heéb: UPI Usage Experience (UPI) moderates the in-between relationship of Performance Ex-
pectancy (PE) and Behavioral Intention (BI).

Héc: UPI Usage Experience (UPI) moderates the in-between relationship of Hedonic Motivation
(HM) and Behavioral Intention (BI).

Heéd: UPI Usage Experience (LUPI) moderates the in-between relationship of Behavioral Intention
(Bl) and Use Behavior (UB).

Hée: UPI Usage Experience (UPI) moderates the in-between relationship of Social Influence (SI)
and Use Behavior (UB).

Figure 2 depicts a framework for the moderating effect of UPI usage experience on
CBDC use behavior using theoretical model prism.

[wer ] [wez | [ ups |

UPI Usage Experience

Use Behaviour

H3

Hedonic Motivation

a3 | [ Hme | [ sn | [ s2 | [ 3 | [ s |

Figure 2. A framework for the moderating effect of UPI usage experience on CBDC use behavior
model prism. Source: authors” own work.

3. Research Methodology
3.1. Sampling and Data Collection

The proposed study uses a reflective multi-indicator model to evaluate latent variables
and develop scales for the constructs, aiming to investigate the impact of the variables
under study on the use behavior for central bank digital currency. The scales used in
this study were selected from the existing literature on the basis of their relevance to
the current analysis. The survey was conducted between November and December 2022
and was distributed to 700 people in India, including Mumbai, New Delhi, Bengaluru,
and Bhubaneswar, where the central bank digital currency was launched on a pilot basis.
A total of 547 questionnaires were completed, resulting in a response rate of 78.14%.
After discarding 30 (non-users), 517 responses were used for analysis. The collected data
were analyzed using Structural Equation Modeling (SEM), which involves outlining the
relationships between latent variables and observed indicators in a theoretical model as the
initial step. PLS-SEM model validation requires ten times the number of answers as model
paths, as per Cochran (1951) and Hair et al. (2019).

The model’s parameters were estimated using the statistical software Smart PLS 4.0. In
the Smart PLS analysis process, the measurement model is evaluated first, which includes
assessing the reliability and validity of the measures utilized in the study. Subsequently, the
structural model is evaluated using path analysis to investigate the direction and strength
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of the relationships between the latent variables. Additionally, moderation analysis is
carried out to examine the extent to which a moderator affects the relationship between
two other variables.

The questionnaire utilized in this study consisted of two sections. The first section
aimed to gather information on the respondents’ gender, age group, and annual income.
Meanwhile, the second section evaluated the constructs under investigation. The data
were collected using convenience and reference sampling methods. However, it should
be noted that these methods may introduce sample selection bias, as they involve non-
random selection of study participants. Consequently, the study’s sample may not be
representative of the overall population, and the results may not be generalizable to other
groups or contexts. Nonetheless, convenience and reference sampling can be beneficial
in certain research contexts, such as when the focus is on specific subgroups within a
population, such as the population that participated in this study’s pilot e-rupee use. To
ensure that the sample consisted of CBDC users, a preliminary screening question was
included, and respondents who answered “NO” were excluded. To expand the sample size,
individuals known to the researchers were asked to provide references, both personally
and through their networks. Participants were informed of the study’s objectives and
guaranteed confidentiality and anonymity. The survey was conducted through various
online channels, such as emails and social networking sites. Further, the survey form link
was displayed through QR codes at various merchant locations. CBDC users were invited
to fill out the survey form while making their purchases.

According to the study results, 60.35% of the respondents were men, and 39.65% were
women. The majority of the participants (28.55%) were aged between 41 and 50 years.
Moreover, 62.67% of the respondents reported an annual income of over Rs. 2.5 lacs. The
sample characteristics are presented in Table 1, and descriptive statistics for the sample are
provided in Appendix A in Table Al.

Table 1. Sample characteristics.

Respondents Percentage (%)
Gender

Males 312 60.35%
Females 205 39.65%

Age group (in years)
18-30 107 18.74%
31-40 119 20.84%
41-50 163 28.55%
51-60 87 15.24%
Above 60 41 7.18%

Annual income (INR)
Below 2.5 lacs 193 37.33%
2.5 lacs and above 324 62.67%

Source: authors’ computation.

3.2. Measures and Study Design

A seven-point Likert scale was used to evaluate participants’ responses to each ques-
tion, with 1 indicating strongly disagree and 7 indicating strongly agree. The data were
collected using a self-administered questionnaire containing 27 statements and 7 different
constructs (as shown in Table 2). The purpose of the study was clearly stated at the begin-
ning of the survey to inform respondents about the “use of CBDC as a digital payment
system.” To test the questionnaire’s validity and reliability, a pilot study was conducted
with 90 individuals, and the questionnaire’s Cronbach’s alpha was found to be 0.823,
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indicating its reliability. The Smart PLS 4-variance-based partial least squares method
(PLS-SEM) was used to analyze and test the hypotheses. PLS-SEM is a nonparametric
structural modeling method (Fornell and Larcker 1981) used to analyze causal relationships
by combining quantitative data and qualitative causal assumptions.

Table 2. Measurement objects.

Constructs Measuring Indicators Source

PR1: Slow Internet download speeds have an impact on transaction completion.

PR2: Server outages have an impact on transaction completion.

Perceived Risk PR3: It worries me that if a transaction goes wrong, I may not be able to receive Featherman and Pavlou (2003)
compensation from the banks.

PR4: The Central Bank Digital Currency payment gateway may not work properly
and may mishandle transactions.

PE1: Payment with CBDC improves the efficiency of financial transactions.

PE2: CBDC payments are processed more quickly. Zhou et al. (2010);

Performance Expectanc .
P Y PE3: It is more convenient to use CBDC when making a transaction. Tai and Ku (2013)

PE4: In the current situation, using CBDC for transactions is more practical.

HM1: Using CBDC is a pleasurable experience.

HM2: I enjoy transacting with CBDC systems.

Hedonic Motivation Venkatesh et al. (2012)
HM3: I'm really amused by the use of CBDC.

HM4: The appealing app interface encourages me to use CBDC.

SI1: People I care about advised me to start using CBDC.

SI2: The majority of people around me use CBDC. Foon et al. (2011);

Social Influence SI3: I've come to believe that CBDC is the best option. Qu et al. (2022)

SI4: The widespread acceptance of CBDC as payment has improved my
social standing.

UPI1: I frequently use the UPI payment interface.

Kaur et al. (2020);

UPI Usage Experience UPI2: Using UPI instead of cash is more convenient. Baabdullah et al. (2018)

UPI3: I was pleased with UPI’s handling of the transactions.

BI1: I intend to make purchases and payments using CBDC.

Behavioral Intention BI2: I'd like to use CBDC instead of the UPI system. Tai and Ku (2013)
BI3: I will advise others to use CBDC.

UB1: I use CBDC when making a purchase.

UB2: I agree to use CBDC for compatible financial services.

Use Behavior UB3: I use CBDC to conduct transactions. Qu et al. (2022)

UB4: I generally support CBDC as an electronic payment system.
UBS5: Iintend to regularly use CBDC.

Source: authors’ compilations.

Furthermore, the fact that some of the items in the data set are not normally distributed
(as determined by the Kolmogorov-Smirnov test) led to the decision to use PLS, as well as
the fact that Smart PLS can be used whether or not the data follow a normal distribution.
PLS-SEM is a viable method for analyzing causal relationships in the theoretical framework
of the social and behavioral sciences (Ghasemy et al. 2020; Saari et al. 2021). As a result, the
relationships in the theoretical model were investigated using Smart PLS 4.

4. Results
4.1. Measurement Model Assessment

Table 3 displays the factor loadings.
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Table 3. Factor loadings.

UB

BI HM

PE

PR SI UPI

UB1
UB2
UB3
UB4
UB5
BI1
BI2
BI3
HM1
HM2
HM3
HM4
PE1

0.907
0.894
0.896
0.907
0.918

PE2
PE3
PE4
PR1
PR2
PR3
PR4
SI1
SI2
SI3
Sl4
UPI1
UPI12
UPI3

0.948
0.956
0.958
0.849
0.834
0.84
0.869

0.862
0.896
0.859
0.890

0.871
0.918
0.932
0.938
0.86
0.929
0.911
0.915
0.938
0.947
0.922

Source: authors’ compilations.

The measurement model was used to evaluate convergent validity (Table 3), discrimi-
nant validity, and internal consistency reliability (Table 4) between the indicators and parent
constructs. Cronbach’s alpha and composite reliability were used to test the indicators’
reliability for each construct. AVE values greater than 0.50 were considered indicative
of convergent validity for all constructs (Hair et al. 2014). The results showed that the
constructs accounted for at least 51% of the variance in their respective indicators (Henseler
et al. 2009). Furthermore, the Cronbach’s alpha and composite reliability values for each
construct were greater than 0.70 (Nunnally 1978; Hair et al. 2014), indicating a high level of
reliability. The high Cronbach’s alpha, i.e., >0.90 for UB, BI, PR, SI, and UPI, suggests the
items within each variable are a high inter-item correlation, indicating that they measure
similar aspects of the construct. This homogeneity contributes to the overall reliability and
internal consistency of the variables.

Table 4. Construct validity and reliability.

Cronbach’s Alpha  Composite Reliability (tho_a) = The Average Variance Extracted (AVE)
Use Behavior (UB) 0.944 0.945 0.818
Behavioral Intention (BI) 0.951 0.951 0.91
Hedonic Motivation (HM) 0.87 0.876 0.719
Performance Expectancy (PE) 0.90 0.904 0.77
Perceived Risk (PR) 0.936 0.956 0.838
Social Influence (SI) 0.926 0.932 0.818
UPI Usage Experience (UPI) 0.929 0.933 0.876

Source: authors’ compilations.

The results for discriminant validity are presented in Table 5. To assess discriminant
validity, the HTMT (Heterotrait-Monotrait) ratio, as suggested by Henseler et al. (2015), was
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used and found to be less than 0.85. The Fornell-Larcker criterion was also used to confirm
discriminant validity, with AVE values shown below the diagonal. The criterion indicates
that AVE values should be greater than the correlation coefficient (squared) between
relevant factors (Fornell and Larcker 1981). The analysis revealed that the AVE values
for each construct exceeded their corresponding correlation coefficients, thus confirming
discriminant validity.

Table 5. Discriminant validity (HTMT and Fornell-Lacker criterion).

Heterotrait-Monotrait Ratio

UB BI HM PE PR SI UPI
UB
BI 0.504
HM 0.452 0.491
PE 0.5 0.793 0.457
PR 0.339 0.404 0.417 0.334
SI 0.744 0.527 0.45 0.566 0.348
UPI 0.575 0.433 0.46 0.432 0.307 0.629
Fornell-Lacker Criterion
UB BI HM PE PR SI UPI
UB 0.904
BI 0.477 0.954
HM 0.411 0.451 0.848
PE 0.461 0.736 0.41 0.877
PR 0.318 0.388 0.383 0.312 0.915
SI 0.699 0.492 0.404 0.511 0.322 0.904
UPI 0.54 0.409 0.418 0.397 0.289 0.589 0.936

Source: authors’ compilations.

Table 6 presents the variance explained in each of the endogenous constructs and
models’ explanatory power, represented by R? (Shmueli and Koppius 2011). R? ranges
from 0 to 1, with a higher value indicating greater explanatory power. According to Starnes
et al. (2010) and Henseler et al. (2009), the squared value for endogenous latent variables
falls within the range of 0.3 < R? < 0.5 (low effect size), 0.5 < R? < 0.7 (moderate effect size),
and R? > 0.7 (strong effect size). Table 6 shows that R? values for the endogenous variables
(UB = 0.578; BI = 0.625) fell within the range of 0.5 < R? < 0.7, indicating a moderate
effect of exogenous variables on endogenous variables. Even though the Cronbach’s alpha
was high, the moderate R-squared value suggests that the items within each variable,
while internally consistent, may not fully explain the variation in the outcome variable
when considered collectively. This finding highlights the potential for future research to
investigate additional factors that could enhance the explanatory power of the model. To
estimate the explanatory power of each exogenous variable in the model, the change in
R? is calculated if a given exogenous construct is omitted, which is referred to as effect
size f2. The impact of the predictor variable is considered high at the structural level if f?
< 0.35, medium if 0.15 < f* < 0.35, and small if 0.02 < f> < 0.15 (Cohen 1988). The f?> value
in Table 6 indicates that the omission of performance expectancy had a high impact on
behavioral intention, while the deletion of hedonic motivation, perceived risk, and UPI
usage experience negligibly affected the model. Similarly, the omission of social influence
moderately affected use behavior. Moreover, the Q? values for endogenous constructs were
above 0, which indicates predictive relevance.
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Table 6. Explanatory power of the model.
Predictor(s) Outcome(s) R? f2 Q?
UB BI
UB
BI 0.044
HM 0.015
PE 0.68
TR UB 0.578 0,039 0.543
SE 0.263
UPI 0.026 0.011
UPI x HM 0.005
UPI X BI 0.002
UPI X SI 0.11
T UPILx PR BI 0.625 0.007 0.603
UPI x PR 0.07

Source: authors’ compilations.

4.2. Structural Model Assessment

We tested the hypotheses using criteria from (Sarstedt et al. 2022) by examining
the predictive and explanatory power of the structural model and tabulating the path
coefficients on the basis of the magnitudes and significances reported by Ghasemy et al.
(2020) and Saari et al. (2021). The beta coefficient ((3) indicates the strength and direction of
the relationship between the predictor and outcome variables, assuming all other factors
remain constant (Venkatesh et al. 2016). The results of the model support hypothesis H1
(Table 7), as the negative effect of perceived risk on behavioral intention was statistically
significant (B = —0.136, p < 0.05). This finding suggests that for every unit increase in
perceived risk, the behavioral intention to use CBDC decreases by 0.136 units, assuming
all other factors remain constant. The negative coefficient indicates a negative relationship
between the two variables, implying that as perceived risk increases, the intention to
use CBDC decreases. Furthermore, both performance expectancy ( = 0.589, p < 0.05)
and hedonic motivation (3 = 0.09, p < 0.05) had a positive effect on behavioral intention,
supporting hypotheses H2 and H3. The results indicated that both performance expectancy
and hedonic motivation were positively associated with the intention to use CBDC.

Table 7. Assessment of the structural model.

H1
H2
H3
H4
H5
Hé6a
Heéb
Héc
Hed
Hé6e

UPI x PR — BI
UPI x PE — BI

UPI x BI — UB
UPI x SI — UB

Path Coefficient B M STDEV t-Statistics p-Values Results
—0.136 —0.136 0.036 3.815 0.000 * Significant
0.589 0.59 0.042 14.198 0.000 * Significant
0.09 0.09 0.044 2.053 0.040 * Significant
0.453 0.455 0.067 6.741 0.000 * Significant
0.17 0.166 0.057 2.961 0.003 * Significant
—0.058 —0.058 0.039 1.483 0.138 Not significant
—0.153 —0.154 0.038 4.053 0.000 * Significant
UPI x HM — BI —0.048 —0.05 0.043 1.136 0.256 Not significant
0.033 0.03 0.047 0.689 0.491 Not significant
—0.218 —0.216 0.047 4.656 0.000 * Significant

Source: authors’ compilations. * At 0.05 level of significance.

The beta coefficient of 0.589 for performance expectancy suggests that a one-unit
increase in performance expectancy is associated with a 0.589-unit increase in the behavior
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intention to use CBDC. Similarly, the beta coefficient of 0.09 for hedonic motivation suggests
that a one-unit increase in hedonic motivation is associated with a 0.09-unit increase in
the behavior intention to use CBDC. However, the beta coefficient (3) of 0.09 for hedonic
motivation may be considered low compared to the beta coefficient of 0.589 for performance
expectancy. This suggests that performance expectancy may be a stronger predictor of
behavior intention to use CBDC than hedonic motivation.

Furthermore, both SI (3 = 0.453, p < 0.05) and BI ($ = 0.17, p < 0.05) had a positive
effect on UB, supporting the hypotheses H4 and H5. The results suggest that both social
influence and behavior intention have a positive effect on the use behavior of CBDC as a
digital payment system. The beta coefficient of 0.453 for social influence suggests that for
every one-unit increase in social influence, the use behavior of CBDC as a digital payment
system increases by 0.453 units. Similarly, the beta coefficient of 0.17 for behavior intention
suggests that for every one-unit increase in behavior intention, the use behavior of CBDC
as a digital payment system increases by 0.17 units.

The hypotheses Hé6a, H6c, and Hé6d were rejected, indicating that there is no evidence
of UPI usage experience moderating effect on the relationship between perceived risk
and behavior intention (3 = —0.053, p > 0.05) between hedonic motivation and behavior
intention (3 = —0.048, p > 0.05), and between behavior intention and use behavior (3 = 0.033,
p > 0.05). However, UPI has a negative influence on the relationship between PE and BI
(B = —0.153, p < 0.05) and the relationship between SI and UB ( = —0.218, p < 0.05),
supporting hypotheses H6b and Hée (see Figure 3). This means that UPI usage experience
weakens the impact of performance expectancy and social influence on behavior intention
and use behavior, respectively. In other words, individuals who have experience using UPI
may have lower expectations of the performance of CBDC and may be less influenced by
social pressures to use it.

[ven | [ ve2 | [ wes |

UPI Usage Experience

eer®
....

Social Influence

Hedonic Motivation

[

[ we | [ weo |

Si4

Figure 3. Structural model results. Source: authors’ computation. For significance level at 0.01 = ***,
at 0.05 =**.
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5. Discussion

This research paper focuses on the theoretical development of a model that analyzes
the utilization of a CBDT in a digital payment system. The study proposes a new conceptual
framework to test hypotheses and investigate the influence of technological and cognitive
factors on use behavior. Moreover, the study includes the usage of UPI as a moderator in
the behavioral intention and use behavior framework.

Performance Expectancy (PE) has a significant positive impact on the behavioral
intention to use CBDC. Users are more likely to accept new technology if they believe it will
improve their performance (Faqih and Jaradat 2015). In contrast, not meeting pre-adoption
expectations can lead to cognitive dissonance or mental stress (Jangir et al. 2022). The study
also explored the impact of Hedonic Motivation (HM) or perceived enjoyment on behavioral
intention and found a weak positive effect. However, users prioritize the expected benefits
and outcomes of using CBDC over the pleasure derived from it. Performance expectancy
had a higher beta value (58.9%) than hedonic motivation (9%). This aligns with the idea that
people are typically more motivated by the tangible benefits of a behavior rather than the
hedonic aspects (Kiwanuka 2015). The findings suggest that while the perceived enjoyment
of using CBDC can motivate users to use it, users are more concerned with the performance
expectancy of digital currency.

The introduction of CBDC opens up many new possibilities, such as facilitating instant,
secure, and transparent transactions. However, there are drawbacks such as inherent risk,
high cost of use, and ambiguous societal perception associated with their possession (Arias-
Oliva et al. 2019). Our study investigates the effect of perceived risk on users’ willingness to
accept CBDC. The findings show that risks such as transaction failure and network issues
have a negative impact on the intention to use crypto-based digital currency. Although the
impact of perceived risk on behavior intention was found to be only 13.6% (3 = —0.136),
this can be attributed to improved network services and OTP-based secured transaction
mechanisms that have increased user confidence in adopting digital currency (Chaimaa
et al. 2021). The intention to use digital currency may also be influenced by the subjective
norms of one’s social group. The study’s findings show that social influence has a significant
positive effect on the use behavior of CBDC users. The social influence 3 value (0.453)
indicates that people are influenced and encouraged by their peers to begin using the new
digital currency and to use the currency delivered by a central bank in digital form in order
to benefit from its features.

The research findings further provide evidence that frequent users of the UPI may
exhibit lower performance expectancy and social influence towards the use of CBDC. This
observation can be attributed to the possibility that UPI, as a specific payment system, may
not optimally fulfill the expectations and requirements of all users, leading to negative
experiences and subsequently reducing the intention to use CBDC. A plausible explanation
for the reduction in performance expectancy is that users may perceive UPI as ineffective in
facilitating their tasks due to challenges in system usability or technical issues, creating an
adverse impact on their behavior. Similarly, negative social influence may emerge if users
or their social network hold pessimistic attitudes towards UPL. Moreover, the perception
of UPI being unsecure or untrustworthy could increase users’ perceived risk, thereby
diminishing their inclination to use CBDC, especially among those who are unfamiliar
with UPI or have had negative experiences with other payment systems. Additionally,
users may harbor apprehensions about government-backed currencies and perceive CBDC
as an instrument of government control over their financial transactions. Negative social
influence can exacerbate these concerns, leading to reluctance or avoidance of CBDC
adoption (Wenker 2022).

Interestingly, the impact of social influence on CBDC use behavior varies among high
and low UPI users. Drawing on the theory of innovation diffusion (Rogers 2003), the usage
of new technologies or innovations is a complex process influenced by multiple factors,
including the innovation’s attributes, the adopter’s characteristics, and the social context
in which the innovation is introduced. High UPI users, who are already accustomed to
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digital payment systems, may have developed a considerable level of trust and familiarity
with the UPI system. Therefore, they may perceive CBDC as superfluous or redundant
technology and may be less inclined to adopt it. In contrast, low UPI users may be more
open to new digital payment technologies and more influenced by social factors, such as
peer pressure or recommendations from trusted sources, which could potentially influence
their CBDC use behavior. These findings suggest that social influence plays a differential
role in shaping the usage of CBDC based on the level of UPI usage.

The relationship between a user’s perceived risk and behavior intention, as well as
between hedonic motivation and behavior intention, appears to be unaffected by the usage
experience of UPI, suggesting that these factors may be universal and not specific to UPI
or any particular technology, consistent with prior research (Jamadar et al. 2022). It is
important to note that digital currency transactions, such as all data-driven digital services,
are vulnerable to privacy and security risks, such as weak encryption, ineffective cyber
intelligence, and centralized data storage, regardless of a user’s length of time using the
service (Acharya 2017). Finally, users are often excited about new technology, even when a
substitute is already available (Jonas 1979).

5.1. Scientific Implications

The study aimed to determine whether users’ experiences with UPI systems would
facilitate the use of CBDC. Firstly, the data analysis revealed that behavioral intention was
significantly influenced by performance expectancy, perceived risk, and hedonic motivation.
When these factors were combined with social influence, they had a significant positive
impact on use behavior. When analyzing the behavioral intention and use behavior of
technology in finance, hedonic motivation, perceived risk, and performance expectancy
are of great importance, as demonstrated in previous research (Farah et al. 2018; Kaur and
Arora 2021; Sharma et al. 2023b).

After analyzing the model, we found that behavioral intention had a strong influence
on use behavior, explaining 57.80% of the variance in the data. These findings are consistent
with prior research (Wu et al. 2022; Jung et al. 2019; Indrawati and Putri 2018), which
have shown that hedonic motivation, perceived risk, and performance expectancy all
significantly impact user behavior when adopting financial technology products or services.
This suggests that a user’s decision to use digital currency is influenced by whether or not
the product meets their expectations of improved performance, whether or not they find
the product enjoyable to use, and whether or not the product can reduce the risk they are
exposed to. Social pressure from peers to use the latest technology trends, combined with
users’ desire to learn more about digital currency, can also drive use behavior.

Second, the research model was based on the moderator of prior experience with UPI,
which was found to have a significant influence on the effects of performance expectancy on
behavior intention and social influence on use behavior. This study used an underutilized
construct of prior UPI usage experience as a moderator, and the moderation effect was
found to be significant, demonstrating that prior experience with similar types of technology
can influence a user’s intention to use new technology (Behal and Gupta 2022). The
moderating effect can be explained by the fact that a user who has prior experience with
UPI services may have seen a significant improvement in their day-to-day transaction
performance and may have the same expectations when using new CBDC. Social influence,
or the effect of technology on the user’s peer group, is also a significant factor. The UPI
system and technology have created an environment in countries such as India where UPI
payments are used for the majority of day-to-day petty transactions, which can make a
user feel left out if they do not use the service and necessitate upgrading to a more recent
version of the same technology. As such, a user who is already familiar with UPI may find
it easy to switch to CBDC.

Third, we did not find evidence that prior UPI usage experience has a significant
moderating effect on the relationship between perceived risk and hedonic motivation with
behavioral intention, or between behavioral intention and use behavior. One possible
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explanation is that users who have previously used UPI or similar payment mechanisms
have already accepted the inherent risks and acknowledge that such risks exist with new
technologies as well. Additionally, continuous exposure to a particular technology may
reduce its novelty and pleasure (Longstreet and Brooks 2017; Sharma et al. 2023c), so users
may not experience the same level of hedonic motivation with a new technology that is
similar to one they have used before. However, once a user has developed an intention to
use a technology, it is generally easier for them to use a similar new technology.

5.2. Practical Implications

The study recommends that monetary authorities increase public awareness and
acceptance of CBDC by improving its user-friendliness. Authorities should also consider
users’ prior UPI experience and implement advanced and robust technology to attract more
users. This can be achieved by enhancing safety features, creating a conducive environment,
and offering incentives to encourage usage.

The concept of CBDC has yet to be thoroughly explored and implemented, with only
a limited number of countries currently adopting or planning to adopt such systems. How-
ever, CBDC holds the potential to positively impact economies by increasing transaction
volumes and generating new job opportunities, especially in contexts where cash liquidity
may be a challenge. The widespread usage of CBDC in academia would necessitate the
use and refinement of behavioral finance models to effectively implement various phases
of digital currency usage, thereby opening up new avenues of inquiry within the field.
As public awareness of key digital currency terms, such as blockchain, Bitcoin, and UPI,
increases, there is a likelihood of a corresponding growth in the usage of digital currencies
worldwide. This surge in adoption may also have the added advantage of reducing issues
such as money laundering, the proliferation of black money, and counterfeiting.

6. Conclusions

This study aimed to investigate whether prior use of UPI systems would lead to the use
of CBDC in countries such as India. Before exploring the motivating factors for the usage
of CBDC, the researchers conceptualized the model by including performance expectancy
and social influence from UTAUT, hedonic motivation from UTAUT 2, and perceived risk
from TAM. Additionally, the study used user experience with UPI as a moderator. The
findings suggest that, in the context of CBDC use, performance expectancy, perceived
risk, and hedonic motivation play crucial roles in influencing behavioral intention, and
that combining these factors with social influence has a positive impact on use behavior.
Therefore, the conceptualized model may be helpful in comprehending and promoting the
usage of CBDC.

The study found that prior experience with UPI has a negative impact on the relation-
ship between performance expectation and behavior intention, as well as the relationship
between social influence and use behavior for CBDC. These results suggest that individ-
uals tend to favor things that they are familiar with and have prior experience using.
For example, individuals accustomed to using UPI for digital payments may encounter
difficulties when adapting to a new payment system such as CBDC, resulting in lower
levels of performance expectancy. Users who are already accustomed to UPI may exhibit
inertia and a preference for the existing system due to its convenience and reliability. The
transition from UPI to CBDC can be perceived as disruptive, leading to resistance to change.
Additionally, users may have already established trust in UPI’s security and reliability,
making them hesitant to switch to an unfamiliar CBDC system. Moreover, users may
not perceive significant benefits in adopting CBDC if UPI already effectively meets their
payment needs. Compatibility and integration challenges may also hinder the adoption
of CBDC. Additionally, the study reveals that social influence affects CBDC use behavior
differently depending on an individual’s familiarity and use of UPIL. High UPI users were
negatively impacted by social influence because they perceived CBDC as a potential threat
to their existing payment system, which they already trust and widely accept. In contrast,
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low UPI users were positively influenced by social influence as they were more open to new
payment systems and viewed CBDC as a convenient and efficient alternative to existing
methods. Thus, the impact of social influence on CBDC use behavior is contingent on an
individual’s familiarity with and use of UPL

Further, the study found that previous experience with UPI did not have a signifi-
cant impact on the relationships between perceived risk, hedonic motivation, behavioral
intention, and use behavior. The proposed model explained 57.80% of the variance in use
behavior, indicating that behavioral intention strongly influenced usage behavior.

Overall, these findings suggest that UPI may not be an ideal moderator for all users and
that its negative moderating effect on the relationships between performance expectancy
and behavior intention, as well as between social influence and use behavior, should be
taken into account when designing interventions to promote the adoption of new technolo-
gies. Further research is needed to explore the impact of UPI on technology adoption in
more depth and identify potential strategies for mitigating its negative moderating effects.

The study has some limitations. Firstly, as the CBDC is still in the early stages of
development in India, the government has only launched it in a few cities such as Mumbai,
New Delhi, Bengaluru, and Bhubaneswar on a pilot basis. Therefore, the specific system
design of the CBDC and its associated economic factors have not been determined yet and
were not considered in this study. However, it is likely that the government is working with
experts in the field to ensure that the user interface is intuitive, secure, and easy to use, as
well as to make the CBDC accessible, affordable, and user-friendly. Secondly, because the
CBDC has only been launched in a few cities covering a relatively small percentage of the
total population of India (4.82%), the sample used in this study may not be representative
of the broader population. However, the pilot project can help the Reserve Bank of India
(RBI) to test the technology and infrastructure of the digital rupee before a full-scale rollout,
as well as to identify and resolve any technical issues or challenges that may arise. Despite
these limitations, the findings of this study may be useful to other countries planning to
introduce CBDCs, as we focused on specific sub-groups within the Indian population.
Further studies can be conducted in the future after the full-scale launching of CBDC in
India to explore the impact of factors such as the final system design and economic factors
on CBDC adoption.

To ensure successful implementation of digital currency, it is important to examine
the factors that may influence its usage and adoption. Parameters such as gender, age,
education, profession, and income should be analyzed through nationwide research to
gain a better understanding of their impact. Additionally, as digital currency is likely to
be an alternative to traditional currency, it is crucial to investigate the factors that may
affect its usage compared to traditional currency. In-depth research should explore network
effects, regulatory policies, individual preferences, and technological developments, as
these factors may significantly affect the adoption and usage of central bank digital currency
(CBDCQ) in the future.
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Appendix A

Table Al. Descriptive statistics of survey data.

Variable Std

N Min. Max Mode . Skewness Kurtosis
Name Deviation
Statistic  Statistic  Statistic  Statistic Statistic Statistic Std. Error  Statistic Std. Error
PR1 517 1 7 4 0.0650 0.054 0.107 —0.242 0.214
PR2 517 1 7 5 0.0557 —0.314 0.107 —0.896 0.214
Perceived Risk
PR3 517 1 7 5 0.0613 —-0.277 0.107 —0.927 0.214
PR4 517 1 7 5 0.0634 —0.252 0.107 —0.885 0.214
PE1 517 1 7 4 1.172 —0.307 0.107 0.083 0.214
Performance PE2 517 1 7 4 1.227 —0.071 0.107 —0.309 0.214
Expectancy PE3 517 1 7 5 1.166 —0.365 0.107 —0.529 0.214
PE4 517 1 7 4 1.150 —0.401 0.107 —0.378 0.214
HM1 517 1 7 4 1.224 —0.284 0.107 —0.628 0.214
Hedonic HM2 517 1 7 4 1.217 0.009 0.107 —0.528 0.214
Motivation HM3 517 1 7 4 1.308 —0.034 0.107 —0.657 0.214
HM4 517 1 7 4 1.260 —0.300 0.107 —0.705 0.214
SI1 517 1 7 4 1.235 —0.341 0.107 —0.227 0.214
SI2 517 1 7 5 1.254 —0.382 0.107 —0.255 0.214
Social Influence
SI3 517 1 7 5 1.259 —0.335 0.107 —0.404 0.214
SI4 517 1 7 5 1.207 —0.550 0.107 —0.122 0.214
UPI1 517 1 7 4 1.278 —0.132 0.107 —0.587 0.214
UPl usage UPR2 517 1 7 4 1.356 —0.149 0.107 —0.331 0.214
Experience
UPI3 517 1 7 4 1.427 —0.129 0.107 —0.597 0.214
BI1 517 1 7 4 1.213 —0.281 0.107 —0.056 0.214
Behavioral BI2 517 1 7 5 1233 —0.466 0.107 ~0.289 0.214
Intention
BI3 517 1 7 5 1.276 —0.233 0.107 0.082 0.214
UB1 517 1 7 4 1.233 —0.389 0.107 —0.709 0.214
UB2 517 1 7 5 1.287 —0.430 0.107 —0.727 0.214
Use Behavior UB3 517 1 7 4 1.233 —0.395 0.107 —0.386 0.214
UB4 517 1 7 4 1.255 —0.469 0.107 —0.352 0.214
UB5 517 1 7 4 1.301 —0.385 0.107 —0.495 0.214
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