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CHATBOTS ADOPTION BEHAVIOURIN
BANKING: AN EMPIRICAL STUDY IN SOUTH
INDIA

D. Kesavan*, S. Sivaprakkash**, N. Marianand***

Abstract The digital transformation has impacted all sectors, including banking, and has led to adopting Artificial Intelligence (A1) to
improve services and operational efficiency. Driven by artificial intelligence, banks increasingly use chatbot applications to provide quick,
efficient, and error-free services, resulting in increased revenues. This study aimed to investigate the determinants of Behavioural Intention
to Use (BTU) chatbots in banking using an Empirical Research Design with a sample of 800 respondents from five public and five private
sector banks in the South Indian states. The study found that perceived usefulness and ease of use directly influence behavioural intention
to use chatbots, while perceived trust has a significant indirect effect. Awareness of Service (AWS) and perceived compatibility also have a
substantial indirect impact on behavioural intention to use chatbots, and Perceived Ease of Use (PEU) is the critical factor in the adoption
of chatbots in banking; consumers expect chatbots to be helpful, easy to use, compatible with their lifestyle, and accompanied by clear
communication on their usage and benefits. Banks can leverage these findings to improve the design and implementation of chatbots and

communicate their benefits to customers to enhance their acceptance and usage.
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INTRODUCTION

Digital transformation influences every segment and
company to a higher extent (Schwab, 2016). Digital
media’s influence defines the drivers of the software
economy, focusing on technological advancements to
enrich customer service efficiency (Salisu & Bakar,
2020). Artificial Intelligence (AI) has improved business
transactions and services, driving companies to develop
advanced business models with the help of technological
innovation (Koehler, 2018). Al can assist companies
seeking technological rejuvenation, high competitiveness,
and operational productivity (Brill et al., 2022). The use
of Al in chatbot applications enhances service competence
by being quick and assertive, economical, accessible and
available (Maedche et al., 2019), and the banking sector is
not an exception.

Banks employ Al on a large-scale level to survive in
the competitive market (Biswas & Carson, 2020). By

customising its services, Al increases bank revenues
(Agarwal, 2019). It increases the efficiency of banks and
lowers the overall cost while reducing errors in service
deliveries (Trivedi, 2019).

Chatbot Technology in Banking

The chatbot application is a computer program that imitates
human conversations using natural structures such as Natural
Language Processing (NLP), image and video processing
and audio analysis (Bala et al.,2017). In the banking industry,
chatbots are used to manage financial operations such as
reviewing accounts, communicating lost cards or delivering
payments, renewing a policy or managing a refund (Tarbal,
2020). The factors influencing the use of chatbots in banking
depend on perceived usefulness, ease of use, compatibility,
and perceived risk in chatbots (Sarbabidya & Saha, 2020).
The usage of chatbot technology in the Indian banking sector
is continuously growing (Gupta & Sharma, 2019).
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Background of the Study

Banks must make every effort to assist their customers in
adopting internet banking, thereby increasing their loyalty
and confidence (Sidhu, 2018). Cardona et al. (2019) and
Quah and Chua (2019) focused on the level of chatbot usage
in the banking industry. They found that the usage level is not
at maximum, but the intention to use is increasing. Richad
et al. (2019) found that the level of innovation, perceived
usefulness, perceived ease of use, and attitude toward using
chatbots having a significant positive impact on the intention
to use this technology. Sarbabidya and Saha (2020) revealed
the role of chatbot technology in customer services in the
banking industry, such as advisory services, convenient
services, cost-effective services, customer-friendly services,
relationship banking services and trustworthy services.
Sayiwal and Alankar (2020) identified the key function of
chatbots in banking as a conversational interface, financial
advice and 24*7 digital support.

Based on the reviewed literature, many studies attempt to
measure the level of chatbot usage in banking and only a

few focus on the factors that lead to the usage of chatbots.
Only limited studies discussed the behavioural intention to
use chatbots shortly. However, studies have yet to attempt
to identify the link between these constructs, namely
determinants of usage of chatbots, perceived trust in them,
and intention to use them soon. Since the study is essential
for future policy implications, the research focuses on these
aspects with specific objectives.

RESEARCH OBJECTIVES

e To study customer’s view on the determinants of the
usage of chatbots in banking.

e To measure the level of perceived trust in chatbots and
the intention to use them in the near future.

e To evaluate the linkage between these three constructs.

CONCEPTUAL FRAMEWORK

The study starts with conceptual development to fulfil the
objectives.

Perceived Usefulness [ Direct effect ]

Perceived Ease of Use > \ 4
; \ Perceived Behavioural

Perceived > Trust on Intention to Use
Compatibility Chatbot the Chatbot
. y,
r Perceived Risks ] > Indlrect effect
Perceived Services >

Source: Developed by the authors.

Fig. 1: Hypothesised Framework

The concepts used in the present study are explained below:

Perceived Usefulness (PU)

Perceived usefulness shows the level of perception of the
new system’s utility (Davis, 1989). It is the performance
expected from the usage of a system (Li & Kishore, 20006).
In the case of banking, various types of virtual banking are

adopted because of their expected performance (Safeena et
al., 2012). Perceived usefulness has a significant impact on
adopting new technology in banking (Alalwan et al., 2018).
While perceived usefulness among male participants is
influenced by relative advantage, trust, and yearly income,
Perceived Ease of Use (PEU) in female participants is
influenced by perceived cost and value compatibility
(Changati & Kansal, 2019).
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Perceived Ease of Use (PEU)

Perceived Ease of Use (PEU) influences people’s technology
adoption level (Aggarwal & Patel, 2023). It is defined as
the ease of use of a system free from many doubts (Farah
et al., 2018). It strongly drives behavioural intention to
use technology (Giovanis et al., 2019). The ease of using
a particular or new system in online banking results in
higher usage (Martins et al., 2014). PEU leads to perceived
usefulness, which impacts a positive behavioural intention to
use online banking (Tom & Krishnan, 2021). Even ifa person
is sufficiently literate and self-assured to adjust to a new
system, they will revert to the old method if the technology
does not allow them to complete their transactions (Fig. 1).
Higher PEU is typically associated with a more significant
relative advantage offered by the technology, with higher
discomfort corresponding to lower PEU and vice versa
(Changati & Kansal, 2019).

Perceived Compatibility (PC)

Perceived compatibility represents the new system’s
perceived consistency with the values, past experiences, and
needs of potential future adopters (Roger, 1983). The higher
adoption rate of any system rests on the compatibility of the
new system with an individual’s lifestyle (Koenig-Lewis et
al., 2010).

Perceived Risks (PR)

To mitigate risks, banks must equip themselves with the
newest technologies and attempt to address the numerous
security challenges (Sidhu, 2018). Perceived risk refers
to the risk consumers perceive when using new systems
(Arif et al., 2006). In the case of banking, perceived risk
represents the level of risk perceived in online banking
usage among consumers, leading to their intention to use
it soon (Kolodinsky et al., 2004). Moreover, perceived risk
indirectly impacts the behaviour of intention to use the

chatbots (Shankar & Kumari, 2016). PEU is influenced by
perceived risk; the higher the perceived risk, the lower the
perceived ease of use, and vice versa. This holds true even
when the relative advantage provided by the technology is
generally minimal (Changati & Kansal, 2019).

Awareness of Service (AWS)

The level of awareness indicates the extent of information
regarding availability, usage patterns and other aspects
related to the adoption of chatbots in the banking sector (Al-
Somali et al., 2009). The higher level of awareness of online
banking results in higher adoption (Pikkarainen et al., 2004).

Perceived Trust (PT)

The perceived trust refers to trust in technology as customers
expect it to be technically competent, reliable and dependable
effectiveness in the technology they are willing to use
(Khan, 2018). Accepting and adopting new technology
is critical (Yiga & Cha, 2016). It is the most influencing
variable in identifying the achievement of e-banking
services (Lopez-Miguens & Vazquez, 2017). People are
satisfied with digital banking and expect a dedicated centre
for grievance resolution, which enhance customer happiness
(Subrahmanyam et al., 2021).

Behavioural Intention to Use (BTU) the
Chatbot

Behavioural Intention to Use (BTU) is defined as an
individual’s intention to use the system both currently
and in the future (Venkatesh et al., 2003). It reflects
respondents’ mindset in using online banking (Davis, 1989).
It is the collection of the various outcomes, namely liking,
willingness, interest and intention to use the aspect (Gefen et
al., 2003). The variables related to the seven constructs are
given in Table 1.

Table 1: Variables in Seven Constructs (SC)

Sr. No. Factors in Seven Constructs Sr. No. Factors in Seven Constructs

I Perceived Usefulness (Richad et al., 2019) A% Awareness of Services (Hanafizadeh and Khedmatgozar, 2012)

1 Knowing the usefulness of chatbots in daily life 1 Communication on chatbot usage of policy

2 The use of chatbot led to time savings 2 Clarity in the strategy to use chatbot

3 The use of a chatbot results in quick completion 3 Sufficient information on chatbot
of work

4 The use of chatbots increases productivity 4 Recommendation from my bank to use a chatbot

5 The use of a chatbot extends the scope of 5 Continuous supply of information on the bank’s chatbot services
achievements
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Sr. No. Factors in Seven Constructs

Sr. No.

Factors in Seven Constructs

1I Perceived Ease of Use (Akturan & Tezcan, 2012) VI

Perceived Trust on Chatbot
(Wen et al., 2019)

Easy to learn chatbot 1

Trust in chatbot technology

2 Easy to implement chatbot 2

Trust in the competency of chatbot

3 Easy to interact through chatbot

Trust in the reliability of chatbot services

Perceived Compatibility (Kolodinsky et al.,

I 2004) 4 Trust in the performance of chatbot
1 Chatbots fit with my lifestyle 5 Trust in the competitive advantage of chatbot
2 Chatbots fit well to interact with companies VII | Behavioural Intention to Use the Chatbot (Schierz et al., 2010)
3 Chatbot usage gives better hope of pleasure 1 Use of chatbot wherever essential
4 Chatbot needs of potential adopters 2 Likely to use a chatbot soon
v Perceived Risks (Trivedi, 2019) 3 Increase the frequency of usage of chatbot
Misuse of privacy information 4 Intention to suggest others on chatbot
Inappropriate sharing of information 5 Comfortable using chatbot

Privacy could be exposed

B |lW[IN | =

Personal information could be intercepted

RESEARCH METHODOLOGY

The applied research design of the study is a mix of
descriptive and diagnostic designs since the analysis is based
on the customers’ view on chatbots in banking and the cause-
and-effect relationship between the drivers of BTU chatbots

among the customers. The study’s sample size is decided by
T
the formula of n = {3} whereas n-sample volume and

the z-z value at a five-point scale, o-standard deviation of
customer satisfaction on chatbot at pilot study (variable
is measured at five-point Likert scale) and e-error of
acceptance. It came to 800 respondents.

The study covers five public sector banks and five private
sector banks in the headquarters of the South Indian states
of Tamil Nadu, Andhra Pradesh, Telangana, Karnataka
and Kerala. From each bank, sixteen chatbot users were
identified with the help of the concerned branch manager.
The required primary data are collected through the pre-
tested questionnaire. The responses to the questionnaire sent
to the sampled respondents in three successive attempts in
total comes to 69.13 (553+800) per cent to the total of 800
respondents. The collected data are processed with the help
of appropriate statistical analysis.

RESULTS AND DISCUSSION

The demographic profile of the respondents was illustrated
using descriptive statistics. The dominant gender among
them was male, whereas the most dominant age group was
25 to 35 years. The dominant level of education among them
was under graduation and above, whereas the dominant
occupation level was business and allied fields. The dominant
field of work among them was service-related activities.
Most of the respondents are used m-banking. They used
their mobile phone for the chatbot banking activities. The
most dominant account they keep is a savings account. The
dominant years of experience in using chatbots is more than
one year.

Validation of the Constructs Developed
for the Study

The present study included seven constructs: perceived
usefulness with five variables; PEU with three variables;
perceived compatibility and perceived risks, each with
four variables; awareness of services, perceived trust and
behavioural intention to use, each with five variables.
The initial analysis confirmed the validity of the variables
included in each construct with the assistance of
Confirmatory Factor Analysis (CFA) and Cronbach’s Alpha.
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The internal consistency, content validity, discriminant
validity and convergent validity were tested (Ringle et al.,

2013). The results of CFA and Cronbach’s Alpha are shown
in Table 2.

Table 2: Psychometric Properties of the Constructs

Sr. No. Construct Range of Standardised | Composite | Average Variance | HTMT | Cronbach’s
Factor Loading Reliability Extracted Ratio Alpha
1 Perceived Usefulness 0.8919%*-0.6447%* 0.7802 54.51 0.7814 0.7644
2 Perceived Ease of Use 0.9092%-0.6241* 0.7964 55.49 0.8022 0.7742
3 Perceived Compatibility 0.8914*-0.6024* 0.7545 52.96 0.6414 0.7343
4 Perceived Risks 0.8806*-0.6593* 0.7702 53.97 0.7045 0.7503
5 Awareness of Services 0.9117*-0.6743* 0.8142 56.08 0.7141 0.7997
6 Perceived Trust on Chatbot 0.8901*-0.6542* 0.7749 54.03 0.6886 0.7602
7 Behavioural Intention to Use the chatbot 0.8664*-0.6848* 0.7674 52.42 0.6911 0.7401
* Significant at 5% level

Source: Primary data was collected through a questionnaire and analysed in SPSS.

The content validity of all seven constructs has been
proved since the standardised factor loading of variables
in each construct is greater than 0.60. The convergent
validity is confirmed in all constructs since it is aggregate
consistency and the standard variable extracted are higher
than 0.50 and 50.00 per cent, respectively (Hanafizadeh
& Khaematgozar, 2012). The Heterotrait Monotrait Ratio
(HTMT) of all constructs (interrelation and coefficient
between the constructs) is less than its minimum threshold
of 0.85 (Henseler et al., 2018). The overall reliability in

each construct is proven since its Cronbach’s Alpha is
higher than 0.70.

Measurement of the Constructs in the
Study

The mean score of each construct examines the respondents’
views on the seven constructs. The mean value of the factors
in each construct determines the magnitude of each construct.
The standard deviation and coefficient of variation of each
construct are also measured and presented in Table 3.

Table 3: Measurement of the Constructs

Sr. No. Constructs Mean Score SD Co-Efficient of Variation
1 Perceived Usefulness 3.8142 0.4796 12.57
2 Perceived Ease of Use 3.7908 0.4173 11.01
3 Perceived Compatibility 3.7141 0.4786 12.89
4 Perceived Risks -3.0114 0.6088 20.22
5 Awareness of Services 3.6441 0.5869 16.10
6 Perceived Trust on Chatbot 3.2469 0.4022 12.38
7 Behavioural Intention to Use the chatbot 2.9974 0.6441 21.49

Source: Primary data was collected through a questionnaire and analysed in SPSS.

The highly viewed independent constructs by the
respondents are perceived usefulness and perceived ease
of use, with a mean of 3.8142 and 3.7908, respectively.
The respondents noticed greater consistency in their views
on perceived ease of use, with a coefficient of variation
of 11.01%. The perceived trust among the respondents is
only at a moderate level since its mean value is 3.2469. The
level of BTU is lower, with a mean score of 2.9974. The
level of BTU chatbot technology is less than the level of
perceived trust in banking.

The Linkage Between the Determinants,
Behavioural Intention to Use Chatbots
and Perceived Trust in Chatbots

The present analysis examines the linkage between the
determinants and BTU chatbots through perceived trust.
Structural equation modelling has been adopted to evaluate
the linkage through the direct and indirect effects of
determinants, whereas perceived trust act as the mediator
variable (Bollen & Scott, 1993). Initially, the model fit was
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been estimated by examining the fit indices (Bentler &
Bonett, 1980). The fit indices are summarised in Table 4.

Table 4: Fit Indices of Structural Equation Modelling

Sr. No. Tests Actual Value Standard Value Result
1 Goodness of Fit (GFI) 0.9544 >0.90 Valid
2 Adjusted Goodness of Fit Index (AGFI) 0.9401 >0.90 Valid
3 Root Mean Residual (RMR) 0.0302 <0.05 Valid
4 Root Mean Square Error Approximation (RMSEA) 0.0297 <0.05 Valid
5 Normed Fit Index (NFI) 0.9245 >0.90 Valid
6 Relative Fit Index (RFI) 0.9676 >0.95 Valid
7 Comparative Fit Index (CFI) 0.9344 >0.90 Valid
8 Tucker Lewis Index (TLI) 0.9379 >0.95 Valid
9 Significance of Chi-Square Statistics 0.0174 <0.05 Valid

Source: Primary data was collected through a questionnaire and analysed in SPSS.

The Table 4 shows that fit indices satisfy the respective
standard levels. The GFI and AGFI are higher than 0.90,
whereas the RMR and RMSEA are lower than 0.05. The NFI
and RFI are higher than 0.90 and 0.95, respectively. The CFI

and TLI are greater than 0.90 and 0.95, respectively. The
significance of the chi-square score is considerable at a two
per cent level. All these results indicate the validity of the
fitted path model developed using SEM.

PU

-344
PEU

1284

.308

PERCEIVED

296

CHAT BOT
USAGE

Fig. 2: Structural Equation Model of Direct Effect and Indirect Effect (A Path Model of the Relationship

Between the Key Constructs)

Direct, Indirect Path Co-Efficient of
Determinants to Use Chatbots

The executed SEM results show the direct and indirect path
co-efficients of determinants of the chatbots usage, as well

as their statistical significance and total effect. The results
are summarised in Table 5.
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Table 5: Indirect, Direct, and Total Effects of Determinants of Usage of Chatbots

Sr. No. Construct Direct Effect Indirect Effect Total Effect
1 Perceived Usefulness 0.2214* 0.3084* 0.5298
2 Perceived Ease of Use 0.2473* 0.3441%* 0.5914
3 Perceived Compatibility 0.1676 0.2842* 0.4518
4 Perceived Risks -0.1084 -0.1233 -0.2317
5 Awareness of Services 0.1179 0.2994* 0.4173
6 Perceived Trust on Chatbot 0.2969* - -
Total 0.6458 1.1128 1.7586

Dependent variable: Behavioural Intention to Use the Chatbot

Mediator variable: Perceived Trust on Chatbot

* Significant at 5% level.

Source: Primary data was collected through a questionnaire and analysed in SPSS.

The SEM shows that the significant direct effect on BTU
chatbots is perceived usefulness and PEU since their direct
effects are considerable at a five per cent level. However,
the indirect effects are contributed by perceived usefulness,
perceived ease of use, perceived compatibility, and AWS
since its indirect path coefficient is statistically significant.
The higher total effect is made by PEU and perceived
usefulness since its total effects are 0.5914 and 0.5298,
respectively. Perceived trust has a significant direct effect
on behavioural intention to use, whereas perceived risks
have no significant indirect or direct effect on behavioural
intention to use. The total indirect effect is higher than its
direct effect since its total effects are 1.1128 and 0.6458.
The above-said results indicate the significant mediating
function of perceived trust between determinants of BTU
and intention to use chatbots in banking.

DISCUSSION OF RESULTS

The current study recognises two crucial factors that
directly influence BTU chatbots: perceived usefulness and
perceived ease of use, replicating the findings of (Venkatesh
& Davis, 2000). Perceived trust has a significantly direct
solid impact on BTU chatbots since its direct effect is
0.2969, which is like the findings of (Farah et al., 2018).
The higher total indirect effect compared to the total direct
effect made by the determinants on the BTU chatbots
recalls the findings of Martins et al. (2014). The significant
mediator role perceived trust play is similar to the findings
of Shankar and Kumari (2006). The highly significant
indirect effect of AWS on behavioural intention through
perceived trust aligns with the findings of Al-Somali et al.

(2009). Therefore, a high PEU is critical in banking chatbot
adoption through the perceived risk.

Managerial Implications

The significant direct and indirect consequences of
perceived usefulness and PEU on behavioural intention
indicate that the consumers expect both utility and
comfortableness in using chatbots. The role of perceived
compatibility and AWS create a significant indirect effect
on behavioural intention. Hence, consumers are expecting
more compatibility with their lifestyles from the use of
chatbots and expecting much information about their
usefulness. Since perceived trust significantly influences
the intention to use chatbots, the banks are advised to focus
on enriching the perceived trust among the customers. This
will automatically resolve a rise in the BTU chatbots.

CONCLUSION

The present study identifies five critical drivers of BTU
chatbots in banking: perceived usefulness, perceived ease of
use, perceived compatibility, perceived risk and awareness
of service. The first two determinants that contribute most
to the intention to use chatbots are PEU and perceived
usefulness, followed by perceived compatibility. Perceived
risk does not directly or indirectly contribute significantly to
the intention to use chatbots. The higher total indirect impact
on BTU chatbots reveals the significant role of perceived
trust in enriching the intention to use them. Hence, the study
concluded that if the determinants initially focus on creating
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perceived trust among the customers, the BTU chatbots will
be significantly higher.
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