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Abstract

An important area in the field of digital financial services is the use of Al-driven banking chatbots. The
growing integration of Al-driven chatbots in banking has transformed customer interaction, yet the factors
influencing users’ adoption intention remain underexplored, specifically understanding how post-adoption
beliefs and user experiences shape behavioural intention. This study proposes a comprehensive research
model which is grounded in the Unified Theory of Acceptance and Use of Technology (UTAUT) and the
Expectation-Confirmation Model (ECM), and which is uniquely extended with the constructs of trust and
perceived security, both crucial in high-risk, technology-mediated financial environments. The research
examines the role of the mediating variables of perceived usefulness, satisfaction and trust with respect to
each influencing adoption intention by utilizing the Partial Least Squares Structural Equation Modeling
(PLS-SEM). Findings include that perceived usefulness mediates the effects of confirmation of
expectations and perceived ease of use on adoption intention, while trust mediates the influence of
confirmation of expectations, perceived usefulness, perceived security and facilitating conditions. By
providing a nuanced understanding of chatbot adoption dynamics, the study advances both theory and
practice. Financial institutions can successfully implement intelligent banking technologies by using the
actionable insights it offers to increase user acceptance of conversational Al tools.
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Introduction

Artificial intelligence (Al) and natural language processing (NLP) technologies are rapidly being adopted
by a wide range of industries including the financial sector (Mah et al., 2022). A key area in the field of
digital financial services is the use of Al-driven banking chatbots. Banking chatbots provide 24/7 customer
service, automate routine queries which potentially can improve the overall service efficiency.
Understanding the determinants that drive people to adopt chatbots has become essential for financial
institutions using chatbots to improve the experiences of customers and sustain competitive advantage (Alt
et al., 2021). Although banking chatbots tend to be technologically sophisticated, user adoption remains
inconsistent, battling with challenges like the lack of human interaction, growing need for multilingual
support, limitations in natural language processing as well as ethical challenges (Bansal et al., 2024; Bansal,
2025).
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This research explores factors influencing the adoption of banking chatbots, drawing upon the Unified
Theory of Acceptance and Use of Technology (UTAUT) by Venkatesh et al. (2003) and the Expectation-
Confirmation Model (ECM) by Bhattacherjee (2001). The previous studies either focus solely on adoption
or satisfaction, rarely addressing the mediating mechanisms between perceptions and behavioral intentions.
Reviewing how the growing integration of Al-driven chatbots in banking has transformed customer
interaction, the factors influencing users’ adoption intention have surprisingly remained underexplored. For
example, understanding how post-adoption beliefs and user experiences shape behavioral intention may
influence chatbot adoption. As such, an integrated model is required to account for both pre-adoption
expectations and post-adoption experiences, especially in Al-powered service contexts in which trust, and
satisfaction play critical roles (Zahra et al., 2023). This highlights a significant theoretical gap that the
present study aims to address. For the same purpose, the study proposes the following research questions:

RQ1: What factors influence the adoption intention (ADI) of banking chatbots in India?

RQ2: What relationship exists between the factors (as identified in RQ1) and ADI of banking chatbots in
India?

RQ3: Which are the factors and the nature of their mediation towards ADI of banking chatbots in India?

The current study develops an integrated framework which utilizes the UTAUT and ECM theories to study
users’ adoption intentions toward banking chatbots, by employing PLS-SEM method. More specifically,
UTAUT and ECM are extended with the constructs of trust and perceived security, both crucial in high-
risk, technology-mediated financial environments (Trewin et al., 2016; Featherman et al., 2006). The use
of PLS-SEM enables robust analysis of complex relationships, including direct, indirect, and mediated
effects. Using PLS-SEM, the role of the mediating variables perceived usefulness, satisfaction, and trust
with respect to adoption intention is examined. PLS-SEM is selected as it tolerates complex models
involving multiple latent constructs, mediating variables, and non-normal data distributions.

The methodology steps include identifying and validating the key antecedents influencing banking chatbot
adoption intentions by assessing the measurement model, ensuring that the identified constructs are reliably
measured. Next, we examine the structural model in which hypothesized relationships among the constructs
are empirically evaluated through path coefficients and their statistical significance. Finally, to answer
research question 3, mediation analysis is performed based on the PLS-SEM framework to explore
mediating effects of intermediating factors on ADI.

The study reinforces satisfaction as the central construct for technology adoption and identifies trust as a
relational construct binding cognitive appraisals with behavioral outcomes in digital financial services.
Research outcomes contribute to existing banking chatbot knowledge by bridging the gap between the pre-
adoption and post adaption perspectives of the adoption of chatbots. Second, the framework incorporates
constructs of perceived security and trust, which are typically absent from existing models, yet are highly
relevant in the banking context. Third, this research transcends the conventional adoption model in terms
of mediating effects of perceived usefulness, trust, and satisfaction to explain how the user perceptions
significantly influence the behavioral intention to adopt. Additionally, this work looks at how chatbots
might alter the way customers communicate with banks.

Literature Review and Hypotheses Development

Banking Chatbot Adoption
Recent emergence of Artificial Intelligence (Al) in the financial services industry has made chatbots very
popular as a cost efficient and scalable means of customer communication (Patil & Kulkarni, 2019).
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Banking chatbots are software programs that employ artificial intelligence (AI) and natural language
processing (NLP) to replicate human conversation in order to assist consumers with enquiries, transactions,
and account management (Bansal et al, 2023). These tools are becoming progressively popular among
banks worldwide due to the fact that they can lower operating costs, offer round-the-clock support, and
facilitate personalised interactions (Richad et al., 2019 & Agrawal et al., 2024). In the Indian context, it has
been observed that the adoption of the chatbots has been accelerated by both the public and private sector
banks over the past few years (Singh & Singh, 2019).

Although, banking chatbot has served to improve customer service and operational efficiency, its adoption
is quite slow in developing economies like India (Gupta & Sharma 2019; Rani et al 2023). Some users
remain reluctant to these technologies given a lack of trust, usability problems or negligible human support
(Bansal et al. 2024, Hari et al., 2022), causing variability in user acceptance. Studies on banking chatbots
have primarily aimed to identify factors influencing user acceptance or rejection. Table 1 presents important
studies regarding banking chatbots.

Table 1. Studies on Banking Chatbots

Theoretical = Data Analysis

Aim of the study

Reference

Underpinning Technique
IS Success The study looks into how the three key
India SEM Model quality aspects of the ISS Model are Trivedi (2019)
connected to customers’ overall experience
To study the enablers influencing .
Indonesia TAM PLS-SEM operations of banking chatbot in Richad et al.
. . } . (2019)
Indonesia, focussing on millennials
. To study the enablers influencing Alt et al.
Romania TAM PLS-SEM operations of banking chatbot in Romania (2021)
Indl:;lgSA’ UTAUT?2, PLS-SEM To investigate how human needs and Sléghlﬁlg;a&
. BDI beliefs affect the use of fintech chatbots
Singapore (2021)
The study investigates how customer
Turkey ECM PLS-SEM satisfaction is impacted by perceived trust Eren (2021)
and the bank’s reputation.
‘ ECM, D&M To sFu'dy the enab'lers mﬂqepcmg users Naguyen et al.
Vietnam SEM decisions to continue utilizing chatbot
ISS T .o (2021)
services in Vietnamese banking industry
To investigate the ways in which users'
. willingness to share personal information Lappeman et
. Regression .. .
Vietnam NA Analvsis is influenced by trust and privacy concerns al.
y in relation to the Vietnamese banking (2022)
industry
To identify the elements that contribute to Hari et al
India TAM SEM and influence customer brand interaction (2022) ’
with banking chatbots
To investigate the elements that affect
. . . . . Petersson et
Thematic consumers' interactions with banking
Norway NA . . . al.
analysis chatbots, with an emphasis on both (2023)
chatbot-related and user-related elements

Theoretical Underpinning
The current study builds on the insights from well-known models that explain how people adopt and use
technology. The Unified Theory of Acceptance and Use of Technology (UTAUT) merges eight previous
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models about adopting technology and outlines four important aspects that control users’ intention to use
it. The UTAUT model has been widely used to understand how people interact with various information
systems, such as mobile banking and digital platforms (Sarfaraz, 2017; Purwanto and Loisa, 2020; Chen et
al., 2023). The Expectation Confirmation Model (ECM) is a model about post-adoption that examines how
users continue to use a product by comparing their experience with what they expected and their
satisfaction.

Previously, researchers studied consumer intent and adoption of technology using UTAUT and ECM by
focusing on domains such as mobile banking (Wang, 2018), mobile payment (Zhao & Bacao, 2020; Singh,
2020), e-democracy (Huda & Amin, 2023), educational chatbots (Tian et al., 2024; Aldulaimi et al., 2024),
online food delivery (Subhan et al., 2024; Zhao & Bacao, 2020), social networking (Su & Tong, 2021),
mobile health (Tian and Wu, 2022). Integration of UTAUT and ECM enhances insights regarding pre-
adoption beliefs (e.g., ease of use, facilitating conditions) as well as post adoption evaluation (e.g.,
confirmation, satisfaction). One of the advantages of this hybrid approach is that it seems quite suitable for
the banking chatbot settings as user experiences here evolves over time and is determined not only by
technical performance but also emotional responses such as trust and satisfaction. Table 2 provides a list of

studies utilizing UTAUT and ECM to explore chatbot usage and adoption.

Table 2. UTAUT + ECM Studies

Data
Analysis Aim of the Study Reference
Technique
QR C?de To figure out what drives people to keep g
Mobile . . . Ifada & Abidin
Indonesia PLS-SEM using mobile payments made through QR
Payment (2022)
R codes
Service
Mobile India PLS-SEM To explor.e how pjcople behave after they've Singh (2020)
Payment started using mobile payment systems
e-learning tools | Malavsia SEM To understand the student’s intention Mohamad et al.
ng Y towards PADLET as e-learning tool (2024)
. To determine what aspects of Al chatbots .
Educational . ... Tian et al.
China PLS-SEM affect students' opinions, levels of
Chatbots ) . . . . (2024)
satisfaction, and behavioural intentions
Online Food . To figure out what factors drives customers | Al-Rikabi et al.
Delivery Indonesia PLS-SEM to keep using online food delivery services (2024)
Mobile Analyses how mobile leamlng is being Su & Tong
. Iraq PLS-SEM introduced and used over time in
Learning . g (2021)
universities across Iraq
To explore whether older adults living with Tian and Wu
Mobile Health China SEM chronic illnesses plan to keep using mobile (2022)
health (mHealth) tools
To examine the important variables Huda & Amin
e-democracy Indonesia PLS-SEM affecting Indonesia's adoption of e- (2023)
democracy
Al-Powered Correlation
Chatbots in Kingdom and To understand what helps or hinders the use | Aldulaimi et al.
Higher of Bahrain Regression | of chatbots in colleges and universities (2024)
Education Analysis

197



Issues in Information Systems
Volume 26, Issue 3, pp. 194-212, 2025

Most of the existing research employs single theory models, lacking an integrated holistic psychological,
behaviour, and experiential approach to the adoption. For example, trust and security are factors critical in
financial services in which users interact with automated systems involving sensitive personal and financial
information, and these not have not be considered in the models.

To provide some background, frust has been found to be a predictor of deployment in Al based systems
and digital banking environments where human agent interaction is replaced by automation (Hildebrand &
Bergner, 2021; Lui & Lamb, 2018) and trust eased uncertainty and encouraged confidence in robot
generated responses, determining favourable engagement (Nordheim et al., 2019). Additionally, security
concerns have been identified as a barrier to the successful implementation of online and mobile banking
(Hanif & Lallie, 2021; Bamoriya & Singh, 2012). For a user to feel at ease and comfortable while chatting
with a chatbot, they need to be sure their personal data is secure, as well as free from any possibility of
fraud or unauthorized access. The included security variable has been shown to play a substantial role in
shaping both trust and adoption intention (Gupta & Hakhu, 2021, Chawla et al., 2023) and adds to the
explanatory power of adoption models in contexts of digital banking characterized by high risk. We
combine and extend the UTAUT and ECM frameworks with constructs of trust and perceived security as
additional constructs to address the risk and reliability issues faced in chatbot based banking services. A
large gap is present in the literature where many of the mediating mechanisms between user perception and
their adoption intention, particularly trust and satisfaction, are rarely mentioned. The present study covers
this gap by integrating and comprehensively looking at both cognitive and emotional factors impacting
chatbot adoption.

Factors Affecting Banking Chatbot Adoption

Though factors affecting adoption of technology have been studied, our work further connects key factors,
such as confirmation of expectations, utility, user-friendliness, security, trust, facilitating conditions, and
satisfaction to adoption intention, along with factors of trust, usefulness, and satisfaction acting as
mediators. Below details the set of hypotheses relating these factors, which assist in addressing research
question of what relationship exists between the factors that influence the adoption intention (ADI) of
banking chatbots in India. Confirmation of Expectations (COEX) defines how closely a users’ actual
experience matches his or her initial expectations (Bhattacherjee, 2001). Liao et al. (2009) suggests that
when technological services meet or exceed user expectations, responsiveness and service utility, users are
more likely to perceive them positively. Several studies support this relationship. For example, Lee (2010)
found that expectation fulfilment significantly influenced usefulness in e-learning environments.
Furthermore, Obeid et al. (2024) also observed that as users’ expectations of mobile banking services are
satisfied, this positively influences trust in the system. In chatbot contexts, Diederich et al. (2022) found
that positive confirmation of conversational agent performance resulted in more favourable evaluations and
engagement. So, in light of this, the proposed hypotheses are:

H1: “Confirmation of Expectations positively influences Perceived Usefulness for banking chatbot
adoption.”
H2: “Confirmation of Expectations positively influences Trust for banking chatbot adoption.”

Perceived Usefulness (PU) is a measure of how much a user thinks that technology can increase their
efficiency (Davis, 1989). Studies have shown that PU plays a key role in shaping people’s decisions whether
or not to continue using a certain technology (Chaves and Gerosa, 2020; Brandtzaeg and Felstad, 2018).
For banks, analysis of PU determines whether users experience more convenience, speed and efficiency
with banking through chatbots. We believe that PU plays an intermediary role in the relationships between
expectation fulfilment, ease of use and the constructs like trust, satisfaction and intention to adopt.
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Therefore, the suggested hypotheses are:
H3: “Perceived Usefulness positively influences Trust for banking chatbot adoption.”
H4: “Perceived Usefulness positively influences Satisfaction for banking chatbot adoption.’
HS: “Perceived Usefulness positively influences Adoption Intention of banking chatbot.”

>

Perceived Ease of Use (PEOU) is about how much someone feels that using a particular system will be
simple and won’t require extra mental or physical effort. PEOU has consistently been shown to impact PU,
with users more likely to see a system as useful if it is also easy to use (Davis, 1989; Venkatesh & Davis,
2000). For banking chatbots, this relationship is highly relevant given their need to simplify often complex
banking tasks through conversational interfaces. This means that if users find the chatbot easy to
communicate with their special capabilities like natural language processing, intuitive navigation and
accurate response, they are more apt to consider the chatbot as beneficial. Several studies validate this
relationship (Roca et al., 2006; Gefen & Straub, 2000). Relative to chatbots, Diederich et al. (2022)
highlighted that the usability and interface simplicity plays a significant role in shaping user experience as
well as valuation perception of the technology. Therefore, the hypotheses presented are:

H6: “Perceived Ease of Use positively influences Perceived Usefulness for banking chatbot
adoption.”
H7: “Perceived Ease of Use positively influences Satisfaction for banking chatbot adoption.”
Perceived Security (PS) describes the level of assurance someone has that a tech system such as a banking
chatbot, protects their personal and financial data from unauthorized activities like hacking, fraud and data
leaks. There has been numerous studies that support the importance of perceived security in the acceptance
of technology, especially when financial transactions are involved (Tsai et al., 2022). Zhou (2011) also
finds that perceived security has a strong influence on trust in case of mobile banking apps and that users
must feel secure before they can trust a system. Likewise, Almaiah et al. (2022) and Siagian et al. (2022)
demonstrated that perceived security directly affects trust and adoption intention in e-payment systems,
where data protection concerns have a significant influence on how users perceive the application. In
chatbot-enabled banking, users often share personal details and perform financial operations through
conversational interfaces. Users will have more trust in the chatbot and be more satisfied if they perceive
that these interactions are secure. It's especially relevant for economies like India, where digital technology
adoption is rising but privacy and cybersecurity concerns are high. Accordingly, the following hypotheses
are examined in the study:

H8: “Perceived Security positively influences Trust for banking chatbot adoption.”
H9: “Perceived Security positively influences Satisfaction for banking chatbot adoption.”
Facilitating Conditions (FC) refers to the extent to which users feel their needs are being met by the
technology and assistance offered by the organization (Venkatesh et al., 2003). This means people use
compatible devices, have a stable internet connection and can contact customer support when facing issues
with a chatbot for banking. If the conditions are facilitated, people find it easier to adopt the new technology
which adds to their confidence and improves their trust and satisfaction. Various studies have helped
confirm these findings. Lu et al. (2005) discovered that positive conditions help users in becoming trusting
and keen on using wireless Internet services. Similarly, Alalwan et al. (2018) reported that greater support
for mobile banking leads to higher satisfaction with the bank. This is especially pertinent for banking
chatbots where most users, especially first-time users or less tech savvy segment, require guidance and
resources to be able to make use of the service. Hence the subsequent hypotheses are suggested:

>

H10: “Facilitating Conditions positively influences Trust for banking chatbot adoption.’
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’

H11: “Facilitating Conditions positively influences Satisfaction for banking chatbot adoption.’

Trust (TRU) in banking chatbots means the user trusts the chatbot to be reliable, safe, transparent and not
misusing their confidential details (Gefen et al., 2003). Many experts agree that trust plays a crucial role in
making people adopt online systems for sensitive transactions (Okello & Ntayi, 2020). As credited by Gefen
et al. (2003) and Kim et al. (2009), trust has been recognized as a key factor for bridging the gap between
users’ perception and their behavior (i.e., satisfaction / continued use). In case of banking chatbots, where
users interact with an Al rather than a human, trust establishment is even more essential. Moreover, trust
has been shown to be directly associated with both satisfaction and behavioural intention in several studies
(Liang et al., 2018; Sharma & Sharma, 2019). A trustworthy chatbot decreases the perceived risk, increases
user comfort, and positively affects evaluations and willingness to continuously use it. Accordingly, the
subsequent hypotheses are suggested:

H12: “Trust positively influences Satisfaction for banking chatbot adoption.”
H13: “Trust positively influences Adoption Intention of banking chatbot.”

Satisfaction (SAT) is a user’s overall affective evaluation of his or her experience with a system based on
how well or poorly it meets or exceeds expectations (Bhattacherjee, 2001). In the case of banking chatbots,
satisfaction is shaped by how well the chatbot performs in terms of usability, usefulness, reliability, and
responsiveness during financial interactions. In service industry, satisfaction emerges when users feel that
the service is not only functional but also reliable, secure, and aligned with their expectations. Satisfaction
integrates multiple constructs (including PU, TRU, PEOU, PS and FC), whereby acting as a consolidated
outcome of those perceptions and a precursor to adoption intention. Drawing from these insights, here are
the hypotheses we’re putting forward:

H14: “Satisfaction positively influences Adoption Intention of banking chatbot.”
Figure 1 illustrates the comprehensive conceptual model, with proposed hypotheses, that connects key

constructs, such as COEX, PU, PEOU, PS, TRU, FC, and SAT to ADI, with TRU, PU, and SAT acting as
mediators. This model forms the foundation for empirical testing using PLS-SEM.

Confirmation of
Expectations
(COEX)

Perceived Ease Of
Use
(PEOU)

Perceived Security
(PS)
H:

Facilitating
Conditions
FC)

Adoption Intention
(ADD

H12

Hl4

Figurel. Conceptual Research Model
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Research Methodology

The current research focuses on banking customers in India as its target group, who have prior experience
interacting with banking chatbots, either through mobile banking apps, websites, or social media platforms.
Given the increasing use of digital banking tools in urban and semi-urban India, the study employed
purposive sampling technique, ensuring that only relevant respondents with actual chatbot interaction
experience were included. We gathered the data through an online questionnaire that people filled out
themselves. It was shared through email, social media, and online banking forums to reach a wide range of
participants. Screening questions were used to confirm respondents’ eligibility based on their prior use of
banking chatbots.

The study collected 552 responses and 355 of them were used after data cleaning. From Davis (1989), items
for PU and PEOU were adopted, whilst COEX and SAT were drawn from the ECM Model by Bhattacherjee
(2001). Other items such as TRU and PS were sourced from studies on digital banking and e-commerce
adoption (e.g., Gefen et al., 2003; Pavlou, 2003). Measures of FC were based on UTAUT model (Venkatesh
et al., 2003).

Common Method Bias

Since the data for both main and secondary variables came from the same survey, the possibility of Common
method bias (CMB) should be considered. If errors occur in the measurement of CMB data, it may cause
researchers to overestimate the relationships and alter their findings (Podsakoff et al., 2003). This study
uses Kock’s VIF criterion and Harman’s single factor test for detecting common method bias. Exploratory
Factor analysis (EFA) was performed on all eight constructs without rotation. According to Harman’s test,
no prominent common method bias was present in the data set since all cumulative loading accounts for
only 26.57 percent of the variance, which is far below the 50 percent limit (Podskoff et al., 2003).
Furthermore, according to Kock (2015), common method variance is no problem in the current dataset as
VIF results (1.541 to 2.782) are lower than the acceptable threshold of 3.3.

Data Analysis and Findings of the Study

This study relied on Smart PLS 4.0 because it is the most trusted technique for analysing statistical results
in information systems studies (Eren, 2021; Hari et al., 2022). The PLS-SEM analysis in this study is carried
out through the following phases:

Measurement Model Analysis

To ascertain the reliability and validity of the study, a PLS SEM measurement model is evaluated to
determine the optimal facets for the measurement of the latent constructs. Hair et al. (2019) guidelines were
followed for evaluation of all the parameters. Outer loadings were first used to assess indicator reliability
with all items exceeding the recommended threshold of 0.70.

To demonstrate acceptable reliability, Cronbach’s Alpha and Composite Reliability (CR) were used and all
values were above 0.70 minimum criterion values, which means that indicators were consistently
representing their respective constructs. Average Variance Extracted (AVE) was calculated for each
construct and all AVE values were above 0.5, indicating acceptable convergent validity. Table 3 below
summarises the results of above analysis.
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Constructs  Items A Cronbach's alpha Composite Reliability AVE
Loading
COEX1 0.717

COEX COEX2 | 0.884 0.723 0.840 0.638
COEX3 | 0.787
PU1 0.808
PU2 0.792

PU PU3 0.746 0.769 0.853 0.592
PU4 0.729
PEOU1 0.714
PEOU2 | 0.815

PEOU PEOU3 0.884 0.814 0.878 0.643
PEOU4 | 0.786
PS1 0.742
PS2 0.767

PS PS3 0.746 0.760 0.760 0.579
PS4 0.786
FC1 0.818
FC2 0.740

FC FC3 0811 0.579 0.858 0.602
FC4 0.731
TRUI 0.700
TRU2 0.724

TRU TRU3 0.818 0.752 0.842 0.573
TRU4 0.779
SATI1 0.809
SAT2 0.788

SAT SAT3 0.843 0.821 0.882 0.651
SAT4 0.780
ADII 0.865
ADI2 0.874

ADI ADI3 0.833 0.877 0.916 0.730
ADI4 0.845

To ensure the dimensions are not biased, we used both Fornell-Larcker Criterion (Fornell & Larcker 1981)
and the Heterotrait-Monotrait Ratio (HTMT) and the results are shown in Table 4.

Table 4. Discriminant Validity

“Fornell-Larcker Criterion”

Variables FC SAT ADI COEX PEOU PU TRU PS
FC 0.761

SAT 0.241 0.807

ADI 0.175 0.355 0.855

COEX 0.356 0.161 0.230 0.799

PEOU -0.096 0.069 -0.127 -0.193 0.802

PU 0.446 0.200 0.290 0.528 -0.242 0.769

TRU 0.397 0.387 0.731 0.467 -0.269 0.540  0.757

PS 0.405 0.378 0.280 0.346 -0.175 0.503  0.417 0.776
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“HTMT Criterion”

FC

SAT 0.299

ADI 0.207 0.409

COEX 0.460 0.210 0.267
PEOU 0.155 0.099 0.147 0.267

PU 0.557 0.246 0.352 0.677 0.298
TRU 0.530 0.475 0.861 0.624 0.352 0.736
PS 0.502 0.462 0.339 0.440 0.226 0.657  0.560

Structural Model Analysis

The overall findings of the measurement model analysis prove that the instrument is reliable and suitable
for assessing the structural model. With the validation of the measurement model, the next step is to evaluate
the theory by looking at the relationships between the latent constructs proposed in the structural model.
Path coefficients, t-values, p-values, R%, Q2 and effect sizes were the main indicators for reviewing the
structural model. The bootstrapping method with 5,000 subsamples was used to see if each hypothesized
path discovered was statistically significant. Majority of the expected relationships survived statistical
testing (p < 0.05) and are consistent with the model. A value of 0.556 for R? for adoption intention suggests
that the model covers a significant part of the reasons behind users’ intention to use banking chatbots.
Furthermore, the contribution of each exogenous variable to the R? value of the endogenous constructs was
ascertained by analysing effect size (f2) values, with values for SAT (0.013), PU (0.034), and TRU (0.854),
indicating small to medium effects, aligning with Cohen’s (1988) guidelines. Predictive relevance (Q?)
quantifies a model's ability to forecast endogenous construct values. In the current study, value of Q? for
SAT (0.149), ADI (0.076), PU (0.279), and TRU (0.303), were all larger than zero, demonstrating predictive
relevance. The summary of the structural model analysis is shown in Table 5.

Hypothesis Paths (S):f:]l:l t-values 1::03 l()lls‘;S
H1 COEX — PU 0.499%** 0.501 0.056 8.887 0.000
H2 COEX — TRU 0.214%** 0.215 0.052 4.095 0.000
H3 PU — TRU 0.299%*** 0.297 0.062 4.812 0.000
H4 PU — SAT 0.121%* 0.121 0.060 2.019 0.043
HS PU — ADI 0.147** 0.148 0.047 3.104 0.002
H6 PEOU — PU 0.146** 0.150 0.055 2.660 0.008
H7 PEOU — SAT 0.194%** 0.195 0.047 4.096 0.000
HS PS — TRU 0.139** 0.140 0.049 2.818 0.005
H9 PS — SAT 0.304%** 0.305 0.053 5.692 0.000
H10 FC — TRU 0.131* 0.134 0.052 2.513 0.012
H11 FC — SAT 0.048 0.050 0.056 0.855 0.393
H12 TRU — SAT 0.359%** 0.360 0.057 6.244 0.000
H13 TRU — ADI 0.778%** 0.781 0.034 22.995 0.000
H14 SAT — ADI 0.083* 0.082 0.036 2.310 0.021

*p < 0.05, **p < 0.01, *** p < 0.001
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Taken together, these findings show that the structural model is solid and reliable, the hypothesized
relationships are supported, and the extended UTAUT + ECM framework effectively captures the factors
driving the adoption intention of banking chatbots.

Mediation Analysis

In PLS-SEM, mediation analysis is used to find out if an independent variable indirectly influences a
dependent variable by way of one or more mediator variables. In such situations, mediation is useful to
observe the contributing pathways or mechanisms through which a predictor might act on an outcome,
contributing to a deeper knowledge of the relationships between constructs. More precisely, the flexibility
of complicated models, non-normal data, and small to medium sample sizes make PLS-SEM especially
well-suited for the mediation study (Hair et al., 2019). The process generally involves estimating the effects
— direct, indirect and the total effect. To ascertain if the indirect effects were statistically significant, 5,000
resamples were used in the bootstrapping process. There are 20 different significant specific indirect paths
that originate from different constructs and lead to ADI, as shown in Table 6.

Table 6. Significant Specific Indirect Paths Between Constructs

No. of . Original Sample Stal}dztrd
Code of Path Mediators Specific indirect paths PO Mean (M) Deviation T values
(STDEYV)
CP1 1 FC -> SAT -> ADI 0.004 0.004 0.005 0.763
CP2 1 FC -> TRU -> ADI 0.102 0.104 0.04 2.523
CP3 1 PEOU -> PU -> ADI 0.021 0.022 0.011 1.908
CP4 1 PEOU -> SAT -> ADI 0.016 0.016 0.008 1.929
CP5 1 PU -> SAT -> ADI -0.010 -0.010 0.007 1.47
CP6 1 PU -> TRU -> ADI 0.232 0.232 0.051 4.532
CP7 1 TRU -> SAT -> ADI 0.030 0.030 0.014 2.083
CP8 1 PS > SAT -> ADI 0.025 0.025 0.012 2.108
CP9 1 PS -> TRU -> ADI 0.108 0.109 0.039 2.779
CP10 1 COEX ->TRU -> ADI 0.167 0.168 0.041 4.087
CP11 2 COEX -> TRU -> SAT -> ADI 0.006 0.006 0.004 1.816
CP12 2 COEX -> PU -> SAT -> ADI -0.005 -0.005 0.004 1.412
CP13 2 COEX -> PU -> TRU -> ADI 0.116 0.116 0.028 4.117
CP14 2 PS > TRU -> SAT -> ADI 0.004 0.004 0.002 1.666
CP15 2 PU -> TRU -> SAT -> ADI 0.009 0.009 0.005 1.807
CP16 2 FC -> TRU -> SAT -> ADI 0.004 0.004 0.003 1.448
CP17 2 PEOU -> PU -> SAT -> ADI 0.001 0.001 0.001 1.239
CP18 2 PEOU ->PU -> TRU -> ADI -0.034 -0.035 0.017 2.053
CP19 3 PEOU -> PU -> TRU -> SAT -> ADI -0.001 -0.001 0.001 1.331
CP20 3 COEX -> PU -> TRU -> SAT -> ADI 0.004 0.004 0.003 1.768

e In the relation between FC -> ADI, the difference between the mediating effect of SAT (CP1) and
TRU (CP2) was found to be 0.098, indicating that TRU has a more substantial mediating effect
than SAT.

e The mediating effect in the relation PEOU -> ADI is examined where the difference between the
mediating effect of PU (CP3) and SAT (CP4) was found to be 0.005, indicating that PU has a more
substantial mediating effect than SAT.
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e In the relation between PU -> ADI, the difference between the mediating effect of SAT (CP5) and
TRU (CP6) was found to be 0.242, indicating that TRU has a more substantial mediating effect
than SAT.

o CP7 shows that SAT significantly mediates between TRU and ADI.

e (P8 and CP9 show that the difference between SAT and TRU's mediating effect in the relationship
between PS-> ADI is 0.083, indicating that TRU has a more substantial mediating effect than SAT
in PS -> ADI.

CP10 shows that TRU has a significant mediating effect between COEX and ADI.

e  When three paths between COEX and ADI with two mediators, showing serial mediating effects,
were compared, CP13 had the strongest, and CP12 had the weakest effects. The difference between
CP13 and CP12 is the largest (0.121). When differences among the path coefficients are reported
in descending order individually, CP13-CP12 (0.121) > CP13-CP11 (0.110) > CP11-CP12 (0.011).

e When two paths between PEOU and ADI, with two mediators showing serial mediating effects,
were compared, CP17 was more potent, and CP18 had a weaker effect. For the relation
PEOU->ADI mediated by three serial mediators (PEOU -> PU -> TRU -> SAT -> ADI), the path
coefficient is shown by CP19 (-0.001).

e For COEX-> ADI mediated by three serial mediators (COEX -> PU -> TRU -> SAT -> ADI), the
path coefficient is shown by CP20 (0.004).

Taken together, these results reinforce the crucial mediating role PU, TRU, and SAT play in shaping users'
adoption intention. However, trust consistently has been identified as a central bridge between cognitive
evaluation (usefulness, security, support) and emotional responses (satisfaction), which highlights its
importance in the adaption of technologies in sensitive domains like banking.

Mediation Analysis using VAF (Variance Accounted For) Value

The degree to which a mediator variable (MV) explains the relationship between an independent variable
(IV) and a dependent variable (DV) is subsequently ascertained using variance accounted for (VAF). The
percentage of the whole effect (direct + indirect) that may be accounted for by the mediator variable is
represented by VAF. Under this method we compute the direct effect, indirect effect, and total effect, when
a mediator is incorporated into the model. Interpretation: If VAF > 0.8, complete mediation exists (most of
the effect is mediated); if 0.2 < VAF < 0.8%, partial mediation exists (the mediator partially explains the
relationship) and if VAF < 0.2, mediation is insignificant (the relationship is primarily direct). Table 7 shows
the independent variables’ direct, indirect and total effect on the dependent variables through their mediating
constructs.

Table 7. Mediation Analysis (VAF Value)
Indirect

Mediation Path Direct Effect Effect Total Effect VAF Inference
COEX->PU->TRU 0.214 0.149 0.363 0.410 Mediation in Partial
PU->TRU->ADI 0.147 0.233 0.380 0.613 Mediation in Partial
PU->TRU->SAT 0.121 0.107 0.228 0.470 Mediation in Partial
FC>TRU->SAT 0.048 0.047 0.095 0.495 Mediation in Partial
TRU->SAT->ADI 0.778 0.030 0.808 0.036 No Mediation
PU->SAT->ADI 0.063 0.010 0.157 0.064 No Mediation
PS->TRU->SAT 0.304 0.050 0.354 0.141 No Mediation
PEOU->PU->SAT 0.194 0.018 0.212 0.083 No Mediation
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With a VAF 0f 0.410, the results show that PU partially mediates the relationship between COEX and TRU,
indicating that users' perceived usefulness of the chatbot is a significant cognitive link that reinforces trust
when expectations are met. With a strong VAF of 0.613, TRU is found to partially mediate the impact of
PU on ADI, underscoring that while users may find the chatbot useful, it is their trust in the system that
ultimately consolidates their intent to adopt. Similarly, the analysis shows that trust also plays a partial role
in linking PU to SAT (VAF = 0.470), highlighting trust’s emotional and relational influence in shaping
users’ satisfaction beyond perceived utility. Furthermore, TRU partially mediates the impact of FC on SAT
(VAF = 0.495), suggesting that adequate support infrastructure contributes to satisfaction primarily by
enhancing trust in the system’s reliability and serviceability.

Discussion and Conclusion

This study highlights the relationships among the determinants of users' intention to use banking chatbots
by blending the UTAUT and the ECM models, extending them with two key constructs: trust and perceived
security, both crucial in high-risk, technology-mediated financial environments. Using PLS-SEM, this
research achieved three set-out objectives: identified the factors influencing the intention to adopt, tested
structural relationships between different factors, and determined the mediating roles of PU, SAT, and TRU
in the structural relations between factors. Consequently, the results of the measurement model showed
strong reliability and validity, and the structural model showed several significant direct effects. The
mediation analysis uncovered how user perceptions are translated into behavioral intentions. Findings
indicate that the influence of both PEOU and COEX on ADI was significantly mediated by PU. This implies
that if users think the chatbot is easy to use and their expectations are met, the chatbot is perceived as useful,
and they are more likely to adopt it.

SAT is also identified as a major finding highlighting its significance in mediating the model. More
specifically, SAT fully mediates the influence of PEOU, PS and FC on adoption intention. This suggests
that even if users believe the chatbot is easy to use, secure and technically well supported, such perceptions
are not sufficient to directly lead to adoption. Instead, they influence satisfaction, which drives intentions
to adopt. Eventually, it highlights the necessity of making sure that users are both content and positively
evaluated about their experience, before they would develop a behavioral intention to use it again.
According to the findings, SAT partly mediates the effects of PU and TRU on ADI. Both constructs have a
direct effect on adoption, yet a large share of their effects are channelled through user satisfaction. It means
that users adopt a chatbot not only because they find it useful but also because the usefulness links to trust
in the system’s capabilities and reliability.

The research also found TRU acting as a complete mediating factor that links COEX, PS and FC to ADI.
This implies that while certain expectations of users can be met or users can perceive a system as being
secure and supported, neither of these alone will necessarily affect users’ intentions to adopt. Instead, they
operate by enhancing trust, which in turn drives adoption. This highlights the importance of trust building
mechanisms like transparency, consistent performance, and reliability in accomplishing the design and
deployment of the chatbots in banking sector. In addition, TRU is discovered to mediate the relationship
between PU and ADI partially. This means people are willing to adopt banking chatbots not merely because
they are useful, but because the usefulness instils trust in the system’s capabilities and reliability.

This study highlights the multi-dimensional nature of technology adoption in sensitive areas like banking
where a wrong decision may result in significant economic loss. Technology adoption does not depend
solely on the utility of the system or system features but is instead a combination of cognitive evaluation
(usefulness, confirmation) and affective responses (satisfaction, trust), with mediating constructs acting as
important medium for linking the technical attributes to the behavioral outcomes. While prior studies often
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found a direct link between some other factors like support infrastructure and digital literacy with
satisfaction, our findings suggest that in the case of banking chatbots, users may value support features
more for building trust than for generating immediate satisfaction. This indicates that trust acts as a
necessary emotional filter, through which facilitating conditions influence user satisfaction indirectly.

The results provide banks and financial service providers with useful suggestions to boost the use of
chatbots. First, to enhance usefulness and user-friendliness, chatbot interfaces should be intuitive,
responsive, and well-integrated with banking functions. Second, ensuring trust and perceived security is
critical, which includes implementing robust security features and clearly communicating them to users.
Third, to improve satisfaction, banks must focus on consistently meeting or exceeding user expectations
through reliable and personalized chatbot experiences. Lastly, investments in digital literacy and support
infrastructure (i.e., facilitating conditions) can further ease adoption, especially in emerging markets like
India where adoption is still in its growth phase.

Theoretical Contributions

This study offers several important theoretical contributions to the growing body of literature on technology
adoption, particularly in the context of Al-driven banking chatbots. First, the study unifies UTAUT and
ECM into a single framework, capturing both pre- and post-adoption dynamics in chatbot use (e.g.
perceived usefulness, ease of use, facilitating conditions) and affective responses (e.g. satisfaction, trust).
This dual-theory approach addresses the limitations of prior research that often relied on single-theory
models, offering a more holistic understanding of the adoption process. Second, it extends this framework
with trust and perceived security, addressing critical yet underexplored constructs in fintech adoption
theory. Third, by applying PLS-SEM mediation analysis and reporting VAF values, it clarifies how
perceived usefulness, trust, and satisfaction channel users’ perceptions into adoption intent, advancing
mediation research. Lastly, the model has been tested in the Indian digital banking context, a rapidly
evolving yet underexplored setting. By doing so, this study adds to the limited empirical evidence on
chatbot adoption in emerging economies, offering theoretical insights that are globally relevant yet
contextually grounded.

Practical Contributions

This study offers several meaningful practical contributions for banking institutions, chatbot developers,
and digital transformation strategists. First, the study highlights that trust and satisfaction are essential
mediators influencing adoption, urging banks to design chatbot experiences that are secure, transparent, and
emotionally reassuring. Second, since perceived usefulness alone is not enough, developers must combine
functional utility with user-friendly, responsive, and engaging interfaces to drive adoption. Third, the impact
of facilitating conditions on trust and satisfaction emphasizes the need for strong user support systems,
including help features, multilingual access, and fallback assistance. Fourth, the study guides decision-
makers on which psychological factors to prioritize, helping them build more effective, user-centric chatbot
strategies in digital banking. Together, these practical contributions can guide the development of more
user-centric, secure, and trustworthy chatbot systems, leading to higher adoption and long-term customer
engagement in the digital banking landscape.

Limitations and Future Research Directions

There are certain limits to the study despite the numerous scholarly and practical contributions reported.
First, the study is limited to banking chatbot users in India, which may restrict the generalizability of the
findings to other countries or cultural contexts. Future studies can replicate this model in different
geographic or demographic settings to test for cross-cultural validity. Second, the research employed a
cross-sectional survey design, capturing user perceptions at a single point in time. Longitudinal studies
could provide deeper insights into how trust, satisfaction, and adoption intentions evolve over time. Third,
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the study focused on perceptual and self-reported data, which may be subject to biases such as social
desirability or recall inaccuracy. Future research may integrate behavioral usage data or experimental
designs for validation. Lastly, the model did not account for potential moderating variables such as age,
digital literacy, or prior chatbot experience, which might influence the strength of relationships. Future
research can apply multi-group analysis to uncover such variations.

References

Agrawal, S. S. (2024). The Fintech Revolution: Al's role in disrupting traditional banking. Decision Making:
Applications in Management and Engineering, February.

Alalwan, A. A., Dwivedi, Y. K., Rana, N. P., & Algharabat, R. (2018). Examining factors influencing
Jordanian customers’ intentions and adoption of internet banking: Extending UTAUT2 with
risk. Journal of Retailing and Consumer Services, 40, 125-138.

Aldulaimi, S., Abdeldayem, M., & Keir, M. Y. A. (2024). Al-Powered Chatbots in Higher Education: A
UTAUT2 and ECM Analysis. Journal of Management World, 2024(4), 610-617.

Almaiah, M. A., Al-Rahmi, A., Alturise, F., Hassan, L., Lutfi, A., Alrawad, M., ... & Aldhyani, T. H. (2022).
Investigating the effect of perceived security, perceived trust, and information quality on mobile
payment usage through near-field communication (NFC) in Saudi Arabia. Electronics, 11(23), 3926.

Alt, M.-A., Vizeli, 1., & Séaplacan, Z. (2021). Banking with a Chatbot — A Study on Technology Acceptance.
Studia Universitatis Babes-Bolyai Oeconomica, 66(1), 13-35. https://doi.org/10.2478/subboec-2021-
0002

Bamoriya, P. S., & Singh, P. (2012). Mobile banking in India: Barriers in adoption and service
preferences. Integral Review: A Journal of Management, 5(1).

Bansal, C. (2025). Al ethics and sustainability: Accelerating paradigm shifts toward sustainable
development. Journal of Strategy & Innovation, 36(1), 200537.

Bansal, C., Kumar, K., Goel, R., & Sharma, A. (2024). Analysis of barriers to Al banking chatbot adoption in
India: An ISM and MICMAC approach. Issues in Information Systems, 25(4), 417-441.
https://doi.org/10.48009/4 iis 2024 133

Bansal, C., Pandey, K. K., Goel, R., Sharma, A., & Jangirala, S. (2023). Artificial intelligence (Al) bias
impacts: classification framework for effective mitigation. Issues in Information Systems, 24(4), 367—
389. https://doi.org/10.48009/4 iis 2023 128

Bhattacherjee, A. (2001). Understanding information systems continuance: An expectation-confirmation
model. MIS quarterly, 351-370.

Brandtzaeg, P. B., & Folstad, A. (2018). Chatbots: changing user needs and motivations. interactions, 25(5),
38-43.

Chaves, A. P., & Gerosa, M. A. (2021). How should my chatbot interact? A survey on social characteristics
in human—chatbot interaction design. International Journal of Human—Computer Interaction, 37(8),
729-758.

Chawla, U., Mohnot, R., Singh, H. V., & Banerjee, A. (2023). The mediating effect of perceived trust in the
adoption of cutting-edge financial technology among digital natives in the post-COVID-19
era. Economies, 11(12), 286.

208


https://doi.org/10.2478/subboec-2021-0002
https://doi.org/10.2478/subboec-2021-0002
https://doi.org/10.48009/4_iis_2024_133

Issues in Information Systems
Volume 26, Issue 3, pp. 194-212, 2025

Chen, L., Jia, J., & Wu, C. (2023). Factors influencing the behavioral intention to use contactless financial
services in the banking industry: An application and extension of UTAUT model. Frontiers in
Psychology, 14, 1096709.

Cohen, J. (1988). The effect size. Statistical power analysis for the behavioral sciences. Abingdon: Routledge,
77-83.

Davis, F. D. (1989). Perceived usefulness, perceived ease of use, and user acceptance of information
technology. MIS  Quarterly:  Management  Information  Systems, 13(3), 319-339.
https://doi.org/10.2307/249008.

Diederich, S., Brendel, A. B., Morana, S., & Kolbe, L. (2022). On the design of and interaction with
conversational agents: An organizing and assessing review of human-computer interaction
research. Journal of the Association for Information Systems, 23(1), 96-138.

Eren, B. A. (2021). Determinants of customer satisfaction in chatbot use: evidence from a banking application
in Turkey. International Journal of Bank Marketing, 39(2), 294-311. https://doi.org/10.1108/1JBM-
02-2020-0056

Featherman, M. S., Valacich, J. S., & Wells, J. D. (2006). Is that authentic or artificial? Understanding
consumer perceptions of risk in e-service encounters. Information Systems Journal, 16(2), 107-134.

Fornell, C., & Larcker, David, F. (1981). Evaluating Structural Equation Models with Unobservable Variables
and Measurement Error. Journal of Marketing Research, 18(1), 39-50.

Gefen, D., & Straub, D. W. (2000). The relative importance of perceived ease of use in IS adoption: A study
of e-commerce adoption. Journal of the association for Information Systems, 1(1), 8.

Gefen, D., Karahanna, E., & Straub, D. W. (2003). Trust and TAM in online shopping: An integrated
model. MIS quarterly, 51-90.

Gupta, D. A., & Sharma, D. D. (2019). Customers’ Attitude towards Chatbots in Banking Industry of India.
International Journal of Innovative Technology and Exploring Engineering, 8(11), 1222-1225.
https://doi.org/10.35940/ijitee.J9366.0981119

Gupta, P., & Hakhu, D. R. (2021). Impact of Perceived Security and Perceived Trust on Intention to Use
Digital Payments—A Study on Indian Customers. Webology (ISSN: 1735-188X), 18(6).

Hair, J. F., Risher, J. J., Sarstedt, M., & Ringle, C. M. (2019). When to use and how to report the results of
PLS-SEM. European Business Review, 31(1), 2-24. https://doi.org/10.1108/EBR-11-2018-0203

Hameed Al-Rikabi, A. G., Bin Sumari, P., & Younis, H. A. (2024). Continued usage intention of mobile
learning (M-Learning) in Iraqi universities under an unstable environment: Integrating the ECM and
UTAUT2 models. Interdisciplinary Journal of Information, Knowledge & Management, 19.

Hanif, Y., & Lallie, H. S. (2021). Security factors on the intention to use mobile banking applications in the
UK older generation (55+). A mixed-method study using modified UTAUT and MTAM-with
perceived cyber security, risk, and trust. Technology in Society, 67, 101693.

Hari, H., Iyer, R., & Sampat, B. (2022). Customer Brand Engagement through Chatbots on Bank Websites—
Examining the Antecedents and Consequences. [International Journal of Human-
Computerinteraction, 38(13), 1212—1227. https://doi.org/10.1080/10447318.2021.1988487

Hildebrand, C., & Bergner, A. (2021). Conversational robo advisors as surrogates of trust: onboarding
experience, firm perception, and consumer financial decision making. Journal of the Academy of
Marketing Science, 49(4), 659—676. https://doi.org/10.1007/s11747-020-00753-z

209


https://doi.org/10.2307/249008
https://doi.org/10.1108/IJBM-02-2020-0056
https://doi.org/10.1108/IJBM-02-2020-0056
https://doi.org/10.1108/EBR-11-2018-0203
https://doi.org/10.1080/10447318.2021.1988487

Issues in Information Systems
Volume 26, Issue 3, pp. 194-212, 2025

Huda, M. N., & Amin, K. (2023). Understanding the intention to use LAPOR application as e-democracy in
Indonesia: An integrating ECM and UTAUT perspective. JeDEM-eJournal of eDemocracy and Open
Government, 15(1), 22-47.

Ifada, A. B., & Abidin, Z. (2022). Factor analysis of continuance intention to use QR code Mobile payment
services: An extended expectation-confirmation model (ECM). Journal of Advances in Information
Systems and Technology, 4(2), 222-235.

Kim, G., Shin, B., & Lee, H. G. (2009). Understanding dynamics between initial trust and usage intentions of
mobile banking. Information Systems Journal, 19(3), 283-311.

Kock, N. (2015). Common Method Bias in PLS-SEM. International Journal of E-Collaboration, 11(4), 1-10.
https://doi.org/10.4018/ijec.2015100101

Lappeman, J., Marlie, S., Johnson, T., & Poggenpoel, S. (2022). Trust and digital privacy: willingness to
disclose personal information to banking chatbot services. Journal of Financial Services Marketing,
28(2), 337.

Lee, M. C. (2010). Explaining and predicting users’ continuance intention toward e-learning: An extension of
the expectation—confirmation model. Computers & education, 54(2), 506-516.

Liang, L. J., Choi, H. C., & Joppe, M. (2018). Exploring the relationship between satisfaction, trust and
switching intention, repurchase intention in the context of Airbnb. International Journal of Hospitality
Management, 69, 41-48.

Liao, C., Palvia, P., & Chen, J. L. (2009). Information technology adoption behavior life cycle: Toward a
Technology Continuance Theory (TCT). International Journal of Information Management, 29(4),
309-320.

Lu, J., Yu, C. S., & Liu, C. (2005). Facilitating conditions, wireless trust and adoption intention. Journal of
Computer Information Systems, 46(1), 17-24.

Lui, A., & Lamb, G. W. (2018). Artificial intelligence and augmented intelligence collaboration: regaining
trust and confidence in the financial sector. Information & Communications Technology Law, 27(3),
267-283.

Mah, P. M., Skalna, 1., & Muzam, J. (2022). Natural language processing and artificial intelligence for
enterprise management in the era of industry 4.0. Applied Sciences, 12(18), 9207.

Mohamad, W. M. W., Jaafar, R. E., Wahidin, 1. S., & Amer, N. (2024). PADLET as e-Learning Tools: Pre
and Post Adoption on UTAUT and ECM Model. 4sian Journal of University Education, 20(2), 380-
392.

Nguyen, D. M., Chiu, Y. T. H., & Le, H. D. (2021). Determinants of continuance intention towards banks’
chatbot services in vietnam: A necessity for sustainable development. Sustainability (Switzerland),
13(14), 1-24. https://doi.org/10.3390/sul3147625.

Nordheim, C. B., Folstad, A., & Bjerkli, C. A. (2019). An initial model of trust in chatbots for customer
service—findings from a questionnaire study. Interacting with Computers, 31(3), 317-335.

Obeid, A., Ibrahim, R., & Fadhil, A. (2024). Extended model of Expectation Confirmation Model to examine
users’ continuous intention toward the utilization of E-learning platforms. /EEE Access.

Okello Candiya Bongomin, G., & Ntayi, J. (2020). Trust: mediator between mobile money adoption and usage
and financial inclusion. Social Responsibility Journal, 16(8), 1215-1237.

Patil, K., & Kulkarni, M. S. (2019). Artificial intelligence in financial services: Customer chatbot advisor
adoption. Int. J. Innov. Technol. Explor. Eng, 9(1), 4296-4303.

210


https://doi.org/10.3390/su13147625

Issues in Information Systems
Volume 26, Issue 3, pp. 194-212, 2025

Pavlou, P. A. (2003). Consumer acceptance of electronic commerce: Integrating trust and risk with the
technology acceptance model. International journal of electronic commerce, 7(3), 101-134.

Petersson, A. H., Pawar, S., & Fagerstrom, A. (2023). Investigating the factors of customer experiences using
real-life text-based banking chatbot: A qualitative study in Norway. Procedia Computer Science, 219,
697-704. https://doi.org/10.1016/j.procs.2023.01.341

Podsakoff, P. M., MacKenzie, S. B., Lee, J. Y., & Podsakoff, N. P. (2003). Common Method Biases in
Behavioral Research: A Critical Review of the Literature and Recommended Remedies. Journal of
Applied Psychology, 88(5), 879-903. https://doi.org/10.1037/0021-9010.88.5.879

Purwanto, E., & Loisa, J. (2020). The intention and use behaviour of the mobile banking system in Indonesia:
UTAUT Model. Technology Reports of Kansai University, 62(6), 2757-2767.

Rani, R., Kanda, J., Chanchal, C., & Vij, T. S. (2023). A study on chatbots in the indian banking sector.
In Contemporary studies of risks in emerging technology, Part A (pp. 35-47). Emerald Publishing
Limited.

Richad, R., Vivensius, V., Sfenrianto, S., & Kaburuan, E. R. (2019). Analysis of factors influencing
millennial’s technology acceptance of chatbot in the banking industry in Indonesia. International
Journal of Management (IJM), 10(3), 107-118.

Roca, J. C., Chiu, C. M., & Martinez, F. J. (2006). Understanding e-learning continuance intention: An
extension of the Technology Acceptance Model. International Journal of human-computer
studies, 64(8), 683-696.

Sarfaraz, J. (2017). Unified theory of acceptance and use of technology (UTAUT) model-mobile
banking. Journal of Internet Banking and Commerce, 22(3), 1-20.

Sharma, S. K., & Sharma, M. (2019). Examining the role of trust and quality dimensions in the actual usage
of mobile banking services: An empirical investigation. International Journal of Information
Management, 44, 65-75.

Siagian, H., Tarigan, Z. J. H., Basana, S. R., & Basuki, R. (2022). The effect of perceived security, perceived
ease of use, and perceived usefulness on consumer behavioral intention through trust in digital
payment platform (Doctoral dissertation, Petra Christian University).

Singh, N. P., & Singh, D. (2019). Chatbots and virtual assistant in Indian banks. Industrija, 47(4).

Singh, S. (2020). An integrated model combining ECM and UTAUT to explain users’ post-adoption behaviour
towards mobile payment systems. Australasian Journal of Information Systems, 24.

Su, J., & Tong, X. (2021). Catching silver consumers in China: an integrated model of Chinese older adults'
use of social networking technology. Asia Pacific Journal of Marketing and Logistics, 33(9), 1903-
1917.

Subhan, S., Fauzan, A. 1., & Mandaya, Y. W. (2024). Analysis of Factors Affecting Continued Interest in
Using Online Food Delivery Features Using ECM and UTAUT2. Journal of Advances in Information
Systems and Technology, 6(1), 129-148.

Sugumar, M., & Chandra, S. (2019). Customers’ Attitude towards Chatbots in Banking Industry of India.
International Journal of Innovative Technology and Exploring Engineering (IJITEE), 8(11).

Tian, W., Ge, J., Zhao, Y., & Zheng, X. (2024). Al Chatbots in Chinese higher education: adoption, perception,
and influence among graduate students—an integrated analysis utilizing UTAUT and ECM models.
Frontiers in Psychology, 15, 1268549.

211


https://doi.org/10.1016/j.procs.2023.01.341
https://doi.org/10.1037/0021-9010.88.5.879

Issues in Information Systems
Volume 26, Issue 3, pp. 194-212, 2025

Tian, X. F., & Wu, R. Z. (2022). Determinants of the mobile health continuance intention of elders with
chronic diseases: An integrated framework of ECM-ISC and UTAUT. International Journal of
Environmental Research and Public Health, 19(16), 9980.

Trewin, S., Swart, C., Koved, L., & Singh, K. (2016). Perceptions of risk in mobile transaction. In 2016 /EEE
Security and Privacy Workshops (SPW) (pp. 214-223). IEEE.

Trivedi, J. (2019). Examining the Customer Experience of Using Banking Chatbots and Its Impact on Brand
Love: The Moderating Role of Perceived Risk. Journal of Internet Commerce, 18(1), 91-111.
https://doi.org/10.1080/15332861.2019.1567188

Tsai, S. C., Chen, C. H., & Shih, K. C. (2022). Exploring transaction security on consumers’ willingness to
use mobile payment by using the technology acceptance model. Applied System Innovation, 5(6), 113.

Venkatesh, V., & Davis, F. D. (2000). A theoretical extension of the technology acceptance model: Four
longitudinal field studies. Management science, 46(2), 186-204.

Venkatesh, V., Morris, M. G., Davis, G. B., & Davis, F. D. (2003). User acceptance of information technology:
Toward a unified view. MIS quarterly, 425-478.

Wang, S. (2018). Factors impacting the uptake of mobile banking in China: Integrating UTAUT, TTF and
ECM Models (Doctoral dissertation, University of Manchester).

Zahra, A. R. A., Jonas, D., Erliyani, 1., & Yusuf, N. A. (2023). Assessing customer satisfaction in ai-powered
services: An empirical study with smartpls. International Transactions on Artificial Intelligence, 2(1),
81-89.

Zhao, Y., & Bacao, F. (2020). A comprehensive model integrating UTAUT and ECM with espoused cultural
values for investigating users' continuance intention of using mobile payment. In Proceedings of the
3rd International Conference on Big Data Technologies (pp. 155-161).

Zhou, T. (2011). The effect of initial trust on user adoption of mobile payment. Information
development, 27(4), 290-300.

212


https://doi.org/10.1080/15332861.2019.1567188

