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Abstract

This study investigates how two key characteristics of Al-enabled chatbots in mobile bank-
ing applications—perceived intelligence and perceived anthropomorphism—influence
users’ cognitive and hedonic evaluations, namely perceived usefulness, confirmation, and
perceived enjoyment, and how these evaluations subsequently shape user satisfaction and
continuance intention. Grounded in the Expectation-Confirmation Model (ECM), the study
also examines the moderating role of users’ need for interaction with service employees in
these relationships. Using a quantitative research design, data were collected through a
structured survey from 402 users of Al-enabled mobile banking applications in Tiirkiye.
The proposed model was tested using partial least squares structural equation modeling
(PLS-SEM), and moderated mediation effects were analyzed using Hayes’ PROCESS Macro
(Model 58). The results reveal that perceived intelligence positively affects perceived an-
thropomorphism, perceived usefulness, perceived enjoyment, and confirmation, while
perceived anthropomorphism further reinforces these effects. Cognitive and emotional
evaluations significantly enhance user satisfaction, which in turn strongly predicts con-
tinuance intention toward chatbot usage. Moreover, the need for interaction with service
employees significantly moderates the indirect effects of perceived usefulness, perceived
enjoyment, and confirmation on satisfaction and continuance intention. By extending the
expectation—confirmation model with both cognitive and emotional dimensions, this study
offers novel insights into user-centered chatbot design in mobile banking and highlights
the importance of individual differences in shaping sustained technology use.
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According to a report published by Juniper Research in 2021, it is projected that by 2026,
53% of the global population will use digital banking services, and the number of users
will exceed 4.2 billion [4].

When developments in artificial intelligence technologies, changing consumer prefer-
ences, and the widespread adoption of mobile banking are considered together, it is evident
that they have facilitated the integration of Al into banking applications [1,5,6]. Driven by
artificial intelligence, mobile banking applications enhance user convenience and efficiency
by offering advanced services, such as real-time transaction processing, personalized fi-
nancial recommendations, automated customer support via chatbots, and intelligent fraud
detection [1,6]. Users can conveniently and quickly perform transactions, make invest-
ments, and carry out various non-financial activities anytime and anywhere [1,5,6]. From
the banks’ perspective, mobile banking reduces operational costs and enhances competitive
advantage [6].

However, the integration of Al into mobile banking cannot be explained solely by
the simultaneous proliferation of these technologies. The widespread adoption of mo-
bile banking has increased transaction volume, making the financial environment more
vulnerable, increasing fraudulent activities, and rendering traditional detection systems
inadequate [7]. In this context, Al has become a critical tool in the banking sector due
to its ability to analyze large datasets, detect anomalies, and monitor transactions in real
time [7,8]. The literature emphasizes that Al is widely used in areas such as fraud detection,
risk management, process automation, and enhancing customer experience [5,9,10]. In
addition, Al enables the provision of personalized services by analyzing customer data,
thereby increasing customer interaction [6,9,11,12]. However, from a consumer perspective,
the acceptance of artificial intelligence (AI) in mobile banking is shaped not only by such
institutional and operational benefits but also by the extent to which these technologies
improve users’ everyday banking experiences. Users evaluate Al-enabled services based
on the level of convenience, speed, and accessibility they provide in daily financial activi-
ties; in this respect, Al-based applications offer continuous access (24/7), reduce waiting
times through real-time responses, and enable faster and more efficient transaction comple-
tion [13-15]. In addition, Al-driven personalization allows users to receive tailored financial
recommendations based on their spending patterns, thereby facilitating more effective
financial planning and enhancing perceived usefulness [11,16]. Furthermore, the ability of
Al systems to simplify complex banking processes—such as biometric authentication or au-
tomated credit evaluation— enhances both ease of use and transactional efficiency (speed),
thereby significantly enhancing the overall user experience [17-19]. In addition, trust plays
a critical role in shaping user acceptance in the financial context [20,21]. Al technologies that
detect suspicious transactions and prevent fraud strengthen users’ perceptions of security,
leading these systems to be viewed not as a source of risk but rather as a protective and
beneficial mechanism [19,22-25]. Moreover, interactions with Al systems may be perceived
as less judgmental than those with human agents, particularly in sensitive financial matters,
which can create a more comfortable experience for users [26,27]. Therefore, the adoption
of Al in mobile banking is considered to be a multidimensional process shaped not only by
the operational needs of banks but also by users” perceived usefulness, trust, and overall
experience quality.

Within this framework, it is important to conceptually clarify the role of Al technolo-
gies in banking services. Within the scope of this study, Al is defined as systems that exhibit
human-like behavior and advanced machine intelligence to enhance users’ experiences in
banking services [28]. The integration of Al transforms traditional mobile banking into
smart mobile banking by meeting users’ fundamental needs for personalized and intelli-
gent services and improving the overall user experience [6]. In this framework, Al-based
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technologies such as chatbots play a critical role in enhancing customer satisfaction and
optimizing interactions, and they are also considered a strategic tool in terms of banks’
competitive advantage and sustainability [2,29]. Indeed, the literature highlights that con-
tinuance intention is a key determinant for the sustainable success of Al-enabled mobile
banking applications [6,30,31].

However, despite the critical importance of continuance intention, users’ acceptance
of Al-enabled services and, in particular, their post-adoption behaviors have not yet been
fully explained. This situation makes it an important research issue to understand users’
evaluations and responses to Al-enabled services beyond technological and operational
requirements. From a consumer perspective, although the adoption of mobile banking
reflects the general acceptance of digital financial services, it does not necessarily imply
the unconditional acceptance of Al-based features [32]. Concerns related to privacy, data
security, and the lack of human interaction may lead users to approach these services
cautiously or resist them [33-35]. Therefore, the adoption of Al in mobile banking should
be considered not merely as a technological necessity but as a multidimensional process
shaped by trust, risk, perceived value, and user experiences [9,34].

In this context, the literature shows that cognitive-based approaches such as the tech-
nology acceptance model (TAM) and the unified theory of acceptance and use of technology
(UTAUT) are frequently used to explain user acceptance. These models demonstrate that
when Al applications are perceived as useful, reliable, and easy to use, they enhance user
experience and satisfaction, thereby facilitating acceptance [32,36]. However, these models
primarily focus on initial adoption and provide a limited explanation of users’ post-usage
evaluations. In contrast, Al-enabled mobile banking applications are based on repeated
usage experiences rather than one-time adoption decisions. Therefore, the expectation
confirmation model (ECM), which explains processes such as confirmation of expectations,
satisfaction formation, and continuance intention, provides a more appropriate theoretical
framework [37]. In this regard, ECM was selected due to its strong theoretical relevance in
explaining post-adoption behavior and continuance intention. ECM clearly explains how
users’ experiences—through confirmation, perceived usefulness, and satisfaction—shape
their intention to continue using a system [37,38]. Thus, ECM is considered to provide a
more appropriate theoretical framework for examining systems that require repeated use,
such as Al-enabled mobile banking chatbots.

Nevertheless, a significant limitation of existing ECM-based studies is their predomi-
nant focus on cognitive (utilitarian) evaluations, largely neglecting the emotional dimension
of user experience. However, recent studies indicate that emotional responses, particularly
perceived enjoyment, play a decisive role in user satisfaction and continuance intention
in interactive and Al-based service environments [39,40]. Accordingly, this study extends
ECM by incorporating perceived enjoyment into the model, thereby including the hedonic
dimension of user experience.

Furthermore, the nature of Al-enabled services is not limited to emotional experi-
ences; rather, it is also shaped by the human-like and technological characteristics of
these systems [6,41-43]. In the context of chatbots, perceived intelligence denotes the
system’s capacity to demonstrate efficient and autonomous functioning that enables users
to complete banking transactions, whereas anthropomorphism refers to the extent to which
chatbots exhibit human-like characteristics to assist users in task completion [31]. Due
to the nature of Al-enabled services, human-like interaction and adaptive intelligence
become prominent compared to traditional information systems, making these variables
critical for understanding user evaluations. However, the literature shows that studies
integrating perceived intelligence and anthropomorphism into post-adoption behavior
models, particularly within the ECM framework, are quite limited [6,42]. Therefore, this
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study incorporates these Al-specific characteristics into the ECM framework to fill this gap
and enhance the explanatory power of the model.

Although businesses have increasingly adopted chatbots in recent years, research
shows that factors such as insufficient human empathy constitute major challenges that
organizations face in the use of chatbot services [35,44,45]. In a study conducted by
Katana [45], it is reported that approximately 49% of consumers prefer interacting with a
real person rather than an Al chatbot for customer support, whereas only 12% prefer en-
gaging with an Al chatbot. For individuals who prefer interacting with humans rather than
technology-based services [46,47], interacting with a chatbot may eliminate the opportunity
for human contact, which in turn can lead them to perceive technology-based services as
less useful and less enjoyable [48,49]. This suggests that a high need for human interaction
may negatively influence users’ satisfaction with chatbots as well as their intentions to
continue using such systems. A review of the literature shows that, within the framework
of the expectation—confirmation model, there is a very limited number of studies examining
whether the need for interaction with a service employee moderates the effects of perceived
usefulness, expectation—confirmation, and perceived enjoyment on satisfaction, as well as
the effect of satisfaction on continuance intention to use chatbots [44,50]. To address this
gap in the literature, the present study incorporates the need for interaction with a service
employee into the model as a moderating variable.

In light of this information, it becomes important to empirically examine users’ sat-
isfaction with chatbots embedded in mobile banking applications and their intentions
to continue using them. Understanding the antecedents of chatbot satisfaction and con-
tinuance intention not only contributes to the expanding body of literature on chatbots
within service contexts but is also expected to assist marketers and developers in designing
more effective chatbot systems. Therefore, the primary aim of this study is to examine the
effects of chatbot characteristics (perceived anthropomorphism and perceived intelligence)
on perceived usefulness, confirmation, and perceived enjoyment; the effects of perceived
usefulness, confirmation, and perceived enjoyment on satisfaction; and, in turn, the effect
of satisfaction on users’ intention to continue using the chatbot.

Moreover, the study examines the moderating role of the need for interaction with
a service employee in the relationships proposed in the conceptual model. Rather than
assuming a uniform effect across all users, this study argues that individuals differ in
their preferences for human interaction when engaging with chatbot technologies, and
that these differences play a determining role in how the relationships within the model
operate. For instance, users who are more technologically experienced and actively use
digital banking channels may require less human support in routine financial transactions
(e.g., balance inquiries or bill payments) and may perceive chatbot-based interactions as
sufficient and efficient [48,51]. In contrast, users with lower familiarity with digital banking
applications and those who have concerns about making errors in financial transactions
may prefer human interaction in order to ensure the accuracy and reliability of their
actions [35,44,46,50]. Accordingly, the need for interaction with a service employee is
considered an important individual difference variable that shapes how users evaluate
chatbot experiences and how these evaluations translate into satisfaction and continuance
intention. Therefore, the relationships proposed in the model are expected to vary across
individuals depending on their level of need for interaction with a service employee.

In this context, the present study not only applies ECM but also reconceptualizes
and extends it. By integrating cognitive (perceived usefulness, confirmation), emotional
(perceived enjoyment), technological (perceived intelligence, anthropomorphism), and
individual (need for interaction with a service employee) dimensions into a unified
model, the study contributes to a more comprehensive understanding of user behav-
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ior in Al-enabled service environments. In this respect, the study advances the literature by
moving beyond fragmented approaches and offering a more holistic and contemporary
theoretical framework.

2. Theoretical Background and Hypothesis Development
2.1. Expectation—Confirmation Model

Bhattacherjee [37] developed the expectation—confirmation model, which incorporates
the core components of both expectation—confirmation theory [52] and the technology
acceptance model [36,38]. The expectation-confirmation model focuses on the fundamental
roles of confirmation and satisfaction in explaining users’ intention to continue using infor-
mation technologies, adopting the same conceptual approach as Expectation—Confirmation
Theory [38]. According to Expectation-Confirmation Theory, customers form their expecta-
tions based on their prior experiences, marketing communications, and interactions with
service providers [52]. These expectations are variable and change depending on whether
the service performance is confirmed or disconfirmed. In the context of chatbots used in
mobile banking applications, customers form their initial expectations based on factors
such as system responsiveness, information quality, and overall user experience [37,53].
The model strengthens its explanatory logic regarding the effects of confirmation and
satisfaction on the intention to continue using a new technology by emphasizing perceived
usefulness as a functional attribute of the technology [38].

The ECM comprises four core variables: confirmation, perceived usefulness, satisfac-
tion, and continuance intention [42]. According to Venkatesh and Davis [54], perceived
usefulness is defined as “the degree to which a person believes that using a particu-
lar technology will enhance their job performance.” When an individual perceives that
a new technology reduces the effort required to complete a specific task, its perceived
usefulness increases. However, a review of the literature shows that perceived enjoy-
ment provides a stronger explanatory power for information technology acceptance than
perceived usefulness [36,55-58]. Therefore, perceived enjoyment was included in the
expectation—confirmation model as an additional post-usage expectation (belief), together
with perceived usefulness, to explain consumers’ satisfaction with information technol-
ogy. This is consistent with the extrinsic—intrinsic motivation perspective proposed by
Davis et al. [59], which posits that perceived usefulness represents an extrinsic motiva-
tion, whereas perceived enjoyment reflects an intrinsic motivation toward technology
adoption [58].

Satisfaction was initially defined by Locke [60] as a pleasurable or positive emotional
state resulting from the evaluation of one’s experience; subsequent studies have extended
this concept to the context of consumer behavior and service experiences, with Oliver [61]
conceptualizing satisfaction as a pleasurable fulfillment response arising from the evalua-
tion of consumption experiences. Although this definition originates from organizational
psychology, the concept has been widely adopted across different domains, including
information systems and technology usage. In this study, within the framework of the
expectation—confirmation model, satisfaction is understood as users’ overall affective eval-
uation of their experience with chatbots, which is shaped by the extent to which their initial
expectations are met and by their perceptions of system performance [29,37]. “According to
Bhattacherjee [37], confirmation is defined as “a psychological or affective state associated
with, and resulting from, the cognitive evaluation of expectation—performance discrep-
ancy.” Lower expectations and/or higher performance lead to greater confirmation, which
in turn positively influences customer satisfaction and continuance intention. Conversely,
disconfirmation results in dissatisfaction and a decreased intention to continue using the
technology. Therefore, expectation—confirmation is inversely proportional to expectations
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and directly related to perceived performance [37]. When an individual holds high expecta-
tions for a technology, the level of performance required to achieve strong confirmation
likewise increases. That is, lower levels of expectation are more likely to result in higher
levels of confirmation [38].

The ECM has been applied across various sectors to assess chatbot satisfaction and
continuance intention, including e-commerce [29,62,63], banking [42,64—68], and mobile
application usage [69]. In this study, the expectation—confirmation model is extended
with artificial intelligence attributes (perceived intelligence and perceived anthropomor-
phism) and the dimension of perceived enjoyment to investigate bank users’ intentions
to continue using chatbot services. Perceived intelligence and perceived anthropomor-
phism are employed as the artificial intelligence determinants, whereas the variables of
the expectation—confirmation model consist of perceived usefulness, perceived enjoyment,
confirmation, satisfaction, and continuance intention. The conceptual model of the study is
presented in Figure 1.

Meed for Interaction with Ser-

vice Employvess

Percaived Use-

Percerved Anthro-
pomorphim

fulness

Continuous
His=—®
Intention

Percerved Intelli- Percerved Enjoymman
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Figure 1. Conceptual Model.

2.2. Hypothesis Development
2.2.1. Perceived Intelligence

Perceived intelligence refers to the extent to which users believe that an Al-enabled
system can perform a task intelligently [42]. In Al-enabled mobile banking applications,
intelligence and anthropomorphism complement one another. When users interact with
the applications, the intelligent features exhibited by the Al may be perceived as a form
of friendly and respectful behavior, reflecting users’ perception of the humanization of
these applications [6]. When chatbots display intelligent features, such as offering personal-
ized financial management plans, providing banking services derived from Al algorithms,
or communicating through natural language, users tend to perceive them as resembling
real humans, believing they can interact with them and receive assistance [70]. Existing
research on mobile banking indicates that the function of intelligence can enhance anthro-
pomorphism [1,6,28,31,42,70]. Therefore, perceived intelligence is expected to positively
influence perceived anthropomorphism. Accordingly, the following hypothesis is proposed
in this study:
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H;j. Perceived intelligence has a positive and statistically significant effect on perceived anthropomorphism.

The perception of intelligence is a salient characteristic of Al-enabled information tech-
nologies and contributes to the development of a more positive cognitive experience during
interactions between humans and artificial intelligence [42]. Chatbots embedded in mobile
banking applications can provide useful suggestions and effective, personalized responses
based on user input and users’ needs [70]. At the same time, chatbots can remember users’
names and past behaviors, actively inquire about their needs, assist in automatically com-
pleting forms, and provide personalized support [70]. Moreover, the benefits of intelligence
lead users to believe that using the applications can help resolve issues during transactions
and enable them to complete various tasks quickly, thereby enhancing the overall effective-
ness of mobile banking [6]. A review of the literature indicates that when users perceive a
high level of intelligence in an Al system, they are more likely to find it useful because it
aligns with their task requirements and expectations [1,6,31,42,70]. Therefore, perceived
intelligence is expected to have a positive effect on perceived usefulness. Accordingly, the
following hypothesis is proposed in this study:

H,. Perceived intelligence has a positive and statistically significant effect on perceived usefulness.

When using a chatbot, perceived intelligence can enhance the autonomy and efficiency
of banking services and provide users with assistance and guidance through natural lan-
guage, expressions, and dialogue that elevate their emotional experience [70]. Thanks to
their ability to understand commands, complete desired tasks rapidly, and communicate
effectively while delivering personalized content that deeply engages users, it becomes
possible to have an emotionally evocative interaction with chatbots; consequently, users
can derive experiential value from the conversation [71]. The appeal of artificial intelligence
lies not only in its ability to respond to users’ needs but also in its capacity to dynamically
interpret users’ emotions through appropriate interpersonal responses, address their func-
tional and emotional requirements, and enhance their affective experience. This capability
allows users to feel respected, understood, and valued when interacting with a chatbot,
perceive the conversation as enjoyable, and consequently experience enhanced interaction
quality, which can strengthen their intention to continue using the chatbot [70]. A review
of the literature shows that when users perceive a high level of intelligence in an Al system,
they are more likely to find the interaction enjoyable, as the system makes them feel special
and meets their emotional needs [70,72]. Therefore, perceived intelligence is expected to
have a positive effect on perceived enjoyment. Accordingly, the following hypothesis is
proposed in this study:

Hj. Perceived intelligence has a positive and statistically significant effect on perceived enjoyment.

Customers indicate that when they perceive artificial intelligence to be sufficiently
intelligent, they are more willing to have their expectations met or exceeded [42]. Chatbots
embedded in mobile banking applications, through their intelligence capabilities, are able
to meet users’ expected financial needs and goals while they perform mobile banking
transactions. When users perceive that the services provided through the application’s
intelligence functions meet their expectations, their post-usage confirmation is achieved [6].
A review of the literature indicates that perceived intelligence has a statistically significant
and positive effect on user confirmation [1,6,42]. Therefore, perceived intelligence is ex-
pected to have a positive effect on user confirmation. Accordingly, the following hypothesis
is proposed in this study:

Hy. Perceived intelligence has a positive and statistically significant effect on user confirmation.
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2.2.2. Perceived Anthropomorphism

Perceived anthropomorphism involves attributing human-like characteristics, emo-
tions, intentions, and behaviors to nonhuman entities such as robots, virtual assistants, or
other digital technologies [42]. Chatbots are able to communicate in human-like ways by
using simple and easy-to-understand language resembling human dialogue to assist users
in completing difficult processes and tasks and to guide them through these activities [6].
Moreover, by simulating a real person to replicate face-to-face service, chatbots can respond
effectively to issues that arise during the transaction process and accommodate users’ ser-
vice requests [6,28,31]. Accordingly, due to the influence of anthropomorphic features, users
believe that chatbots can address problems more flexibly from a human-like perspective and
evaluate their utility more favorably, which in turn enhances users’ perceived usefulness of
mobile banking [6,42,73]. The literature shows that anthropomorphism enables users to
have their financial needs met and facilitates the successful completion of financial tasks
when using chatbots embedded in Al-enabled mobile banking applications [6,28,31,42,71].
However, recent studies suggest that the effects of anthropomorphism are not universally
positive and may vary depending on the context of interaction. In particular, anthropomor-
phic chatbots may lead to negative outcomes in certain service situations. For example,
when users are in an emotionally negative state such as anger, anthropomorphism may
increase expectations regarding the chatbot’s capabilities, which can result in expectancy
violations and subsequently reduce evaluations, and may also trigger frustration and even
aggressive responses when expectations are not met [74,75]. Similarly, excessive levels of
anthropomorphism may be perceived as inappropriate or unsettling in high-stakes service
contexts, thereby diminishing trust and perceived effectiveness [76]. Nevertheless, in the
context of routine and goal-oriented interactions such as mobile banking, where users
primarily seek efficiency and task completion, anthropomorphic features are expected to
facilitate communication and enhance problem-solving capabilities, thereby increasing per-
ceived usefulness in a context-dependent manner. Accordingly, the following hypothesis is
proposed in this study:

Hs. Perceived anthropomorphism has a positive and statistically significant effect on perceived usefulness.

Perceived anthropomorphism fills the interactional need between consumers and
digital services, thereby addressing a psychological gap. Perceived anthropomorphism
can make the digital banking interaction conducted through a chatbot more empathetic,
trustworthy, and satisfying, thereby contributing to the formation of a more fulfilling user
experience [42]. Research has shown that users place greater trust in technologies that pos-
sess human-like characteristics [77,78]. Chatbots embedded in mobile banking applications
likewise gain users’ trust by communicating with them and fostering emotional bonds,
thereby strengthening the relationship between the chatbot and the user [6,28,42]. By em-
ploying Al technologies that appear more “human” to users, banks are able to provide more
personalized and intuitive banking services and enhance the efficiency and effectiveness of
their service delivery models [42]. However, studies in the literature have concluded that
chatbots with higher levels of anthropomorphism are perceived as more enjoyable, thereby
generating greater enjoyment and increasing user acceptance [71,79-83]. Nevertheless,
recent studies indicate that the effects of anthropomorphism on user experience are not
always positive and may vary depending on the level of human-likeness and the interaction
context. In particular, excessive anthropomorphism may lead to discomfort, unrealistic
expectations, and adverse emotional responses, especially when chatbots fail to meet users’
expectations or deliver unfavorable outcomes [74,76]. In this context, anthropomorphic
features may increase users’ expectations; when these expectations are not fulfilled, they
may lead to disappointment, cognitive dissonance, and negative emotional reactions [75].
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Such responses may, in turn, indirectly reduce enjoyment derived from the interaction. This
is consistent with the “uncanny valley” perspective, which suggests that overly human-like
agents may evoke feelings of unease and discomfort [84,85]. However, in high-risk service
contexts such as mobile banking, where financial accuracy and reliability are critical, users
may seek not only functional support but also emotional reassurance during their inter-
actions. In such situations, chatbots that exhibit anthropomorphic characteristics, such as
expressing empathy, using natural language, and establishing warm and socially engaging
interactions, can help reduce users’” uncertainty and psychological discomfort [9,86,87].
By fostering a sense of social presence and emotional connection, these features make
the interaction more natural, engaging, and emotionally satisfying, thereby increasing
perceived enjoyment depending on the interaction context. Accordingly, the following
hypothesis is proposed in this study:

He. Perceived anthropomorphism has a positive and statistically significant effect on perceived enjoyment.

With the support of artificial intelligence, people believe that the anthropomorphic
elements perceived in chatbots can provide them with friendly service in a manner sim-
ilar to what they would receive from real humans in a face-to-face setting. Accordingly,
their actual usage of chatbots increases, and they become more inclined to confirm that
mobile banking services meet their expectations [6]. In their study, Bhatnagr and Rajesh [1]
state that the concept of expectation confirmation strengthens the relationship between
anthropomorphism and confirmation; that satisfaction arises when initial expectations are
validated through experience; and that the use of anthropomorphic elements enables users,
who expect chatbots to be not only efficient but also visually appealing and human-like,
to have these expectations more clearly confirmed, thereby leading to a more favorable
reassessment of the chatbot. In other words, anthropomorphism can help chatbots meet
users’ usage-related expectations and promote a coherent perception of the alignment
between those expectations and the actual performance of mobile banking services [6].
A review of the literature indicates that perceived anthropomorphism has a statistically
significant and positive effect on user confirmation [1,6,42]. However, recent research
suggests that anthropomorphism may lead to inflated expectations regarding the chatbot’s
capabilities, thereby increasing the risk of expectation disconfirmation when performance
falls short [74,76]. In this regard, anthropomorphic features may elevate users’ expectations,
and when these expectations are not fulfilled, they may result in cognitive dissonance and
negative evaluative responses [75]. This indicates that the effect of anthropomorphism on
confirmation is not always uniformly positive but may vary depending on users’ expec-
tations and the service context. Nevertheless, in service contexts such as mobile banking,
where users interact with Al systems to perform specific transactions, anthropomorphic
features contribute to making the interaction more understandable, predictable, and aligned
with user expectations. Chatbots that exhibit anthropomorphic characteristics—such as
expressing empathy, using natural language, and providing human-like responses—enable
users to interpret how the system operates more accurately and to form more realistic
expectations [1,6,9,42]. Accordingly, anthropomorphic features are expected to strengthen
the alignment between perceived performance and user expectations, thereby increasing
the level of confirmation. Accordingly, the following hypothesis is proposed in this study:

Hy. Perceived anthropomorphism has a positive and statistically significant effect on user confirmation.

2.2.3. Expectation—Confirmation

In the context of chatbots embedded in digital banking applications, confirmation
generates a sense of benefit when users’ expectations regarding the chatbot’s functionality,
response speed, and overall experience are met or exceeded [42]. Yuan et al. [88] note that
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an individual’s expectations are confirmed when those expectations align with the expected
benefit or performance of the banking services provided by the chatbot [6]. A review
of the literature confirms the effect of user confirmation on perceived usefulness in the
context of mobile banking [6,29,40,42,64,66,88-96]. In this study, drawing on Expectation—
Confirmation Theory (ECT) [61], the proposed hypothesis suggests that the confirmation
of prior expectations leads to the chatbot embedded in mobile banking applications being
perceived as useful. Therefore, user confirmation is expected to have a positive effect on
perceived usefulness. Accordingly, the following hypothesis is proposed in this study:

Hs. User confirmation has a positive and statistically significant effect on perceived usefulness.

However, perceived enjoyment is an intrinsic motivation fueled by positive emotional
experiences and capable of influencing users’ intentional behaviors. When users confirm
that the features of the chatbot embedded in mobile banking applications meet their
expectations, they may perceive the chatbot as enjoyable, which in turn can trigger their
intention to continue using it [97]. A review of the literature confirms the effect of user
confirmation on perceived enjoyment in the context of mobile banking [39,40,92,96-98].
Therefore, user confirmation is expected to have a positive effect on perceived enjoyment.
Accordingly, the following hypothesis is proposed in this study:

Hy. User confirmation has a positive and statistically significant effect on perceived enjoyment.

When expectations are confirmed, users believe that using chatbots can meet their
needs for banking services or financial transactions; that the chatbot helps them resolve
problems; that it is flawless and friendly; and that it provides personalized service—
ultimately leading to a pleasant usage experience and increased satisfaction [6,42,99].
Accordingly, when users’ expectations are confirmed, their satisfaction with chatbots will
increase [39,100,101]. Customer satisfaction increases when the chatbot delivers a superior
experience, adheres to the promised level of service, and meets user expectations [29].
In this study, drawing on expectation—confirmation theory (ECT) [61], the proposed
hypothesis suggests that the confirmation of prior expectations increases users’ satisfaction
with the chatbot embedded in mobile banking applications. A review of the literature
confirms the effect of user confirmation on satisfaction in the context of mobile banking [6,
29,38,39,42,64,66,88,90-98,102]. Therefore, user confirmation is expected to have a positive
effect on satisfaction. Accordingly, the following hypothesis is proposed in this study:

Hio. User confirmation has a positive and statistically significant effect on satisfaction.

2.2.4. Perceived Usefulness and Perceived Enjoyment

The ECM posits that perceived usefulness has a positive effect on user satis-
faction [6,37,103]. However, Wang [58] notes that since both perceived usefulness
and perceived enjoyment are regarded as post-usage expectations in the Expectation—
Confirmation Model, it is possible for a user to experience satisfaction when they hold
expectations regarding either usefulness or enjoyment. In the context of mobile banking,
if users feel that chatbots are helpful and beneficial in performing banking tasks, they
will experience pleasant interactions [6]. Users tend to report higher levels of satisfaction
when chatbots handle their questions and complaints effectively and quickly, and they
perceive their interactions with chatbots as valuable and enjoyable when the chatbot suc-
cessfully completes these tasks [29]. In other words, the more users perceive the chatbot
embedded in Al-enabled mobile banking applications as valuable to use, the greater their
satisfaction with the chatbot becomes [6]. Researchers have concluded that users’ perceived
usefulness [6,29,44,64,66,88,93,95,104,105] and perceived enjoyment [39,44,58,70] have a
significant effect on their satisfaction with the services provided by chatbots. Therefore,
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perceived usefulness and perceived enjoyment are expected to have positive effects on
satisfaction. Accordingly, the following hypothesis is proposed in this study:

Hi1. Perceived usefulness has a positive and statistically significant effect on satisfaction.

Hip. Perceived enjoyment has a positive and statistically significant effect on satisfaction.

2.2.5. Satisfaction

However, as suggested in the ECM [6,37,39,106], when users are satisfied with the
services provided by chatbots embedded in mobile banking applications, they tend to
continually adopt and use these chatbots [6]. Therefore, satisfaction is expected to have a
positive effect on continuance intention. Accordingly, the following hypothesis is proposed
in this study:

Hy3z. Satisfaction has a positive and statistically significant effect on users’ continuance intention
to use chatbots.

2.2.6. The Moderating Role of the Need for Interaction with a Service Employee

Today, chatbots frequently replace human service employees [73]. Dabholkar and
Bagozzi [46] defined the need for interaction with a service employee as “the importance
of human interaction to the customer during service encounters.” The need for human
interaction can be summarized as the desire to personally interact with a service provider
and to benefit from customer service [73]. Ashfaq et al. [44] found that the need for inter-
action with a service employee has a moderating effect on both the relationship between
perceived usefulness and satisfaction and the relationship between perceived enjoyment
and satisfaction. Researchers have noted that users with a higher need for interaction with
a service employee may have very low expectations regarding chatbot services; therefore,
enhancing these users’ perceptions of usefulness—for example, by providing highly rele-
vant information, offering personalized recommendations, and resolving issues promptly
and efficiently—can increase their satisfaction. However, Pereira et al. [50] found that, in
the context of chatbots, the need for interaction with a service employee plays a moderat-
ing role only in the relationship between perceived enjoyment and satisfaction, and has
no moderating effect on the relationship between perceived usefulness and satisfaction.
Accordingly, the following hypothesis is proposed in this study:

Hi4. The need for interaction with a service employee has a moderating effect on the relationship
between perceived usefulness and satisfaction.

His. The need for interaction with a service employee has a moderating effect on the relationship
between perceived enjoyment and satisfaction.

Chatbots can enhance the sense of “human connection” by filtering out questions that
can be answered quickly, thereby allowing live agents to assist customers in more complex
situations that require human interaction. However, a chatbot with highly anthropomorphic
features may appear human enough for consumers to associate it with a real person [73].
As a result, for users who have initially low expectations but a high need for interaction
with a service employee, their expectations regarding chatbot services may become aligned
with actual performance, thereby increasing the likelihood that their expectations will be
confirmed [40,99]. Confirmation increases perceived enjoyment and usefulness, whereas
disconfirmation reduces them [107]. Therefore, for users with a higher need for interaction
with a service employee, greater perceived usefulness will lead to higher satisfaction. For
users with a lower need for interaction with a service employee, such a positive effect will
be less pronounced. Accordingly, the following hypothesis is proposed in this study:
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Hi6. The need for interaction with a service employee has a moderating effect on the relationship
between expectation—confirmation and satisfaction.

A review of the literature shows that customers who are satisfied with chatbots are
more likely to continue using them [6,42,69,108,109]. Ashfaq et al. [44] further noted that
less experienced chatbot users may find it safer and more comfortable to interact with
a human service employee rather than a chatbot and may feel more confident in doing
so. Choi et al. [107] found in their study that the quality of services provided by humans
results in more favorable relational outcomes than those provided by robotic services. This
finding indicates that a user with a higher need for interaction with a service employee
requires greater satisfaction to continue using the chatbot embedded in mobile banking
applications compared to a user with a lower need for such interaction [110]. Accordingly,
the following hypothesis is proposed in this study:

Hy7. The need for interaction with a service employee has a moderating effect on the relationship
between satisfaction and the intention to continue using chatbots.

3. Method
3.1. Pretest and Pilot Study

As the original measurement instruments used in the model were developed in English,
the back-translation method was applied to translate them into Turkish, and a preliminary
Turkish questionnaire form was developed accordingly. To ensure face and content validity
of the questionnaire, it was evaluated by three experts in the fields of mobile banking
and artificial intelligence. Several revisions were made to the questionnaire based on the
experts’ suggestions. Subsequently, 30 users of Al-enabled mobile banking applications
participated in the pilot study, and the questionnaire was finalized based on their feedback.

3.2. Sample and Data Collection

The target population of the study consists of consumers in Tiirkiye who use chatbots
embedded in banks’ mobile applications. Given time and cost constraints, a convenience
sampling method was employed. The data were collected through face-to-face surveys
between 19 February 2025 and 2 April 2025. A total of 402 responses were obtained and
used for further analysis. No missing data were observed in the dataset, and all responses
were complete.

Before data collection, ethical approval for the study was obtained from the Social
Sciences Scientific Research and Publication Ethics Committee of Osmaniye Korkut Ata
University (Decision Date: 29 November 2023; Decision No: 2023/14/7).

3.3. Procedure and Measures

From a procedural perspective, before data collection, participants were informed
about the purpose and scope of the study, and their voluntary participation was secured
through an informed consent form. Participation was entirely voluntary, and respondents
were assured of the confidentiality and anonymity of their responses. Following this, the
concept of a chatbot was briefly introduced at the beginning of the questionnaire to ensure
that respondents had a clear and consistent understanding of the concept. Participants
were then asked a dichotomous question (Yes/No) regarding whether they had previously
used a chatbot to perform banking and financial transactions. Only participants who
indicated prior chatbot experience were allowed to proceed with the survey. Participants
were initially asked demographic questions, followed by general questions regarding
their familiarity with and use of chatbots. The measurement items were presented in a
structured sequence. Specifically, perceived anthropomorphism and perceived intelligence
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were measured first, followed by perceived usefulness and confirmation. Subsequently,
perceived enjoyment, need for interaction with a service employee, and privacy concern
constructs were assessed. Finally, satisfaction and continuance intention were measured.
All constructs were measured using a seven-point Likert scale ranging from “strongly
disagree” to “strongly agree.”

3.4. Measures

Within the scope of the study, perceived anthropomorphism was measured using four
items adapted from Ghaniabadi [111]; perceived intelligence was measured using six items
adapted from the studies of Moussawi et al. [112] and Bhatnagr and Rajesh [1]; perceived
usefulness was measured using six items adapted from Ghaniabadi [111], Moussawi
et al. [112], and Bhatnagr and Rajesh [1]; user confirmation (expectation—confirmation) was
measured using three items adapted from Sundjaja et al. [29]; perceived enjoyment was
measured using four items adapted from Ghaniabadi [111]; satisfaction was measured
using four items adapted from Sundjaja et al. [29]; continuance intention to use chatbots
was measured using five items adapted from Moussawi et al. [112] and Bhatnagr and
Rajesh [1]; and the need for interaction with a service employee was measured using four
items adapted from Dabholkar and Bagozzi [46]. A seven-point Likert scale (1 = Strongly
disagree and 7 = Strongly agree) was used to measure all constructs included in the study.

3.5. Data Analysis Method

The research hypotheses were tested using the PLS-SEM method. The first reason for
selecting PLS-SEM for the analysis is that, as a variance-based approach, PLS-SEM is more
suitable than CB-SEM (a covariance-based approach) for identifying and predicting the key
driving forces within the structural model [80]. Another reason is that PLS-SEM is capable
of handling complex models that include both formative and reflective measurement
models, and it can manage such complex structures with fewer restrictions compared to
CB-SEM. [113]. The conceptual model of the study is complex and includes numerous
constructs, indicators, and model relationships; these factors, along with the other reasons
mentioned, indicate that the use of the PLS-SEM method is more appropriate for testing
the research hypotheses [114]. Hayes’ [115] PROCESS Model 58 was employed to assess
the moderating effects of the need for interaction with a service employee. The analysis
was conducted using SmartPLS 4 and SPSS 25.0 software.

4. Research Findings
4.1. Demographic Characteristics of the Participants

Of the 402 participants in the study, 52% were female and 48% were male. 31% of
the respondents reported being in the 18-25 age group. 60% of the participants stated
that they are university graduates. Civil servants constitute 26% of the respondents who
participated in the survey. 40% of the participants reported that their monthly household
income ranges between 22,104 TL and 50,000 TL. 78% of the participants stated that they are
knowledgeable about chatbots, while 22% indicated that they are only partially informed;
additionally, 57% of the respondents reported that they have been aware of chatbots for
six months or less. 52% of the participants indicated that their source of information about
chatbots is friends or family, while 33% stated that their source of information is social
media. 44% of the respondents stated that they use chatbots several times a week.

4.2. Common Method Bias

In this study, the potential presence of common method bias (CMB) arising from
the data collection process was assessed based on the procedure developed by Podsakoff
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et al. [116]. Harman’s single-factor test was conducted, and the principal component
analysis revealed that the first factor accounted for 45.5% of the total variance. Since this
ratio is below the 50% threshold commonly accepted in the literature, it can be inferred that
the results are not adversely affected by common method bias.

4.3. Evaluation/Assessment of the Measurement Model

Within the scope of the study, using PLS-SEM analysis, the internal consistency, conver-
gent validity, and discriminant validity of the constructs in the measurement model were
first assessed. Subsequently, the relationships specified in the model were examined, and
the proposed hypotheses were evaluated. The results of the PLS-SEM analysis conducted
are presented in Table 1.

As a result of the analysis, it was observed that the composite reliability and Cron-
bach’s alpha values for each construct exceeded the threshold of 0.70, as presented in Table 2.
This indicates that the observed variables exhibit high internal consistency [117,118]. The
analyses revealed that the standardized factor loadings for each variable exceeded 0.70.
Furthermore, it was determined that the average variance extracted (AVE) values exceeded
the threshold of 0.50. These results indicate that the measurement model satisfies conver-
gent validity [117]. To assess the discriminant validity of the measurement model, the
correlation coefficients between the constructs were compared with the square roots of
the average variance extracted (AVE) for each construct. This comparison is presented in
Table 2.

For the measurement model to satisfy discriminant validity, the square roots of the
average variance extracted (AVE) for each construct must be higher than the correlation co-
efficients between that construct and the other constructs [119]. It can be seen in Table 2 that
the square roots of the AVE values, highlighted in bold, are higher than the inter-construct
correlation coefficients. Additionally, the analysis revealed that the heterotrait—monotrait
(HTMT) ratios were below 0.85. Therefore, it can be concluded that the measurement model
satisfies discriminant validity [118].

4.4. Evaluation of the Structural Model

The relationships specified in the conceptual model of the study were tested using
PLS-SEM analysis. To obtain the statistical significance levels of the beta coefficients and the
R? values for evaluating the relationships in the model, the bootstrap technique (resampling
method with 5000 resamples) was employed [117]. To comprehensively evaluate the overall
quality and fit of the model, the SRMR and NFI values recommended for PLS-SEM analyses
were used [42]. An SRMR value below 0.08 is generally considered an indicator of good
model fit. The analysis revealed an SRMR value of 0.076, and since this value is lower than
the 0.08 threshold, it indicates an acceptable level of fit between the model and the observed
data. The NFI value is expected to fall within the range of 0 to 1. An NFI value closer to
1 indicates a better model fit. For the model in this study, the NFI value was calculated
as 0.865. Due to the reflective nature of the model, the inner Variance Inflation Factor
(VIF) values were examined to assess multicollinearity within the inner model. Hair et al.
([113]) state that in PLS-SEM analyses, VIF values below 3.3 in the inner model indicate
that multicollinearity is not a serious concern. In this study, all inner VIF values were
also found to be below 3.3, indicating that multicollinearity is not an issue in the model
(Table 3). Therefore, it can be concluded that the proposed model exhibits a good fit with
the observed data. The values identified for the direct and indirect effects in the model,
along with the hypothesis testing results, are presented in Table 4.
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Table 1. Measurement Model PLS-SEM Analysis Results.
. Factor  Standard t-Statistic Cronbach’s Composite Average Variance
Observed Variables for Each Construct Load Error Value p-Value Alpha Reliability (CR)  Extracted (AVE)
I feel that my interaction with the chatbot in the mobile
§ banking application is similar to having a conversation 0.867 0.012 7.018 0.000 0.907 0.911 0.782
k2 & app &
5, with a real human being.
é I perceive the chatbot in the mobile banking application
g as possessing human-like characteristics (e.g., happy, 0.906 0.009 9.556 0.000
e friendly, humorous, helpful).
<
t I feel that the chatbot in the mobile banking application
< behaves as if it has human-like characteristics (e.g., 0.912 0.007 9.523 0.000
?;a happy, friendly, humorous, helpful).
'g I believe that my conversations with the chatbot in the
& mobile banking application are natural rather 0.850 0.015 8.431 0.000
than artificial.
¢ Ibelieve that my interaction with the chatbot in the 0904  0.009 6611 0.000 0.936 0.937 0.840
qé mobile banking application while using it is enjoyable.
g : : : : .
2 I beh.eve that- my 1nte'rac’F10n Wl’.[h thg cha-tl:?ot. in the ' 0.899 0.010 8.004 0.000
= mobile banking application while using it is interesting.
- : : : : .
5 I bel%eve tha't my interaction w%th th.e Ch.at.bot in th? . 0.935 0.006 5151 0.000
.E mobile banking application while using it is entertaining.
E I beh‘eve that. my mte'rac’gon w1’Fh thg cha}tb.ot in .tlr'le 0.926 0.008 9.080 0.000
mobile banking application while using it is exciting.
" I find that performing my banking transactions using the
@ chatbot in the mobile banking application helps me 0.902 0.010 9.063 0.000 0.948 0.949 0.793
,§ complete my transactions more quickly.
E I find that performing my banking transactions using the
= chatbot in the mobile banking application enables me to ~ 0.903 0.010 9.917 0.000
?;) meet my needs more quickly.
B I find that performing my banking transactions using the
E chatbot in the mobile banking application increases 0.896 0.010 9.300 0.000
my productivity.
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Table 1. Cont.

Observed Variables for Each Construct

Factor
Load

Standard
Error

t-Statistic
Value

p-Value

Cronbach’s
Alpha

Composite Average Variance
Reliability (CR)  Extracted (AVE)

Perceived Usefulness

I find that performing my banking transactions using the
chatbot in the mobile banking application enhances
my effectiveness.

0.909

0.010

9.331

0.000

I find that performing my banking transactions using the
chatbot in the mobile banking application increases my
chances of accomplishing banking tasks that are
important to me.

0.839

0.021

9.305

0.000

I find that performing my banking transactions using the
chatbot in the mobile banking application is
generally useful.

0.893

0.009

9.791

0.000

Satisfaction

I think that the chatbot in the mobile banking application
being able to meet my personal needs makes
me satisfied.

0.931

0.006

6.744

0.000

0.954

0.955 0.879

I am satisfied with the solution provided by the chatbot
in the mobile banking application.

0.950

0.005

5.426

0.000

I think that I am quite satisfied with my overall
experience with the chatbot in the mobile
banking application.

0.942

0.006

7.404

0.000

I am satisfied with the implementation of the chatbot
system in mobile banking applications.

0.926

0.008

7.539

0.000

Continuance Intention/

Intention

While performing my banking transactions, I think that I
will continue to use the chatbot in mobile
banking applications.

0.930

0.009

8.746

0.000

0.967

0.968 0.883

While performing my banking transactions, I plan to
continue using the chatbot in mobile
banking applications.

0.940

0.005

8.950

0.000

While performing my banking transactions, I want to
continue using the chatbot in mobile banking
applications as much as possible.

0.954

0.005

8.812

0.000
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Table 1. Cont.

is able to provide me with a useful response.

. Factor Standard t-Statistic Cronbach’s Composite Average Variance
Observed Variables for Each Construct Load Error Value p-Value Alpha Reliability (CR)  Extracted (AVE)
While performing my banking transactions, I think that I
Y will continue using the chatbot in mobile banking
é g 'g applications rather than using any alternative tool (i.e., 0927 0.006 8.504 0.000
2 £ £ instead of using human personnel).
98
g g £ While performing my banking transactions, I think that I
o will continue using the chatbot in mobile banking 0.945 0.005 9.166 0.000
applications rather than stopping using it.
I thm.k that my experience of using the chatbot in mobile 0.964 0.004 5334 0.000 0.959 0.960 0.825
g banking applications is better than I expected.
5 I think that the level of service provided by the chatbot
E in mobile banking applications is better than I expected. 0959 0.004 5130 0.000
&
8 Overall, I think that most of my expectations regarding
o the use of the chatbot in mobile banking applications 0.962 0.004 4.238 0.000
have been met.
Percglvgd I ’Fhmk that the chatbot in the mobile banking 0.886 0.010 5 668 0.000 0.954 0.955 0.793
application is able to understand my commands.
I think that the chatbot in the mobile banking application
is able to communicate with me in a way that I 0.868 0.018 4.100 0.000
g can understand.
[ . . . . . .
20 I think that the chatbot in thfe mobile banking application 0.901 0.008 5580 0.000
= is able to complete tasks quickly.
g I think that the chatbot in the mobile banking application
'§ is able to find the information necessary to complete 0.919 0.010 4.322 0.000
‘T its tasks.
o
E I think that the chatbot in the mobile banking application
is able to process the information necessary to complete  0.849 0.012 6.157 0.000
its tasks.
I think that the chatbot in the mobile banking application 0918 0.007 3.366 0.000
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Table 2. Discriminant Validity Analysis Results.

Perceived Perceived Perceived Satisfaction Continuance Confirmation Perceived

Anthropomorphism Enjoyment Usefulness Intention/Intention Intelligence
Perceived Anthropomorphism 0.884
Perceived Enjoyment 0.611 0.916
Perceived Usefulness 0.618 0.649 0.891
Satisfaction 0.583 0.601 0.728 0.937
Continuance Intention/Intention 0.512 0.549 0.620 0.726 0.939
Confirmation 0.624 0.643 0.760 0.756 0.582 0.962
Perceived Intelligence 0.470 0.503 0.635 0.743 0.684 0.621 0.891

Table 3. PLS-SEM Analysis Results.
Result

Direct Effects
H; Perceived Intelligence — Perceived Anthropomorphism 0.470 0.037 12.580 0.000 0.284 0.219 1.000 Supported
H, Perceived Intelligence — Perceived Usefulness 0.239 0.035 6.728 0.000 0.097 1.659 Supported
Hs Perceived Anthropomorphism — Perceived Usefulness 0.203 0.041 4917 0.000 0.070 0.643 1.667 Supported
Hs Expectation—Confirmation — Perceived Usefulness 0.485 0.046 10.640 0.000 0.314 2.116 Supported
H3  Perceived Intelligence — Expectation-Confirmation 0.421 0.040 10.615 0.000 0.292 0.505 1.284 Supported
Hg Perceived Anthropomorphism — Expectation-Confirmation 0.426 0.040 10.619 0.000 0.299 1.284 Supported
H; Perceived Anthropomorphism — Perceived Enjoyment 0.327 0.052 6.338 0.000 0.127 1.667 Supported
Hy Perceived Intelligence — Perceived Enjoyment 0.125 0.049 2.574 0.010 0.019 0.491 1.659 Supported
Hy  Expectation—-Confirmation — Perceived Enjoyment 0.361 0.059 6.165 0.000 0.122 2.116 Supported
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. Hypothesis
Beta Standard t-Statistic p 2 2
Hypotheses Coefficient Error Value Value F R VIF Test
Result
Hyp Expectation—Confirmation — Satisfaction 0.441 0.065 6.812 0.000 0.204 2.606 Supported
Hi1  Perceived Benefit — Satisfaction 0.322 0.053 6.068 0.000 0.107 0.630 2.642 Supported
Hi» Perceived Enjoyment — Satisfaction 0.108 0.049 2.208 0.027 0.017 1.902 Supported
Hy3 Satisfaction — Intention 0.726 0.020 7.179 0.000 1.113 0.551 1.000 Supported
Table 4. Conditional Impact Analysis Results.
Satisfaction Continuance Intention/Intention
95% Confidence Interval of 95% Confidence Interval of
Independent . . Standard t-Statistic the Effect Size/Level . . Standard t-Statistic the Effect Size/Level
2 Coefficient p Coefficient
Variables Error Value Lower Upper Error Value Lower Upper
Bound/Level Bound/Level Bound/Level Bound/Level
Conditional Effect Analysis Results for the Perceived Usefulness Model
Fixed/Constant Effect —1.270 0.5486 —2.3149 0.021 —2.348 —0.191 0.5635 0.4975 1.1328 0.2580 —0.4145 1.5415
Perceived Benefit (X) 0.8080 0.1163 6.9500 0.000 0.579 1.036 0.2067 0.0568 3.6373 0.0003 0.0950 0.3184
Need for Interaction
with Service 0.4345 0.1115 3.8971 0.0001 0.2153 0.6537 0.1510 0.0917 1.6470 0.1004 0.3312 —0.0292
Employees (W)
Need for Interaction
with Service
Employees * —0.0317 —0.0248 —1.2809 0.201 —0.0805 0.0170
Perceived Usefulness
X*W)
Satisfaction (M) 0.8088 0.1073 7.5381 0.0000 0.5979 1.0197
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Satisfaction

Continuance Intention/Intention

95% Confidence Interval of

95% Confidence Interval of

Independent - Standard t-Statistic the Effect Size/Level . Standard t-Statistic the Effect Size/Level
2 Coefficient P Coefficient

Variables Error Value Lower Upper Error Value Lower Upper

Bound/Level Bound/Level Bound/Level Bound/Level
Need for Interaction
with Service —0.0508 0.0219 —23222 00207 —0.0939 —0.0078
Employees
Satisfaction (X * W)
R2 = 0.63; F (8, 393) = 83.401, p < 0.001 R2 = 0.55; F (9, 392) = 53.68, p < 0.001

Conditional Effect Analysis Results for the Expectation—Confirmation Model
Fixed/Constant Effect 0.1914 0.4124 0.4641 0.6428 —0.6194 1.0022 1.1421 0.4746 2.4065 0.0166 0.2090 2.0752
Expectation-— 0.9398 0.0972 9.6728  0.000 0.7488 ~1.1309 0.0811 0.0480 1.6911 0.0916  —0.0132 0.1754
Confirmation (X)
Need for Interaction
with Service 0.4994 0.0777 6.4231 0.0000 0.3465 0.6523 0.1430 0.0930 1.5376 0.1249 —0.0398 0.3258
Employees (W)
Need for Interaction
with Service
Employees * —0.0850 0.0201 —4.2327 0.000 —0.1245 —0.0455
Expectation—
Confirmation (X * W)
Satisfaction (M) 0.8858 0.1072 8.2626 0.0000 0.6751 1.0966
Need for Interaction
with Service —0.0528 0.0222 —23820 00177  —0.0965 —0.0092

Employees *
Satisfaction (X * W)

R2 = 0.64; F (8, 393) = 86.354, p < 0.001

R2 = 0.54; F (9, 392) = 51.19, p < 0.001
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Satisfaction Continuance Intention/Intention
95% Confidence Interval of 95% Confidence Interval of
Independent - Standard t-Statistic the Effect Size/Level . Standard t-Statistic the Effect Size/Level
2 Coefficient P Coefficient
Variables Error Value Lower Upper Error Value Lower Upper
Bound/Level Bound/Level Bound/Level Bound/Level

Conditional Effect Analysis Results for the Perceived Enjoyment Model
Fixed/Constant Effect —0.3376 0.5143 —0.6565 0.5119 —1.3487 0.6735 0.7836 0.4769 1.6430 0.1012 —0.1540 1.7212
Perceived 0.8109 0.1162 69790 00000  0.5825 1.0394 0.1837 0.0462 39768 00001  0.0929 —0.2744
Enjoyment (X)
Need for Interaction
with Service 5821 0.0905 6.4334 0.0000 0.4042 0.7600 0.1455 0.0914 1.5923 0.1121 —0.0342 0.3252
Employees (W)
Need for Interaction
with Service
Employees * —0.0733 0.0239 —3.0602 0.0024 —0.1203 —0.0262
Perceived Enjoyment
X*W)
Satisfaction (M) 0.8521 0.1032 8.2601 0.0000 0.6493 1.0549
Need for Interaction
with Service —0.0536 0.0218 —24581 00144  —0.0966 —0.0107

Employees *
Satisfaction (X * W)

R2 = 0.54; F (8, 393) = 57.205, p < 0.001

R2 = 0.55; F (9, 392) = 54.30, p < 0.001
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Upon examining the analysis results, it was determined that perceived intelligence
has a positive and statistically significant effect on perceived anthropomorphism (3 = 0.470,
SE =0.037, p < 0.001), perceived usefulness (5 = 0.239, SE = 0.035, p < 0.001), expectation—
confirmation (3 = 0.421, SE = 0.040, p < 0.001), and perceived enjoyment (3 = 0.125,
SE = 0.049, p < 0.05). Accordingly, the hypotheses H;, Hy, H3 and Hy developed within the
scope of the research were supported. Similarly, it was found that perceived anthropomor-
phism has a positive and statistically significant effect on perceived usefulness (3 = 0.203,
SE = 0.041, p < 0.001), expectation—confirmation (3 = 0.426, SE = 0.040, p < 0.001), and
perceived enjoyment (3 = 0.327, SE = 0.052, p < 0.001). Accordingly, the hypotheses Hs,
Hg and H7 developed within the scope of the research were supported. According to the
analysis results, the expectation—confirmation construct was found to have a statistically
significant effect on perceived usefulness (3 = 0.485, SE = 0.046, p < 0.001) and perceived
enjoyment (3 = 0.361, SE = 0.059, p < 0.001). Accordingly, the hypotheses Hg and Hy
developed within the scope of the research were supported. Similarly, it was found that
expectation—confirmation (3 = 0.441, SE = 0.065, p < 0.001), perceived usefulness (3 = 0.322,
SE = 0.053, p < 0.001), and perceived enjoyment ( = 0.108, SE = 0.053, p < 0.001) have
statistically significant effects on satisfaction. Accordingly, the hypotheses Hjp, Hj; and
Hj; developed within the scope of the research were supported. Finally, it was determined
that the satisfaction construct has a statistically significant effect on continuance intention
(B =0.726, SE = 0.020, p < 0.001). Accordingly, the hypothesis Hi3 developed within the
scope of the research was supported.

The moderating—mediating (moderated mediation/conditional effect) role of the
need for interaction with service employees in the relationships specified in the research
model was simultaneously tested using Hayes’ [115] SPSS PROCESS Macro Version 3.5.3
(Model 58; 5000 bootstrap resamples and a 95% confidence interval). The conditional effect
analysis results for the need for interaction with service employees on the relationships
specified in the model are presented in Table 4.

As shown in Table 4, the interaction effect between perceived usefulness and the
need for interaction with a service employee (B = —0.0317, SE = —0.0248, t = —1.280, and
p > 0.05) was found to be statistically non-significant. However, although the interaction
effect itself was not statistically significant, the results of the conditional effects analysis
revealed that different levels of the need for interaction with a service employee (low,
medium, and high) produced significant effect sizes in the relationship between perceived
usefulness and satisfaction (Table 5). This indicates that, although the moderator variable
does not produce an overall interaction effect, the conditional effects are statistically signif-
icant; therefore, Hypothesis Hi4 is partially supported. Although the interaction term is
not significant in the overall model, the conditional indirect effects are significant in the
pick-a-point analysis, and statistically significant differences are observed across the levels
of the moderator. The analysis results are presented in Table 5.

Table 5. The Conditional Effect of Perceived Usefulness on Satisfaction.

Need for Interaction

95% Confidence Interval of
the Effect Size/Level

with Service Employees Impact Standard t-Statistic p Value
Level Error Value Lower Upper
Level Value Bound/Level Bound/Level
Low 3.2500 0.7006 0.0518 13.5261 0.0000 0.5988 0.8024
Medium 4.7500 0.6388 0.0427 14.9444 0.0000 0.5547 0.7228
High 6.0000 0.5872 0.0562 10.4415 0.0000 0.4767 0.6978
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When Table 5 is examined, it is observed that the conditional effect of perceived
usefulness of chatbots on satisfaction—evaluated as a function of the need for interaction
with service employees (low, medium, and high)—is positive and statistically significant
(p < 0.001). This finding indicates that as the need for interaction with service employees
increases, the conditional effect of perceived usefulness gradually decreases, although it
remains significant. To determine the level of need for interaction with service employees
at which the perceived usefulness of chatbots significantly influences satisfaction, the
conditional effect was examined using the Pick-a-Point approach. This method was chosen
because it is one of the most widely used techniques for analyzing interaction effects. To
identify the low, medium, and high levels of the moderator variable, the 16th, 50th, and
84th percentiles recommended by Hayes [115] were used. The analysis results are presented

in Figure 2.
.
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Figure 2. The Conditional Effect of Perceived Usefulness on Satisfaction.

Upon examining Figure 2, it is observed that the conditional effect of perceived
usefulness on satisfaction is statistically significant at both the low level (8(X—Y)
(W = 3.25) = 0.7006, p < 0.05) and the high level (8(X—Y) (W = 6) = 0.5870, p < 0.05)
of the need for interaction with service employees. When comparing the magnitudes of the
conditional effects, it is observed that the effect is stronger among users with a low need for
interaction with service employees. This result indicates that individuals with a lower need
for interaction with service employees experience greater satisfaction from using chatbots
as their perceived usefulness increases.

As aresult of the analysis conducted for the perceived usefulness model, the interaction
effect of satisfaction and the need for interaction with service employees on the intention to
continue using chatbots was found to be statistically significant and negative (B = —0.0508,
SE =0.0219, t = —2.32, p < 0.05). Based on the statistical significance of the interaction
effect, Hypothesis Hj7 is supported. Based on this finding, it can be stated that the need
for interaction with service employees exerts a negative moderating effect on the positive
relationship between satisfaction and continuance intention. The analysis results for the
conditional effect levels of different degrees of need for interaction with service employees
(low, medium, and high) on the relationship between satisfaction and continuance intention
are presented in Table 6.
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Table 6. The Conditional Effect of Satisfaction on Continuance Intention for the Perceived
Usefulness Model.

Need for Interaction

95% Confidence Interval of
the Effect Size/Level

with Service Employees Impact Standard T-Statistic p Value
Level Error Value Lower Upper
Level Value Bound/Level Bound/Level
Low 3.2500 0.6436 0.0585 11.0061 0.0000 0.5286 0.7586
Medium 4.7500 0.5673 0.0557 10.1927 0.0000 0.4579 0.6768
High 6.0000 0.5038 0.0669 7.5291 0.0000 0.3723 0.6354

When Table 6 is examined, it is observed that the conditional effect of satisfaction
with chatbots on the intention to continue using them—evaluated as a function of the
need for interaction with service employees (low, medium, and high)—is positive and
statistically significant (p < 0.001). Therefore, it can be stated that as the need for interaction
with service employees increases, the conditional effect of satisfaction with chatbots on the
intention to continue using them decreases. To determine the levels at which satisfaction
with chatbots significantly influences the intention to continue using them as a function of
the need for interaction with service employees, the conditional effect was examined using
the pick-a-point method. To identify the low, medium, and high levels of the moderator
variable, the 16th, 50th, and 84th percentiles recommended by Hayes [115] (2022) were
used. The analysis results are presented in Figure 3.
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Figure 3. Conditional Effect of Satisfaction on Continuance Intention in the Perceived
Usefulness Model.

When Figure 3 is examined, it is observed that the conditional effect of satisfaction
on continuance intention is statistically significant at both the low level of the need for
interaction with service employees (6(X—Y) (W = 3.25) = 0.6436, p < 0.05) and the high level
(6(X—=Y) (W =6) =0.5038, p < 0.05). When comparing the magnitudes of the conditional
effects, it is observed that the effect is stronger among users with a low need for interaction
with service employees. Furthermore, the interaction effect being negative and statistically
significant (B = —0.051, t = —2.32, p < 0.05) indicates that the influence of satisfaction on
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continuance intention is relatively stronger among individuals with a low need for interac-
tion with service employees. It can therefore be stated that the need for interaction with
service employees functions as a moderating variable that reduces the effect of satisfaction
on the intention to continue using the chatbot.

When Table 4 is examined, it is observed that the interaction effect between expectation—
confirmation and the need for interaction with service employees is statistically significant
(B = —0.0850, SE = 0.0201, t = —4.23, p < 0.05). The interaction effect was statistically
significant; therefore, Hypothesis Hy¢ is supported. The analysis results for the conditional
effect levels of the relationship between expectation—confirmation and satisfaction—across
different levels (low, medium, and high) of the need for interaction with service employees—
are presented in Table 7.

Table 7. Conditional Effect of Expectation—Confirmation on Satisfaction.

Need for Interaction

95% Confidence Interval of
the Effect Size/Level

Impact Standard T-Statistic

with Service Employees p Value
Level Error Value Lower Upper
Level Value Bound/Level Bound/Level
Low 3.2500 0.6636 0.0424 15.6361 0.0000 0.5802 0.7471
Medium 4.7500 0.5362 0.0339 15.8253 0.0000 0.4696 0.6028
High 6.0000 0.4299 0.0446 9.6400 0.0000 0.3422 0.5176

When Table 7 is examined, it is observed that the conditional effect of perceived
expectation—confirmation of chatbots on perceived satisfaction, as a function of the need
for interaction with service employees (low, medium, and high), is positive and statistically
significant (p < 0.001). Therefore, it can be stated that as the need for interaction with
service employees increases, the conditional effect of perceived expectation—-confirmation of
chatbots on perceived satisfaction decreases. To determine the levels at which expectation—
confirmation significantly influences satisfaction as a function of the need for interaction
with service employees, the conditional effect was examined using the pick-a-point method.
To identify the low, medium, and high levels of the moderator variable, the 16th, 50th,
and 84th percentiles recommended by Hayes [115] were used. The analysis results are
presented in Figure 4.

As shown in Figure 4, the conditional effect of expectation—confirmation on satisfaction
is statistically significant both at low levels of the need for interaction with a service em-
ployee (6(X—Y) (W =3.25) = 0.6636, p < 0.05) and at high levels (6(X—Y) (W = 6) = 0.4299,
p < 0.05). When the conditional effect sizes are compared, it is observed that the conditional
effect is higher among users with a low need for interaction with a service employee.
Moreover, the interaction effect being negative and statistically significant (B = —0.0850,
SE = —0.0201, t = —4.23, p < 0.05) indicates that the effect of expectation—confirmation on
satisfaction is relatively stronger among individuals with a low need for interaction with a
service employee. In other words, when the need for human interaction is high, the effect
of expectation—confirmation on satisfaction becomes weaker. It can thus be stated that
the need for interaction with service employees’ functions as a moderating variable that
reduces the effect of expectation—confirmation on satisfaction with chatbot use.
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Figure 4. Conditional Effect of Expectation-Confirmation on Satisfaction.

As a result of the conditional effect analysis (Model 58, see Table 4), it was determined
that, within the expectation—confirmation model, the interaction effect of satisfaction and
the need for interaction with service employees on the intention to continue using chatbots
is statistically significant and negative (B = —0.0528, SE = 0.0222, t = —2.38, p < 0.05). Based
on the statistical significance of the interaction effect, Hypothesis Hjy is supported. Based
on this finding, it can be stated that the need for interaction with service employees exhibits
a negative moderating effect on the positive relationship between satisfaction and the
intention to continue using the chatbot. The analysis results for the conditional effect levels
of the relationship between satisfaction and continuance intention, across different levels
(low, medium, and high) of the need for interaction with service employees, are presented
in Table 8.

Table 8. Conditional Effect of Satisfaction on Continuance Intention in the Expectation—
Confirmation Model.

95% Confidence Interval of

Need for Interaction with . the Effect Size/Level
Service Employees Impact Level Standard T-Statistic p Value
Error Value Lower Upper
Level Value Bound/Level Bound/Level
Low 3.2500 0.7141 0.0582 12.2684 0.0000 0.5997 0.8285
Medium 4.7500 0.6348 0.0562 11.3060 0.0000 0.5245 0.7452
High 6.0000 0.5688 0.0682 8.3425 0.0000 0.4348 0.7028

When Table 8 is examined, it is observed that the conditional effect of perceived
satisfaction with chatbots on the intention to continue using them, as a function of the need
for interaction with service employees (low, medium, and high), is positive and statistically
significant (p < 0.001). Therefore, it can be stated that as the need for interaction with
service employees increases, the conditional effect of satisfaction with chatbots on the
intention to continue using them decreases. To determine the levels at which satisfaction
with chatbots significantly influences the intention to continue using them as a function of
the need for interaction with service employees, the conditional effect was examined using
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the pick-a-point method. To identify the low, medium, and high levels of the moderator
variable, the 16th, 50th, and 84th percentiles recommended by Hayes [115] were used. The
analysis results are presented in Figure 5.
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Figure 5. Conditional Effect of Satisfaction on Continuance Intention in the Expectation—

Confirmation Model.

When Figure 5 is examined, it is observed that the conditional effect of user satisfaction
on the intention to continue using the application is statistically significant at both the low
level of interaction need (8(X—Y) (W =3.25) = 0.7141, p < 0.05) and the high level (6(X—Y)
(W =6)=0.5688, p < 0.05). When the conditional effect sizes are compared, it is observed that
the conditional effect is higher among users with a low need for interaction with a service
employee. Moreover, the interaction effect being negative and statistically significant
(B=—0.0528, t = —2.38, p < 0.05) indicates that the effect of satisfaction on continuance
intention is relatively stronger among individuals with a low need for interaction with a
service employee. In other words, when the need for human interaction is high, the effect
of perceived satisfaction on continuance intention becomes weaker. It can thus be stated
that the need for interaction with a service employee functions as a moderating variable
that diminishes the effect of satisfaction with chatbot use on continuance intention.

When Table 4 is examined, it is observed that the interaction effect between perceived
enjoyment and the need for interaction with service employees is statistically significant
(B = —0.0733, SE = 0.0239, t = —3.06, p < 0.05). Since the interaction effect is statistically
significant, Hypothesis Hjs is supported. The analysis results for the conditional effect
levels of the relationship between perceived enjoyment and satisfaction, across different
levels (low, medium, and high) of the need for interaction with service employees, are
presented in Table 9.

Table 9. Conditional Effect of Perceived Enjoyment on Satisfaction.

95% Confidence Interval of

Need for Interaction with o the Effect Size/Level
Service Employees Impact Level Standard T-Statistic p Value
Error Value Lower Upper
Level Value Bound/Level Bound/Level
Low 3.2500 0.5729 0.0516 11.0960 0.0000 0.4714 0.6744
Medium 4.7500 0.4630 0.0418 11.0782 0.0000 0.3808 0.5452
High 6.0000 0.3714 0.0543 6.8379 0.0000 0.2646 0.4782
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When Table 9 is examined, it is observed that the conditional effect of perceived
enjoyment of chatbots on perceived satisfaction, as a function of the need for interaction
with service employees (low, medium, and high), is positive and statistically significant
(p <0.001). Therefore, it can be stated that as the need for interaction with service employees
increases, the conditional effect of perceived enjoyment of chatbots on perceived satisfaction
decreases. To determine the levels at which perceived enjoyment of chatbots significantly
influences perceived satisfaction as a function of the need for interaction with service
employees, the conditional effect was examined using the pick-a-point method. To identify
the low, medium, and high levels of the moderator variable, the 16th, 50th, and 84th
percentiles recommended by Hayes [115] were used. The analysis results are presented in

Figure 6.
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Figure 6. Conditional Effect of Perceived Enjoyment on Satisfaction.

When Figure 6 is examined, it is observed that the conditional effect of perceived
enjoyment on satisfaction is statistically significant at both the high level of the need for
interaction with service employees (6(X—Y) (W = 6) = 0.3714, p < 0.05) and the low level
(6(X—=Y) (W =3.25) = 0.5729, p < 0.05). When the magnitudes of the conditional effects
are compared, it is found that the effect size is larger among users with a low need for
interaction with service employees. The interaction effect being statistically significant
and negative (B = —0.0733, t = —3.06, p < 0.05) indicates that the influence of perceived
enjoyment on satisfaction is relatively stronger among individuals with a low need for
interaction with service employees. In other words, when the need for interaction with
a human is high, the effect of perceived enjoyment on satisfaction becomes weaker. It
can therefore be stated that the need for interaction with service employees operates as a
moderating variable that diminishes the effect of perceived enjoyment of chatbot use on
perceived satisfaction.

As a result of the conditional effect analysis (Model 58, see As a result of the conditional
effect analysis (Model 58, see Table 4), it was determined that the interaction effect of
satisfaction and the need for interaction with service employees on the intention to continue
using chatbots in Al-enabled mobile banking applications is statistically significant and
negative (B = —0.0536, SE = 0.0218, t = —2.46, p < 0.05). Based on the statistical significance
of the interaction effect, Hypothesis Hj7 is supported. Based on this finding, it can be stated
that the need for interaction with service employees exhibits a negative moderating effect
on the positive relationship between satisfaction and the intention to continue using the
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chatbot. The analysis results for the conditional effect levels of the relationship between
satisfaction and continuance intention—across different levels (low, medium, and high) of
the need for interaction with service employees—are presented in Table 10.

Table 10. The Conditional Effect of Satisfaction on Continuance Intention within the Perceived

Enjoyment Model.

95% Confidence Interval of

Need for Interaction with the Effect Size/Level
Service Employees Impact Level Standal‘d T-Statistic p Value
Error Value Lower Upper
Level Value Bound/Level Bound/Level
Low 3.2500 0.6777 0.0522 12.9784 0.0000 0.5750 0.7804
Medium 4.7500 0.5972 0.0497 12.0229 0.0000 0.4996 0.6949
High 6.0000 0.5302 0.0624 8.5019 0.0000 0.4076 0.6528

Upon examining Table 10, the conditional effect of satisfaction with Chatbots on the
intention to continue using them—as a function of the need for interaction with service
employees (low, medium, and high)—is positive and statistically significant (p < 0.001).
Therefore, it can be stated that as the need for interaction with service employees increases,
the conditional effect of satisfaction with chatbots on the intention to continue using
them decreases. To determine the levels at which satisfaction with chatbots significantly
influences the intention to continue using them as a function of the need for interaction
with service employees, the conditional effect was examined using the pick-a-point method.
To identify the low, medium, and high levels of the moderator variable, the 16th, 50th,
and 84th percentiles recommended by Hayes [115] were used. The analysis results are
presented in Figure 7.
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Figure 7. Conditional Effect of Satisfaction on Continuance Intention in the Perceived

Enjoyment Model.

As shown in Figure 7, the conditional effects of consumers” satisfaction level and
their need for interaction with a service employee on continuance intention are statistically
significant both at low levels of interaction need (6(X—Y) (W = 3.25) = 0.6777, p < 0.05) and
at high levels of interaction need (6(X—Y) (W = 6) = 0.5302, p < 0.05). When the conditional
effect sizes are compared, it is observed that the conditional effect is higher among users
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with a low need for interaction with a service employee. Moreover, the interaction effect
being negative and statistically significant (B = —0.0528, t = —2.38, p < 0.05) indicates that
the effect of satisfaction on continuance intention is relatively stronger among individuals
with a low need for interaction with a service employee. In other words, when the need
for human interaction is high, the effect of perceived satisfaction on continuance intention
becomes weaker. It can thus be stated that the need for interaction with a service employee
functions as a moderating variable that diminishes the effect of satisfaction with chatbot
use on continuance intention.

In Model 58, where multiple direct and indirect conditional effects are tested simulta-
neously, the moderating variable (W) functions as the moderator of more than one path
that defines the indirect effect (see Figure 1). Therefore, the conditional indirect effect
becomes a nonlinear function of the moderator variable W [115]. This situation prevents
the calculation of the index of moderated mediation, a resampling-based conditional in-
direct effect statistic that can be used to test the statistical significance of the conditional
mediation effect for the model. In this regard, to test the conditional mediation effect, it is
recommended to examine whether the 95% confidence interval of the pairwise differences
in the conditional indirect effects includes zero or not [115]. In the final stage of the analysis
process, to test the conditional mediation effect, the direct and indirect effects of perceived
usefulness, expectation—confirmation, and perceived enjoyment on continuance intention
at low, medium, and high levels of the need for interaction with a service employee (W) are
presented in Table 11.

According to Table 11, the need for interaction with a service employee creates signifi-
cant differences in both the direct relationships between perceived usefulness, expectation—
confirmation, perceived enjoyment, and continuance intention, and in the indirect rela-
tionships mediated by satisfaction. The fact that the 95% confidence intervals obtained
for the different levels (low, medium, high) do not include zero indicates the presence of
significant conditional indirect effects in these relationships. Furthermore, the fact that the
confidence intervals for the pairwise differences across the low, medium, and high levels do
not include zero indicates that the effect of the moderating variable is statistically significant.
These findings demonstrate that the need for interaction with a service employee exerts a
moderating effect on the indirect relationships within the model, thereby indicating the
presence of a moderated mediation structure.
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Table 11. Direct and Indirect Effects.

Conditional Direct Effect: Perceived Usefulness — Continuance Intention

Need for Interaction with

95% Confidence Interval of the Effect Size/Level

Service Employees Impact Level St;::)a:d T-Statistic Value p Value
Level Value Lower Bound/Level Upper Bound/Level
Low 3.25 0.6436 0.0585 11.0061 0.0000 0.5286 0.7586
Medium 4.75 0.5673 0.0557 10.1927 0.0000 0.4579 0.6768
High 6.00 0.5038 0.0669 7.5291 0.0000 0.3723 0.6354

Conditional Indirect Effect: Perceived Usefulness — Satisfaction — Continuance Intention

Pairwise Differences

Need for Interaction with 95% Confidence Interval of the . . . o
. Resamoplin . Pairwise Comparison Differences (95%
Service Employees plng Effect Size/Level 6
Impact Level Standard Confidence Interval)
Error Lower Upper Differences Between Difference Lower Upper
Level Value Bound/Level Bound/Level Levels Level SE Bound/Level Bound/Level
Low 3.25 0.4536 0.0469 0.3674 0.5543 Medium-Low —0.0808 0.0298 —0.1451 —0.0290
Medium 4.75 0.3728 0.0415 0.2899 0.4553 High-Low —0.1425 0.0498 —0.2480 —0.0546
High 6.00 0.3111 0.0483 0.2092 0.4008 High-Medium —0.0617 0.0201 —0.1027 —0.0255

Conditional Direct Effect: Expectation—Confirmation — Continuance Intention

Need for Interaction with

95% Confidence Interval of the Effect Size/Level

Service Employees Impact Level St;‘iird T-S\’/taaltlisetic p Value
Level Value Lower Bound/Level Upper Bound/Level
Low 3.25 0.7141 0.0582 12.2684 0.0000 0.5997 0.8285
Medium 4.75 0.6348 0.0562 11.3060 0.0000 0.5245 0.7452
High 6.00 0.5688 0.0682 8.3425 0.0000 0.4348 0.7028
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Table 11. Cont.

Conditional Indirect Effect: Expectation-Confirmation — Satisfaction — Continuance Intention

Need for Interaction with 95% Confidence Interval of the

Pairwise Differences

Service Employees Resampling Effect Size/Level Pairwise Comparison Differences ' (95%
Impact Level Standard Confidence Interval)
Error Lower Upper Differences Between Difference Lower Upper
Level Value Bound/Level Bound/Level Levels Level SE Bound/Level Bound/Level
Low 3.25 0.4739 0.0474 0.3855 0.5703 Medium-Low —0.1335 0.0278 —0.1922 —0.0809
Medium 4.75 0.3404 0.0387 0.2662 0.4171 High-Low —0.2294 0.0451 —0.3225 —0.1432
High 6.00 0.2445 0.0411 0.1611 0.3233 High-Medium —0.0958 0.0175 —0.1318 —0.0618
Conditional Direct Effect: Perceived Enjoyment — Continuance Intention
Need for Interaction with o . .
Service Employees Impact Level Standard T-Statistic p Value 95% Confidence Interval of the Effect Size/Level
Error Value
Level Value Lower Bound/Level Upper Bound/Level
Low 3.25 0.6777 0.0522 12.9784 0.0000 0.5750 0.7804
Medium 4.75 0.5972 0.0497 12.0229 0.0000 0.4996 0.6949
High 6.00 0.5302 0.0624 8.5019 0.0000 0.4076 0.6528
Conditional Indirect Effect: Perceived Enjoyment — Satisfaction — Continuance Intention
95%
Need for Interaction with Confidence o ) . Pairwise Differences
. Resamplin Interval of the Pairwise Comparison Differences (95%
Service Employees pling .
Impact Level Standard Effect Confidence Interval)
Error Size/Level
Lower Upper Differences Between Difference Lower Upper
Level Value Bound/Level Bound/Level Levels Level SE Bound/Level Bound/Level
Low 3.25 0.3882 0.0471 0.2999 0.4865 Medium-Low —0.1117 0.0308 —0.1772 —0.0557
Medium 4.75 0.2765 0.0361 0.2042 0.3478 High-Low —0.1913 0.0502 —0.2968 —0.0993
High 6.00 0.1969 0.0402 0.1138 0.2723 High-Medium —0.0796 0.0195 —0.1204 —0.0434
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5. Discussion and Conclusions

The primary aim of this study is to determine the effects of chatbot characteristics
(perceived anthropomorphism and perceived intelligence) on perceived usefulness, confir-
mation, and perceived enjoyment; the effects of perceived usefulness, confirmation, and
perceived enjoyment on satisfaction; and the effect of satisfaction on continuance intention
to use chatbots. In addition, the study aims to examine the moderating role of the need
for interaction with a service employee in the effects of perceived usefulness, confirma-
tion, and perceived enjoyment on satisfaction, as well as in the effect of satisfaction on
continuance intention to use chatbots. In line with this, the analyses first revealed that
the perceived intelligence dimension positively and statistically significantly influences
perceived anthropomorphism, perceived usefulness, expectation—confirmation, and per-
ceived enjoyment. These results indicate that when users perceive a chatbot as possessing
the ability to think, learn, and respond like a human, they are more likely to evaluate it
as being more “human-like. “In addition, the results show that when users perceive a
chatbot as intelligent, they tend to believe that its functionality, response accuracy, and
ability to resolve user issues are enhanced, which in turn leads them to perceive the chatbot
as more useful. Moreover, the findings indicate that when a chatbot provides intelligent
and natural responses, it can facilitate the user experience and make it more enjoyable.
When the findings are evaluated within the framework of expectation—confirmation theory,
it appears that a chatbot perceived as intelligent by users is more capable of meeting their
expectations, which in turn enables users to confirm those expectations. These findings
are also consistent with the results reported in previous studies in the literature on this
topic [1,42,43,70,112]. Beyond merely corroborating prior findings, this study advances the
literature by identifying perceived intelligence as a foundational mechanism that concur-
rently shapes both cognitive evaluations (i.e., usefulness and confirmation) and affective
responses (i.e., enjoyment) in Al-enabled service contexts. By explicitly incorporating
Al-specific perceptual characteristics into the post-adoption phase, the study extends the
expectation—confirmation model beyond its traditional boundaries and offers a more nu-
anced, process-oriented account of user evaluation. In doing so, it provides a theoretically
enriched framework for understanding how Al-enabled systems’ intelligence reconfigures
user behavior in digital service environments.

Another finding obtained in the study is that the perceived anthropomorphism dimen-
sion positively and statistically significantly influences perceived usefulness, perceived
enjoyment, and expectation—confirmation. These findings indicate that the human-like
qualities of a chatbot create an impression of being more understandable, empathetic, and
context-sensitive, which in turn may enhance the perception that it is more capable of
solving real-life problems and thereby increase users’ perceived usefulness. These findings
indicate that a chatbot possessing human-like attributes creates the impression of being
more understandable, empathetic, and context-sensitive, which in turn may lead users
to believe that it is more capable of solving real-life problems, thereby enhancing their
perceptions of usefulness. The results also show that users perceive a human-like system
as more “understandable” and “compatible,” which consequently increases the extent
to which their expectations are met. These findings are also consistent with the results
reported in previous studies on the subject in the literature [1,42,80]. Building on prior
research, this finding contributes to the literature by demonstrating that anthropomorphic
design elements enhance not only users’ emotional engagement but also their cognitive
evaluations, such as usefulness and expectation—confirmation. This suggests that anthro-
pomorphism serves as a key mechanism that bridges affective and cognitive responses,
thereby strengthening the explanatory power of technology acceptance models in Al-driven
service environments.
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According to another finding obtained from the analysis results, the expectation—
confirmation dimension was found to positively and statistically significantly affect the
perceived usefulness and perceived enjoyment dimensions. This finding indicates that
when users’ expectations of the chatbot are met, the system is perceived as both more useful
and more enjoyable. These findings are also consistent with those reported in previous
studies conducted on the topic in the existing literature [1,29,39,42,97,106,114,120]. Simi-
larly, expectation—confirmation, perceived usefulness, and perceived enjoyment were found
to positively and statistically significantly affect the satisfaction construct. This finding in-
dicates that the high perceptions of usefulness and enjoyment that arise when expectations
are met directly contribute to user satisfaction. In other words, when users experience both
functional and emotional satisfaction, their level of overall satisfaction increases. These
findings are also consistent with those reported in previous studies conducted on the topic
in the existing literature [1,29,39,42,97,106,114,120]. Finally, the satisfaction dimension was
found to have a positive and statistically significant effect on the intention dimension. This
finding indicates that users’ satisfaction with their interaction with the chatbot increases
their intention to reuse the technology. This finding is also consistent with the results
reported in previous studies on the topic in the existing literature [1,29,42,106,114,120].
Beyond supporting prior ECM-based research, these findings contribute to the literature by
demonstrating that expectation—confirmation not only strengthens cognitive evaluations,
such as perceived usefulness, but also enhances affective responses, such as perceived
enjoyment. This finding indicates that post-adoption evaluations in Al-based services are
shaped by both utilitarian and affective dimensions, thereby extending the explanatory
scope of the expectation—confirmation model.

As aresult of the conditional effect analysis, it was found that the effect of perceived
usefulness on satisfaction is stronger among individuals with a low need for interaction
with a service employee. This indicates that individuals who have a lower need for human
interaction experience greater satisfaction with chatbot use as their perceived usefulness
increases. In addition, the results show that individuals who have a low need for interaction
with a service employee and a high level of perceived satisfaction exhibit a high intention to
reuse the chatbot. Based on the analysis results, it can be stated that the level of satisfaction
is the fundamental determinant of continuance intention to use the chatbot. Similarly, it can
be stated that the level of satisfaction is the primary determinant of continuance intention
to use chatbots. This finding suggests that users with a lower need for human interaction
are more likely to evaluate chatbot performance based on its functional benefits, thereby
strengthening the effect of perceived usefulness on satisfaction. In contrast, users with
a higher need for human interaction may place greater value on human contact, thereby
weakening the impact of system-related factors on their satisfaction. Thus, the results
highlight that individual differences in interaction preferences play a critical role in shaping
post-adoption evaluations of chatbot technologies.

When the conditional effect analysis results for the expectation—confirmation model
are evaluated, the findings show that the effect of expectation—confirmation on satisfaction
is stronger among individuals with a low need for interaction with a service employee. This
indicates that users with a lower need for human interaction experience greater satisfaction
with chatbot use when their level of expectation—confirmation is high. Moreover, the
results show that as users’ satisfaction levels increase, their intention to reuse the chatbot
increases consistently. It is observed that users who have a low need for interaction with
a human service provider and high levels of satisfaction also exhibit a high intention
to reuse the chatbot. Based on the results of the analysis, it can be stated that the level
of satisfaction is the fundamental determinant of continuance intention to use chatbots.
Furthermore, it can be stated that the need for interaction with a human moderates this
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relationship in a negative direction. This finding indicates that expectation-confirmation is
more effective for users with a lower need for human interaction, as these users tend to
evaluate chatbot performance based on the extent to which their expectations are met. In
contrast, users with a higher need for human interaction may place greater emphasis on
social and emotional signals specific to human interaction (such as empathy and emotional
feedback) rather than system-based confirmation, which, in turn, weakens the effect of
expectation-confirmation on satisfaction. Therefore, the results suggest that the explanatory
power of the expectation—confirmation model depends on users’ interaction preferences
and highlight the importance of incorporating individual differences into post-adoption
models in Al-based service contexts.

When the conditional effect analysis results for the perceived enjoyment model are
evaluated, the findings show that the effect of perceived enjoyment on satisfaction is
stronger among individuals with a low need for interaction with a service employee. The
results of the conditional effect analysis for the perceived enjoyment model show that the
effect of perceived enjoyment on satisfaction is stronger among individuals with a low need
for interaction with a service employee. Based on the analysis, it can be stated that perceived
enjoyment is a critical determinant for enhancing chatbot satisfaction. This finding suggests
that users with a lower need for human interaction are more likely to engage with chatbot
systems by focusing on the perceived enjoyment of the interaction, which strengthens the
effect of perceived enjoyment on satisfaction. In contrast, users with a higher need for
human interaction may place greater importance on human contact, thereby reducing the
relative importance of enjoyment in shaping satisfaction. Therefore, these results indicate
that the effect of perceived enjoyment is contingent upon users’ interaction preferences.
Moreover, the results show that as users’ satisfaction levels increase, their intention to reuse
the chatbot increases consistently. It is observed that users with a low need for interaction
with a human service provider and a high level of perceived satisfaction have a high
intention to reuse the chatbot. Based on the analysis results, it can be stated that the level
of satisfaction is the fundamental determinant of continuance intention to use the chatbot.
Moreover, it is possible to state that the need for interaction with a human moderates this
relationship in a negative direction. These findings are also consistent with the results re-
ported in previous studies on the subject in the literature [44,50]. This finding suggests that
although satisfaction is a strong predictor of continuance intention, its effect is not uniform
across all users. Specifically, users with a lower need for human interaction are more likely
to translate their satisfaction with chatbot use into continued usage, whereas users with a
higher need for human interaction may rely more on human contact, which weakens this
relationship. Therefore, these results highlight that the satisfaction—continuance intention
relationship is contingent upon users’ interaction preferences, emphasizing the importance
of individual differences in Al-based service adoption.

5.1. Theoretical Contributions

This study provides several important theoretical contributions by extending the
expectation confirmation model (ECM) and offering a deeper understanding of chatbot-
driven user experiences in mobile banking.

First, this study expands the classical ECM by integrating both a hedonic variable
(perceived enjoyment) and Al-specific perceptual constructs (perceived intelligence and
perceived anthropomorphism). In doing so, it provides a more comprehensive explanation
of user behavior by capturing not only cognitive evaluations but also emotional and Al-
driven experiential factors. This extended framework enables a more holistic understanding
of chatbot usage by incorporating both functional and experiential dimensions. Importantly,
the findings reveal that different determinants exert varying levels of influence on user
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satisfaction and continuance intention. Among these, satisfaction exhibits a strong effect
on continuance intention, highlighting its central role as the primary driver of sustained
chatbot usage. This finding reinforces the core premise of ECM while also demonstrating
that satisfaction remains the dominant mechanism linking user evaluations to behavioral
outcomes in Al-based service contexts.

In addition, confirmation was identified as one of the strongest antecedents of satis-
faction, compared to perceived usefulness and perceived enjoyment. This indicates that
users’ post-usage evaluation of the extent to which their expectations are met plays a more
critical role than purely functional or hedonic perceptions. From a theoretical perspective,
this finding strengthens the central position of expectation—confirmation theory within
Al-enabled service environments. Moreover, the relatively weaker effect of perceived
enjoyment suggests that, in utilitarian service contexts such as mobile banking, cognitive
and confirmation-based evaluations outweigh affective responses. This finding contributes
to the ongoing debate in the literature by showing that, although emotional factors are
relevant, their impact remains secondary compared to cognitive evaluations in financial
service settings.

Another important contribution of this study lies in the incorporation of the need
for interaction with a service employee as a moderating variable. While prior research
has predominantly focused on cognitive and affective determinants of technology usage,
this study demonstrates that users’ preference for human interaction plays a critical role
in shaping behavioral outcomes. The findings indicate that users with a higher need for
human interaction are less likely to translate satisfaction into continuance intention. This
result suggests that positive evaluations of chatbot performance do not automatically lead
to continued usage, particularly for users who value human contact. In this respect, the
study contributes to the technology acceptance and self-service technology literature by
highlighting the importance of individual differences in human interaction preferences.
It provides empirical evidence that the effectiveness of Al-based services is contingent
not only on system-related factors but also on users’ inherent expectations regarding
human interaction.

Finally, this study offers a sector-specific contribution by examining chatbot usage
within the context of mobile banking. While prior research has largely focused on e-
commerce and general service environments, relatively limited attention has been given
to high-risk and trust-sensitive domains such as financial services. By focusing on mobile
banking, this study provides unique insights into how users evaluate and adopt Al-based
services in contexts where reliability, security, and trust are critical. The findings demon-
strate that, in such contexts, cognitive evaluations—particularly confirmation and perceived
usefulness—play a more dominant role than affective responses. This suggests that user
behavior in financial service environments follows different dynamics compared to other
digital service contexts. Accordingly, the study highlights the importance of contextualizing
technology adoption models and cautions against generalizing findings across different
sectors without considering domain-specific characteristics. Overall, by integrating ECM,
TAM, and Al experience literature and by incorporating both effect size interpretations
and contextual insights, this study provides a comprehensive and nuanced theoretical
framework that advances the understanding of sustained technology use in Al-enabled
service environments.

5.2. Managerial Implications

This study is expected to contribute to practice by providing a roadmap for practi-
tioners regarding the strategic use of artificial intelligence in digital banking, enabling the
optimization of user satisfaction, the strengthening of customer loyalty, and more effective
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competition within the increasingly dynamic digital banking landscape. The advancement
of perceived intelligence, which lies at the core of Al-enabled mobile banking applications,
requires the development of systems that not only execute transactions successfully but
also anticipate and respond to individual customer needs, providing personalized financial
services and tailored support. Such systems enhance users’ trust in digital platforms and
encourage user engagement, as they offer a personalized banking experience aligned with
customers’ financial goals [42,121]. Perceived anthropomorphism is considered a funda-
mental component in humanizing digital interactions, as it can make the user experience
more enjoyable and engaging [42,122]. Therefore, it is argued that systems simulating
human-like interactions—such as those based on natural language processing or affective
artificial intelligence—may significantly enhance the attractiveness and efficiency of digital
banking services [9,78,123]. The findings indicate that users perceive chatbots not only
as functional tools but also as service channels that provide enjoyable and human-like
experiences. In line with these findings, practitioners may enhance chatbot interfaces
with human-like qualities—such as the ability to demonstrate empathy—thus designing
systems that enable users to feel valued. However, managers should carefully calibrate the
level of anthropomorphism, as excessive or poorly implemented human-like features may
undermine credibility and trust. Therefore, a balanced approach that combines functional
efficiency with appropriate social cues is recommended.

An examination of the study’s results reveals that perceived usefulness, perceived
enjoyment, and confirmation emerge as strong determinants of satisfaction, while satisfac-
tion itself exerts a significant and positive influence on continuance intention. In digital
banking applications, beyond the chatbot’s usefulness and the convenience it provides,
its ability to entertain users through personalized services is regarded as a fundamental
factor influencing users” adoption of the chatbot and their intention to continue using it.
Nevertheless, the digital services offered through chatbots must be perceived by users as
efficient, secure, and accessible in a clear and trustworthy manner. This not only refers
to the provision of such features, but also to meeting users’ financial needs in a secure
and practical manner. In this context, practitioners are advised to place greater emphasis
on user feedback mechanisms and to develop a range of services that meet—and even
exceed—user expectations. This will help create an environment of trust and satisfaction
that fosters long-term relationships with digital banking platforms [42]. These findings
provide a more nuanced understanding of chatbot usage by demonstrating that both cog-
nitive and affective evaluations jointly shape user satisfaction and continuance intention.
These findings suggest that managers should not rely solely on performance-oriented im-
provements but also prioritize experience-driven service design. In this regard, integrating
functional service quality with experience-enhancing features—such as personalization, in-
teractive communication, and emotionally engaging interfaces—can significantly improve
user outcomes. By highlighting the simultaneous role of perceived usefulness, perceived
enjoyment, and confirmation, this study contributes to practice by offering a more compre-
hensive framework for designing Al-enabled services that address both efficiency and user
experience. Such an integrated approach is particularly critical for ensuring long-term user
retention in increasingly competitive digital banking environments.

It was found that, during interactions with chatbots, individuals with a low need for
human interaction experience stronger effects of perceived usefulness, perceived enjoy-
ment, and expectation-confirmation on satisfaction. Based on this finding, it is possible to
state that perceived usefulness, perceived enjoyment, and expectation-confirmation are
critical determinants for enhancing chatbot satisfaction. Offering flexible solutions tailored
to users’ need for interaction, such as optimizing autonomous use for individuals with a
low need for human interaction by providing advanced self-service options and automated
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solution suggestions, and incorporating human-assisted transition mechanisms for those
with a high need for interaction, including features like a “connect to live support” button,
together with developing strategies that enhance chatbot functionality (e.g., delivering
personalized responses and rapid problem resolution), can increase perceived usefulness.
This, in turn, may positively influence perceived satisfaction and thereby enrich the overall
chatbot experience in accordance with users’ interaction needs [42,44,50]. Similarly, de-
veloping strategies that enhance the level of perceived enjoyment, such as implementing
loyalty programs with dynamic, interactive, gamified rewards for users who experience low
perceived enjoyment, and designing humorous, personalized, and interactive responses,
can increase perceived enjoyment. This, in turn, may positively influence perceived sat-
isfaction and thereby enrich the overall chatbot experience in line with users’ interaction
needs [42,44,50]. These findings highlight the critical importance of user heterogeneity in
Al-enabled service environments and demonstrate that a one-size-fits-all service approach
may not be effective. Instead, managers should adopt segmentation-based strategies that
differentiate users according to their interaction preferences. In particular, developing
hybrid service models that combine Al-driven automation with human support options
can better address diverse user expectations. This implies that allowing seamless transitions
between chatbot and human assistance, while maintaining consistency in service quality,
can enhance both satisfaction and continuance intention. By explicitly incorporating the
need for interaction as a moderating factor, the study contributes to practice by offering
a more nuanced framework for designing flexible and user-adaptive service systems in
digital banking contexts.

Moreover, offering flexible solutions tailored to users’ need for interaction, such as
optimizing autonomous use and providing automated solution suggestions for users with
a low need for human interaction, and employing transparent communication and clear
service commitments, enabling access to live support without long waiting times, and
incorporating human-assisted one-to-one support and feedback mechanisms for users
with a high need for interaction, along with developing strategies aimed at increasing
the level of expectation—confirmation, may positively influence perceived satisfaction. In
turn, this can enrich the overall chatbot experience in accordance with users’ interaction
needs [42,44,50,124]. An examination of the analysis results indicates that users who have a
low need for interaction with service employees and who exhibit high levels of satisfaction
are more likely to demonstrate a strong intention to reuse the chatbot. Based on the analysis
results, it is possible to state that the level of satisfaction is the primary determinant of users’
intention to continue using the chatbot. Implementing targeted strategies that integrate
satisfaction with usefulness, enjoyment, and confirmation for users with different levels
of interaction need—such as providing real-time support lines, empathy-based responses,
traceable feedback loops, and personalized, functionally enriched interactions for users
with a high need for human interaction; and offering personalized, creative, and humorous
responses, entertaining informational elements within the chatbot interface, financial tips,
or mini-tasks such as a “transaction of the week,” along with gamified rewards for low-
interaction-need users who exhibit low satisfaction—can enhance satisfaction and help
prevent loyalty loss [37,52,124]. These findings further underline the strategic importance
of aligning chatbot design with varying levels of user interaction needs and satisfaction
drivers. Rather than treating satisfaction as a uniform outcome, managers should recognize
it as a dynamic construct shaped by different combinations of usefulness, enjoyment,
and confirmation across user segments. This implies that developing adaptive service
strategies—such as tailoring interaction styles, response types, and support mechanisms
to different user profiles—can significantly enhance both satisfaction and continuance
intention. In this context, integrating real-time personalization, proactive support features,
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and differentiated engagement strategies can help organizations not only improve user
experience but also reduce potential loyalty loss. By linking satisfaction management with
user heterogeneity, this study contributes to practice by offering a more strategic and flexible
framework for sustaining long-term user engagement in Al-enabled service environments.

5.3. Limitations and Future Research

The most significant limitation of this study is that the data were obtained through a
survey using a convenience sampling method. Therefore, the findings cannot be general-
ized to the entire population. In future studies, the research model may be tested using
probabilistic sampling methods and by taking into account different demographic groups,
cultural contexts, and sectors.

Second, while responding to the survey, participants based their answers on their own
experiences with different chatbot systems available in mobile banking applications. This
situation indicates that participants may have evaluated chatbots with different charac-
teristics in terms of technological sophistication, functionality, and interface design. Such
differences may have affected user evaluations and led to heterogeneity in the data. In
future studies, this limitation can be addressed by focusing on a single chatbot system or
by comparing different chatbot designs in controlled environments.

Third, this study is limited to the context of mobile banking. Financial services have a
structure that includes high levels of perceived risk, trust, and sensitivity [20,67]. In such
high-risk contexts, trust, privacy concerns, and perceived risk are known to play an impor-
tant role in user behavior [20,67,125]. However, these variables were not included in the
current research model. This situation is considered an important limitation of the study;,
and it is recommended that future studies include contextual variables such as trust, privacy
concerns, and perceived risk in the model and examine these relationships more comprehen-
sively. In addition, although the variables included in the model are important, other factors
that may affect chatbot usage behavior should also be taken into consideration. In this con-
text, in future studies, variables such as perceived timeliness [126], perceived warmth and
perceived competence [62], technology anxiety [29] technology readiness [127], and interac-
tion quality and customer experience dimensions [42] can be included in the model, which
may contribute to explaining user behavior more comprehensively. In addition, by using
qualitative research methods, users’ emotional and social experiences can be examined in
greater depth, providing richer insights into human-artificial intelligence interaction.

However, the literature shows that chatbot usage has different dynamics across various
sectors [29,50,67,72,128]. In this context, although the basic structure of the model can
be applied to different sectors, it is considered that the relative importance of cognitive
(e.g., perceived usefulness and confirmation), emotional (e.g., enjoyment), and contextual
variables may vary depending on the type of service. In addition, the moderating role of the
need for interaction with a service employee may vary depending on the context. Especially
in high-risk services such as banking and finance, users’ need for human interaction may
be more pronounced, whereas in more routine and low-risk services such as e-commerce,
users may be more inclined toward automated systems [50]. Therefore, it is recommended
that future studies test the proposed model in different sectors such as e-commerce, finance,
healthcare, and tourism in order to examine the effects of contextual factors on user behavior
more comprehensively [29].

Another important limitation of this study is that it is based on cross-sectional data.
This limits the ability to strongly establish causal relationships between variables. In future
studies, the use of experimental or longitudinal research designs will contribute to testing
these relationships in a more robust and reliable manner.
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6. Conclusions

In conclusion, this study demonstrates that both cognitive and emotional evaluations
play a crucial role in shaping user satisfaction and continuance intention toward the use of
Al-enabled chatbots in mobile banking. The findings indicate that perceived intelligence
and anthropomorphism enhance users’ evaluations, which, in turn, strengthen satisfaction
and foster continuance intention. Moreover, the results highlight that individual differ-
ences, particularly the need for interaction with service employees, serve as a key boundary
condition influencing these relationships. Taken together, the study advances a more com-
prehensive understanding of chatbot adoption by integrating functional, emotional, and
individual-level factors and offers valuable insights for both researchers and practitioners.
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