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Abstract

This study examines how the design and interaction features of Al-powered fintech chatbots
shape the customer experience of Generation Z users by integrating the Stimulus-Organism-
Response framework with dual-process perspectives. Two cross-sectional surveys were
conducted in Tirkiye. Study 1 (n = 166) examines the effect of social presence, interactivity,
visual appeal, design originality, and usability on perceived competence and perceived
warmth, which, in turn, shape the customer experience. Social presence and design
originality significantly increased perceived competence (3 = 0.47, p < 0.001), while visual
appeal enhanced perceived warmth (3 = 0.32, p < 0.001). Together, competence and warmth
explained a substantial proportion of customer experience (R?> ~ 0.60). Usability and
interactivity showed no significant effects. Study 2 (n = 195) replicated these findings with
trained users and introduced task complexity as a moderator. Under high task complexity,
usability and interactivity became significant predictors of competence, which emerged as
the primary driver of customer experience, whereas the influence of warmth diminished.
Non-normal data distributions justified the use of Partial Least Squares Structural Equation
Modeling. Overall, the findings suggest a shift from heuristic to systematic processing as
fintech tasks become more complex, highlighting the growing importance of competence-
based evaluations in fintech chatbot interactions.

Keywords: fintech chatbots; Generation Z; consumer experience; Expectation-Confirmation
Model (ECM); Heuristic-Systematic Model (HSM); Stimulus-Organism-Response (SOR) theory

1. Introduction

According to the Digital 2025 Global Overview Report published by We Are Social,
a media network that has been operating since 2008 and regularly publishes global dig-
ital data, 5.56 billion of the world’s 8.2 billion population use the internet, 5.24 billion
people have created a social media profile, and internet usage among consumers aged
16-24 is 7 h and 35 min for men and 7 h and 11 min for women [1]. The same report
also shows that the percentage of the population using the internet in Tiirkiye, where
the study was conducted, is 88.3%, while those using mobile phones for internet access
account for 96.9% of the population aged 16 and over who use the internet [1]. In today’s
digital world, where individuals spend a significant amount of time in online environments,
companies place importance on providing 24/7 online services and maintaining effective
communication with customers [2]. Furthermore, it has required adapting to changes in
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customer expectations driven by technological developments [3]. One of the technologies
companies use to enhance customer experience and maintain communication is artificial
intelligence (AI) technology [4]. This technology enables companies to successfully par-
ticipate in their marketing, production, and delivery processes [5,6]. Chatbots, which are
artificial intelligence-based technologies with human-like characteristics, are programs
that enable users to communicate digitally with a virtual entity to obtain information or
entertainment [7]. In particular, Al-powered fintech chatbots used in digital and mobile
banking represent a rapidly growing subset of these applications. Chatbots are software
that enable personalized interactions with users by establishing human-like dialogues,
and, particularly in the context of fintech and digital banking services, increase customer
satisfaction with fast, automated responses [8]. Recent industry reports suggest that a sub-
stantial proportion of consumer-brand interactions are increasingly supported by chatbot
technologies [9]. These robots can simulate natural language conversation by exchanging
human-like text or speech (or both) as input and output [10]. Chatbots are widely used
in frontline-stage business processes [11], on digital platforms and marketplaces [2], and
in mobile applications [12]. Chatbots enhance the customer experience on the platforms
where they are used and meet customer expectations through real-time interaction [13,14].

Artificial intelligence (AI) technology is becoming increasingly important in providing
users with unique and personalized experiences in physical and digital environments [15].
At this point, AI chatbots are becoming increasingly widespread in marketing applications,
enabling them to interact with customers like humans, thereby reducing customer calls and
the resulting workload [4]. Statistics indicate that the chatbot market is experiencing rapid
growth. The chatbot market, which continues to experience rapid growth in the customer
service segment, is projected to grow at a compound annual growth rate (CAGR) of 23.3%
between 2022 and 2030 [16]. From a sectoral perspective, investments in Al-powered fintech
services and banking chatbots have been increasing rapidly. The projection that the global
fintech market will grow by approximately 25 percent between 2022 and 2027 and reach
324 billion USD by 2026, together with the rise in the number of banking chatbot users in
the United Kingdom from 1 million in 2020 to 7 million in 2023, indicates a fast-growing
adoption of Al-driven solutions in financial services [17]. Previous studies on chatbots have
primarily focused on identifying the motivational factors that influence users’ continued
use of this technology in their financial and service-related decision-making processes [15].
The algorithmic information processing systems of chatbots can contain cognitive and
environmental cues similar to those found in financial advertisements [18], which can also
influence users’ perceptions of specific fintech-oriented chatbot functions [19]. Chatbots
integrate various behavioral and psychological marketing elements to cater to customers
at multiple stages of their financial purchasing journey, with human-like characteristics
taking precedence [20].

Araujo [21] highlights two fundamental challenges in presenting chatbots, which
are a type of disembodied conversational agent (DCA). First, since how chatbots are
introduced to consumers and how they are framed (e.g., their human-like appearance)
significantly influences consumer perceptions, designers and companies must present
chatbots effectively in financial service contexts as well. Second, endowing chatbots with
human-like characteristics (e.g., using a warm tone of voice or giving them a human-
sounding name) affects consumers’ perceptions of both the chatbot and the company
using it, as well as their overall experience with the chatbot in fintech environments. To
address these gaps, the current study incorporates the humanness features suggested by
Dwivedi et al. [20], with particular reference to Yoganathan et al. [22]. The latter’s work
provides a foundational insight into the field by investigating the interplay of psychological
cues within the financial customer journey. It highlights the importance of warmth and
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competence transmission as key variables for assessing perceived humanness within social
cognitive models.

However, not all customers interact with Al-powered online financial solutions in
the same way, and Generation Z (those born between the mid-1990s and early 2010s)
stands out as a distinct consumer group with unique behaviors [23]. It is well known that
Generation Z is a tech-savvy group that frequently conducts digital banking activities,
utilizes fintech applications, and possesses high levels of digital fluency and literacy [24].
Additionally, personalized financial assistants and chatbots have been found to enhance
the user experience and boost Generation Z’s confidence in financial decision-making [23].
Although previous studies have investigated the impact of chatbot quality on Generation
Z in terms of the information and systems they provide [2,25], insufficient focus has been
placed on researching the effects of fintech chatbot design, usability, and social interaction
features within fintech contexts for Generation Z consumers, resulting in a significant gap
in the literature.

Studies have found that Gen Z individuals have a limited ability to respond to complex
financial queries when using chatbots and may even require human intervention and access
to broader financial data [26]. Nevertheless, the impact of chatbots on consumers across
generations is a topic worthy of further research [27]. The importance of focusing on
millennials [28] and Gen Z [2] is also emphasized in the literature. Based on this, the
manuscript aims to answer the following research questions:

(i) How do specific features of Al-powered fintech chatbots in smartphone applications
influence the internal perceptions of Generation Z users, and how do these perceptions
shape the ultimate customer experience?

(i) How does the complexity level of the financial task Generation Z users interact
with, the human-like features expected from an Al-powered fintech chatbot, and the
influence of these features on the customer experience change?

To address these gaps, this study develops a framework that explains how the design,
usability, and social interaction/human-like features (stimulus) of fintech chatbots used in
smartphone applications influence customer experiences (responses) through the internal
cognitive and affective states (organism) of Generation Z consumers. This framework (see
Figure 1) integrates complementary models to uncover these relationships. First, we draw
on the Stimulus-Organism-Response (5-O-R) model, which explains how environmental
factors (stimulus) affect individuals” internal states (organism) and how this leads to behav-
ioral outcomes (response). This model provides a suitable framework for understanding
how Al-powered fintech and digital banking chatbots shape Gen Z’s perceptions and emo-
tional states (organism) toward financial customer experience (response) through stimulus.
Second, we utilize the concepts of Social Interaction Characteristics and Humanness to ex-
amine the impact of chatbots” human-like characteristics and social interaction capabilities
on user perceptions and experiences within financial service environments. In this form,
the study contributes two critical insights to the literature.

The first contribution of this study is that it explains how heuristic cues derived from
chatbot input factors shape users’ initial perceptions of competence and warmth through
the HSM (heuristic-systematic model). The current study uses HSM to explain how users
form quick judgments in their initial interactions with fintech and banking chatbots [29].
HSM suggests that individuals use either a deep and analytical approach (systematic
processing) or mental shortcuts and superficial cues (heuristic processing) when processing
information. HSM can strike a balance between complexity and ease of application [30].
Especially in interactions that require quick evaluation, such as financial queries conducted
via chatbots, users are likely to resort to heuristic processing to use their limited cognitive
resources efficiently. Dogruel et al. [31] consider heuristic methods as cognitive shortcuts
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adopted to reduce the complexity of computational tasks and decrease the use of resources
such as cognitive activity and time. This aspect provides a legitimate basis for using HSM
in the current study and aligns with expectations regarding the chatbot’s response. The
input factors in the model shown in Figure 1 are conceptualized as heuristic cues that
enable users to form quick judgments about the chatbot’s perceived competence (PC) and
perceived warmth (PW), particularly in relation to financial task accuracy and interaction
quality. This approach enables us to understand how chatbots’ interface design, interaction
style, and sense of social presence shape users’ initial expectations regarding the chatbot’s
potential task effectiveness and helpfulness intent in financial service contexts before they
engage in a deeper interaction. Therefore, using this model to examine the perceptions
of Generation Z users of smartphone-based fintech applications that host chatbots sheds
light on the psychological processes at the first point of contact and which specific design
elements are practical in these processes.
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Figure 1. Research framework.

The present study provides a second significant contribution to the literature by inte-
grating ECM [32,33] to explain how the customer experience is shaped after users interact
with chatbots. ECM claims that satisfaction or overall experience evaluations are formed
by comparing individuals” initial expectations for a product or service with the actual
performance they experience. In accordance with ECM [34], it has been revealed that users’
initial expectations of a service or product, and the extent to which these expectations are
confirmed, significantly influence all subsequent interactions and their final perception

of satisfaction. Alnaser et al. [35] emphasize that meeting expectations significantly af-
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fects user satisfaction and experience in Al-supported financial services. By combining
Al features with ECT, Bhatnagar & Rajesh [36] highlight AI’s role in shaping young con-
sumers’ satisfaction and continuance intention in fintech ecosystems. The findings of the
mentioned study confirm the strong effect of e-satisfaction on continuance intention in both
generations, particularly among Generation Z. In the current study, perceived competence
(PC) and perceived warmth (PW), generated by feeding the input variables specified in
Figure 1 into the HSM, represent users’ expectations for the chatbot’s performance and
interaction quality during financial tasks. After users interact with the chatbot, these initial
expectations are compared with the chatbot’s actual capabilities (e.g., understanding and
resolving financial queries correctly) and interaction style (e.g., attitude toward the user). If
the chatbot’s performance meets or exceeds these expectations, positive validation and a
positive customer experience are expected; otherwise, negative validation, disappointment,
and a negative experience are anticipated. The use of this model in smart applications, par-
ticularly for chatbots and Generation Z, plays a crucial role in understanding the dynamics
underlying post-use evaluations and the ultimate financial customer experience, extending
beyond first impressions, and demonstrating how initial perceptions of perceived compe-
tence (PC) and perceived warmth (PW) influence this experience. Thus, the importance of
creating an attractive, genuine, and trustworthy first impression in fintech-oriented chatbot
design, as well as delivering performance that supports this impression, is emphasized for
a holistic customer experience.

2. Theoretical Background
Stimulus-Organism-Response (S-O-R) Framework

The current study examines Al-powered fintech chatbots used in digital banking
services, focusing on their social features, usability, and design dimensions from the
perspective of Generation Z. We believe that the S-O-R framework will support the the-
oretical representation of the model applied in the study. First developed by Mehrabian
& Russell [37] and modified by Jacoby [38], the S-O-R framework posits that external
environmental variables encompassing auditory, visual, and olfactory stimuli (S) may influ-
ence individuals’ internal cognitive processes, emotional states, and emotional responses
(O), resulting in psychological tendencies or behavioral responses (R) [2,37,38]. Studies
examining differences and changes in users’ attitudinal and behavioral reactions about
information systems frequently utilize the S-O-R framework [39].

Recent studies on Al chatbots and consumer behavior have found that the S-O-R frame-
work provides a theoretical basis for understanding these interactions. For instance, Hwang
& Kim [40] show that the core properties of financial chatbots, such as rapid response,
transaction accuracy, and constant availability, significantly shape users’ cognitive states
(e.g., trust and perceived usefulness) and affective reactions (e.g., comfort and reduced
stress), which in turn translate into higher satisfaction and continued usage intentions.
Customer satisfaction with customer service [2], usage-based value co-creation [41], online
purchase intent [42], and customer perception, response, experience, and adoption of online
services [43—45] have been associated with chatbot Al, and the S-O-R framework has been
preferred as the theoretical background. Furthermore, the literature indicates that the same
theoretical framework is used in studies investigating customer engagement on online
sharing and social media platforms [46] and online repurchase intention [47] based on
artificial intelligence. Similarly, a study examining the effect of Al chatbots” human-like
characteristics on the intention to switch to human agents through trust also employed
the aforementioned framework [48]. The framework, which is described as a well-justified
theoretical background in technology-related contexts [49], has been used as a model in
studies focusing on different generations. The framework has been adopted as a theoretical
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background for studies focusing on the quality of Al chatbots and their effects on Gen Z’s
satisfaction and advocacy [2], as well as on enhancing millennial consumers” experiences
through social media marketing [28].

In the context of Al-powered fintech chatbots, the input variables of interactivity,
social presence, usability, visual appeal, and design origin have been included as stimuli in
the S-O-R-based model of the current study. Among social factors, interaction enhances
users’ sense of control and shapes their experience through the two-way communication
established between chatbots and users [50]. Social presence creates the perception that
someone is talking to the user, thereby making them feel at ease, depending on the chatbot’s
human-like qualities and attitudes [51]. When considering appearance factors, it is well
understood that visual interface design serves as a visual stimulus that creates appeal
and enhances the consumer experience [15]. Additionally, the perception of whether the
design originates from a local or foreign source can affect users’ trust and familiarity.
Usability, another key factor, emphasizes the ease and accuracy of users’ interactions with
the chatbot interface, thereby shaping users’ overall experience [52]. VakifBank—ViBi,
warmth and competence are two critical dimensions that determine humanness in social
psychology [53]. Beyond being digital natives, Generation Z members are characterized
as highly conscious and critical consumers who demand transparency and reliability
in their financial dealings. For this cohort, technological fluency is accompanied by a
heightened sensitivity to data security and ethical standards. Therefore, trust emerges as
a pivotal element in the fintech context; without establishing a foundation of trust, the
advanced functional features of Al chatbots may fail to convert into a sustained positive
customer experience. Furthermore, in some studies on chatbots, these dimensions have
been used as mediating variables to investigate the consumer purchase journey and chatbot
experience [20,54]. In the current study, humanness factors were placed in the “organism”
stage because they represent individuals” psychological, emotional, and cognitive states
that are unique to each person [37]. Indeed, human characteristics endow chatbots with
the ability to behave warmly and sincerely and to provide valid answers to questions
asked [20]. Finally, customer experience encompasses the entire customer journey, from
the first point of contact to all interactions experienced during a purchase [55]. Moreover,
experience level is the cumulative result of all cognitive processes, emotional responses,
and interactions that shape an online customer’s perspective of a product or brand [56].
Therefore, in the present study, customer experience (CX) is considered as a Response
element within the S-O-R framework.

3. Hypotheses Development
3.1. Usability (Us)

Usability (Us) is a characteristic that expresses the degree to which a human—-computer
interface can be used to effectively and efficiently achieve a defined goal, and it affects the
digital customer experience [57,58]. According to [15], Us is one of the dimensions that
should be prioritized in e-service environments. Consistent with this view, Rafiq et al. [44]
find that perceived ease of use substantially improves users” attitudes toward chatbots,
reduces their cognitive load, and positively shapes their overall service experience. In the
context of digital banking, Ionascu et al. [59] further demonstrate that perceived ease of
use, together with speed and security, strongly determines users’ behavioral responses
and overall customer experience in fintech services. Customers perceive companies that
use chatbots on e-commerce sites as innovative because they can initiate conversations
or demonstrate product or service functionality [60]. Chatbots can provide personalized
communication tailored to customers’ specific needs, thereby preventing additional compli-
cations and explaining the importance of reliability in addressing customer needs [60,61].
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The literature suggests that a chatbot specifically designed for an individual’s use has a
positive effect on perceptions of warmth and competence [54]. To understand the effect of
this low cognitive variable, we posit as follows:

Hj (. Us positively affects PC.

Hy(). Us positively affects PW.

3.2. Interactivity (In)

Interactivity (In), which refers to the level of interaction with the virtual service en-
vironment and chatbots, affects consumers’ trust and experience with Al chatbots [62].
It is also defined as having high-speed response capabilities and being user-friendly in
chatbots [63]. Achieving high In increases user adoption of chatbots and enhances their
experience [21]. Empirical evidence in the financial services domain also suggests that
chatbots’ ability to provide instant responses and reduce waiting time enhances perceived
interaction quality, thereby directly strengthening user satisfaction [40]. Highly interactive
virtual environments tend to evoke positive emotions, such as enjoyment, curiosity, and ex-
citement, among customers, whereas low-interactive environments can lead to indifference
or boredom [15,64]. In addition, designs that increase and enhance the virtual experi-
ence [21,64]. Digital customers expect interactions with Al chatbots to reflect human-like
characteristics [21] and to meet hedonic expectations, such as being designed to resemble
human conversation [65]. To evaluate the effects of the relevant variable, we posit as
follows:

Hy,). In positively affects PC.

Hy(,). In positively affects PW.

3.3. Visual Appeal (VA)

According to Tran et al. [66], the aesthetic appeal of e-service environments is evaluated
based on two factors: entertainment and visual appeal (VA). Indeed, VA, which is the first
point of contact consumers have with a product, conveys the aesthetic appeal of the interface
in e-service environments, and an interface designed in this direction provides a memorable
user experience [64]. VA is the first step in a consumer’s encounter with a technological
product, leading them to associate the visual appearance of the product’s interface with
its usefulness and functional performance [67]. According to Kim [15], visually appealing
chatbots increase user satisfaction and engagement, accompanied by positive emotions.
Similarly, Rafiq et al. [44] report that well-structured and aesthetically pleasing chatbot
interfaces foster more favorable user perceptions and increase the likelihood of technology
adoption. To test the role of this variable on the research model, we posit as follows:

Hyq). VA positively affects PC.

Hyq). VA positively affects PW.

3.4. Social Presence (SP)

Social presence (SP) is the perception of an individual’s digital or physical counterpart
in interaction as a socially present, responsive, and interactive entity [68]. This perception
creates the impression that a real social actor is present to the user and facilitates the attri-
bution of human-like characteristics (anthropomorphic qualities) to this interlocutor [21].
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In line with this, Wut et al. [69] demonstrate that incorporating human-like conversational
style and socially oriented communication cues into chatbots increases users’ perceived
social presence and enhances their overall customer experience. Focusing on financial chat-
bots, Choi et al. [70] further confirm that a strong sense of social interaction and presence
reinforces users’ trust in chatbot-based services. SP, one of the human-like characteristics
attributed to machines in human-machine interaction, plays a vital role in explaining
the relationship between chatbots’ social cues and users’ social responses [71]. Further-
more, Klein et al. [72] have argued that a warm and highly interactive chatbot design can
strengthen SP. There is a positive relationship between SP and the perceived humanness
ratings of chatbots [73]. Hess et al. [74] also claimed that SP could convey a sense of warmth,
sociability, and human touch with technology. To determine whether this variable had a
significant effect, we posit as follows:

Hyw). SP positively affects PC.

H>w). SP positively affects PW.

3.5. Originality of Design (OD)

Originality is a complex structure in human-artificial intelligence interaction, based on
the collaboration between human creative intent and the productive capabilities of artificial
intelligence [75]. The originality of design (OD), which expresses the chatbot interface’s
uniqueness and creativity, can increase user interest and satisfaction [15]. Arrighi et al. [76]
have documented an initial phase in which industrial designers develop conceptual visions
through drawings guided by a design brief. Building on this foundation, when examining
chatbot usage and design origins, the OD for a chatbot can be expressed through a series of
initial elements such as the fundamental problem definition established by its developers,
the needs of the target user audience, the desired personality traits for the chatbot (e.g.,
helpful, humorous, formal), core functions, and the targeted user experience Bitner [77]
XY emphasizes that OD features in physical service stores appeal to consumers” aesthetic
perceptions Yadav & Mahara [78] highlights that aesthetic and layout perceptions of design
in the e-service environment are strong determinants of purchase intention. Additionally,
Kim [64] found that OD significantly reduced users’ negative emotions but did not have
a statistically significant effect on directly increasing positive emotions. Complementing
these findings, Rafiq et al. [44] show that innovative and original design elements lead users
to evaluate chatbots as “innovative” and “value-creating” services, thereby strengthening
their acceptance and adoption intentions. The author also found that OD has a meaningful
positive effect on users’ behavioral intentions to continue using technology, albeit indirectly,
through emotional responses and satisfaction. In this regard, it is thought that the interface
and interactions provided by chatbots” OD may also function to reduce users’ negative
emotions, thereby indirectly and positively affecting their behavioral intentions.

The practical and positive perception of Al-powered chatbots by users is primarily
related to PC and PW, which are fundamental dimensions that shape the perception
of humanness [20,63]. As emphasized by Dwivedi et al. [20], these perceptions play a
crucial role in shaping the chatbot experience and users’ intentions to recommend. In this
context, OD in chatbot interface and interaction design can be considered an essential factor
that influences these fundamental perceptions of humanity. In line with the definitions
provided by Kim [64], it is assumed that an innovative, fresh, or technologically advanced
OD, resonating with the cognitive cues identified in the study by Dwivedi et al. [20], can
reinforce the impression that the chatbot is more capable, intelligent, and able to perform
its tasks effectively. To this end, we posit as follows:
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Hj). OD positively affects PC.

Hy). OD positively affects PW.

3.6. Perceived Competence (PC)

Competence is the ability to adapt to changing conditions in the provision of ser-
vices [53]. Research on automation reveals that robots demonstrating proficiency in manual
tasks and interpersonal communication are viewed more positively by consumers [79].
The literature indicates that the use of Al-based service robots in hotels positively affects
word-of-mouth communication and continued usage intentions [80]. Furthermore, it has
been observed that the competence of Al-supported robots used in digital learning en-
vironments affects students” engagement levels [81]. It is known that Al chatbots with
human-like characteristics increase their PC [54], and that PC, in turn, affects CX through
perceived authenticity [82]. In addition, several studies in the literature have examined
the intention to use Al chatbots in digital service environments, as well as loyalty and
experience, and have also investigated the mediating role of PCs [20,53,54]. Extending
these insights to financial services, Lam [83] demonstrates that in fintech settings, where
financial transactions inherently carry high risk, users consistently prioritize technical
competence over socio-emotional qualities and expect high accuracy, fast processing, and
very low error tolerance from Al systems. Correspondingly, Mun & Kim [84] demonstrate
that the performance of large language model-based decision aids in financial tasks directly
shapes users’ perceptions of system competence; higher accuracy and consistency increase
cognitive trust and strengthen the overall customer experience. Moreover, Al-Daoud &
Abu-AlSondos [85] demonstrate that users’ trust in Al-driven financial services is primarily
grounded in technical indicators of reliability, explainability, and error tolerance. This sug-
gests that perceived competence becomes more salient than perceived warmth in fintech
environments where Al-powered financial chatbots support high-stakes decision-making.
To determine the explanatory and mediating power of this variable in the study, we posit
as follows:

Hj. PC positively affects CX.

Hs,). PC mediates the relationship between In and CX.

Hs,). PC mediates the relationship between SP and CX.
Hs(). PC mediates the relationship between Us and CX.
Hsq). PC mediates the relationship between VA and CX.

Hs). PC mediates the relationship between OD and CX.

3.7. Perceived Warmth (PW)

Perceived warmth (PW) refers to the consumer’s level of perception of kindness and
courtesy, which fosters stronger relationships and improves service quality, thereby affect-
ing the individual’s emotional value toward service delivery [53]. PW’s Al-based service
robots used in hotels have a positive effect on word-of-mouth communication and contin-
ued usage intent [80]. PW service delivery can yield various positive outcomes, including
satisfaction, intention to continue using, and behavioral intentions, and has a direct effect
on customer experience [20]. Al chatbots, which serve as frontline workers in e-service
environments, can increase PW among users through simple human-like movements and
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facial expressions [53] and facilitate interaction between individuals thanks to their social
skills [86]. The literature also includes several studies on loyalty and experience with chat-
bots, which examine PW’s mediating role [20,53]. However, Wut et al. [69] report that, in
financial chatbot settings, perceived warmth has only a limited effect on service evaluations
and customer experience, as users tend to prioritize technical capacity over socio-emotional
qualities during financial decision making. To test the direct and/or indirect effect of the
relevant variable on the dependent variable, we posit as follows:

Hy4. PW positively affects CX.

Hga). PW mediates the relationship between In and CX.

Hew). PW mediates the relationship between SP and CX.
Hg(). PW mediates the relationship between Us and CX.
Hg@q). PW mediates the relationship between VA and CX.

Hge). PW mediates the relationship between OD and CX.

3.8. Customer Experience (CX)

Customer experience (CX) is the sum of perceptions and evaluations that result from a
customer’s interactions with a brand, creating a positive impression of both the purchasing
process and the brand itself [87,88]. In this study, customer experience was selected as
the primary response variable rather than customer satisfaction due to its holistic and
multidimensional nature. While satisfaction often refers to a post-purchase evaluative
judgment, customer experience encompasses the user’s immediate cognitive, emotional,
and sensory reactions during the interaction. Within the 5-O-R framework, CX serves
as a more comprehensive ‘Response” that captures the direct impact of stimuli on the
organism’s internal state, reflecting the continuous journey of Generation Z within the
fintech ecosystem rather than a singular outcome of satisfaction. Puertas et al. [8] further
articulate CX as a comprehensive subjective response, a synthesis of emotions, perceptions,
and attitudes arising from a customer’s holistic engagement with an organization, encom-
passing its personnel, procedures, and, critically, its digital technologies. They underscore
that this experience is inherently multidimensional, combining cognitive facets such as
the quality of information and functional utility with affective dimensions, including the
enjoyment derived from these interactions, particularly within the online environment.
The increasing difficulty of providing high-quality service to customers in the evolving
online environment has necessitated better CX [60] and human-robot interactions that
establish secure relationships [5]. The use of artificial intelligence technologies in service
environments enhances the overall service experience [5] and fosters customer loyalty [46].
In the fintech domain, Hwang & Kim [40] empirically show that financial chatbots improve
the customer experience by increasing service speed, transaction accuracy, and accessibility,
thereby elevating satisfaction and continuance intention. Choi et al. [70] further empha-
size that customer experience with financial chatbots is primarily shaped by perceived
service quality, interaction level, and trust in the chatbot’s recommendations. Supporting
these findings, Akdemir & Bulut [89] show that chatbot communication quality is a key
antecedent of user satisfaction and that satisfaction has a more substantial effect on chatbot
reuse intention than on online purchase intention. In the present study, CX specifically
refers to Generation Z users’ holistic evaluations of their interactions with Al-powered
fintech chatbots embedded in mobile banking applications. One such technology is Al
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chatbots, which simulate human-to-human communication and operate based on natural
language processing. This topic has been extensively researched in the literature for its
direct and indirect effects on CX [9,60].

The ability to store large volumes of customer data and adapt functionality based on
previous interactions makes these bots a crucial actor in creating a positive CX [90]. Chung
et al. [13] argue that chatbots are an effective tool for increasing customer engagement
and providing flexible and customizable digital services, and that online communication
history could contribute to personalized product development processes in the future. It is
well established that the human-like interaction styles and conversation-response types
employed by customer service chatbots affect users” experiences [91]. Additionally, CX is
influenced by chatbots” Us [60], problem-solving ability [91], proactive response generation
level [27], information quality [92], PC, and PW [20].

3.9. Moderating Role Task Complexity

Customer service on e-commerce platforms is expected to assist customers through-
out their entire digital journey. While consumers value comprehensive information, the
assimilation of more data requires consumers to use additional cognitive resources to reach
a definitive purchasing decision, which can ultimately lead to cognitive overload for online
consumers [93]. Morgeson & Humphrey [94] point out that complex tasks typically require
multiple high-level skills and are mentally more demanding and challenging. According
to Wang et al. [95], one factor influencing consumer attitudes in online service environ-
ments is the complexity of the tasks performed by fintech chatbots, which moderates
the relationship between the communication style established with consumers and the
cognition-based trust it creates. Consistently, Choi et al. [70] report that, in financial chatbot
services, expectations regarding performance and reliability become particularly salient in
complex tasks such as verification, document classification, and transaction monitoring,
making technical competence a critical evaluation criterion. Indeed, Xu et al. [96] observed
that perceptions of artificial intelligence’s problem-solving abilities decrease when task
complexity (TC) increases. TC negatively affects trust and satisfaction, while short-step
dialogues are perceived as less complex even if they take longer [97]. Therefore, while
users prefer fintech chatbots for simple information exchange, it has been observed that a
conversational style weakens trust in complex tasks, and a goal-oriented communication
style is more widely adopted [98].

Some studies in the literature have investigated the moderating effect of TC on the rela-
tionship between augmented reality-supported product presentation and experience-based
value perception [99] and on the relationship between augmented reality and consumer
responses in a mobile shopping environment [100]. This finding reveals that TC has been
incorporated into the research model to enhance understanding of CX with Al-powered
fintech chatbots in digital banking environments. In the relationship between Al-supported
online customer service and perceived problem-solving ability and usage intention [96],
as well as in the relationship between Al chatbots” human-like characteristics, such as
empathy and friendliness, and the trust placed in them [101], TC played a moderating
role. Cheng et al. [101] also included this moderator in their model designed to investigate
trust in chatbots within the 5-O-R framework. It was also found that TC moderates the
relationship between chatbot communication styles (task- or social-oriented) and user
trust [98]. Likewise, Wut et al. [69] note that as TC increases, chatbots may reach the limits
of their problem-solving capabilities, prompting the need to escalate to human agents and
underscoring TC’s moderating role in the relationship between system performance and
customer experience. Therefore, the moderating effect of TC has been included in the
research model to better understand CX with Al chatbots. To understand the moderate
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effect of this variable on the relationship between the O-R layers and the indirect effect on
the S-O-R layers, we posit as follows:

Hy. TC moderates the association of PC on CE.
Hs. TC moderates the association of PW on CE.

Ho@,b,c,de)- PC mediates the effect of Stimulus Variables on CX. Moreover, TC moderates this
mediating effect, such that the positive relationship between PC and CX becomes stronger as TC
increases. (a: In, b: SP, ¢: Us, d: VA, e: OD).

Hio(a,b,c,d,e)- PW mediates the effect of Stimulus Variables on CX. Moreover, TC moderates this
mediating effect, such that the positive relationship between PW and CX becomes weaker as TC
increases. (a: In, b: SP, c: Us, d: VA, e: OD).

4. Study 1
4.1. Objective and Overview

Study 1 investigates the fundamental effects of specific Al-powered chatbot features on
the CX of Generation Z users. Within the scope of the study, participants were introduced
to an Al-powered chatbot and provided basic usage examples (including question-and-
answer cycles and menu navigation). The primary objective of this research, conducted
with Generation Z participants, is to examine how chatbot features (Stimulus) shape
users’ perceptions (Organization) during interaction and how these perceptions determine
the post-interaction CX (Response), thereby testing H;, Hy, Hs, He (and a, b, ¢, d sub-
hypotheses) and hypotheses Hz and Hy.

4.2. Methods
4.2.1. Scales

The survey presented to participants was developed using scales with established
validity and reliability in literature. The dimensions of Us, In, VA, and OD were measured
using statements adapted from Kim [15]. The SP dimension was adapted from Araujo [21].
The PC and PW measurements of the participants were taken from an explanatory study
by Dwivedi [20]. Although there are various studies in literature on the CX dimension,
the statements from Puertas et al. [8] were selected as the most relevant to this study.
Finally, the TC dimension was adapted from Morgeson & Humphrey [94]. All scale items
were measured using 5-point Likert statements ranging from 1 (Strongly Disagree) to
5 (Strongly Agree).

4.2.2. Participants and Sampling

One hundred sixty-six people participated in the study. The average age of the par-
ticipants was 22.65 & 3.01 (18-28), and the gender ratio was calculated as ngemale = 119
(71.7%) and nyp,1e = 47 (28.3%). It is noteworthy that the majority of participants were single
(Nsingle = 139, 83.7%; Nmarried = 27, 16.3%). Educational attainment was categorized into
six different levels, but a significant majority (92.2%) held high school (41.6%), associate’s
degree (33.7%), and bachelor’s degree (16.9%) qualifications. When annual household
incomes were calculated, they were distributed as follows: $1029.34 and below (56.6%),
$1029.36-$2058.67 (38.0%), and $2058.70 and above (5.4%) (1$ = 38.8 TL). Finally, all partici-
pants reported conducting financial transactions via mobile banking applications; however,
none reported prior interaction with Al-powered chatbots integrated into these platforms.
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Participants consist of individuals residing in Tiirkiye. Data was collected through
electronic surveys administered via Google Forms between October 2024 and February
2025. For this study, convenience sampling was preferred due to economic and accessibility
concerns. Participants were screened based on two primary inclusion criteria: (a) possession
of an active mobile banking application installed on their smartphones, and (b) no prior
interaction with the Al-powered virtual assistants embedded within these applications.
To validate the first criterion, participants” devices were physically inspected with their
explicit consent. Subsequently, as part of the study protocol, participants were instructed
to access the conversational Al interface within their banking app and initiate financial
interaction. The interaction session was designed to last approximately 10 to 15 min,
ensuring sufficient depth for users to evaluate the system’s performance. Participants were
required to complete a series of structured tasks, including checking account balances,
inquiring about credit card limits, and asking for exchange rate information. This multi-task
approach allowed users to experience various conversational flows, ranging from simple
command-based responses to more complex inquiry-driven dialogues. If they could not
find the chatbot in the application or did not understand its purpose, these volunteers were
included in Study 1; otherwise, they were excluded. Volunteers who met both conditions
were considered participants. Control questions were included to ensure that responses to
the questionnaire were consistent and carefully considered. Non-systematic intervals were
added to the questionnaire form with the question “If you are reading this question, you
have only five fingers. Otherwise, check strongly disagree” and “If you are reading this
question, you can fly. Otherwise, check “Strongly disagree’.” Finally, no incentives were
promised or offered to the volunteers for their participation.

4.2.3. Analysis

Structural Equation Modeling (SEM) was used to test the hypothesized relationships
in this study. Before the analysis, the distributions of the variables were examined, and
it was determined that the normality assumption was not met based on the results of
the Kolmogorov-Smirnov Z test applied to samples larger than 50 (p < 0.05). Due to the
non-normal distributions [102] recommend the PLS-SEM approach. Similarly, given the
complexity of the structural model and the study’s aim to test the theoretical framework,
it is evident that PLS-SEM is the most appropriate approach [103]. PLS-SEM analyses
were conducted using SmartPLS v 4.1.0.1 software. In the PLS-SEM approach, the analysis
is typically conducted in two stages. First, the measurement model (external model) is
evaluated for validity and reliability, followed by an examination of the structural model
(internal model) and the hypothesized relationships. The main reasons for choosing this
approach include (i) its ability to successfully model the numerous latent variables in our
study and the complex and intertwined relationships between them, and (ii) its ability
to comprehensively assess the consistency of the structural relationships we hypothe-
sized with empirical data. Additionally, potential indirect (mediating) effects were tested
using bootstrapping.

4.3. Results
4.3.1. Measurement Model Assessment

With the measurement model created, the reliability and validity results of the con-
structs used in the research were tested. The software calculated model fit measures as
SRMR = 0.060, x2 = 1635.209, x2/df = 2.67, NFI = 0.714. Finally, GoF = 0.629 (goodness
of fit) indicates that the model fit is “very good” [102,104]. The results of the Squared
Euclidean Distance = 2.553 (d_ULS) and the Geodesic Distance = 1.935 (d_G) calculated
for this purpose indicate that the validity of the model is ensured (p > 0.05) [105,106]. In
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this study, factor analysis was used to evaluate the internal consistency, reliability, and
increasing discriminant validity of the structures. Factor loadings and average variance
extracted (AVE = Average Variance Extracted) coefficients of the statements measuring
the constructs were calculated for incremental validity. Cronbach’s Alpha and composite
reliability (CR) were used to assess internal consistency. As stated by Hair et al. [107,108],
acceptable threshold values are >0.70 for factor loadings and Cronbach’s Alpha/CR coeffi-
cients, and >0.50 for AVE values. The results of the measurement model for the variables
(values without brackets) are presented in Table 1.

Table 1. Measurement model statistics for convergent validity and internal consistency (reliability)
assessment.

Internal Consistency/

Convergent Validit e 4 eqe
Construct and Item 5 Y Reliability
Outer Loading AVE? ab pe
Interactivity (In) 0.644 (0.765) 0.816 (0.898) 0.878 (0.940)
Inl 0.765 (0.873)
In2 0.792 (0.884)
In3 0.847 (0.881)
In4 0.804 (0.861)
Social Presence (SP) 0.718 (0.782)  0.870(0.907)  0.911 (0.935)
SP1 0.878 (0.872)
Sp2 0.862 (0.891)
SP3 0.801 (0.892)
SP4 0.847 (0.882)
Usability (Us) 0.683 (0.706) 0.922 (0.930) 0.938 (0.944)
Usl 0.875 (0.881)
Us2 0.817 (0.875)
Us3 0.860 (0.849)
Us4 0.852 (0.821)
Us5 0.857 (0.794)
Usé6 0.775 (0.861)
Us7 0.738 (0.795)
Visual Appeal (VA) 0.708 (0.753) 0.862 (0.890) 0.906 (0.924)
VA1 0.832 (0.840)
VA2 0.851 (0.883)
VA3 0.859 (0.910)
VA4 0.822 (0.837)
O“gmal(lg[;’)f Design 0.690 (0.732)  0.850 (0.878)  0.899 (0.916)
OD1 0.814 (0.855)
oD2 0.872 (0.882)
OD3 0.768 (0.830)
OD4 0.864 (0.855)
Perceived Competence 0.715 (0.724 >
(PC) . (0.724) 0.920 (0.923) 0.938 (0.929)
Col 0.785 (0.707)
Co2 0.867 (0.849)
Co3 0.806 (0.888)
Cod 0.862 (0.895)
Co5 0.864 (0.884)
Cob 0.885 (0.870)
Perceived Warmth (PW) 0.730 (0.723) 0.877 (0.872) 0.915 (0.912)
Wal 0.810 (0.784)
Wa2 0.878 (0.882)
Wa3 0.841 (0.863)
Wad 0.886 (0.869)
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Table 1. Cont.

Convergent Validity Internal Consistency/

Construct and Item Reliability
Outer Loading AVE? ab pec
C“swm‘zrci’;peneme 0.786 (0.762)  0.909 (0.895)  0.936 (0.927)
CE1 0.864 (0.906)
CE2 0.901 (0.888)
CE3 0.926 (0.887)
CE4 0.854 (0.807)
Task Complexity (TC) - (0.780) -(0.859) -(0.914)
TC1 - (0.902)
TC2 -(0.891)
TC3 - (0.855)

Notes: The values are presented for Study 1 (without brackets) and Study 2 (with brackets), respectively. ?: Average
variance extracted, P: Cronbach’s alpha, ¢: Composite reliability. -: Shows model with no task complexity.

The analyses revealed that the o coefficients of the structures ranged from 0.816
to 0.922, while the p coefficients ranged from 0.878 to 0.938. These findings indicate
that the scales have high structural reliability. The factor loadings ranged from 0.738 to
0.926, and the AVEs ranged from 0.644 to 0.786, providing evidence of the measurement
model’s convergent validity. The Heterotrait-Monotrait Ratio of Correlations (HTMT)
criterion proposed by was used to determine the discriminant validity. The HTMT statistics
developed by Henseler et al. [109] were used to assess whether the model structures
could be successfully distinguished from one another (discriminant validity). The HTMT
coefficients, as determined by the analysis results, are presented in Table 2.

Table 2. Discriminant validity assessment (Study 1).

Construct @ () 3) ) (5) (6) (7) 8)
(1) Interactivity (In) 0.802
. 0.509
(2) Social Presence (SP) (0.59) 0.847
(3) Usability (Us) 0.696 0547 = arg

(0.800)  (0.607)

0532 0470  0.681
0.631) (0.535) (0.762)

0703 0618 0755  0.708
(0.838) (0.719) (0.849) (0.820)

0625 0676 0671 0624 0747
(0.713)  (0.746) (0.725) (0.699) (0.837)

0455 0473 0538 0629 0574  0.632
(0537) (0534) (0595) (0.717) (0.658) (0.704)

(8) Customer Experience (CX) 0616 0612 0717 0637 0703 0714  0.680
P 0713) (0.685) (0.780) (0.716) (0.798) (0.777) (0.759)

Notes: The values are presented for /AVE (without brackets) and HTMT (with brackets), respectively.

(4) Visual Appeal (VA) 0.841

(5) Originality of Design (OD) 0.830

(6) Perceived Competence (PC) 0.846

(7) Perceived Warmth (PW) 0.855

0.887

4.3.2. Structural Model Assessment

Following the reliability and validity analyses of the structures, structural model
analysis was performed to reveal the causal relationships between them. To detect common
method bias, a VIF-based multicollinearity analysis was performed [110]. VIF values were
checked with respect to the endogenous constructs (PC, PW, and CE) and ranged from
1.665 to 3.511. The outer values ranged from 1.667 to 3.751. At the same time, according to
the Harman single-factor test, the statements are combined into four factors. The first factor
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explains approximately 48.504% of the total variance. These results indicate that common
method variance is not a significant problem in the present study.

The results (Table 3 values without brackets) showed that SP (3 = 0.306, p = 0.008) and
Original Design (3 = 0.307, p = 0.020) variables have a positive and significant effect on
PC. So Hy ) and Hy () were supported. In addition, the VA variable ( = 0.393, p = 0.006)
has a positive and significant effect on PW (Hyg): Supported). PC ( = 0.470, p = 0.001)
and PW (3 = 0.386, p = 0.003) affect CX positively. As a result of the analysis, hypotheses
investigating direct effects (Hy(a)(o),(a); Ho(a),ib),(c),(c)) Were not supported. When indirect
effects were examined, the paths of SP — PC — CX (3 = 0.140, p = 0.020) and VA — PW —
CX (B =0.143, p = 0.009) were statistically significant. According to indirect effect results,

H5(a),(0)(d),(e) and He(a),1),0),(e) hypotheses were not supported.

Table 3. Hypotheses testing.

Effect Hypotheses Path B t p Values Sig.

Hi In — PC 0.114 (0.210) 1.270 (3.478) 0.204 (0.001) No (Yes)

Hip) SP — PC 0.306 (0.103) 2.637 (1.327) 0.008 (0.184) Yes (No)

Hi Us — PC 0.102 (0.329) 1.022 (3.436) 0.307 (0.001) No (Yes)

Hyq) VA — PC 0.129 (0.213) 1.559 (3.389) 0.119 (0.001) No (Yes)

Hie OD — PC 0.307 (0.095) 2.319 (1.045) 0.020 (0.296) Yes (No)

Direct Hy In — PW 0.044 (0.081) 0.339 (1.412) 0.735 (0.158) No (No)
Hy) SP — PW 0.157 (0.110) 1.478 (1.339) 0.139 (0.180) No (No)

Hy() Us - PW 0.060 (0.252) 0.539 (2.445) 0.590 (0.015) No (Yes)

Hoa) VA — PW 0.393 (0.468) 2.730 (5.568) 0.006 (<0.001) Yes (Yes)

Hy(e) OD — PW 0.127 (—0.009) 0.737 (0.109) 0.461 (0.913) No (No)

H;j PC — CX 0.470 (0.470) 3.465 (4.930) 0.001 (<0.001) Yes (Yes)

H, PW — CX 0.386 (0.320) 3.002 (3.637) 0.003 (<0.001) Yes (Yes)

Hs(a) In - PC — CX 0.053 (0.099) 1.202 (0.045) 0.229 (0.175) No (No)

Hsp) SP — PC — CX 0.140 (0.048) 2.321 (—0.015) 0.020 (0.143) Yes (No)

Hs( Us — PC — CX 0.055 (0.155) 0.859 (0.059) 0.390 (0.289) No (No)

Hs(q) VA — PC =+ CX 0.062 (0.100) 1.363 (0.047) 0.173 (0.173) No (No)

Indirect Hs(e) OD — PC — CX 0.143 (0.045) 1.934 (—0.027) 0.053 (0.152) No (No)
He(a) In - PW — CX 0.018 (0.026) 0.313 (—0.008) 0.754 (0.076) No (No)

Hew) SP — PW — CX 0.061 (0.035) 1.236 (—0.011) 0.216 (0.107) No (No)

He(o Us — PW — CX 0.030 (0.081) 0.455 (0.018) 0.649 (0.188) No (No)

Heg(q) VA — PW — CX 0.143 (0.150) 2.611 (0.066) 0.009 (0.240) Yes (No)

He(e) OD — PW — CX 0.053 (—0.003) 0.640 (—0.055) 0.522 (0.058) No (No)

Notes: The values are presented for Study 1 (without brackets) and Study 2 (with brackets), respectively.

4.4. Discussion of Study 1

Study 1 investigated the relationship between Al-powered financial assistant features

and Gen Z users’ perceptions and their overall CX. The results demonstrate that the
assistant’s SP variable has a positive and significant effect on the PC variable, indicating
that higher social presence leads users to appraise the financial Al as more competent.
The positive and significant effect of the OD variable on the PC variable suggests that the
Originality of Design contributes to users perceiving the assistant as more capable. Similarly,
the positive and significant effect of the VA on PW indicates that the VA of the interface
contributes to users perceiving it as more friendly and approachable. Consequently, driven
by the mediating effects of PC and PW, the more competent and friendly users perceive the
financial assistant to be, the more positive their CX.

The existence of indirect effects in the model is a significant finding that demonstrates
the social dimension of the Al-powered financial assistant is intertwined with perceptions
of competence. In contrast, the aesthetic dimension is intertwined with the PW, shaping
the final experience. Some variables in the stimulus layer (In and Us) do not appear to
directly or indirectly affect CX through the mediating variables (PC and PW) specified
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in this model. This suggests that the effects of these factors on CX may emerge through
different mediators or under various conditions (e.g., when moderators such as TC in
financial transactions come into play). Therefore, examining these moderating effects in
Study 2 becomes even more critical.

5. Study 2
5.1. Objective and Overview

Study 2 validates the findings of Study 1, providing a deeper insight into the relation-
ships between user perceptions and CX (H;, Hy, H3, Hs, Hs, Hg, Hy) and extends the study
by incorporating the TC variable (Hg, Hy). Instead of users unfamiliar with fintech chatbots,
participants in Study 2 received training on chatbot usage and had the opportunity to
practice using them.

5.2. Methods
5.2.1. Scales

To ensure consistency, the same survey was conducted in Study 2. However, in
this study, a special preparation and standardization process was implemented to deeply
examine the role of TC, a moderating variable in the model. Before commencing the main
study, all participants were instructed on how to use an Al-powered financial assistant and
were allowed to practice independently. The participants’ performance in both the learning
and application steps was observed, and their suitability for participation in the study was
confirmed. This process ensured that participants had the basic skills to interact with the
financial assistant, thereby enabling a more accurate examination of the effects of different
TC levels and the user’s previous experience on the relationships among financial assistant
features, user perceptions, and CX.

5.2.2. Participants and Sampling

One hundred ninety-five people were included in Study 2. The average age of
participants was 22.71 £ 3.11 (18-28), and the gender ratio was Npemale = 128 (65.6%),
NMale = 67 (34.4%). It is noteworthy that most participants were single (ngingle = 172, 88.2%;
Nmarried = 23, 11.8%). Educational attainment was categorized into six different levels;
however, the majority (94.9%) held high school (35.4%), associate’s degree (39.5%), or
bachelor’s degree (20.0%) qualifications. When annual household incomes were calculated,
they were distributed as follows: $1029.34 and below (61.0%), $1029.36-$2058.67 (30.8%),
and $2058.70 and above (8.2%) (1$ = 38.8 TL).

All consumers participating in this study were introduced to ViBi, an Al-powered
digital financial assistant developed by VakifBank (one of Ttirkiye’s largest state-owned
commercial banks) to provide digital support to its customers. The features of this financial
assistant were introduced, and participants were asked to practice using it according to
their own needs (money transfers, credit card payments, investment inquiries, account
balance checks, security and information updates, etc.). During the training, the assistant’s
visual appearance and messages were shown to the participants. The assistant training and
practice were conducted exclusively through the mobile banking application. To ensure
transparency, participants were also informed about the research objectives. As in the
previous study, no incentives were offered to participants. The survey was conducted
similarly, including control questions.

5.2.3. Analysis

The techniques used in Study 1 were also used in the analysis phase. In this study, the
Kolmogorov—-Smirnov analysis was performed because n > 50, and it was calculated that
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the variables did not follow a normal distribution. Similar reasons in Study 1 indicated
that PLS-SEM was also the most appropriate approach in this study. The same two-stage
PLS-SEM analyses were performed for Study 2, and moderator effects were also examined.

5.3. Results
5.3.1. Measurement Model Assessment

To validate the findings of Study 1, the measurement model of Study 2 was tested
using the procedures and criteria outlined earlier. The results presented in Table 1 demon-
strate that the model possesses robust psychometric properties. All factor loadings, re-
liability coefficients (Cronbach’s Alpha and CR), and AVE values exceeded the recom-
mended threshold values. Additionally, the model’s overall fit was found to be adequate
(SRMR = 0.060, x2 = 1801.768, x2/df = 2.52, NFI = 0.764, GoF = 0.696, d_ULS = 2.957,
d_G =1.702), thereby ensuring the model’s robustness.

The evaluation of the measurement model began with an examination of the internal
consistency reliability of the structures (Table 1 values in brackets). The observed Cron-
bach’s Alpha (0.859-0.930) and Composite Reliability (0.912-0.944) coefficients are well
above the accepted threshold values for all structures, indicating strong internal consistency.
Next, convergent validity was addressed; all factor loadings (0.707-0.910) and AVE values
(0.706-0.782) were found to meet the target levels. Finally, discriminant validity was as-
sessed using the HTMT criterion developed by Henseler et al. [109] to test the uniqueness of
the structures. As detailed in Table 1, the HTMT results confirmed that the model possesses
discriminant validity.

The final check of discriminant validity was performed using the Heterotrait-Monotrait
Ratio (HTMT). HTMT is the ratio of the average correlation of statements with different
structures to the geometric mean of the correlations of statements with the same struc-
ture [109]. The researchers indicate that a ratio below 0.85 is a reliable indicator of discrimi-
nant validity. The results of our study are entirely consistent with this criterion. As shown
in Table 4, all calculated HTMT coefficients are below the threshold value, confirming that
each construct is unique and distinct from the others in the model.

5.3.2. Structural Model Assessment

After confirming the validity and reliability of the measurement model, the structural
model was evaluated to test the relationships between the constructs. However, before
conducting hypothesis tests, two necessary preliminary tests were performed that could
weaken the reliability of the results: multicollinearity and common method bias. First,
multicollinearity was examined using the Variance Inflation Factor (VIF) values [110]. VIF
values below 5 indicate that there is no serious multicollinearity problem in the model. The
analysis results showed that both the VIF values calculated for the internal structures (PC,
PW, and CX) (range: 1.208-3.545) and the external VIF values (range: 1.582—4.490) were well
below this threshold. Secondly, the risk of common method variance was assessed using
Harman’s single-factor test. The test results showed that all statements were separated
into five distinct factors, with the first factor accounting for only 45.913% of the total
variance. This ratio, being below the critical threshold of 50%, indicates that common
method variance does not pose a significant issue for this study. Based on the positive
results of these two tests, the structural model analysis continued with confidence.

The results indicate that in (f = 0.210, p = 0.001), Us ( = 0.329, p = 0.001), and VA
(B =0.213, p = 0.001) variables have a positive and significant effect on PC variables. So,
Hja), Hy(o) and Hyq) hypotheses were supported. Additionally, Us (3 = 0.252, p = 0.015)
and VA (3 = 0.468, p < 0.001) variables have a positive and significant effect on the PW
variable. (Hp(),Hp(g): Supported). PC (3 = 0.470, p < 0.001) and PW (B = 0.320, p < 0.001)
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variables have a positive effect on the CX variable. As a result of the analysis, hypotheses
(Hip),(e); Ho),b),(e)) Were not supported. When indirect effects were examined, unlike
Study1, no hypothesis was supported (Hs),b),(0),(d),e) @nd He(a),b),(c),(d),(e))- The results
obtained by examining the structure in Study 1 in a similar manner are presented in Table 3.

Table 4. Discriminant validity assessment (Study 2).

Construct 1) 2) 3) 4) (5) (6) 7) (8) 9) (10)
(1) Interactivity (In) 0.875
(2) Social Presence (SP) ?0569555) 0.884
(3) Usability (Us) 0.732 0694 0.840

(0.799) (0.753)

. 0.552 0570 0.702
(4) Visual Appeal (VA) (0.616) (0.632) (0.771) 0.868

(5) Originality of Design ~ 0.639  0.749 0.726  0.636

(OD) (0.717) (0.840) (0.802) (0.717) 8%

(6) Perceived 0691 0649 0773 0679 0681 oo

Competence (PC) (0.760) (0.706) (0.831) (0.745) (0.754)

(7) Perceived Warmth 0584 0594 0710 0747 0606 0741 oo

(PW) (0.651) (0.654) (0.776) (0.840) (0.683) (0.809)

(8) Customer Experience  0.623 0.706 0.758 0.711 0.679 0.751 0.721 0.873

CX) (0.693) (0.784) (0.829) (0.792) (0.765) (0.822) (0.807)

(9) Task Complexity (1) 0314 0307 0359 0382 0316 0376 0362 0391 00

(0.355) (0.344) (0.399) (0.439) (0.363) (0.419) (0.418) (0.440)

(10) (6) x (9) (0138) (0.070) (0.176) (0.243) (0.118) (0317) (0.328) (0.274) (0.133)

I @) <) (0227) (0.091) (0.281) (0.242) (0.189) (0307) (0.432) (0.328) (0.079) (0.822)

Notes: The values are presented for /AVE (without brackets) and HTMT (with brackets), respectively. -: Shows
model with no task complexity.

In Study 2, the moderating effect of the TC variable was investigated. The effect of
the moderate variable at +1 SD, Mean, and —1 SD levels was examined. The moderating
effects on the direct effect between variables in the Organism and Response layers, as well
as on the indirect effect in the Stimulus, Organism, and Response layers, were measured
and evaluated (Table 5).

It has been calculated that the TC variable regulates the direct effect between the
PC and PW variables, as well as the CX variable. A positive and statistically significant
moderating effect of TC at all levels (+1 SD: 3 = 0.523, p = 0.001; Mean: (3 = 0.470, p < 0.001;
—1SD: 3 =0.417, p = 0.001) on the relationship between PC and CX has been calculated
(H7 Supported). TC was found to have a positive and statistically significant moderating
effect on the relationship between PW and CX at the Mean ( = 0.470, p < 0.001) and
—1SD ( =0.417, p = 0.001) levels. However, no statistically significant moderating effect
was found at the +1 SD level (Hg partially supported).

The results of the moderator variable’s moderating effect on indirect effects help
develop a more complex and deeper understanding. According to the analysis re-
sults, positive, statistically significant indirect effects were observed for TC at all
levels (+1 SD, Mean, —1 SD). In (+1 SD: 3 = 0.110, p = 0.009; Mean: 3 = 0.099,
p = 0.002; —1 SD: 3 = 0.088, p = 0.013), Us (+1 SD: 3 = 0.172, p = 0.016; Mean:
f = 0.155 p = 0.007; —1 SD: p = 0.137, p = 0.027) and VA (+1 SD: = 0.111,
p = 0.009; Mean: 3 = 0.100, p = 0.001; —1 SD: 3 = 0.089, p = 0.007) variables have a positive
indirect effect on CX through PC at all levels of TC (Hyy) () ) Supported). Similarly, at
all levels of the moderating variable, VA (+1 SD: 3 = 0.118, p = 0.034; Mean: 3 = 0.150,
p =0.001; =1 SD: 3 = 0.181, p = 0.008) variable has a positive and statistically significant
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indirect effect on CX through PW (H;o(q) Supported). However, in the Us — PW — CX
path, only the moderating effect of TC at the —1 SD level (3 = 0.098, p = 0.031) was found
to be statistically significant (Hy( partly supported). The hypotheses in the other paths in
Table 5 (Ho) () Hio(a),(b),(e)) could not be supported.

Table 5. Hypotheses Testing: The Moderating Effect of TC.

Effect Hypotheses Path TCat... B t p Values Sig.

H PC — CX +1SD 0.523 3.461 0.001 Yes

Mean 0.470 4.930 <0.001 Yes

. —-1SD 0.417 3.370 0.001 Yes
Direct

Hg PW — CX +1SD 0.252 1.898 0.058 No

Mean 0.320 3.637 <0.001 Yes

—-1SD 0.387 3.260 0.001 Yes

Ho(a) In - PC — CX +1SD 0.110 2.615 0.009 Yes

Mean 0.099 3.084 0.002 Yes

—-1SD 0.088 2.489 0.013 Yes

Ho,) SP — PC — CX +1SD 0.054 1.261 0.207 No

Mean 0.048 1.240 0.215 No

—-1SD 0.043 1.093 0.274 No

Ho( Us — PC — CX +1SD 0.172 2.405 0.016 Yes

Mean 0.155 2.690 0.007 Yes

—1SD 0.137 2.217 0.027 Yes

Ho(q) VA — PC — CX +1SD 0.111 2.595 0.009 Yes

Mean 0.100 3.229 0.001 Yes

—1SD 0.089 2.680 0.007 Yes

] Ho(e) OD — PC — CX +1SD 0.050 1.008 0.313 No

Indirect Mean 0.045 1.008 0.313 No

—-1SD 0.040 0.912 0.362 No

Hig(a) In - PW — CX +1SD 0.021 0.952 0.341 No

Mean 0.026 1.236 0.216 No

—-1SD 0.032 1.288 0.198 No

Hiowp) SP — PW — CX +1SD 0.028 0.959 0.338 No

Mean 0.035 1.207 0.227 No

—-1SD 0.043 1.225 0.221 No

Hig Us - PW — CX +1SD 0.064 1.169 0.243 No

Mean 0.081 1.865 0.062 No

—-1SD 0.098 2.156 0.031 Yes

Hio@) VA — PW — CX +1SD 0.118 2.117 0.034 Yes

Mean 0.150 3.315 0.001 Yes

—-1SD 0.181 2.647 0.008 Yes

Hio(e) OD — PW — CX +1SD —0.002 0.089 0.929 No

Mean —0.003 0.104 0.917 No

—-1SD —0.004 0.110 0.912 No

5.4. Discussion of Study 2

Study 2 was conducted to gain a deeper understanding of TC’s moderating role
in these relationships. A distinctive feature of this study is that participants received
comprehensive training and practice in using an Al-powered financial assistant prior to the
main experiment. This methodological measure ensured that participants had the essential
skills to interact with the chatbot, thereby enabling a more precise analysis of how different
levels of TC influence the complex relationships among financial assistant features, user
perceptions (PC, PW), and CX.
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The initial analyses of Study 2 (values in parentheses in Table 3) (without moderator
effects) revealed the basic direct and indirect effects of financial assistant features on
user perceptions and CX. In terms of direct effects, the financial assistant’s In, Us, and
VA variables had positive, significant effects on PC. Similarly, the variables Us and VA
were found to have positive and significant effects on PW. Furthermore, both PC and PW
variables were found to have a positive, significant effect on CX. These findings demonstrate
that the similar basic relationships observed in Study 1 were also consistently observed in
this study. However, in Study 2, when analyses were conducted without accounting for the
moderating effect of TC, none of the indirect effects of the Stimulus variables (In, SP, Us,
VA, OD) on CX through PC and PW were statistically significant.

The most important contribution of Study 2 is that it reveals TC’s moderating role in
the relationships among financial assistant features, user perceptions, and CX. The findings
detail how TC affects the strength and direction of these relationships. A statistically
significant positive moderating effect of TC on the relationship between PC and CX was
calculated. This suggests that as TC increases, the positive effect of PC on CX becomes
stronger, thereby underscoring the crucial role of competence in complex financial tasks.

As TC increases, the positive effect of PW on CX was significant at the mean and
—1 SD levels, but not at the +1 SD level. This suggests that PW has no effect on CX or
is of secondary importance in situations with high financial TC. The positive moderator
effect of TC at all levels in the paths where indirect effects exist, namely In — PC — CX,
Us - PC — CX, VA = PC — CX, and VA — PW — CX, indicates that CX in complex
financial tasks increases more than the existing effect. A similar situation is observed
in the low level (=1 SD) TC moderation in the Us -+ PW — CX pathway. The absence
of a significant moderating effect of TC on some indirect effects in the Stimulus phase
suggests that TC does not alter the mediating mechanism or that its effect operates through
different channels.

In general, the findings of Study 2 indicate that the effects of financial assistant features
on user perceptions and CX are complexly intertwined with contextual factors such as
TC. Specifically, interactions based on PC remained strong regardless of TC, while some
interactions based on PW may weaken at high complexity levels. It is believed that the
financial assistant training provided for participants enabled them to observe these interac-
tions more clearly, as users were able to express their perceptions and experiences more
distinctly when basic competencies were provided. These results emphasize the impor-
tance of considering TC levels in financial assistant design and development strategies to
optimize user experience, as well as the critical importance of competence perception in all
types of financial tasks.

6. General Discussion
6.1. Overview and Summary

The two studies conducted in this research present essential findings on how Al-
powered financial assistant features (Arousal) that Gen Z users interact with through mobile
banking applications shape their internal perceptions (Organism) and ultimately affect
their CX (Response). The results of Study 1 reveal that the social and aesthetic dimensions
of the financial assistant shape the experience through user perceptions. Specifically, the
financial assistant’s SP and OD positively affect users’ PC level, while VA has a significant
effect on PW. These two fundamental perceptions, competence and warmth, ultimately
increase CX in a positive and meaningful way. Furthermore, indirect effect analyses have
shown that the social dimension of the financial assistant is closely tied to the perception of
competence. In contrast, the aesthetic dimension is closely intertwined with the perception
of warmth, ultimately shaping the overall experience. However, the fact that factors such
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as In and Us did not show a significant effect in this model highlights the importance of
Study 2, suggesting that these relationships may emerge under different conditions.

Study 2 validated these findings with a group of participants who had received prior
training in the use of financial assistants and examined the moderating role of the TC
variable, thereby providing a deeper understanding of the relationships. In this study, it
was observed that even before considering TC, characteristics such as Interaction and Us
already had significant effects on PC. However, the most critical finding is the central role
of TC in these relationships. As TC increases, the positive effect of PC on CX becomes
stronger; conversely, the effect of PW becomes statistically insignificant at high levels of
complexity. This suggests that users value a financial assistant’s ability to perform tasks
correctly over their perceived friendliness in challenging financial situations. Furthermore,
the moderating effect of v has revealed many indirect effects (e.g., Us — PC — CX) that
were not observed in Study 1 or were insignificant in the basic model of Study 2, thereby
clearly elucidating the underlying mechanisms.

The effects observed in Study 1 can be explained by the S-O-R framework, which serves
as the theoretical basis for the research. Within this framework, the relationship between
the Stimulus (S) and the Organism (O) is grounded in the Heuristic-Systematic Model
(HSM). Users form quick initial judgments about the financial assistant’s competence and
warmth by using superficial and heuristic cues such as the assistant’s visual design or SP.
The relationship between Organism (O) and Response (R) is explained by the Expectation-
Confirmation Model (ECM). These heuristically formed perceptions of competence and
warmth create expectations, and the final CX is shaped by the extent to which these
expectations are met (validated) after interaction with the financial assistant.

However, Study 2’s findings present a more complex picture by showing how these
theoretical interactions differ in the context of TC. When TC is low, users are expected to
rely on heuristic processing and experience a sensory-based experience based on cues such
as warmth. However, as TC increases, users are compelled to move beyond purely heuristic
cues and adopt a more systematic, analytical, and in-depth processing approach. In this
case, PC, which represents the financial assistant’s actual problem-solving ability, becomes
of primary importance to the CX. At the same time, the effect of more superficial and
sensory factors, such as warmth, decreases. Therefore, TC emerges as a critical contextual
factor that shapes the likelihood of users relying on heuristic versus systematic processing
pathways, thereby influencing whether perceptions of warmth or competence become more
salient in the final experience.

6.2. Theoretical Implications

This study aims to explain the experience of Generation Z consumers with Al-powered
chatbots by drawing on three fundamental theoretical frameworks: the S-O-R model [37,38],
the Heuristic-Systematic Model (HSM) [29], and the Expectancy-Confirmation Model
(ECM) [32,33], thereby offering a multi-layered and significant theoretical contribution to
the literature. Through this integration, the study explains the psychological processes that
shape users’ perceptions of chatbot features and ultimately shape the formation of the CX
from a holistic perspective.

First, this study successfully applies the S-O-R framework to Al-powered fintech
chatbots and the rapidly evolving context of digital natives, such as Generation Z [111],
thereby reinforcing the theory’s validity and applicability. It is well known that recent
studies on artificial intelligence in finance frequently use the S-O-R framework [2,43,49,112].
This study has operationalized the abstract components of the S-O-R model, which is
accepted as a well-reasoned theoretical framework [49,113] in financial technology contexts,
with concrete variables. In this context, the social features, Us, and design dimensions
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of the fintech chatbot—often highlighted as critical retention factors [70,114]—have been
conceptualized as the environmental (S)timulus. The (O)rganism, which represents the
user’s internal cognitive and emotional states, is represented by PC and PW [53]. These
are the fundamental determinants of humanness in social psychology and are used as
mediating variables in fintech adoption studies [20,54], a view strongly supported by recent
findings on the “Al Banker’ persona [69,115]. Finally, the (R)esponse to these stimuli and
internal states is considered as CX, consistent with the growing focus on experience in
digital banking [17,89]. This structure confirms the S-O-R model’s strength as a framework
for explaining fintech-human interactions [83].

As a second and more original theoretical contribution, this study successfully inte-
grates HSM and ECM to explain the internal mechanisms of the S-O-R framework within
the fintech landscape. This integration fills an essential gap in the literature by adding
psychological depth to the Stimulus-Organism (S — O) relationship through the HSM [29].
With this approach, characteristics such as the design and interaction style of the fintech
chatbot [114,116] have been conceptualized as heuristic cues that enable users to quickly
form judgments about the financial Al’s potential competence and warmth without engag-
ing in deeper analysis. In the model’s continuation, the relationship between Organism
and Response (O — R) is explained as a dynamic process through the ECM [32,33,113].
The initial competence and warmth perceptions created through HSM represent users’
initial expectations of the financial service [34,35], and the final CX is shaped by the extent
to which these expectations are met after actual use [89,117]. The integration of these
two models under the S-O-R framework provides a comprehensive theoretical roadmap
spanning from first impressions to final evaluations [118].

Finally, this study makes a significant contribution to literature by moving beyond a
static model and demonstrating how an important contextual factor, such as TC, alters these
theoretical relationships. The literature has also identified a moderating role of TC in the
relationship between fintech chatbot communication styles and user trust [85,95,98]. Even
a study using the S-O-R framework has included the moderating effect of TC [101]. The
findings of this study provide a theoretical inference by revealing that TC has a critical effect
on the functioning of HSM. When TC is low, users are likely to resort to heuristic processing,
whereas as complexity increases, they are expected to shift to systematic processing, a more
analytical form of thinking [29,40]. Indeed, our findings support this theoretical expectation
by showing that, at high complexity, the perception of competence becomes critical for CX.
At the same time, the effect of the PW decreases—a phenomenon recently corroborated in
Al service quality studies [69,103]. This suggests that the relationships defined by S-O-R,
HSM, and ECM are not universal but may vary in strength depending on contextual factors
such as the nature of the financial task [119].

6.3. Practical Implications

The findings of this study offer valuable, actionable insights for managers, marketing
professionals, and fintech developers who reach consumers through mobile apps, particu-
larly for enhancing the experience of Generation Z customers. In today’s market, where
customer expectations are rapidly changing with technological advancements [3] and fi-
nancial institutions are prioritizing 24/7 online service delivery [2,120], the effectiveness of
fintech chatbots is not only seen as a tool to reduce customer calls and workload [4,121,122]
but also as an essential factor in enhancing CX [13,14,123].

First, our findings clearly confirm the importance of “first impressions” in financial
services marketing and design, as emphasized by Araujo [21]. The author highlights how
the introduction and framing of a fintech chatbot significantly affect consumer perceptions.
The results of our study support this finding, showing that even for the highly digitally
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fluent Generation Z [24,111], it is not only what a financial Al says but also how it looks and
presents itself that is critical. In Study 1, VA was found to be a visual stimulus that creates
appeal in consumers [15] and directly affects PW, OD, and PC—a relationship consistent
with recent evidence linking perceived humanness to adoption intentions in banking [115].
SP was found to influence PC. This situation provides the following practical advice to
fintech managers: a significant portion of digital investment should be allocated to visual
interface design that evokes a sense of trust and sincerity in the user [114], creating a
human-like identity (name, avatar) [21] and social cues that give the user the feeling that
there is someone on the other side [70]. For example, a fintech chatbot designed for balance
inquiries or transaction history checks may benefit from a visually warm interface featuring
a human-like avatar, a friendly name, and socially present greetings (e.g., “Hi, I'm your
digital assistant, how can I help you today?”). Consistent with our Study 1 findings, such
design cues enhance perceived warmth and competence, thereby strengthening the overall
customer experience.

Second, the findings show that the fintech chatbot’s basic functionality and ease of
use become critical as users interact more with the financial service [113,124]. For instance,
during routine but multi-step actions such as setting payment reminders, scheduling bill
payments, or transferring funds, the chatbot should minimize interaction steps, provide
clear confirmations, and deliver immediate feedback. Consistent with our Study 2 findings,
usability and interaction quality in these scenarios enhance perceived competence, particu-
larly as users gain experience with the financial assistant. In Study 2, factors such as Us
and interaction quality were found to have a significant effect on the PC of the chatbots.
If the initial attractive design is not supported by seamless Us and a smooth interaction
that enhances user adoption [21,119], which are critical for the long-term digital CX in
finance [17,57,58], the Al advisor will be perceived as inadequate and negatively affect the
CX [125]. Therefore, continuously improving the interface based on user feedback and en-
suring a seamless flow of financial interaction are essential for long-term success [117,123].

The final and most important practical implication is that strategy differentiation based
on TC is an absolute necessity [40]. The literature also suggests that TC is a significant
factor influencing consumer attitudes [95] and regulating trust in fintech chatbots [101]. In
particular, it is known that while users prefer chatbots for simple information exchanges,
the conversational style weakens trust perception in complex tasks, and a goal-oriented
communication style is more widely adopted [98,119]. Our study takes this finding a step
further by revealing how TC changes the human-like characteristics that a financial Al
should possess. Complex financial tasks may require consumers to expend additional
cognitive resources to reach a decision [93]; therefore, chatbots designed for such tasks
should employ a distinct communication style. In fintech chatbots, which are designed
for simple and routine tasks, factors that directly affect CX [20] and foster strong relation-
ships [53] can be prioritized. In contrast, for complex tasks such as resolving technical
issues or fraud alerts [85], the Al advisor’s primary focus should be competence, which
consumers more positively perceive [79] and demonstrates the service’s ability to adapt to
changing conditions [53]. Our study demonstrates that in such situations, the perception of
warmth loses its importance, and a chatty or overly friendly bot may even cause users more
stress and be perceived as inadequate—a conclusion supported by recent evidence showing
that ‘fun’ elements do not necessarily enhance service quality in utility-focused interac-
tions [69]. For example, a conversational chatbot tone may suit low-complexity tasks such
as balance checks or ATM location, but our findings suggest it can be counterproductive in
high-complexity contexts. In situations involving fraud alerts, account freezes, or failed
transactions, users prefer concise, purposeful communication focused on accuracy and
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resolution speed. Accordingly, chatbots handling complex financial tasks should prioritize
competence cues over warmth-oriented features.

Additionally, when financial Al reaches the limits of its problem-solving capabilities,
it is critical to design mechanisms that seamlessly and quickly transfer the user to a
human representative. As noted in the literature, as TC increases, the perceived problem-
solving ability of artificial intelligence decreases [96], and users are already aware of
the limitations of automated agents in handling complex queries [26,40]. Accordingly,
fintech firms should adopt a task-adaptive chatbot design strategy rather than relying on
a one-size-fits-all conversational approach. However, while designing these experiences,
it is crucial to address the ‘dark side” of Al-powered interactions. Beyond enhancing
efficiency, fintech developers must mitigate risks such as algorithmic bias, which can lead
to misinformation in financial advice, and data privacy concerns that frequently cause
anxiety among Generation Z users. In high-complexity financial tasks, a chatbot’s failure
to provide accurate information or to implement a transparent security protocol can turn
a positive customer experience into a significant threat perception, potentially leading to
trust erosion and brand abandonment. Therefore, the purposeful communication style
emphasized in this study should also incorporate robust risk disclosure and seamless
escalation to human agents to manage potential Al failures. Furthermore, managers must
recognize that for Generation Z, being tech-savvy does not imply a lack of skepticism.
Trust serves as a fundamental mediator between a chatbot’s perceived competence and the
user’s ultimate satisfaction. To appeal to this generation of conscious consumers, fintech
providers should prioritize not only the originality of design but also the demonstrability
of security and reliability. Building trust through transparent communication protocols is
essential for fostering long-term engagement with Al-driven financial services.

In summary, financial institutions can strategically design and position fintech chat-
bots based on users’ experience levels and the nature of the financial task they intend
to perform [40,111], thereby transforming this technology from a mere cost center into a
strategic driver of loyalty and satisfaction for Generation Z [17,123].

7. Limitations

This study provides valuable theoretical and practical insights into Generation Z’s
chatbot experiences; however, the results should be interpreted with certain limitations in
mind. Both Study 1 and Study 2 employed convenience sampling among university-aged
individuals in Tiirkiye, which limits the generalizability of the findings beyond this specific
demographic and cultural context. These limitations also present valuable opportunities
for future research.

First, due to economic and accessibility constraints, the sample for this study was
selected using convenience sampling. This method may limit the sample’s ability to
represent the entire Generation Z population in Tiirkiye fully. Furthermore, the study is
limited to Generation Z individuals residing in Tiirkiye. Considering the effect of cultural
differences on perceptions of technology and communication expectations, the validity of
the findings should be tested across diverse geographical and cultural contexts. Future
studies employing probability-based sampling methods and cross-cultural comparative
designs—potentially involving other cohorts, such as Generation X—could enhance the
generalizability of these findings. Additionally, the high proportion of female participants
in both Study 1 (71.7%) and Study 2 (65.6%) should be noted as a potential limitation.
Existing literature indicates that gender can influence perceptions of Al anthropomorphism
and social presence, with some studies suggesting that females may respond more strongly
to perceived warmth. Although our structural model yielded significant results, this
gender imbalance might have influenced the weight of the social and affective paths.
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Future research should aim for a more gender-balanced sample to determine whether these
relationships differ significantly between male and female users of fintech chatbots.

Second, the research design has a cross-sectional structure; that is, data were collected
at a specific point in time. While this approach successfully reveals relationships and
correlations among variables, it is limited in establishing causal relationships. For example,
while this study demonstrates that chatbot features affect CX, it does not provide insight into
how this experience evolves or how prolonged interaction with a chatbot alters perceptions.
Future research could use longitudinal studies to deepen understanding of the evolution of
user perceptions and continuance intention over time or employ experimental designs to
test the effects of specific chatbot features more precisely.

Third, this study focused on a chatbot application for a service provider app on a
smartphone. The nature of tasks in this sector and customer expectations may differ from
those in other sectors, such as e-commerce, banking, or healthcare. For example, “warmth”
and “sociability” may be more important in an e-commerce chatbot. At the same time ‘com-
petence’ and “security” may be much more dominant in a banking chatbot—a distinction
supported by recent findings that utilitarian value often supersedes entertainment in finan-
cial contexts. Therefore, studies that test the model’s validity across different industries
will reveal the extent to which the findings are sensitive to the industry context.

Finally, although the research model used in this study is comprehensive, it does not
include all potential variables that may influence Gen Z’s chatbot experience. Factors such
as the user’s personality traits, previous relationship with the brand, or the content and
emotional tone of the conversation with the chatbot may also shape the experience. Future
studies could incorporate these and similar variables, such as perceived security and fraud
risk sensitivity, into the model to develop a more comprehensive understanding of the
interactions between Generation Z and Al. Furthermore, while this study predominantly
focused on the positive drivers of customer experience, future research should explicitly
examine the deterrent effects of perceived risks, such as financial fraud susceptibility,
cybersecurity threats, and the psychological impact of Al-driven errors. Incorporating
variables like ‘Perceived Risk” or ‘Privacy Concern’ into the 5-O-R framework would
provide a more balanced and holistic understanding of the barriers that prevent Generation
Z from fully embracing Al-powered fintech solutions.

Author Contributions: T.B.: Planned research model and general framework of study, survey
design and data collection, contributed to revising the article for publication, and provided project
supervision. M.E.T.: Wrote to the conceptual framework and contributed to revising the article for
publication. S.C.: Conducted data analysis and drafted the article as part of the methodology, findings,
and discussion. All authors have read and agreed to the published version of the manuscript.

Funding: This research received no external funding.

Institutional Review Board Statement: The study was reviewed and approved by the Sirnak
University Ethics Committee (Approval No: 2024/116817; Date: 31 December 2024). All procedures
were conducted in accordance with local legislation, institutional requirements, and the principles of
the Declaration of Helsinki.

Informed Consent Statement: All participants were fully informed about the purpose and procedures
of the study and provided freely given, informed consent prior to participation.

Data Availability Statement: The data for this study are available upon request from the correspond-
ing author.

Conflicts of Interest: The authors declare no conflicts of interest.

https://doi.org/10.3390/jtaer21020049


https://doi.org/10.3390/jtaer21020049

J. Theor. Appl. Electron. Commer. Res. 2026, 21, 49 27 of 31

References

1. We Are Social. Digital 2025 Global Overview Report. 2025. Available online: https://wearesocial.com /us/blog/2025/02/digital-
2025-the-essential-guide-to-the-global-state-of-digital / (accessed on 14 December 2025).

2. Elayat, AM.A; Elalfy, R M. Using SOR Theory to Examine the Impact of AI Chatbot Quality on Gen Z’s Satisfaction and Advocacy
within the Fast-Food Sector. Young Consum. 2025, 26, 352-383. [CrossRef]

3. Agnihotri, A.; Bhattacharya, S. Chatbots” Effectiveness in Service Recovery. Int. |. Inf. Manag. 2024, 76, 102679. [CrossRef]

4. Ramesh, A.; Chawla, V. Chatbots in Marketing: A Literature Review Using Morphological and Co-Occurrence Analyses. J.
Interact. Mark. 2022, 57, 472-496. [CrossRef]

5. Gupta, M.; Dheekonda, V.; Masum, M. Genie: Enhancing Information Management in the Restaurant Industry through Al-
Powered Chatbot. Int. ]. Inf. Manag. Data Insights 2024, 4, 100255. [CrossRef]

6. Gursoy, D.; Chi, O.H,; Lu, L.; Nunkoo, R. Consumers Acceptance of Artificially Intelligent (AI) Device Use in Service Delivery.
Int. ]. Inf. Manag. 2019, 49, 157-169. [CrossRef]

7. Hsu, C.-L,; Lin, ].C.-C. Understanding the User Satisfaction and Loyalty of Customer Service Chatbots. J. Retail. Consum. Serv.
2023, 71, 103211. [CrossRef]

8. Puertas, S.M.; Manzano, M.D.L; Lépez, C.S.; Ribeiro-Cardoso, P. Purchase Intentions in a Chatbot Environment: An Examination
of the Effects of Customer Experience. Oeconomia Copernic. 2024, 15, 145-194. [CrossRef]

9. Nguyen, M.; Casper Ferm, L.-E.; Quach, S.; Pontes, N.; Thaichon, P. Chatbots in Frontline Services and Customer Experience: An
Anthropomorphism Perspective. Psychol. Mark. 2023, 40, 2201-2225. [CrossRef]

10. Borsci, S.; Malizia, A.; Schmettow, M.; van der Velde, F.; Tariverdiyeva, G.; Balaji, D.; Chamberlain, A. The Chatbot Usability Scale:
The Design and Pilot of a Usability Scale for Interaction with Al-Based Conversational Agents. Pers. Ubiquit. Comput. 2022, 26,
95-119. [CrossRef]

11. Luo, X;; Tong, S.; Fang, Z.; Qu, Z. Frontiers: Machines vs. Humans: The Impact of Artificial Intelligence Chatbot Disclosure on
Customer Purchases. Mark. Sci. 2019, 38, 937-947. [CrossRef]

12.  Oksama, M.H.; Marsal, A.; Hamzah, M.L.; Syaifullah; Rozanda, N.E. Transforming Public Service: Al Chatbot Integration in
SI-PEKA Mobile App Development. In Proceedings of the 2024 2nd International Symposium on Information Technology and
Digital Innovation (ISITDI), Bukittinggi, Indonesia, 24-25 July 2024; pp. 234-240.

13.  Chung, M,; Ko, E,; Joung, H.; Kim, S.J. Chatbot E-Service and Customer Satisfaction Regarding Luxury Brands. J. Bus. Res. 2020,
117,587-595. [CrossRef]

14.  Yen, C.; Chiang, M.-C. Trust Me, If You Can: A Study on the Factors That Influence Consumers’ Purchase Intention Triggered by
Chatbots Based on Brain Image Evidence and Self-Reported Assessments. Behav. Inf. Technol. 2021, 40, 1177-1194. [CrossRef]

15. Kim, M. Unveiling the E-Servicescape of ChatGPT: Exploring User Psychology and Engagement in Al-Powered Chatbot
Experiences. Behav. Sci. 2024, 14, 558. [CrossRef] [PubMed]

16. Size, Share & Trends Analysis Report By Offering (Solution, Services), By Type, By Medium, By Business Function, By Application,
By Vertical By Region, and Segment Forecasts, 2025-2030. 2023. Available online: https:/ /www.grandviewresearch.com/industry-
analysis/Chatbot-market (accessed on 8 December 2025).

17.  Mutambik, I. Customer Experience in Open Banking and How It Affects Loyalty Intention: A Study from Saudi Arabia.
Sustainability 2023, 15, 10867. [CrossRef]

18.  Van den Broeck, E.; Zarouali, B.; Poels, K. Chatbot Advertising Effectiveness: When Does the Message Get Through? Comput.
Hum. Behav. 2019, 98, 150-157. [CrossRef]

19.  Shin, D. The Perception of Humanness in Conversational Journalism: An Algorithmic Information-Processing Perspective. New
Media Soc. 2022, 24, 2680-2704. [CrossRef]

20. Dwivedi, Y.K.; Balakrishnan, J.; Baabdullah, A.M.; Das, R. Do Chatbots Establish “Humanness” in the Customer Purchase
Journey? An Investigation through Explanatory Sequential Design. Psychol. Mark. 2023, 40, 2244-2271. [CrossRef]

21. Araujo, T. Living up to the Chatbot Hype: The Influence of Anthropomorphic Design Cues and Communicative Agency Framing
on Conversational Agent and Company Perceptions. Comput. Hum. Behav. 2018, 85, 183-189. [CrossRef]

22. Yoganathan, V.; Osburg, V.-S.; Kunz, W.H.; Toporowski, W. Check-in at the Robo-Desk: Effects of Automated Social Presence on
Social Cognition and Service Implications. Tour. Manag. 2021, 85, 104309. [CrossRef]

23.  Bunea, O.-L; Corbos, R.-A.; Misu, S.I; Triculescu, M.; Trifu, A. The Next-Generation Shopper: A Study of Generation-Z Perceptions
of Al in Online Shopping. J. Theor. Appl. Electron. Commer. Res. 2024, 19, 2605-2629. [CrossRef]

24.  Ameen, N.; Hosany, S.; Taheri, B. Generation Z’s Psychology and New-Age Technologies: Implications for Future Research.
Psychol. Mark. 2023, 40, 2029-2040. [CrossRef]

25. Ramya, ].B.; Alur, S. The Mediating Role of Parasocial Relationship in Customer Services Chatbots Among Millennials and Gen Z
Population. Int. . Hum.-Comput. Interact. 2025, 41, 919-931. [CrossRef]

26. Saklani, S.; Kala, D. Perception of Gen Z Customers towards Chatbots as Service Agents: A Qualitative Study in the Indian

Context. JTDE 2024, 12, 356-376. [CrossRef]

https://doi.org/10.3390/jtaer21020049


https://wearesocial.com/us/blog/2025/02/digital-2025-the-essential-guide-to-the-global-state-of-digital/
https://wearesocial.com/us/blog/2025/02/digital-2025-the-essential-guide-to-the-global-state-of-digital/
https://doi.org/10.1108/YC-08-2024-2199
https://doi.org/10.1016/j.ijinfomgt.2023.102679
https://doi.org/10.1177/10949968221095549
https://doi.org/10.1016/j.jjimei.2024.100255
https://doi.org/10.1016/j.ijinfomgt.2019.03.008
https://doi.org/10.1016/j.jretconser.2022.103211
https://doi.org/10.24136/oc.2914
https://doi.org/10.1002/mar.21882
https://doi.org/10.1007/s00779-021-01582-9
https://doi.org/10.1287/mksc.2019.1192
https://doi.org/10.1016/j.jbusres.2018.10.004
https://doi.org/10.1080/0144929X.2020.1743362
https://doi.org/10.3390/bs14070558
https://www.ncbi.nlm.nih.gov/pubmed/39062382
https://www.grandviewresearch.com/industry-analysis/Chatbot-market
https://www.grandviewresearch.com/industry-analysis/Chatbot-market
https://doi.org/10.3390/su151410867
https://doi.org/10.1016/j.chb.2019.04.009
https://doi.org/10.1177/1461444821993801
https://doi.org/10.1002/mar.21888
https://doi.org/10.1016/j.chb.2018.03.051
https://doi.org/10.1016/j.tourman.2021.104309
https://doi.org/10.3390/jtaer19040125
https://doi.org/10.1002/mar.21868
https://doi.org/10.1080/10447318.2024.2306438
https://doi.org/10.18080/jtde.v12n1.781
https://doi.org/10.3390/jtaer21020049

J. Theor. Appl. Electron. Commer. Res. 2026, 21, 49 28 of 31

27.

28.

29.

30.

31.

32.

33.

34.

35.

36.

37.

38.

39.

40.
41.

42.

43.

44.

45.

46.

47.

48.

49.

50.

51.

52.

53.

Jenneboer, L.; Herrando, C.; Constantinides, E. The Impact of Chatbots on Customer Loyalty: A Systematic Literature Review. J.
Theor. Appl. Electron. Commer. Res. 2022, 17,212-229. [CrossRef]

Kumar, K.; Mishra, P. The Dynamic Role of Customer Experience in Shaping the Social Media Marketing-Purchase Intention
Relationship: An S-O-R Perspective. Asian . Econ. Bus. Account. 2024, 24, 252-265. [CrossRef]

Chen, S.; Chaiken, S. The Heuristic-Systematic Model in Its Broader Context. In Dual-Process Theories in Social Psychology; The
Guilford Press: New York, NY, USA, 1999; pp. 73-96, ISBN 978-1-57230-421-5.

Merlo, O.; Lukas, B.A.; Whitwell, G.J. Heuristics Revisited: Implications for Marketing Research and Practice. Mark. Theory 2008,
8, 189-204. [CrossRef]

Dogruel, L.; Joeckel, S.; Bowman, N.D. Choosing the Right App: An Exploratory Perspective on Heuristic Decision Processes for
Smartphone App Selection. Mob. Media Commun. 2015, 3, 125-144. [CrossRef]

Bhattacherjee, A. Understanding Information Systems Continuance: An Expectation-Confirmation Model. MIS Q. 2001, 25,
351-370. [CrossRef]

Oliver, R.L. A Cognitive Model of the Antecedents and Consequences of Satisfaction Decisions. J. Mark. Res. 1980, 17, 460-469.
[CrossRef]

Nguyen, M.; Mehrotra, A.; Malik, A.; Pandey, R. Nexus between Generative Al Engagement, Quality and Expectation Formation:
An Application of Expectation-Confirmation Theory. J. Enterp. Inf. Manag. 2025, 38, 798-820. [CrossRef]

Alnaser, EM.; Rahi, S.; Alghizzawi, M.; Ngah, A.H. Does Artificial Intelligence (AI) Boost Digital Banking User Satisfaction?
Integration of Expectation Confirmation Model and Antecedents of Artificial Intelligence Enabled Digital Banking. Heliyon 2023,
9, €18930. [CrossRef]

Bhatnagr, P.; Rajesh, A. Artificial Intelligence Features and Expectation Confirmation Theory in Digital Banking Apps: Gen Y and
Z Perspective. Manag. Decis. 2024, ahead-of-print. [CrossRef]

Mehrabian, A.; Russell, J.A. An Approach to Environmental Psychology; The MIT Press: Cambridge, MA, USA, 1974; p. xii, 266,
ISBN 978-0-262-13090-5.

Jacoby, J. Stimulus-Organism-Response Reconsidered: An Evolutionary Step in Modeling (Consumer) Behavior. J. Consum.
Psychol. 2002, 12, 51-57. [CrossRef]

Premathilake, G.W.; Li, H.; Li, C.; Liu, Y.; Han, S. Understanding the Effect of Anthropomorphic Features of Humanoid Social
Robots on User Satisfaction: A Stimulus-Organism-Response Approach. Ind. Manag. Data Syst. 2024, 125, 768-796. [CrossRef]
Hwang, S.; Kim, J. Toward a Chatbot for Financial Sustainability. Sustainability 2021, 13, 3173. [CrossRef]

Gao, L,; Li, G,; Tsai, F.; Gao, C.; Zhu, M.; Qu, X. The Impact of Artificial Intelligence Stimuli on Customer Engagement and Value
Co-Creation: The Moderating Role of Customer Ability Readiness. J. Res. Interact. Mark. 2022, 17, 317-333. [CrossRef]

Yin, J.; Qiu, X. Al Technology and Online Purchase Intention: Structural Equation Model Based on Perceived Value. Sustainability
2021, 13, 5671. [CrossRef]

Cheng, Y.; Jiang, H. Customer—Brand Relationship in the Era of Artificial Intelligence: Understanding the Role of Chatbot
Marketing Efforts. J. Prod. Brand Manag. 2021, 31, 252-264. [CrossRef]

Rafiq, F; Dogra, N.; Adil, M.; Wu, J.-Z. Examining Consumer’s Intention to Adopt AI-Chatbots in Tourism Using Partial Least
Squares Structural Equation Modeling Method. Mathematics 2022, 10, 2190. [CrossRef]

Vafaei-Zadeh, A.; Nikbin, D.; Wong, S.L.; Hanifah, H. Investigating Factors Influencing AI Customer Service Adoption: An
Integrated Model of Stimulus—Organism—Response (SOR) and Task-Technology Fit (TTF) Theory. Asia Pac. ]. Mark. Logist. 2024,
ahead-of-print. [CrossRef]

Chen, Y.; Prentice, C.; Weaven, S.; Hisao, A. The Influence of Customer Trust and Artificial Intelligence on Customer Engagement
and Loyalty—The Case of the Home-Sharing Industry. Front. Psychol. 2022, 13, 912339. [CrossRef]

Nazir, S.; Khadim, S.; Ali Asadullah, M.; Syed, N. Exploring the Influence of Artificial Intelligence Technology on Consumer
Repurchase Intention: The Mediation and Moderation Approach. Technol. Soc. 2023, 72, 102190. [CrossRef]

Cheng, X.; Zhang, X.; Cohen, J.; Mou, J. Human vs. Al: Understanding the Impact of Anthropomorphism on Consumer Response
to Chatbots from the Perspective of Trust and Relationship Norms. Inf. Process. Manag. 2022, 59, 102940. [CrossRef]

Gao, J; Ren, L;; Yang, Y.; Zhang, D.; Li, L. The Impact of Artificial Intelligence Technology Stimuli on Smart Customer Experience
and the Moderating Effect of Technology Readiness. Int. |. Emerg. Mark. 2022, 17, 1123-1142. [CrossRef]

Cheng, Y.; Wang, Y.; Lee, J. Using a Chatbot to Combat Misinformation: Exploring Gratifications, Chatbot Satisfaction and
Engagement, and Relationship Quality. Int. J. Hum.-Comput. Interact. 2025, 41, 3913-3925. [CrossRef]

Lee, J.; Lee, D.; Lee, ]. Influence of Rapport and Social Presence with an AI Psychotherapy Chatbot on Users’ Self-Disclosure. Int.
J. Hum.-Comput. Interact. 2024, 40, 1620-1631. [CrossRef]

Khamaj, A. Al-Enhanced Chatbot for Improving Healthcare Usability and Accessibility for Older Adults. Alex. Eng. |. 2025, 116,
202-213. [CrossRef]

Belanche, D.; Casald, L.V.; Schepers, J.; Flavian, C. Examining the Effects of Robots” Physical Appearance, Warmth, and
Competence in Frontline Services: The Humanness-Value-Loyalty Model. Psychol. Mark. 2021, 38, 2357-2376. [CrossRef]

https://doi.org/10.3390/jtaer21020049


https://doi.org/10.3390/jtaer17010011
https://doi.org/10.9734/ajeba/2024/v24i121606
https://doi.org/10.1177/1470593108089204
https://doi.org/10.1177/2050157914557509
https://doi.org/10.2307/3250921
https://doi.org/10.1177/002224378001700405
https://doi.org/10.1108/JEIM-08-2024-0452
https://doi.org/10.1016/j.heliyon.2023.e18930
https://doi.org/10.1108/MD-07-2023-1145
https://doi.org/10.1207/S15327663JCP1201_05
https://doi.org/10.1108/IMDS-10-2023-0781
https://doi.org/10.3390/su13063173
https://doi.org/10.1108/JRIM-10-2021-0260
https://doi.org/10.3390/su13105671
https://doi.org/10.1108/JPBM-05-2020-2907
https://doi.org/10.3390/math10132190
https://doi.org/10.1108/APJML-05-2024-0570
https://doi.org/10.3389/fpsyg.2022.912339
https://doi.org/10.1016/j.techsoc.2022.102190
https://doi.org/10.1016/j.ipm.2022.102940
https://doi.org/10.1108/IJOEM-06-2021-0975
https://doi.org/10.1080/10447318.2024.2344149
https://doi.org/10.1080/10447318.2022.2146227
https://doi.org/10.1016/j.aej.2024.12.090
https://doi.org/10.1002/mar.21532
https://doi.org/10.3390/jtaer21020049

J. Theor. Appl. Electron. Commer. Res. 2026, 21, 49 29 of 31

54.

55.

56.

57.

58.

59.

60.

61.

62.

63.

64.

65.

66.

67.

68.

69.
70.

71.

72.

73.

74.

75.

76.

77.
78.

79.

80.

Kim, W.B.; Hur, H.]. What Makes People Feel Empathy for Al Chatbots? Assessing the Role of Competence and Warmth. Int. J.
Hum.-Comput. Interact. 2024, 40, 4674-4687. [CrossRef]

Senda, D.A.F. The Role of Post-Purchase Customer Experience And Corporate Image on Repurchase Intention In Tkanku Bowl. J.
Bus. Innov. Strategy 2025, 1, 12-20.

Mainardes, E.W.; Coutinho, A.R.S.; Alves, H.M.B. The Influence of the Ethics of E-Retailers on Online Customer Experience and
Customer Satisfaction. J. Retail. Consum. Serv. 2023, 70, 103171. [CrossRef]

Petre, M.; Minocha, S.; Roberts, D. Usability beyond the Website: An Empirically-Grounded e-Commerce Evaluation Instrument
for the Total Customer Experience. Behav. Inf. Technol. 2006, 25, 189-203. [CrossRef]

Siow, ].S.; Teoh, B.A.; Ong, C.Z.; Chee, K.X. The Impact of AI Chatbot Adoption on Customer Experience in E-Retailing. Issues
Perspect. Bus. Soc. Sci. 2025, 5, 27-36. [CrossRef]

Ionascu, A.E.; Bocanet, V.I; Asalos, N.; Lazar, C.M.; Spatariu, E.C.; Barbu, C.A.; Nancu, D. Shifting Perceptions and Behaviors:
The Impact of Digitalization on Banking Services. J. Theor. Appl. Electron. Commer. Res. 2025, 20, 295. [CrossRef]

Chen, J.-S.; Le, T.-T.-Y.; Florence, D. Usability and Responsiveness of Artificial Intelligence Chatbot on Online Customer Experience
in E-Retailing. Int. |. Retail Distrib. Manag. 2021, 49, 1512-1531. [CrossRef]

Wang, J.; Ivrissimtzis, I; Li, Z.; Shi, L. Impact of Personalised AI Chat Assistant on Mediated Human-Human Textual Conversa-
tions: Exploring Female-Male Differences. In Proceedings of the Companion Proceedings of the 29th International Conference on
Intelligent User Interfaces, Greenville, SC, USA, 18-21 March 2024; Association for Computing Machinery: New York, NY, USA,
2024; pp. 78-83.

Sun, Y.; Chen, J.; Sundar, S.S. Chatbot Ads with a Human Touch: A Test of Anthropomorphism, Interactivity, and Narrativity. J.
Bus. Res. 2024, 172, 114403. [CrossRef]

Ding, Y.; Najaf, M. Interactivity, Humanness, and Trust: A Psychological Approach to Al Chatbot Adoption in e-Commerce. BMC
Psychol 2024, 12, 595. [CrossRef]

Kim, M. Conceptualization of E-Servicescapes in the Fitness Applications and Wearable Devices Context: Multi-Dimensions,
Consumer Satisfaction, and Behavioral Intention. . Refail. Consum. Serv. 2021, 61, 102562. [CrossRef]

Moore, R].; Arar, R. Conversational UX Design: An Introduction. In Studies in Conversational UX Design; Moore, R.J., Szymanski,
M.H.,, Arar, R, Ren, G.-]., Eds.; Springer International Publishing: Cham, Switzerland, 2018; pp. 1-16, ISBN 978-3-319-95579-7.
Tran, G.A.; Strutton, D.; Taylor, D.G. Do Microblog Postings Influence Consumer Perceptions of Retailers’ E-servicescapes? Manag.
Res. Rev. 2012, 35, 818-836. [CrossRef]

Mishra, A.; Shukla, A.; Sharma, S.K. Psychological Determinants of Users” Adoption and Word-of-Mouth Recommendations of
Smart Voice Assistants. Int. ]. Inf. Manag. 2022, 67, 102413. [CrossRef]

Corti, K; Gillespie, A. Co-Constructing Intersubjectivity with Artificial Conversational Agents: People Are More Likely to Initiate
Repairs of Misunderstandings with Agents Represented as Human. Comput. Hum. Behav. 2016, 58, 431—442. [CrossRef]

Wut, T.M.; Chan, E.A.; Wong, H.S. Does Fun Matter? Using Chatbots for Customer Services. Informatics 2024, 11, 94. [CrossRef]
Choi, Y.; Lee, S.; Choi, J. A Study on Factors Influencing Continuous Usage Intention of Chatbot Services in South Korean
Financial Institutions. Int. J. Financ. Stud. 2025, 13, 56. [CrossRef]

Klein, S.H. Chatbots as Social Actors: Towards a Better Understanding of Social Responses to TextBased Conversational Service
Agents. Doctoral Dissertation, Universitat Tiibingen, Tiibingen, Germany, 2024.

Klein, S.H.; Papies, D.; Utz, S. How Interaction Mechanism and Error Responses Influence Users’ Responses to Customer Service
Chatbots. Int. . Hum.-Comput. Interact. 2025, 41, 4300-4318. [CrossRef]

Schuetzler, RM.; Grimes, G.M.; Scott Giboney, J. The Impact of Chatbot Conversational Skill on Engagement and Perceived
Humanness. . Manag. Inf. Syst. 2020, 37, 875-900. [CrossRef]

Hess, T.; Fuller, M.; Campbell, D. Designing Interfaces with Social Presence: Using Vividness and Extraversion to Create Social
Recommendation Agents. J. Assoc. Inf. Syst. 2009, 10, 889-919. [CrossRef]

Wadinambiarachchi, S.; Kelly, R.M.; Pareek, S.; Zhou, Q.; Velloso, E. The Effects of Generative Al on Design Fixation and Divergent
Thinking. In Proceedings of the Proceedings of the CHI Conference on Human Factors in Computing Systems, Yokohama, Japan,
26 April-1 May 2025; ACM: Honolulu, HI, USA, 2024; pp. 1-18.

Arrighi, P-A.; Masson, P.L.; Weil, B. Breaking the Dilemma Between Robustness and Generativeness: A Comparative Experiment on the
Use of New Design Software at the Design-Gap; HAL Open Science: Istanbul, Turkey, 2013; pp. 1-33.

Bitner, M.]. Servicescapes: The Impact of Physical Surroundings on Customers and Employees. . Mark. 1992, 56, 57-71. [CrossRef]
Yadav, R.; Mahara, T. Exploring the Role of E-Servicescape Dimensions on Customer Online Shopping: A Stimulus-Organism-
Response Paradigm. J. Electron. Commer. Organ. 2020, 18, 53-73. [CrossRef]

Bartneck, C.; Kuli¢, D.; Croft, E.; Zoghbi, S. Measurement Instruments for the Anthropomorphism, Animacy, Likeability, Perceived
Intelligence, and Perceived Safety of Robots. Int. ]. Soc. Robot. 2009, 1, 71-81. [CrossRef]

Song, X.; Li, Y.; Leung, X.Y.; Mei, D. Service Robots and Hotel Guests’ Perceptions: Anthropomorphism and Stereotypes. Tour.
Rev. 2023, 79, 505-522. [CrossRef]

https://doi.org/10.3390/jtaer21020049


https://doi.org/10.1080/10447318.2023.2219961
https://doi.org/10.1016/j.jretconser.2022.103171
https://doi.org/10.1080/01449290500331198
https://doi.org/10.33093/ipbss.2025.5.1.3
https://doi.org/10.3390/jtaer20040295
https://doi.org/10.1108/IJRDM-08-2020-0312
https://doi.org/10.1016/j.jbusres.2023.114403
https://doi.org/10.1186/s40359-024-02083-z
https://doi.org/10.1016/j.jretconser.2021.102562
https://doi.org/10.1108/01409171211256217
https://doi.org/10.1016/j.ijinfomgt.2021.102413
https://doi.org/10.1016/j.chb.2015.12.039
https://doi.org/10.3390/informatics11040094
https://doi.org/10.3390/ijfs13020056
https://doi.org/10.1080/10447318.2024.2351707
https://doi.org/10.1080/07421222.2020.1790204
https://doi.org/10.17705/1jais.00216
https://doi.org/10.1177/002224299205600205
https://doi.org/10.4018/JECO.2020070104
https://doi.org/10.1007/s12369-008-0001-3
https://doi.org/10.1108/TR-04-2023-0265
https://doi.org/10.3390/jtaer21020049

J. Theor. Appl. Electron. Commer. Res. 2026, 21, 49 30 of 31

81.

82.

83.

84.

85.

86.
87.

88.

89.

90.

91.

92.

93.

94.

95.

96.

97.

98.

99.

100.

101.

102.

103.

104.

105.

106.

107.

108.

Hidayat-ur-Rehman, I. Examining AI Competence, Chatbot Use and Perceived Autonomy as Drivers of Students’ Engagement in
Informal Digital Learning. J. Res. Innov. Teach. Learn. 2024, 17, 196-212. [CrossRef]

Kumar, A.; Shankar, A.; Behl, A.; Chakraborty, D.; Gundala, R.R. Anthropomorphic Generative AI Chatbots for Enhancing
Customer Engagement, Experience and Recommendation. J. Consum. Mark 2025, ahead-of-print. [CrossRef]

Lam, A.Y.S. Artificial Intelligence Applications in Financial Technology. J. Theor. Appl. Electron. Commer. Res. 2025, 20, 29.
[CrossRef]

Mun, Y.; Kim, N. Leveraging Large Language Models for Sentiment Analysis and Investment Strategy Development in Financial
Markets. J. Theor. Appl. Electron. Commer. Res. 2025, 20, 77. [CrossRef]

Al-Daoud, K.I.; Abu-AlSondos, I.A. Robust Al for Financial Fraud Detection in the GCC: A Hybrid Framework for Imbalance,
Drift, and Adversarial Threats. . Theor. Appl. Electron. Commer. Res. 2025, 20, 121. [CrossRef]

Tawfeeq, TM.; Awqati, A.J.; Jasim, Y.A. The Ethical Implications of ChatGPT AI Chatbot: A Review. JMCER 2023, 2023, 49-57.
Bayir, T.; Bozyigit, S. Consumer Complaints Management in the Digital Era. In Digital Business and Optimizing Operating Strategies;
IGI Global Scientific Publishing: Palmdale, PA, USA, 2024; pp. 57-90, ISBN 979-8-3693-0428-0.

Tuna, M.E. Leveraging Text Analytics to Enhance Marketing Insights From Digital Customer Experiences. In New Trends in
Marketing and Consumer Science; IGI Global: Palmdale, PA, USA, 2024; pp. 261-289, ISBN 979-8-3693-2754-8.

Akdemir, D.M.; Bulut, Z.A. Business and Customer-Based Chatbot Activities: The Role of Customer Satisfaction in Online
Purchase Intention and Intention to Reuse Chatbots. |. Theor. Appl. Electron. Commer. Res. 2024, 19, 2961-2979. [CrossRef]
Morgan, B. How Chatbots Improve Customer Experience In Every Industry: An Infograph. Available online:
https:/ /www.forbes.com/sites /blakemorgan/2017 /06 /08 /how-chatbots-improve-customer-experience-in-every-industry-an-
infograph/ (accessed on 30 November 2025).

Haugeland, ILK.E; Folstad, A.; Taylor, C.; Bjerkli, C.A. Understanding the User Experience of Customer Service Chatbots: An
Experimental Study of Chatbot Interaction Design. Int. |. Hum.-Comput. Stud. 2022, 161, 102788. [CrossRef]

Ashfaq, M.; Yun, J.; Yu, S.; Loureiro, S.M.C. I, Chatbot: Modeling the Determinants of Users” Satisfaction and Continuance
Intention of Al-Powered Service Agents. Telemat. Inform. 2020, 54, 101473. [CrossRef]

Hsu, P-E; Nguyen, T.; Wang, C.-Y.; Huang, P.-]. Chatbot Commerce—How Contextual Factors Affect Chatbot Effectiveness.
Electron Mark. 2023, 33, 14. [CrossRef]

Morgeson, F.P.; Humphrey, S.E. The Work Design Questionnaire (WDQ): Developing and Validating a Comprehensive Measure
for Assessing Job Design and the Nature of Work. J. Appl. Psychol. 2006, 91, 1321-1339. [CrossRef]

Wang, S.; Yan, Q.; Wang, L. Task-Oriented vs. Social-Oriented: Chatbot Communication Styles in Electronic Commerce Service
Recovery. Electron. Commer. Res. 2023, 25, 1793-1825. [CrossRef]

Xu, Y.; Shieh, C.-H.; van Esch, P; Ling, I.-L. AI Customer Service: Task Complexity, Problem-Solving Ability, and Usage Intention.
Australas. Mark. |. 2020, 28, 189-199. [CrossRef]

Casadei, A.; Schlogl, S.; Bergmann, M. Chatbots for Robotic Process Automation: Investigating Perceived Trust and User
Satisfaction. In Proceedings of the 2022 IEEE 3rd International Conference on Human-Machine Systems (ICHMS), Orlando, FL,
USA, 17-19 November 2022; pp. 1-6.

Murtaza, Z.; Sharma, I.; Carbonell, P. Examining Chatbot Usage Intention in a Service Encounter: Role of Task Complexity,
Communication Style, and Brand Personality. Technol. Forecast. Soc. Change 2024, 209, 123806. [CrossRef]

Kim, J.-H.; Kim, M.; Yoo, J.; Park, M. Augmented Reality in Delivering Experiential Values: Moderating Role of Task Complexity.
Virtual Real. 2024, 28, 19. [CrossRef]

Yoo, J. The Effects of Augmented Reality on Consumer Responses in Mobile Shopping: The Moderating Role of Task Complexity.
Heliyon 2023, 9, €13775. [CrossRef] [PubMed]

Cheng, X.; Bao, Y.; Zarifis, A.; Gong, W.; Mou, J. Exploring Consumers’ Response to Text-Based Chatbots in e-Commerce: The
Moderating Role of Task Complexity and Chatbot Disclosure. Internet Res. 2021, 32, 496-517. [CrossRef]

Hair, J.F.; Matthews, L.M.; Matthews, R.L.; Sarstedt, M. PLS-SEM or CB-SEM: Updated Guidelines on Which Method to Use. Int.
J. Multivar. Data Anal. 2017, 1, 107-123. [CrossRef]

Hair, J.E; Risher, ].J.; Sarstedt, M.; Ringle, C.M. When to use and how to report the results of PLS-SEM. Eur. Bus. Rev. 2019, 31,
2-24. [CrossRef]

Tenenhaus, M.; Vinzi, V.E.; Chatelin, Y.-M.; Lauro, C. PLS Path Modeling. Comput. Stat. Data Anal. 2005, 48, 159-205. [CrossRef]
Dijkstra, T.K.; Henseler, J. Consistent Partial Least Squares Path Modeling. MIS Q. 2015, 39, 297-316. [CrossRef]

Henseler, J.; Hubona, G.; Ray, P.A. Using PLS Path Modeling in New Technology Research: Updated Guidelines. Ind. Manag.
Amp; Data Syst. 2016, 116, 2-20. [CrossRef]

Hair, J.E; Black, C.W.; Babin, B.].; Anderson, R.E.; Tatham, R.L. Multivariate Data Analysis, 6th ed.; Pearson Prentice Hall: Upper
Saddle River, NJ, USA, 2006.

Hair, J.E; Hult, G.T.M.; Ringle, C.M.; Sarstedt, M. A Primer on Partial Least Squares Structural Equation Modeling (PLS-SEM), 3rd ed.;
Sage: Thousand Oaks, CA, USA, 2022.

https://doi.org/10.3390/jtaer21020049


https://doi.org/10.1108/JRIT-05-2024-0136
https://doi.org/10.1108/JCM-06-2024-6922
https://doi.org/10.3390/jtaer20010029
https://doi.org/10.3390/jtaer20020077
https://doi.org/10.3390/jtaer20020121
https://doi.org/10.3390/jtaer19040142
https://www.forbes.com/sites/blakemorgan/2017/06/08/how-chatbots-improve-customer-experience-in-every-industry-an-infograph/
https://www.forbes.com/sites/blakemorgan/2017/06/08/how-chatbots-improve-customer-experience-in-every-industry-an-infograph/
https://doi.org/10.1016/j.ijhcs.2022.102788
https://doi.org/10.1016/j.tele.2020.101473
https://doi.org/10.1007/s12525-023-00629-4
https://doi.org/10.1037/0021-9010.91.6.1321
https://doi.org/10.1007/s10660-023-09741-1
https://doi.org/10.1016/j.ausmj.2020.03.005
https://doi.org/10.1016/j.techfore.2024.123806
https://doi.org/10.1007/s10055-023-00896-8
https://doi.org/10.1016/j.heliyon.2023.e13775
https://www.ncbi.nlm.nih.gov/pubmed/36873518
https://doi.org/10.1108/INTR-08-2020-0460
https://doi.org/10.1504/IJMDA.2017.087624
https://doi.org/10.1108/EBR-11-2018-0203
https://doi.org/10.1016/j.csda.2004.03.005
https://doi.org/10.25300/MISQ/2015/39.2.02
https://doi.org/10.1108/IMDS-09-2015-0382
https://doi.org/10.3390/jtaer21020049

J. Theor. Appl. Electron. Commer. Res. 2026, 21, 49 31 0f 31

109.

110.

111.

112.

113.

114.

115.

116.

117.

118.

119.

120.

121.

122.

123.

124.

125.

Henseler, J.; Ringle, C.M.; Sarstedt, M. A New Criterion for Assessing Discriminant Validity in Variance-Based Structural Equation
Modeling. J. Acad. Mark. Sci. 2015, 43, 115-135. [CrossRef]

Hair, J.E; Black, C.W.; Babin, J.B.; Anderson, E.R. Multivariate Data Analysis, 8th ed.; Cengage: Andover, UK, 2019; ISBN
978-1-4737-5654-0.

Magano, J.; Quintela, J.A.; Banerjee, N. Driving Consumer Engagement Through AI Chatbot Experience: The Mediating Role of
Satisfaction Across Generational Cohorts and Gender in Travel Tourism. Sustainability 2025, 17, 7673. [CrossRef]

Barbu, C.M.; Florea, D.L.; Dabija, D.-C.; Barbu, M.C.R. Customer Experience in Fintech. ]. Theor. Appl. Electron. Commer. Res. 2021,
16, 1415-1433. [CrossRef]

Huang, S.Y.B.; Lee, C.-]; Lee, S.-C. Toward a Unified Theory of Customer Continuance Model for Financial Technology Chatbots.
Sensors 2021, 21, 5687. [CrossRef]

Meng, H.; Lu, X,; Xu, J. The Impact of Chatbot Response Strategies and Emojis Usage on Customers’ Purchase Intention: The
Mediating Roles of Psychological Distance and Performance Expectancy. Behav. Sci. 2025, 15, 117. [CrossRef]

Ramos, R.; Casaca, J.; Patricio, R. Adoption Drivers of Intelligent Virtual Assistants in Banking: Rethinking the Artificial
Intelligence Banker. Computers 2025, 14, 209. [CrossRef]

Oliveira, PF.; Matos, P. Introducing a Chatbot to the Web Portal of a Higher Education Institution to Enhance Student Interaction.
Eng. Proc. 2023, 56, 128. [CrossRef]

Xia, Z.; Shannon, R. Navigating the Digital Frontier: Exploring the Dynamics of Customer—Brand Relationships Through Al
Chatbots. Sustainability 2025, 17, 2173. [CrossRef]

Manta, O.; Vasile, V.; Rusu, E. Banking Transformation Through FinTech and the Integration of Artificial Intelligence in Payments.
FinTech 2025, 4, 13. [CrossRef]

de Andrés-Sanchez, J.; Gené-Albesa, J. Explaining Policyholders” Chatbot Acceptance with an Unified Technology Acceptance
and Use of Technology-Based Model. J. Theor. Appl. Electron. Commer. Res. 2023, 18, 1217-1237. [CrossRef]

Radenkovi¢, S.D.; Hani¢, H.; Bugar¢i¢, M. Applying Artificial Intelligence in the Digital Transformation of Banking Sector.
Proceedings 2023, 85, 19. [CrossRef]

Anton, C.E,; Ciobanu, E.; Bratucu, G.; Bucs, L. Using Chatbots to Enhance Integrated Reporting: Insights from Accounting and
Consultancy Companies from Romania. Electronics 2024, 13, 4801. [CrossRef]

Azevedo, N.; Aquino, G.; Nascimento, L.; Camelo, L.; Figueira, T.; Oliveira, J.; Figueiredo, I.; Printes, A.; Torné, I.; Figueiredo, C.
A Novel Methodology for Developing Troubleshooting Chatbots Applied to ATM Technical Maintenance Support. Appl. Sci.
2023, 13, 6777. [CrossRef]

Ridha, M.; Haura Maharani, K. Implementation of Artificial Intelligence Chatbot in Optimizing Customer Service in Financial
Technology Company PT. FinAccel Finance Indonesia. Proceedings 2022, 83, 21. [CrossRef]

Nguyen, D.M.; Chiu, Y.-T.H.; Le, H.D. Determinants of Continuance Intention towards Banks” Chatbot Services in Vietnam: A
Necessity for Sustainable Development. Sustainability 2021, 13, 7625. [CrossRef]

Villegas-Ch, W.; Garcia-Ortiz, J.; Mullo-Ca, K.; Sdnchez-Viteri, S.; Roman-Cafiizares, M. Implementation of a Virtual Assistant for
the Academic Management of a University with the Use of Artificial Intelligence. Future Internet 2021, 13, 97. [CrossRef]

Disclaimer/Publisher’s Note: The statements, opinions and data contained in all publications are solely those of the individual

author(s) and contributor(s) and not of MDPI and/or the editor(s). MDPI and/or the editor(s) disclaim responsibility for any injury to

people or property resulting from any ideas, methods, instructions or products referred to in the content.

https://doi.org/10.3390/jtaer21020049


https://doi.org/10.1007/s11747-014-0403-8
https://doi.org/10.3390/su17177673
https://doi.org/10.3390/jtaer16050080
https://doi.org/10.3390/s21175687
https://doi.org/10.3390/bs15020117
https://doi.org/10.3390/computers14060209
https://doi.org/10.3390/ASEC2023-16621
https://doi.org/10.3390/su17052173
https://doi.org/10.3390/fintech4020013
https://doi.org/10.3390/jtaer18030062
https://doi.org/10.3390/proceedings2023085019
https://doi.org/10.3390/electronics13234801
https://doi.org/10.3390/app13116777
https://doi.org/10.3390/proceedings2022083021
https://doi.org/10.3390/su13147625
https://doi.org/10.3390/fi13040097
https://doi.org/10.3390/jtaer21020049

	Introduction 
	Theoretical Background 
	Hypotheses Development 
	Usability (Us) 
	Interactivity (In) 
	Visual Appeal (VA) 
	Social Presence (SP) 
	Originality of Design (OD) 
	Perceived Competence (PC) 
	Perceived Warmth (PW) 
	Customer Experience (CX) 
	Moderating Role Task Complexity 

	Study 1 
	Objective and Overview 
	Methods 
	Scales 
	Participants and Sampling 
	Analysis 

	Results 
	Measurement Model Assessment 
	Structural Model Assessment 

	Discussion of Study 1 

	Study 2 
	Objective and Overview 
	Methods 
	Scales 
	Participants and Sampling 
	Analysis 

	Results 
	Measurement Model Assessment 
	Structural Model Assessment 

	Discussion of Study 2 

	General Discussion 
	Overview and Summary 
	Theoretical Implications 
	Practical Implications 

	Limitations 
	References

