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ABSTRACT
This study examines elderly consumers’ perceptions of the design 
of AI insurance chatbot services in a phygital context. Drawing on 
the extended reality technology (ERT) framework and the stimulus – 
organism – response (SOR) model, it explores the cognitive – affec
tive dynamics shaping chatbot adoption in a sensitive service set
ting. Data were collected from 396 elderly consumers of major 
insurance companies in Malaysia and analysed using structural 
equation modelling to assess mediating and moderating effects. 
Findings show that perceived trust critically mediates the relation
ship between cognitive factors and chatbot adoption. Technology 
anxiety and perceived complexity strongly moderate the trust – 
usage relationship, confirming a triadic interaction. The study 
advances theory by integrating the ERT – SOR framework to explain 
the physical – digital service dichotomy and the continuous use of 
chatbots. It also highlights the unique affective and psychosocial 
aspects of aging consumers and offers practical guidance for 
insurers to design trust-enhancing, user-friendly chatbot services 
for older users.
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1. Introduction

In the dynamic world of the service industry, new paraphernalia of service delivery have 
emerged through technological development. The metamorphosis has been primarily 
driven by the advent of AI technology, which has enabled new service designs and 
customer interactions (Liu et al., 2024). This augmented, technology-driven service 
engagement has included chatbots that can emulate human interaction and manage 
consumer expectations, ranging from simple processes such as smart parking bills (Raj & 
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Shetty, 2024) to complex information-oriented processes such as insurance claims, 
handled through highly customized bots (Patil et al., 2024). The key strategic aspect 
essential to the success of such endeavors lies in addressing the phygital nature of the 
service process, which demands a balanced approach to consumer interaction across 
service orientations (Gustafsson et al., 2025). The term ‘phygital’ in this context denotes 
the transcendence of a physical-to-digital approach in the service environment, which 
pertains to the experiential marketing mix leading to service performance transformation 
(Batat, 2024a). It involves integrating a service’s physical and digital aspects to enable real- 
time solutions that satisfy the demand for better, more efficient service performance 
(Kumar et al., 2024). Although studies have observed the phygital alignment of the service 
domain in digital parlance, they have been limited to a multi-factor cognitive-affective 
dichotomy and its resonance in consumer decision-making. Several studies have inferred 
upon this aspect from varied research dimensions. To illustrate, a qualitative investigation 
in metaverse service design has revealed specific affective (sensory) alterations involving 
sight, sound, and taste as essential to phygital service orientation (Batat, 2024b). Similarly, 
studies involving AI-based portfolio management and AI-enabled (chatbot) customer 
services have stressed the differential adaptive ability based on cognitive and affective 
perceptivity of consumers that does not allow pervasiveness of such changes across every 
consumer group (Shaikh et al., 2024). However, the complex affective perceptuality that 
impacts strategic service design, especially in high-sensitivity services such as insurance, 
which closely align with anthropomorphic requirements (Patil et al., 2024), remains 
underexplored. Addressing such complexities mitigates digital vulnerabilities, thereby 
further strengthening the centrality of a physically informed, digitally enhanced phygital 
service orientation (Saragih, 2025). Hence, uncovering the relative impact of chatbot- 
based interactions in insurance services, which investigates the complexity of phygital 
affective components, is crucial. This would not only enhance understanding of phygital 
service orientation but also help optimize strategic maneuvering to deliver a better 
phygital experience.

Chatbots have proliferated across various service industries, including hospitality, 
tourism, retail, banking, and insurance, offering enhanced efficiency and effectiveness. 
Although highly regulated, insurance organizations have rapidly adopted chatbots, which 
add substantial value by managing multiple processes, such as premium calculation, 
grievance handling, routine policy inquiries, and even drafting complex policy plans 
(Jafar et al., 2023). The elderly population, who typically have little inclination for, and in 
some instances are not adept at, adopting such technology-enabled interactions (Leite 
et al., 2024), is likely to be affected by these service initiatives. One significant factor, 
alongside a lack of trust, is customers’ perceived anxiety about new technology (Sun & Ye,  
2024). It is not that older adults have a phobia of adopting new technology; rather, it 
reflects a state of resistance stemming from concerns about safety, privacy, and cognitive 
limitations (Sixsmith & Cosco, 2024). Reverting to phygital service orientation, a definitive 
strategy for connecting customers with the brand requires strong cognitive and affective 
proximity, which is a crucial service design challenge (Batat, 2022). This is another strength 
of phygital service orientation, which is based on the transition from a one-dimensional 
thought process, whether subject- or object-centric, to a liquid ontology (Batat, 2024). The 
transition gives rise to a service ecosystem that enables value co-creation across cogni
tive-affective dichotomies (Mele & Russo-Spena, 2025). Though studies have been 
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undertaken to gauge affective components such as anxiety and depression and their 
contextual impact through chatbot implementation in the medical field (Pergantis et al.,  
2025), the triadic influence involving phygital transcendence has not yet been explored. 
Therefore, a deeper investigation of the mediating roles of trust and anxiety in observing 
chatbot-based service interactions toward phygital attribution is necessary.

In the insurance domain, the criticality of such observations is heightened, as the aging 
population constitutes the bulk of insurers’ customer base and requires health insurance 
to cover their care (Purwar & Chawla, 2024). This is further supported by recent studies 
that have identified the limitations of chatbots in complex service environments. In such 
environments, human interaction is considered critical to completing the process. 
Although the above is contrary, other technologies, such as virtual reality, are supportive 
of cognitive and physical engagement among older adults (Mahmoud, 2024); similar 
outcomes for chatbots are not evident, as critical observations regarding perceived 
psycho-technical barriers persist. These barriers emanate from cognitive (i.e. AI-based 
knowledge/competency of human versus machine) (M. Huang & Ki, 2024) and affective 
(i.e. lack of trust in chatbot service interaction/fear of and anxiety about technology) 
factors that inhibit the transition from rejection to adoption (Chaudhuri et al., 2023; Zhang 
et al., 2024). This is critical to assess, as a lackadaisical approach typically fails to consider 
the social and personal coping mechanisms of aging consumers (Meng et al., 2022), 
thereby affecting phygital service design. However, ironically, this is absent from current 
chatbot intervention studies, which have either focused on the new generations (Magni 
et al., 2024) or have limited findings that can be construed as effective to gauge the 
socialization impact of phygital transition. Furthermore, the dichotomy of anxiety and 
complexity, including its impact on service flow, needs better interpretation. To further 
justify this, cognitive chatbot features may have different attributions from affective ones 
when the elderly population is considered, as evidenced by similar technological inter
ventions in the medical field (Mishra et al., 2024). It has also been asserted that such 
attributions might be strongly influenced by the pure technical side of the phygital 
context, such as enhanced app features (Chatterjee et al., 2025) or a dominant psychology 
factor such as resistance to innovation (Hameed et al., 2025) However, the reasons for the 
varied affective perceptivity within this consumer group, and its cognitive underpinning 
in the service chatbot context, remain unclear. Therefore, in considering the relevant 
gaps, the current study strives to address the following pertinent questions:

RQ1: Would there be a differential impact of the cognitive-affective dichotomy that further 
supports age and service orientation complexity in AI service design?

RQ2: Would the psycho-social affective components significantly contribute to phygital aging 
consumers’ behavioral ambiguity when encountering AI-oriented services?

Building on these research questions, the primary aim of this study is to theoretically 
extend and empirically validate the applicability of the extended reality technology (ERT) 
and stimulus-organism-response (SOR) frameworks in the context of chatbot services, 
with a specific focus on elderly consumers’ phygital engagement. Accordingly, the study 
seeks to: (1) examine the influence of chatbot service orientation as a stimulus within 
socially interactive phygital environments; (2) investigate perceived trust as a core 
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organismic mechanism that mediates the effects of perceived technology anxiety and 
complexity on user responsiveness; and (3) assess the strategic implications of affective 
trust in shaping elderly consumers’ behavioural and psychological responses to chatbot 
services. Through these objectives, the research aims to generate theoretically grounded 
and practically relevant insights into how socially oriented chatbot interactions can 
enhance trust formation and improve technology adoption among ageing user groups 
in digitally mediated service ecosystems.

Several pivotal contributions of this study lie in its integration of rigorous empirical 
examination with theoretical advancement, thereby generating novel insights for chatbot 
service applications. First, it advances the extant phygital engagement literature by 
foregrounding the socialization interaction dimension, consequently reinforcing the 
extended reality technology (ERT) framework as a comprehensive representation of 
phygital experience (Batat & Hammedi, 2023). While prior research has substantiated 
the influence of technological interventions via ERT within virtual environments, particu
larly the metaverse (Batat, 2024; Mladenović et al., 2024), their applicability to the context 
of chatbot services remains insufficiently theorized. By operationalizing the stimulus- 
organism-response (SOR) model, this study systematically evaluates both the theoretical 
relevance and strategic implications of chatbot service orientation in shaping elderly 
consumer responsiveness.

Secondly, the study conceptualizes perceived trust (PT) as a central organismic con
struct, validating its role as a mediating bridge and psychologically contingent response 
to usage-related factors, namely perceived technology anxiety and complexity. Although 
contemporary scholarship has confirmed the antecedent influence of trust on chatbot 
usage behavior in financial service contexts, these effects have predominantly been 
examined as direct or moderating relationships. This perspective extends the sensory 
and affective scope of ERT by substantiating affective trust as an integral component of 
the triadic emotive relationship that fundamentally shapes the phygital experience 
perceived by the targeted elderly user cohort.

The structure of this paper is outlined as follows. The next section presents the 
theoretical foundations of this paper, including a review of pertinent literature and 
a theoretical model that explains the relationships among key variables identified within 
the trichotomic (stimulus, organism, and response) framework, integrating the two the
ories. The hypothesis is presented accordingly within this discussion. A succinct presenta
tion of the applied methodology and sampling framework follows this. The subsequent 
section presents the comprehensive analysis undertaken, including structural and 
hypothesis testing using structural equation modelling (SEM). Lastly, the paper presents 
the findings and outlines the novel theoretical and practical implications, with a note on 
limitations and future research directions.

2. Background and review

2.1. Conceptual review

2.1.1. Stimulus: cognitive construct(s)
Subjective norms (SN) are identified as an ‘individual’s perception of whether significant 
others think that he/she should undertake a definite behaviour’ (Park, 2000-pp-3). Age 
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and subjective norms are observed to correlate in technology adoption and use. Earlier 
studies focusing on the effect of SN have found that they persuade aging workers to 
adopt technology. SN involving technological adoption may come from peers or super
iors who influence others to follow their lead. In the SOR context, Wang et al. (2023) 
observed a direct cognitive impact of SN on citizens’ sense of responsibility to participate 
in a smart-city project. This study interprets SN as a stimulus component derived from 
social knowledge and awareness about insurance chatbots. Similarly, a recent study on 
chatbot applications in the beauty industry found that SN strongly influenced consumer 
attitudes (Dassouli et al., 2025).

Facilitating conditions (FC) have been defined as ‘objective factors in the environment 
that observers agree to make, including the provision of computer support’ (Teo et al.,  
2008, p. 132). Past studies on AI adoption have identified FC’s applicability from organiza
tional and consumer perspectives. The presence of AI-based infrastructure, such as 
databases and data warehouses, and also cognitive factors, such as staff training and 
resource allocation, are considered critical when implementing organizational AI (Grover 
et al., 2022; Shams et al., 2024). Recent studies have found that FC cognitive strength is an 
indicator of consumer use of WhatsApp-based chatbot recommendations (Romero- 
Charneco et al., 2025). Though the impact of FC on AI-based adoption has been observed, 
its relative influence on perceived affective chatbot trust as an antecedent cognitive 
stimulus requires further exploration.

Since their inception, chatbots have been replacing human interaction by mimicking 
human communication patterns to interact with people (Satu & Parvez, 2015). A critical 
aspect of any chatbot interaction is its inability to consider the social and personal 
characteristics of the individual with whom it interacts, often highlighted as the anthro
pomorphic component of AI (Kumar et al., 2025). However, it is worth noting that social 
presence is a differentiated chatbot characteristic, which in a psycho-social manner aims 
to augment human-AI interactive acknowledgement (Lee et al., 2024). In the context of 
interactivity, the presence of a strong socialization characteristic in a chatbot fosters 
greater trust and flexibility in accommodating varied needs and user groups (Wang & 
Qiu, 2024). Hence, a more in-depth investigation of this chatbot characteristic in a specific 
service environment is necessary to improve understanding of the socializing intervention 
further.

2.1.2. Organism: affective construct(s)
As an affective intervention, trust is interpreted as the emotion that emanates from the 
belief in and/or experiences about the object (brand/service/product); trust makes it 
possible to create a better affinity towards brands, and simultaneously, strengthens the 
antecedent cognitive association towards behavior (Jeon, 2024). The construct of affective 
trust has been altered to fit various domains. Research on sustainable, green behavior has 
utilized ‘green trust’ as the affective mediating component to behavior (Chatterjee et al.,  
2017; Huang et al., 2024), while in AI-based behavior, trust is considered a strong cognitive 
as well as emotive intervening construct to gauge the human psyche (Riley & Dixon, 2024; 
Sheshadri, 2015; Vrontis et al., 2022). The strength of perceived trust as a direct and 
mediating factor transcends the contextual boundaries of applicability, whereby it 
extends from a behavioral influencer in an educational context (Chatterjee et al., 2023; 
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Polyportis & Pahos, 2025) to intervening in the emotional dimension in product and 
service descriptions (Cicek et al., 2025).

An integral attribute of product innovativeness, perceived complexity (PC) measures 
users’ relative difficulty when using a new product. The degree of PC in a new technology 
product is associated with trust, as the latter helps to alleviate the fear of the former 
(Chatterjee & Mariani, 2022; De Kimpe et al., 2022). The level of complexity in adopting 
new technology might be perceived differently depending on the tasks it will perform. It 
has also been observed that the higher the perceived difficulty of operating a new 
technology, the lower the level of trust in the effectiveness of that technology 
(Chaudhuri et al., 2022; Choung et al., 2023). Although the direct effects of this construct 
as a cognitive antecedent in the context of machine intelligence have been tested (Adapa 
et al., 2020; Sheshadri, 2020), its affective impact on human–AI interaction remains to be 
explored.

In reference to interactions between humans and machines, technology anxiety repre
sents an individual’s fear or apprehension that can be triggered when using a new 
technology-oriented product or service (Morris &;. Studies examining AI phenomena 
have repeatedly focused on this construct and emphasized its influence on the indivi
dual’s propensity to use AI-based applications, coining it ‘AI anxiety’ in certain respects 
(Kim et al., 2025). It is an effective response that mitigates the perceived negativity 
towards complex technology applications, which can limit the scope of technology use 
(Koechling et al., 2023; Ranjan et al., 2023). Therefore, in technology or AI parlance, 
measuring the extent to which technology-oriented anxiety impacts trust and inhibits AI- 
favored decision-making is essential.

2.2. Theoretical underpinning

2.2.1. Stimulus Organism Response (SOR) model
The SOR model represents the progressive impact of perceived external stimuli (FC) in the 
physical setting (stimulus) on the components influencing the individual’s (organism’s) 
affective dimension, resulting in a definitive action (response) towards that object 
(Bagozzi & Yi, 1988; Mehrabian & Russell, 1974). In the context of AI chatbots, stimuli 
refer to factors that contribute to engagement, such as the chatbot’s specific character
istics, its popularity within the known community (subjective norm), and external envir
onmental conditions that facilitate its use. The component of trust reflects the organism, 
as it is a perceived stimulus (psychological state) that can lead to an intention (response) 
towards the specific chatbot (Chen, 2023). In a service context such as e-commerce, the 
impact of the affective trust (organism) on the customer’s specific service adoption 
(response) is significant. Similarly, SOR adaptation to assess the influence of chatbot 
service quality dimensions across varied service delivery environments, such as fast 
food (Elayat & Elalfy, 2025) and online luxury brands (Shahzad et al., 2024), demonstrates 
the model’s viability for measuring chatbot service implementation. Recent studies 
employing similar theories, such as UTAUT, to investigate the impact of chatbots on 
phygital consumers have identified chatbot interactivity (performance expectancy), social 
influence (subjective norm), and consumer trust as key antecedent factors influencing 
engagement and behavior (Nyagadza et al., 2022). An extended TAM-based observation 
of perceived utility and service appropriateness has also been undertaken (Liu et al.,  
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2024). However, the scope of such models is more focused on the attitudinal manifesta
tions of technology adaptation. It does not involve observing the cognitive-affective 
interplay, which is equally important, as such interactions differ across specific user 
groups; hence, acceptance cannot be generalized.

2.2.2. Extended Reality Technology (ERT) and SOR
As the current study explores the engagement dimension of a chatbot, it draws from the 
socialization dimension of the extended reality technology framework, which considers 
such technologies as virtual socialistic agents that bridge the physical-digital divide, 
which is an integral aspect of a successful phygital experience (Batat, 2024a). Enhanced 
phygital customer experience (CX) is a multidimensional construct that involves gauging 
the cognitive and affective components and their relative interaction in a social setting 
that connects (engages) the consumer to the brand (Alexander & Varley, 2025). It is worth 
noting that the current research aims to examine both direct and moderating influences 
that vary according to older people’s actual experiences interacting with a chatbot, both 
on-site (at the insurance company premises) and online (via mobile or laptop). This 
pertains to experiential research examining phygital experiences that are challenging to 
observe due to their hybrid nature, eliciting complex, interrelated cognitive and affective 
responses (Batat, 2023). The integration further helps ascertain the technological attribu
tion to the user’s perceptivity dimension. Recent studies, albeit in the tourism context, 
have adopted an integrated approach to examine the complex interplay between media 
type and its relative impact on virtual tourism perceptivity (Dutta & Dixit, 2025). Hence, it 
is evident that integrating SOR acts as an equilibrium that facilitates canvassing the 
phygital engagement of chatbot service tasks to user perceptivity. Further, the SOR- 
based service determinants and the adaptability of the SOT framework enable concurrent 
alignment of variables to assess physical and digital engagements effectively.

3. Hypothesis development

3.1. Subjective norm

Subjective norms (SN) in technology and social parlance are perceived pressure from 
one’s social network that directly or indirectly (as a mediator or moderator) influences the 
user’s technology attitude and acceptance (Islam et al., 2024). Although SN was intro
duced to attitude research through the technology acceptance model, its applicability in 
technology-oriented judgments and its connection to the socialization process of elderly 
consumers are evident in recent studies (Subhra Chatterjee et al., 2025). This phenom
enon has been observed across different technology-based products; however, the results 
have been mixed. As an example, in online shopping behavior, SN was not found to 
impact older adults’ decision to continue such behavior (Wu & Song, 2021). However, 
utilizing the SOR framework, Irimia-Diéguez et al. (2023) found the individual’s SN to be 
a strong cognitive stimulus that impacts the perceived use of peer-to-peer mobile pay
ment systems. It is worth noting that, as an extensively researched construct, the asso
ciative outcomes would differ across industries or domains of observation. For example, 
its influence on perceived trust has differed significantly depending on the theoretical 
positioning of these two variables, although the outcomes were significant. To further 
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substantiate, the antecedent SN impact on e-banking adoption behavior has been 
significant, with perceived trust as a social factor (Jermsittiparsert et al., 2023). In contrast, 
the consequential impact of SN on the aging population is evident when individuals agree 
to use household-based Internet of Things applications (Jaspers & Pearson, 2022). Hence, 
as a cognitive stimulus of a chatbot, its impact on affective perceptivity is inferred to be 
significant. Based on these findings, the following hypothesis is formed regarding the 
impact of subjective norm.

H1: Subjective norm (stimulus) impacts the insurance chatbot’s perceived trust (organism).

3.2. Chatbot characteristics

According to social constructivism theory, the characteristics of a chatbot are essential for 
effective interaction, underscoring the importance of a chatbot having cognitive, intel
lectual, and motor skills (Bialkova, 2024). This is critical in the current study context, as the 
specific alignment of chatbot characteristics (CC) as a cognitive link establishes its role in 
the SOR context. In a study on chatbot interaction, Chaves and Gerosa (2020) explored the 
social aspect of the CC when used in service contexts. They implied that it can be domain- 
specific or general. This signifies the dimensionality of CC’s impact on the consumer’s 
behavioral aspect as a knowledge component. Subsequently, efforts have been made to 
improve chatbots’ personality characteristics to leverage their influence on users’ per
ceived trust (PT). The impact of such distinctive characteristics on generating trust and 
interactivity is also observed to differ by age, prior experience with chatbots, and social 
setting. For example, intervention studies have found a negative association between 
certain social factors, such as identity consistency among citizens, and interactions with 
government-allocated chatbots (Ju et al., 2023). To summarize, the findings indicate that 
the effective attribution of CC in a service setting may have differential impacts on the 
affective and behavioral components, depending mainly on the user’s characteristics. To 
further elicit, though CC has been firmly attributed as a functional (cognitive) character
istic, it is also considered to exhibit anthropomorphic traits, such as warmth and empathy, 
in handling service inquiries (Sestino et al., 2025). Hence, the following hypothesis on the 
impact of chatbot characteristics is proposed.

H2: Chatbot characteristics (stimulus) impact insurance chatbots’ perceived trust (organism).

3.3. Facilitating conditions

Facilitating conditions (FC) are the factors that help individuals better understand 
technology. In a service interaction setting, this construct is interpreted as the 
signifying factor that facilitates system adoption through augmented trust and has 
been observed in specific AI-oriented studies utilizing UTAUT (Strzelecki & 
ElArabawy, 2024). The applicability of FC within an enterprise as a cognitive factor 
is well evident. Earlier studies on chatbot applications found FC to be 
a deliberative rationalization factor that helps reduce the perceived complexity of 
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this new technology for users (Brachten et al., 2021). The ambivalent role of this 
construct in technology parlance can be seen in its differing cognitive impact 
across contexts. As an example, in a study conducted on the adoption of mobile 
payment systems, the quality of information provided to users to facilitate their 
decision-making was found to impact their adoption of this technology (Gao & 
Waechter, 2017). However, its impact on students’ motivation to adopt and use 
voice-over assistants was found to be negligible (Al Shamsi et al., 2022). 
Furthermore, FC has been linked to ChatGPT AI technology and the trust issues 
associated with it. As an example, the impact of FC as a direct influencer of 
behavioral intention was examined in a meta-UTAUT-based study (Polyportis & 
Pahos, 2025). Still, the associative strength of FC as a cognitive stimulus within 
a cognitive affective AI-enabled service orientation is not definitive. This substanti
ates the need to explore the facet of FC further to gauge its effectiveness as an 
antecedent cognitive factor of perceived trust.

H3: Facilitating conditions (FC) impact the insurance chatbots’ perceived trust (PT).

3.4. Perceived trust

Perceived trust (PT) has been observed to facilitate decision-making processes that 
directly influence individuals’ BIs. Organizational factors, such as vendor reputation 
and expertise, and environmental factors, such as sustainability impact, have sig
nificantly affected people’s perceived benefits and perceived use intentions for 
electric vehicles (Featherman et al., 2021). In a study on the effect of chatbot 
disclosure, Mozafari et al. (2022) observed that PT is an antecedent of cognitive 
identification of a chatbot and has varied impacts across different service-related 
contexts. The study found that, depending on the importance of the service 
delivered by the chatbot (high versus low), disclosing the chatbot’s identity affects 
consumer retention rate (negative/positive), with this effect mediated by the trust 
component. Recent observations, which have deepened the psychological trust 
mechanism, have also shown its significance across varied demographics. 
According to Küper and Krämer (2025), the propensity to trust in an AI-oriented 
environment can vary across user groups, which, in turn, can be influenced by their 
technological affinity and expertise. However, the interrelationship between affec
tive psychological comfort, experienced anxiety, and perceived complexity, and its 
direct effect on aging consumers’ behavior within fully AI-mediated service 
encounters, remains largely underexplored. It is also evident that PT has strong 
demographic allegiance, with its impact on initiating and continuing AI-enabled 
services varying across countries. Hence, based on the above discussion, this study 
takes the following hypothesis on the influence of perceived trust.
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H4: Perceived trust (PT) impacts customers’ behavioral intention (BI) towards insurance 
chatbots.

3.5. Perceived technology anxiety and perceived complexity

3.5.1. Direct effect
Though technology anxiety is well documented, with the advent of AI-based technolo
gies, perceived technology anxiety has gained greater prominence, especially in relation 
to user orientation (Kim et al., 2025). The source of such anxiety lies in the consumer, 
though the manifestation may differ. For example, the impact of anxiety on the adoption 
of new information system-based devices directly influences perceived usefulness and 
relative ease of use (Huang et al., 2024). At the same juncture, motivation and acquired 
skill set might render this anxiety insignificant in behavioral manifestation, as observed 
among AI teachers in schools (Ayanwale et al., 2022). Hence, the following hypotheses are 
proposed for the above constructs and their relative influence on trust and BI towards 
chatbots.

H5a: Perceived technology anxiety (PTA) impacts the perceived trust (PT) of insurance 
chatbots.

The role of perceived complexity (PC) in technology adoption and transference is well 
documented. Earlier studies in similar service industries, such as insurance, have asserted 
the relevance of PC in the context of product trust, both as a direct and mediating factor 
(Wang & Lu, 2014). Furthermore, the system complexity associated with new technologies 
and products has also been observed. The direct impact of PC is evident among con
sumers with a higher degree of innovativeness. using intelligent retail technologies 
(Adapa et al., 2020), and in the case of business-to-business AI adoption and use intention 
(Polisetty et al., 2024). Hence, the following hypothesis based on the impact of PC is being 
taken.

H5b: Perceived complexity (PC) impacts perceived trust (PT) of insurance chatbots.

3.5.2. Moderating effect
Several studies have highlighted the mediating role of technology-oriented anxiety in 
technology adaptation and decision-making across different technological stances. 
Perceived Technology Anxiety (PTA) in the context of mobile health services has been 
shown to act as a significant moderator of both the cognitive and affective components of 
these services (Meng et al., 2022). Also, technology anxiety was observed to moderate the 
relationship between attitude and continuous intention to use mobile learning among 
students (Huang et al., 2022). Similarly, the moderating effect of perceived complexity 
(PC) in mobile learning on organizational task performance is found to influence employ
ers’ attitudes towards such learning (R. T. Huang, 2024). This was further refined by 
observing specific task-related complexity. It was found that the perceived enjoyment 
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of undertaking the task, along with the employees’ frequency of performing that task and 
the task’s complexity, are intrinsically linked (Li et al., 2024). It is also perceived that this 
warrants further exploration due to the enhanced complexity of AI-enabled chatbots, 
which exhibit greater capabilities and emulate human interaction more effectively than 
their predecessors (Xiao et al., 2025). Hence, the following hypotheses are taken:

H6a: Perceived technology anxiety (PTA) moderates the relative impact of perceived trust (PT) 
on customers’ behavioral intention (BI) towards the insurance chatbot.

H6b: Perceived complexity (PC) moderates the relative impact of perceived trust (PT) on the 
customers’ behavioral intention (BI) of the insurance chatbot.

3.6. Subjective norms, chatbot characteristics, and facilitating conditions

The role of perceived trust (PT) in chatbot-based applications has been of relative 
importance, both as a direct and an indirect construct. In e-retailing-based chatbot 
applications, trust impacts the perceived risk and the flow. These effects have been 
demonstrated in both quantitative and qualitative inquiry. As an example in experi
mental research on uncanny valley effects in e-commerce chatbots, trust mediated 
the effects of purchase intention and the customer’s willingness to reuse the same 
chatbot (Song & Shin, 2024). Similarly, another recent experimental design exploring 
multiple trust dimensions and the dispositional trust of the chatbot service provider 
found that dispositional trust of the chatbot service provider mediated the user’s 
learned trust. It is also evident that, as an affective (emotional) factor, the conse
quential impact of PT is augmented by stronger facilitating conditions, such as 
stronger app grounding and ensuing app characteristics that enhance perceived 
control and data privacy (Shabankareh et al., 2025). Hence, the following hypothesis 
on the mediating effect of PT is proposed:

H7a: Perceived trust (PT) mediates the impact of the subjective norm (SN) on the behavioral 
intention (BI) of aging consumers.

H7b: Perceived trust (PT) mediates the impact of chatbot characteristics (CC)on the behavioral 
intention (BI) of aging consumers.

H7c: Perceived trust (PT) mediates the impact of facilitating conditions (FC) on the behavioral 
intention (BI) of aging consumers.

With all these inputs, a conceptual model is developed and is shown in Figure 1.
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4. Research methodology

4.1. Sampling and data collection

The survey was conducted in four major cities in Malaysia: Kuala Lumpur, Penang, Johor 
Bahru, and Kuching. The justification for this approach was to include the diverse aging 
population from different regions in Malaysia. Furthermore, considering the study’s 
objective, which required a quantitative investigation of the construct relationships 
with a larger sample size representing the Malaysian insurance service sector, the survey 
method was deemed more appropriate than other methods, such as interviews. The 
choice of metropolitan cities was also relevant since all major insurance service organiza
tions had established service networks in these cities. Purposive sampling was utilized to 
identify a representative sample from major insurance service providers. The choice of 
sampling method was based on the scope, objective, and the study’s demographic 
location, with previous studies emphasizing this sampling design for better statistical 
accuracy within the study context (Hameed et al., 2024). The survey questionnaire was 
self-administered by the researcher during visits to the office service premises, and an 
online link to the questionnaire was also made available to participants. The research 
instrument was designed in English, and all respondents in the study had a minimum 
graduate-level qualification in English. This filter ensured the respondents understood the 
instrument clearly, as English is not Malaysia’s native language. Participants were also 
filtered by age to ensure the sample represented people aged 60 or older.

All the participants were asked about their recent insurance-based chatbot interactions 
to indicate which insurance organization’s chatbot-based service they used. Furthermore, 
as most insurance companies in Malaysia use standardized chatbot facilities for customer 
service inquiries, this was used as the main inquiry component (i.e. have you had any AI/ 
chatbot customer service interaction with any insurance company in the last 6 months?). 
This negated the effect of different insurance products, which might differ in their 
interactions. It is hypothesized that, regardless of the product’s nature, chatbot-based 

Figure 1. Conceptual framework.
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interaction will have a similar cognitive and affective influence. Recent studies on insur
ance-based chatbot interaction have used similar methods to standardize interactions 
across different organizations’ chatbot services to establish the anthropomorphic char
acteristic (Patil et al., 2024). A total of 396 respondents completed the questionnaire. Also, 
as the retirement age in Malaysia is 60, most respondents were retired, while the others 
were either self-employed (business) or engaged in contractual work. The demographic 
profile of the sample respondents included in this study and the frequency of chatbot/AI- 
based service interaction and is shown in Table 1.

4.2. Survey instrument and measurement scale

All items used in the study were drawn directly from previous research that employed 
validated measurement scales, which is considered an essential requirement for effective 
measurement. Although some items on the scales were slightly adjusted to fit the study 
domain, no significant changes were made, which is considered acceptable when using 
pre-validated items (Roth-Cohen et al., 2025). All the chosen studies utilized the 7-point 
Likert scale which allowed standardization in terms of measurement and analysis. In total, 
27 items were utilized to assess seven constructs, each measured on a 5-point Likert scale. 
Specifically, subjective norms (SN) and chatbot characteristics (CC) comprised 4 and 5 
items, respectively, sourced from Choi and Chung (2013) and Nordheim et al. (2019). 
Three items were used for FC, PT, and PC, taken from Terblanche and Kidd (2022), Yen and 
Chiang (2021), and Adapa et al. (2020). PTA was measured using four items from Li et al. 
(2021), while BI comprised five items adapted from Kasilingam (2020). Table 2 below 
indicates the measurement of the items and constructs described in this section.

Table 1. Demographic profile of respondents.
Characteristic Particular Frequency Percentage

Gender Female 154 38.9
Male 242 61.1
Not Specified 0 0

Age 60 to 65 267 67.4
66 to 70 106 26.8
71 and above 23 5.8

Income Below RM 2000 86 21.7
RM2001-RM3999 193 48.7
RM4000-RM5999 110 27.8
RM 6000 and above 7 1.8

Occupation Employed work 
(Contractual)

42 10.6

Self-Employed (Business) 85 21.4
Retired 269 32

Education Bachelor (Degree) 174 43.9
Master (Degree) 203 51.3
PhD 19 4.8

AI Customer Service Interaction in the last 6 months (Phone/Web 
service)

1 to 3 times 83 20.9

4–5 times 298 75.3
More than 5 times 15 3.8
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5. Data analysis and results

5.1. Measurement model assessment

This study employed SPSS version 26.0 for descriptive statistical analyses and to assess 
common method bias, while SmartPLS 4 was used for structural equation modelling and 
hypothesis testing. The Partial Least Squares Structural Equation Modelling (PLS-SEM) was 
chosen over covariance-based SEM (CB-SEM) based on the study’s analytical aims and 
data properties, which align with the circumstances in which the methodological 

Table 2. Estimation of the assessment items and constructs.
Constructs Item description LF AVE CR α

SN Subjective Norm 0.720 0.877 0.870
SN1 Other people think that using of insurance chatbots is important to me. 0.811
SN2 Many of the people that I know expect me to continuously use 

insurance chatbots
0.871

SN3 Others would probably make me feel guilty if I quit using insurance 
chatbots.

0.845

SN4 Many of the people that I know would be surprised if I just did not use 
insurance chatbots

0.866

CC Chatbot Characteristics 0.679 0.884 0.884
CC1 The content of the insurance chatbot reflects expertise 0.801
CC2 I feel very confident about the chatbot’s competence in managing my 

inquiry
0.810

CC3 The insurance chatbot is well equipped for the task it is expected to do 0.842
CC4 The insurance chatbot appears knowledgeable about the different 

service inquiries
0.841

CC5 I have experienced to get my question answered by the insurance 
chatbot

0.838

FC Facilitating Condition 0.673 0.757 0.756
FC1 I have the resources necessary to use the insurance chatbots 0.774
FC2 I have the knowledge necessary to use the insurance chatbots 0.843
FC3 I think that using the chatbot for insurance purpose fits well with the 

way I like to develop myself.
0.841

PT Perceived Trust 0.747 0.832 0.831
PT1 This chatbot as a conversational agent is trustworthy 0.856
PT2 I trust the ability of this chatbot as a conversational agent 0.863
PT3 This chatbot as a conversational agent is adequate for my need 0.875
PTA Perceived Technology Anxiety 0.731 0.900 0.875
PTA1 I have avoided insurance chatbot services because they are unfamiliar to 

me.
0.877

PTA2 I hesitate to use insurance chatbot services for fear of making mistakes 
I cannot correct

0.918

PTA3 I have difficulty understanding most technological matters relating to 
insurance chatbot services.

0.901

PTA4 I am not able to keep up with important technological advances, such as 
the development of chatbot services

0.708

PC Perceived Complexity 0.814 0.888 0.886
PC1 Insurance chatbots are complex in nature 0.894
PC2 Understanding the use of chatbot takes a lot of effort 0.918
PC3 Communicating with chatbots is confusing 0.894
BI Behavioural Intention 0.708 0.898 0.897
BI1 Now I intend to use insurance chatbots to solve my insurance related 

inquiries
0.839

BI2 Assuming that I have access to insurance chatbots, I intend to use it. 0.846
BI3 During the next 6 months, I intend to use chatbots for shopping. 0.852
BI4 I intend to use insurance chatbots for the next 5 years 0.820
BI5 Using insurance chatbots is pleasant for me 0.851
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literature recommends PLS-SEM (Chatterjee et al., 2025). In particular, the study empha
sizes prediction and the estimation of a comparatively complex structural model, requir
ing a multi-attribute modeling approach (Chatterjee et al., 2025; Hameed et al., 2024). In 
addition, the model specification includes formative measurement constructs and neces
sitates the computation of latent variable scores for subsequent analyses (Hair et al.,  
2019). The distributional properties of several observed indicators deviate from multi
variate normality, further limiting the suitability of CB-SEM. Finally, given the modest 
sample size relative to the number of model parameters, PLS-SEM offers more robust 
parameter estimation and statistical power. Contemporary advances, such as consistent 
PLS algorithms, additionally allow results to be interpreted within a common-factor 
framework when appropriate, thereby mitigating one of the traditional limitations of 
variance-based SEM approaches (Hair et al., 2021). Table 2 shows the estimates of 
Cronbach’s alpha values (0.750 to 0.897), which are well above the required threshold 
value of 0.70 (Black et al., 2010). Next, the composite reliability estimates range from 0.757 
to 0.900, and the average variance extracted (AVE) ranges from 0.673 to 0.814, thereby 
fulfilling the threshold values for strong convergent validity (Hair et al., 2019). (Table 2).

Subsequently, Table 3 shows the factorial loadings of all measurement items that are 
above the required benchmark value of 0.60. The average variance extracted (AVE) scores 
ranged from 0.673 to 0.814, which is well above the threshold value requirement of 0.5 
(Fornell & Larcker, 1981). It is also observed that the AVE square root of each construct was 
greater than its correlation with any other construct (Table 3). Additionally, in reference to 
the HTMT criterion, all the construct values fall below the threshold of 0.9 (Sarstedt et al.,  
2021). Thus, the measurement model shows good fit indices, including reliability and 
convergent and discriminant validity. 5.2 Structural model and hypothesis testing

5.1.1. Direct effect
Figure 2 presents the structural model assessment. The hypothesis testing was conducted 
utilizing Smart PLS4, which involved 5,000 resamples with specified multiple iterations 
(Hair et al., 2019), and the results are presented in Table 4. The direct effect hypothesis, 
which included hypotheses H1, H2, H3, and H4, respectively, was supported (p 0.05). 
However, the direct effects of FC and PTA, pertaining to hypotheses H5a and H5b, 
respectively, are not supported (p > .05).

Table 3. Test for discriminant validity.
Constructs BI CC FC PC PT PTA SN PC x PT AVE

BI 0.708
CC 0.793 0.683
FC 0.885 0.806 0.673
PC 0.530 0.447 0.550 0.814
PT 0.890 0.819 0.889 0.486 0.748
PTA 0.564 0.461 0.527 0.572 0.468 0.731
SN 0.763 0.793 0.858 0.425 0.826 0.428 0.720
PC x PT 0.849 0.763 0.797 0.360 0.794 0.458 0.706
PTA x PT 0.865 0.760 0.802 0.451 0.835 0.427 0.713 0.876
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5.1.2. Mediation effect
The hypotheses H7a (β = 0.071, t = 3.211, p < 0.05), H7b (β = 0.075, t = 2.762, p < 0.05) and 
H7c (β = 0.076, t = 3.338, p < 0.05) proposed the mediating impact of perceived trust (PT) 
on subjective norms (SN), chatbot characteristics (CC), and facilitating conditions (FC). 
They are all observed to be significant and accepted. Table 4 shows the hypothesis 
testing.

5.1.3. Moderation effect
Hypotheses H6a and H6b were taken to investigate the moderation effect of PTA and PC 
on individuals’ behavioral intention (BI) towards insurance chatbots. They are observed to 
be significant based on the path coefficient values of H6a (β = 0.194; p < 0.05) and H6b (β  
= 0.192; p < 0.05). Additionally, the effects of PTA and PC on PT are further illustrated 
through the graphical interpretation of their relative intersection points. As depicted in 
Figures 3(a,b), respectively, both PTA and PC had a conditional, indirect effect that was 
significant at low (‑1SD) and high (+1SD) with respect to the impact of PT on BI. Therefore, 

Table 4. Hypothesis testing.
Linkages Hypotheses Path coefficients (β values) p-values t-statistics

SN→PT H1 0.273 .000 3.502
CC→PT H2 0.288 .001 3.299
FC→PT H3 0.290 .000 4.017
PT→BI H4 0.260 .000 6.024
PTA→PT* H5a −0.027 .487 0.695
PC→PT* H5b −0.057 .078 1.766
(PT→BI) × PTA H6a 0.194 .014 2.465
(PT→BI) × PC H6b 0.192 .019 2.342
SN→PT→BI H7a 0.071 .001 3.211
CC→PT→BI H7b 0.075 .006 2.762
FC→PT→BI H7c 0.076 .001 3.338

*Not supported.

Figure 2. Structural model.
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the moderation effect is further established through this representation. Figures 3(a,b) 
show the moderation effects.

6. Discussion

This study examined cognitive and affective determinants of AI-powered chatbot adop
tion among older insurance customers. Anchored in the stimulus – organism – response 
(SOR) model and the social interaction dimension of electronic relational theory (ERT), the 
research tested how cognitive factors – subjective norms, chatbot characteristics, and 
facilitating conditions – influence perceived trust. It further assessed the role of trust in 
shaping behavioral intention (BI) toward chatbot use, as well as the direct and moderating 
effects of perceived technological anxiety (PTA) and perceived complexity (PC) on trust.

The findings reveal that all cognitive stimulus components – subjective norm (SN), 
chatbot characteristics (CC), and facilitating conditions (FC) – exert a statistically signifi
cant, direct influence on perceived trust (PT) in chatbot use. These results are broadly 
consistent with prior empirical evidence, albeit derived from divergent contextual and 
demographic settings. First, the cognitive salience of SN and CC as antecedents of 
technology-related behavioural responses has been documented across various digital 
service domains, including hotel booking applications, where social influence and system- 
related attributes jointly shape user perceptions and behavioural intentions (Islam et al.,  
2024). In the context of ageing consumers, this suggests that communal endorsement, 
peer alignment, and shared experiential narratives function as critical social referents that 
legitimize the adoption of emergent service technologies.

Second, the instrumental significance of facilitating conditions (FC) has been similarly 
corroborated in AI-enabled healthcare applications, such as informational systems 
designed for pregnant women in hospital settings (Liew et al., 2023), indicating that 
infrastructural support, accessibility of resources, and guidance mechanisms collectively 
enhance trust formation in technologically mediated interactions. Extending this logic, 
the present study demonstrates that, in complex, technology-intensive service encoun
ters, the availability of enabling support structures serves as a foundational mechanism 
for trust building. Notably, within phygital service environments – characterized by 
limited physical service options and increased reliance on reciprocal human – technology 

Figure 3. (a) PTA and PT (Slope). 3(b) PC and PT (Slope).
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interaction – the theoretical and empirical substantiation of FC remains underdeveloped. 
The current findings, therefore, contribute to the literature by empirically validating the 
direct effect of facilitating conditions on perceived trust, thereby expanding the nomo
logical network of cognitive antecedents relevant to chatbot interactivity in settings 
where traditional face-to-face service access is limited.

Moreover, these results underscore the strategic challenge faced by organizations 
operating in phygital ecosystems, in which the effectiveness of chatbot deployment 
depends not only on technological sophistication but also on enhancing socially inter
active capabilities and providing tailored educational resources for ageing users. In this 
regard, the phygital consumer experience necessitates organizational competencies that 
integrate adaptive interface design, user-centric guidance, and continuous support 
mechanisms to mitigate technological uncertainty and foster trust-based engagement 
among elderly consumers during the adoption process.

The central organism or emotional construct, PT, directly affected the aging consu
mer’s intention to use chatbots. The role of PT in chatbot interaction has been observed 
previously. However, in a consumer-based setting, the focus has been either on chatbot 
usage as an antecedent (Mostafa & Kasamani, 2022) or on a comparative analysis of 
human versus AI-based trust levels (Seitz et al., 2022). The current study augmented the 
implied trust that acts as a bridging factor between understanding a chatbot and using it 
in everyday life. However, PTA and PC had no direct impact on trust. This outcome both 
supports and contradicts previous results, though in a limited manner. The perceived level 
of AI anxiety during technology adoption was found to play both a direct and 
a moderating role in perceived trust. The current study builds upon prior work on the 
role of anthropomorphism in facilitating chatbot engagement (Nyagadza et al., 2022). It 
asserts the cognitive importance of proper guidance and social support in creating 
a phygital insurance chatbot experience.

The current study also found a strong mediating effect of PT on the relationship 
between cognitive factors and BI. The mediating role of perceived trust in a phygital 
context underscores the relative importance of organism-level (affective) mechan
isms in shaping user responses. This finding is particularly novel considering aging 
consumers’ interactions with technology in hybrid service environments. 
Nevertheless, comparable evidence has been reported in prior studies, where trust 
was found to significantly mediate the relationship between antecedents and per
formance expectancy in the context of student engagement with ChatGPT (Amin 
et al., 2025).

7. Implications of the study

7.1. Theoretical implications

First, the current study is a pioneering effort to examine the BI of aging consumers in 
relation to AI-powered insurance chatbots in a physical context. Earlier studies observing 
phygital consumers have focused on the cognitive affective dichotomy, but not on the 
complex trichotomic intervention involving affective factors that includes the perceived 
level of anxiety. Applying the SOR model, the current study extends the work by aug
menting AI-oriented phygital consumer engagement and by further exploring the 
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knowledge-emotive complexity of human-computer interactions in insurance service 
design. Furthermore, this finding relates to the strategic aspects of customer lifetime 
value (CLV) from a triadic impact perspective. As it is envisaged that, from a strategic 
standpoint, effective service engagement augments the propensity to derive a higher CLV 
from each customer segment (Kmet & Copulsky, 2024), the current outcome aligns with 
this premise; however, from a phygital service orientation perspective. This is considered 
a novel implication, as the tri-component-based affective dimension is a new extension of 
the organism component of the SOR model.

Secondly, the impact of perceived trust on the use of new technology (e.g. insurance 
chatbots) among older consumers remains underexplored. Earlier studies have observed 
trust as a mediator of perceived usefulness and perceived ease of use for intended use 
technologies such as 5 G mobile wallets and mobile payments (Chawla & Joshi, 2023). and 
navigation systems. From a marketing strategy perspective, this outcome underscores the 
role of affective trust in developing a competitive advantage in the service domain. This 
also substantiates the strength of trust interactivity and its ability to influence other 
affective components in a service domain (Ng & Zhang, 2025) and provides a new 
perspective on an augmented technology-based marketing strategy.

Thirdly, the moderating effects of PTA and PC on trust in the BI route have not 
been examined in prior studies. The moderating effect of PTA on the relationship 
between service failure severity and blame attribution has been observed in the 
context of negative attribution in mobile services. The current study reiterates the 
earlier finding that PTA and PC are components of direct or mediating effects. 
However, it extends the co-existential aspect of technology and anxiety towards PT 
as an affective influence. This is a novel implication, as the PC of chatbot-based 
interactive applications is considered an extraneous or conditional impact or as 
a cognitive antecedent to the human-computer exchanges that even impacts intra- 
human behavior (Xia et al., 2025). The trichotomous affective relationship in 
chatbot interactions among older adults has not been examined through 
a theoretical lens prior to this study.

7.2. Practical implications

The study provides several practical implications for insurance and other service 
organizations planning to employ chatbot-based consumer services. Firstly, the 
cognitive-affective dichotomy and its associated components provide a novel path
way towards interpreting the physical and emotional input required by aging 
consumers. A few recent studies have documented this for hotel- and hospital- 
based (Islam et al., 2024) AI applications, where superior cognitive input has 
helped to reduce the perceived complexities of interaction. However, the emo
tional triadic impact indicates that, even when chatbot physical features and 
service facilitation conditions are well endowed, strategic input through effective 
marketing communication is necessary to address organism-based components 
such as trust, anxiety, and complexity. It asserts a reassessment of the service 
design strategy for chatbot-based encounters and proposes a segmented approach 
to this group of consumers, allowing differential service treatment.
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Secondly, the direct and mediating effects of affective trust indicate that such an 
effort can improve consumers’ belief in the system and influence their behavior 
toward the chatbot, rather than focusing solely on improving cognitive or information- 
based trust. This emphasizes the strategic marketing communication that should 
resonate with the chatbot’s trust from a socially accepted viewpoint. It extends the 
earlier implications, pinpointing the realignment of chatbot promotional efforts (Majid 
et al., 2024) by incorporating ERT-based sensory input into communication to 
strengthen awareness of the phygital experience, which can be delivered through 
a chatbot interaction.

Finally, the moderating impact of affective factors, namely perceived technology 
anxiety and perceived trust, leads the path to a stronger persuasive intent that should 
be delivered to cater to the emotions of the elderly user group. In managerial terms, this 
finding paves the way for a novel chatbot implementation framework that should 
primarily focus on strategizing the affective influence factors and the perceived trust 
associated with them, before delving into a conducive environment. This will ensure 
a smoother transition and acceptance by concurrently increasing trust in the organism 
and reducing the technology-anxiety component among the elderly group.

8. Limitations, conclusion, and future research scope

This study has several limitations that are inherent to its scope. Elaborating on the 
scope, the study applies only to insurance-based chatbot inquiries. Though it can be 
hypothesized that a similar behavioral impact will be reflected in customer query- 
based chatbot interactions across the financial industry, the generalizability of the 
findings requires further corroboration. In the context of model development, the 
combined SOR model and the ERT framework were utilized to investigate the triadic 
impact of the affective domain variables on the aging population. Hence, the out
comes are valid only for older consumer groups, as the cognitive-affective congruence 
across age varies significantly. Secondly, from a data perspective, utilizing purposive 
sampling and restricting the sample to English-speaking populations also limits the 
study’s generalizability. However, as a pioneer attempt to gauge chatbot interactivity 
among insurance service users, the purposive sampling with restrictive language 
barriers was deemed suitable. The cross-sectional design, however, facilitated captur
ing the essence of interactivity concurrently across demographics, but it does limit the 
interpretation of causality to a certain extent. Additionally, the current study does not 
account for associated demographic factors, such as the respondents’ location and 
ethnicity, which may influence the behavioral outcome, as these factors in a phygital 
setting are considered uncontrollable (Jacob et al., 2023).

Future research may focus on extending the findings of this study by applying them to 
various service settings and incorporating longitudinal research to test the replicability of 
the results. Studies can be undertaken to gain a deeper understanding of the psychosocial 
determinants of attitudes and causal influences on the aging cohort’s perceptions of 
chatbot-based service design, particularly in the context of human-chatbot interaction. 
Given the comprehensive scope of the ERT framework, it is also advisable that future 
research further explore the dimensional construct that reflects the socialization aspect of 
phygital interactions in service-based AI and chatbot applications.
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