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Abstract

Purpose — The purpose of the current study is to evaluate the continuance intentions (Cls) of chatbot users in
airlines and/or air travel booking companies, which is explored by integrating the extended technology
acceptance model (TAM).

Design/methodology/approach — The paper presents empirical evidence by conducting data analysis on 467
travelers, using AMOS. The current study has undertaken six constructs as factors of trust (TRU), which lead to
customer experience (CEXP) and finally CI to use airline chatbots. The CEXP to CI path is also mediated by the
need for interaction (NFI) and anthropomorphism (ANTH).

Findings — The findings indicate that TAM variables (extended) play a major role in shaping users’ trust in
chatbots used by airlines, which is crucial for enhancing the CEXP. ANTH plays a significant role in CEXP,
directly influencing CEXP and CI, whereas the NFI does not. Ultimately, the CEXP of using airline chatbots
significantly impacts their intention to continue.

Originality/value — The study addresses the role of human—AlI interaction with a unique proposition wherein
extended TAM variables influence CI via trust and CEXP.

Keywords Al-enabled chatbot, Airlines, Trust, Anthropomorphism, Continuance intention, Extended TAM,
Structural modeling

Paper type Research article

1. Introduction

Companies are increasingly utilizing artificial intelligence (AI) technologies, including speech
recognition, machine learning (ML) and natural language processing (NLP) (Li et al., 2023).
Al is transforming industries globally, enabling businesses to streamline operations with
smarter tools, engage customers and boost efficiency. With advancements in ML, NLP and
speech recognition, Al systems can perform tasks much faster and with remarkable precision,
surpassing human capabilities (Sharma et al., 2025).

Chatbots interact with customers using text, voice and visuals (Islam et al., 2024), becoming
integral across various industries, including retail, banking, healthcare and travel. Al-enabled
chatbots significantly enhance hospitality and tourism experiences (Husnain et al., 2025)
by using NLP and ML to answer questions, solve problems and handle tasks like bookings and
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payments seamlessly. In the airline and travel booking sector, Al-driven chatbots assist with
inquiries and bookings, as exemplified by Koninklijke Luchtvaart Maatschappij N.V.’s (a.k.a.
Royal Dutch Airlines) “BlueBot”, which managed over 1.7 million inquiries in its first year
(Forbes, 2024).

In the airline industry, convenience, usefulness and trust influence continued chatbot usage.
Trust is critical, as users must feel confident in the chatbot’s accuracy and ability to handle
transactions securely (Wirtz et al., 2018). However, service failures pose a barrier to
acceptance (Cheng et al., 2022). Despite growing use of chatbots and their adoption, a notable
contextual and theoretical gap persists (Ngo et al., 2025). To address this gap, the current study
investigates the following questions:

RQI1. Which attributes of chatbots of airlines and online travel agencies (OTAs) influence
their consumers’ trust and subsequent experience with chatbots?

RQ2. In what ways do the attributes of airline and OTA chatbots affect consumers’ trust
and overall experience with these chatbots?

RQ3. Towhat extent does the impact of chatbot attributes on consumer trust depend on the
consumer experience, influencing their intention to continue using them?

This study identifies six key attributes influencing chatbot usage: perceived usefulness
(PUSE), perceived ease of use (PEOU), perceived enjoyment (PENJ), social influence (SINF),
response time (RTIM) and perceived security (PSEC). Between these attributes and customer
experience (CEXP) with chatbots, trust (TRUS) serves as a mediating variable and, finally,
CEXP mediates the relationship between trust and continuance intention (CI) of users (CINT)
in using airline and/or OTA chatbots. Two additional mediating factors, namely, need for
interaction (NFI) (the preference to switch from chatbots to human agents) (NFIN) and
anthropomorphism (ANTH) (the perception of human-like traits in non-human agents), are
also examined for their indirect effects on CI to use airline and/or OTA chatbots.

The remainder of this paper includes a literature review, theoretical background,
methodology, main findings, discussion of findings, implications and limitations of this study.

2. Literature review

2.1 Chatbots in airlines

Chatbots are automated computer programs designed to simulate human-like interactions
through interfaces that are either text or voice-based (Wang and Lo, 2025). Al-powered
chatbots significantly enhance efficiency in customer service through advancements in Al
technology; they offer 24/7 support, resolve basic issues and problems, handle tasks like
answering frequently asked questions and provide product recommendations (Gao et al.,
2025). “Anthropomorphism” has led to more affiliation between customers and service
providers by cultivating emotional bonds, thus lowering costs by using fewer staff (Epley
et al., 2007) and handling multiple customers from different time zones, thus freeing human
resources for other tasks.

Al chatbots have become increasingly popular with the airline industry. Now airline
customers can acquire more accurate information related to air travel, such as flight schedules,
booking, boarding and/or check-in information (including luggage) and updates, thus
enhancing the CEXP. Jiménez-Barreto et al. (2021) confirmed the direct impact of CEXP and
self-determined interaction on attitude towards and satisfaction.

3. Theoretical background, research voids and hypotheses development

3.1 Theoretical background

The section presents the background theories incorporated in the proposed research model
(Figure 1). The majority of factors in the study are adapted from the two most popular models of
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Figure 1. Research model

technology adoption, namely, the technology acceptance model (TAM): six factors, and the
unified theory of acceptance and use of technology (UTAUT): two factors; all the rest of the
factors were adapted from other models and/or theories (one factor from each model) such as
social response theory, expectancy violations theory and SEEK (three-factor model) (see Table 1).

3.1.1 TAM (technology acceptance model). TAM explains the phenomenon of user
acceptance as a theory based on the expansion of the theory of reasoned action (Davis, 1989). The
two main factors in TAM that measure user acceptance are PUSE and PEOU (Gao et al., 2025).

Table 1. Summary of constructs

Codes
used Model Original Source Cited in
PUSE TAM Davis (1989) Oghuma et al. (2016)
PEOU TAM?2 Davis et al. (1989) Dasgupta et al. (2011)
PENJ TAM3 Davis et al. (1992) Lee et al. (2005)
SINF UTAUT Venkatesh et al. Venkatesh et al.
(2003) (2012)
RTIM  Social response theory and expectancy violations ~ Bailey and Pearson Cheng (2011)
theory (1983)
PSEC  Extended TAM Hartono et al. (2014)  Aggarwal and Rahul
(2018)
TRUS  Extended TAM Gefen et al. (2003) Chong et al. (2012)
CEXP UTAUT Chan et al. (2010)  Hong et al. (2011)
NFIN NA Dabholkar et al. Xie et al. (2020)
(1996)
ANTH  Three-factor model — the sociality, effectance and ~ Epley et al. (2007) Rosen et al. (2024)
elicited agent knowledge (SEEK)
CINT  In addition to TAM Bhattacherjee Bhattacherjee and Lin
(2001) (2015)

Source(s): Compiled by authors
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TAM emphasizes external variables’ role in defining internal decision-making processes of
individuals; these external factors exert both direct and indirect effects on PUSE, mainly through
PEOU (Berbar, 2023). As the design of Al-powered chatbot technologies is based on users’
needs, PEOU is a critical necessity (Gao et al., 2025). PSEC has been included in this study, as the
traveler’s perception of security, privacy protection and quality of the application they are using is
of utmost concern (Pillai and Sivathanu, 2020). PENJ also affects chat users’ behavior positively
as they feel engaged and entertained with chatbots. People have fun in interacting, which leads to
a better understanding of their enhanced user experience such that chatbot developers can deliver
a better service quality (Wut et al., 2024). Trust (TRUS) has been investigated in several distinct
contexts; however, scant research is present addressing trust in chatbots. “Usefulness” and “ease
of use” are the two factors that majorly drive initial trust and behavioral intention. CINT, an
additional factor from TAM, is crucial for this study. Thus, the framework shown in Figure 1
combines six factors extracted from TAM (including extended TAM), namely, PUSE, PEOU,
PSEC, PENJ, TRUS and CINT, along with other factors to measure customer user experience
mediated by trust with an Al chatbot in the airline industry.

3.1.2 UTAUT (unified theory of acceptance and use of technology). The UTAUT model
(Venkatesh et al., 2003) explains the variance in user behavior and behavioral intention through
performance expectancy, effort expectancy and SINF. Dwivedi et al. (2019) proposed to include
missing paths, such as from facilitating conditions to behavioral intentions and the inclusion of the
attitude of users mediating between performance expectancy and effort expectancy to behavioral
intention. Similarly, CEXP has been added later on as part of the extended UTAUT.

SINF is a crucial factor from UTAUT theory, as it considers that consumers believe in
reference groups and their advice to use certain products or services, and these beliefs affect
consumers’ trust and behavior in using new technologies (Mostafa and Kasamani, 2022).
Thus, we included SINF as an antecedent to chatbot trust.

CEXP is an individual’s perception and response in relation to the use of a product, service
or system (Shahzad et al., 2024). The user experience with AI chatbots entails the satisfying
feeling a user has when interacting with chatbots seamlessly (Pizzi et al., 2021). This study
develops an understanding of two mediating elements in the proposed framework: the NFIN
and ANTH. The “need for interaction” is crucial for interpersonal communication (Baumeister
and Leary, 1995). Studies document the impact of ANTH on usage or purchase intention
(Sestino and D’ Angelo, 2023).

3.2 Research voids and hypotheses development

While chatbots were first developed in 1966, significant work on chatbots has existed since
2016, although the co-existence with airlines is a rare phenomenon. A significant milestone
was reached in 2007 when British Airways launched its chatbot, marking a pivotal moment in
the evolution of conversational Al in the airline industry. The pioneer studies elaborated on the
use of Facebook Messenger online chat for business activities by Dutch Airlines, like issuing
boarding passes through the same (Olson, 2016). Studies are conducted for chatbot interaction
in the context of airlines on user-generated and user engagement (Son et al., 2023) and the self-
service technology adoption model (Lee, 2013).

The current study is undertaken to present an empirical framework using UTAUT and TAM
variables having influence on TRUS and CINT, mediated by NFI and ANTH. Rare studies
using TAM constructs along with TRUS and CINT are conducted in the airline industry
(Quililan et al., 2025), thus leaving a void. Also, empirical studies on CINT determinants for
chatbots are limited (Nguyen et al., 2021).

Many studies extensively explored the prediction of trust in Al-powered chatbot systems to
identify ways to quantify and recognize factors such as social presence, ANTH and credibility
(Gkinko and Elbanna, 2023). Therefore, trust-enhancing attributes like usefulness, ease of use,
RTIM, social presence, security, transparency, enjoyment, etc. require more research (Zierau
et al., 2020).



Six factors were hypothesized to have been connected with trust as part of the first-order
measurement model, namely, PUSE, PEOU, PENJ, SINF, RTIM and PSEC, which are vital for
this paper. Thus, the study is a novel attempt to study the connection of TAM variables
along with trust, NFI and ANTH in the airline industry. There is a need to explore the role of
NFI, as well as the humanized characteristics of a chatbot, i.e. ANTH, in mediating the
relationship between trust and CI. Empathic chatbot-led services enhance CEXP (Juquelier
etal., 2025).

Based on the literature and considering the research gap, the following hypotheses were
formed.

3.2.1 PUSE — Trust. In Al-based chatbots, PUSE is a key determinant of adoption
intentions (Li et al., 2023). PUSE impacts adoption in travel planning, such as business-to-
consumer travel search engines and tourism apps (Coves-Martinez et al., 2023). In the
adoption of new technologies such as chatbots, PUSE and PEOU are major drivers of initial
trust and behavioral intention. The overall experience fosters trust when any airline consumer
perceives that its chatbot has high utility and a consistent performance. Therefore, the
hypothesis posits:

Hi1. PUSE influences TRUS in airline chatbot service.

3.2.2 PEOU — Trust. PEOU refers to how seamlessly a system operates without requiring
extra effort or skills from users. Higher trust levels are linked to greater PEOU. The TAM
theory supports the positive relationship between TRUS and PEOU (Gefen et al., 2003). A
higher PEOU strengthens initial trust, driving chatbot adoption (Mostafa and Kasamani,
2022). The logic behind the strengthened trust is that easier the product is to use, the more
confidence it gives to the consumer, who is fearless in using the product and thus can perform
better with easy navigation (Ashfaq et al., 2025). PEOU can instill trust among chatbot users of
airlines. Thus, the hypothesis posits:

H2. PEOU influences trust in the airline chatbot service.

3.2.3 PENJ— TRUS. PENI is defined as the “pleasure derived from engaging with a
system, independent of any performance outcomes” (Venkatesh, 2000; Mehra et al., 2020).
Customers who enjoy using chatbots are more inclined to use them again and feel they have
sufficient time to complete the tasks, ultimately increasing their trust in the chatbots. The
reason behind such a connection between PENJ and trust is the positive feeling associated and
the emotional attachment (Mamun et al., 2023). Conversely, diminished PENJ can hinder trust
and negatively impact the user experience (Pereira et al., 2022). The fun element in airline
chatbots is expected to enhance trust in them. Hence, the hypothesis posits:

H3. PENIJ influences trust in the airline chatbot service.

3.2.4 SINF — Trust. People often see using Al services as aligning with social group (peer
and/or social group, friends and relatives) norms (Gursoy et al., 2019). Using the same product
(as the group) leads to validation; moreover, at times, there is a sense of pressure to adopt to
align oneself with the community (Sasahara et al., 2021). Chi et al. (2020) examined the
attitude of tourists towards the use of AI devices in airlines (utilitarian) and hospitality
(hedonic) services and compared the two services. Their findings suggest that SINF was a
weaker determinant of user attitude towards Al devices in airline services in comparison to
hospitality services and further recommended that SINF in the airline context needs to be
explored further; hence, we included SINF. The hypothesis framed is:

H4. SINF influences trust in the airline chatbot service.

3.2.5 RTIM — Trust. RTIM in chatbot interactions is a critical social cue, shaping
conversational flow, relational engagement and user satisfaction (Zhang et al., 2024a, b).
Users in typical customer service scenarios expect quick responses. Much delay in response
could lead to conversational disengagement and dissatisfaction (Zhang et al., 2024a, b, July).
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Prompt RTIM builds trust and enhances the user experience. The literature about RTIM and
TRUS has not been explored in the field of chatbots, specifically in airlines and tourism. Thus,
the hypothesis is:

H5. RTIM influences trust in airline chatbot service.

3.2.6 PSEC— Trust. PSEC is the subjective likelihood that the personal information of
users will not be illegally stored, accessed or manipulated by others (Flavian and Guinaliu,
2006). PSEC is linked to trust; users lose trust in the company if the security of their personal
data, such as information viewed by outsiders or information leaks, is not being protected by
the company and/or service provider (Siagian et al., 2022). Trust, defined as confidence in
security and privacy, is crucial for user behavior and influences users’ intentions (Hooda et al.,
2022), and it is a must in airline chatbot service. Hence, the hypothesis is:

H6. PSEC influences trust in airline chatbot service.

3.2.7 Trust — CEXP. The relationship between TRUS and CEXP across domains has been
depicted in both ways, i.e. effect of TRUS on CEXP and vice versa as well; several studies, like
Siqueira et al. (2023), adapted the former relationship — in contrast, Kushwaha et al. (2021)
adapted the effect of trust in CEXP, although in a business-to-business context. We adapted
trust in the CEXP relationship, as the trust-enhancing attributes such as PUSE, PEOU, PSEC,
RTIM, SINF and PENJ would motivate the chatbot user to go for an enhanced experience, and
based on the trust so built, it will eventually lead to a CINT if satisfied with the enhanced
experience. Trust in the quality of the chatbot ensures better CEXP (Jenneboer et al., 2022) in
the airline industry. Hence, the following hypothesis is framed:

H7. TRUS positively influences CEXP in the airline chatbot service.

3.2.8 CEXP — NFIN. Defining CEXP is challenging due to its diverse meanings (Lemon
and Verhoef, 2016). CEXP encompasses cognitive, emotional, sensorial and behavioral
responses influenced by communication, brand identity and environmental factors. These
experiences shape consumer expectations during all interactions. In chatbot interactions,
studies examine trust, satisfaction or actions that affect the overall experience (Hoyer et al.,
2020), while human-like features enhance engagement. However, complex interactions may
lead to disappointment (Solvvy, 2021), eventually leading to the need for a personal interaction
to solve a specific problem. This situation may arise in an airline chatbot interaction in case it
lacks meticulous programming. Thus, the hypothesis is:

HB8a. CEXP influences the NFIN in the airline chatbot service.

3.2.9 NFIN— CINT. NFIN is “the importance of human interaction to the customer in
service encounters” (Dabholkar and Bagozzi, 2002). Interaction, satisfaction and CINT are
interconnected, though users may perceive human-like chatbots as threatening (Schmitt,
2020). Expectation confirmation theory explains how expectations shape customer
perceptions. When chatbot performance meets expectations, it leads to confirmation and
satisfaction. Consequently, chatbot interactions influence CINT by shaping beliefs,
expectations and satisfaction (Nguyen et al., 2021). Chatbots’ creepiness with an increased
integration of Al in airlines, utilizing technology anxiety and the need for human interaction, is
found to influence perceived creepiness, further affecting customer satisfaction and loyalty
(Lacap et al., 2025). Hence, NFIN is a mediating variable that affects CINT. Thus, the
hypothesis is:

HB8b. NFIN influences CINT in the airline chatbot service.

3.2.10 CEXP — ANTH. “Alexa, play rhymes” sounds like speaking to a human,
categorizing the social responses of computers as “anthropomorphism” (Nass and Moon,
2000) and believe that the object possesses human characteristics (Zhou et al., 2019). The
SEEK model elaborates on “ANTH” through sociality, effect and elicited knowledge



(Rosen et al., 2024). Al-enabled chatbots are considered to make conversations and
interactions with customers using a high degree of ANTH (human-like) (Alalwan et al., 2025).

Marketing literature lacks consensus on whether ANTH in chatbot experiences enhances or
limits users’ intention to reuse chatbots (Schmitt, 2020). Although excessive human-like
features may lower satisfaction and future purchase intentions, incorporating humor can
enhance CEXP (Shin et al., 2022). Thus, the following hypothesis is proposed:

H9a. CEXP influences ANTH in airline chatbot service.

3.2.11 ANTH — CINT. ANTH in Al is pivotal as it helps humans. Be it pandemic times
(Miner et al., 2020) or online shopping (Fu et al., 2023), ANTH is the leading characteristic in
AT (Lee et al., 2023).

The impact of ANTH can be positive (Zhang et al., 2022) as well as negative (Crolic et al.,
2022). Factors like customer traits and predispositions, gender of chatbots, design, impacts and
use are also the triggers of ANTH (Blut et al., 2021). Much literature presented ANTH in
relation to CINT (Lee and Li, 2023). At times, it weakens the CINT in industries like retail, as it
needs more customer engagement, i.e. human interaction (Lim et al., 2021). However, airline
chatbots” ANTH can efficiently resolve many consumer queries and issues, encouraging its
adoption. Thus, the hypothesis is:

H9b. ANTH influences CINT in the airline chatbot service.

3.2.12 CEXP — CINT. CINT is a user’s intent to keep using services (Bhattacherjee, 2001).
The quality of chatbot service and its assistance influences CINT; timely responses foster trust
and satisfaction (Gao et al., 2015). Aw et al. (2022) found that digital voice assistance can
boost CINT. Implementing empathy into AI chatbot interfaces can significantly boost CEXP
(Juquelier et al., 2025) and ultimately enhance satisfaction. The airline industry lacks
exploration of chatbot-related CINT, presenting opportunities for further research. Thus, the
hypothesis is:

H10. CEXP influences CINT in the airline chatbot service.

4. Methodology

Using 467 responses from users of Al-based chatbots from airline companies, data were
collected through online and offline modes via purposive sampling and were contacted at
major airports in India (Indore, Gwalior, Bhopal and Mumbai) for offline data, were aged 18—
75 and had used its “chatbot” for any inquiry (track luggage, general inquiries, etc.). Eight
capable research scholars of the authors were deputed (two in each of the four cities) to lead a
team of carefully scrutinized 8—12 master of business administration students for distribution
and collection of questionnaires at the exit gates of the mentioned airports. In total, 950
individuals were contacted; however, 467 agreed to respond (296 in physical mode and the rest
through email and/or social media), yielding a 34.6% response rate including 286 males and
181 females from Madhya Pradesh and Mumbai, India.

4.1 Instrument design and data collection
A seven-point Likert scale instrument for this was adapted after a thorough review of the
various sources (Table 1).

4.2 Data analysis tools

The measure was standardized assessing reliability and validity. Confirmatory factor analysis
(CFA) was used to confirm the constructs (factors), and structural equation modeling (SEM)
was used to establish the hypothesized model.
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4.3 Sample descriptive

The study included all age groups: 18-30 years, 31-45 years, 46-60 years and 6175 years;
with representation of 114, 187, 103 and 63 as the number of respondents for respective age
groups. From the age group first, 86 were males; from group second, 79 males were there, and
from group third, 48 were males; the rest were females.

5. Results

5.1 Reliability and discriminant validity

Reliability (Cronbach’s alpha) values were above 0.7 (Nunnally, 1994). Discriminant validity
ensured that the two measures are significantly correlated (Venkatraman, 1989). The average
variance extracted values were 0.5, and composite reliability was 0.7 (Fornell and Larcker, 1981),
as per the threshold, ranging from 0.842 to 0.931 and 0.625 to 0.772, respectively (Table 2).

5.2 Common method bias (CMB)

The Harman’s single factor and the unmeasured latent method construct have been used for
this research (Podsakoff et al., 2003) for all, and the results entailed that no biases in the data
were found, as common method bias (29.06%) was well within the permissible limits of 50%
(Harman, 1976).

5.3 Measurement model testing

CFA, an extension of exploratory factor analysis, is used to assess whether measurements align
with construct essence (Hair et al., 1992). Goodness-of-fit (GoF) indices (chi-square minimum
/ degrees of freedom (CMIN/DF), goodness-of-fit index (GFI), comparative fit index (CFI),
adjusted goodness-of-fit index (AGFI), normed factor index (NFI), root mean residual (RMR)
and root mean square error of approximation (RMSEA)) were evaluated to measure model
fitness (Byrne, 2010). After data reassessment, all indices met the minimum threshold limits,
confirming enhanced model fitness: CMIN/DF (1.191), GFI (0.908), CFI (0.988), AGFI
(0.894), NFI (0.932), RMR (0.030) and RMSEA (0.020). Figure 2 shows the final
measurement model with all 11 constructs (Table 3).

5.4 Structural model

The final structural model (revised) is depicted in Figure 3. Path analysis findings, as
illustrated in Table 3, indicate that a better match to the data is presented by the GoF indices.
All indices were found as per threshold: CMIN/DF (1.212), GFI (0.906), CFI (0.987), AGFI
(0.895), NFI (0.930), RMR (0.045) and RMSEA (0.021). Results show the following
relationships: PUSE (8 = 0.203, p < 0.001), PEOU (8 = 0.195, p < 0.001), PENJ (8 = 0.243,
p<0.001), RTIM (f = 0.187, p<0.001) and PSEC (f = 0.266, p < 0.001), all five had a highly
significant and positive influence on TRUS; SINF (§ = 0.070, p < 0.036) had a slightly
significant and positive influence on TRUS; TRUS (f = 0.290, p <0.001) had a significant and
positive influence on CEXP; similarly, CEXP ( = 0.585, p < 0.001) on ANTH and ANTH
(# = 0.488, p < 0.001) on CINT were strong predictors of airline chatbot users’ behavior
towards using its chatbot. However, CEXP (f = —0.449, p < 0.001) on NFIN and NFIN
(# = —0.182, p < 0.001) on CINT had a negative influence; finally, CEXP (f = 0.431,
p <0.001) had a highly significant and positive influence on CINT.

5.5 Mediation testing

The mediation analysis where CEXP is an independent variable and CINT is the dependent
variable, along with NFIN and ANTH acting in the capacity of mediating variables. Following
Baron and Kenny (1986), we used bootstrap procedures with 5,000 samples and a 95% bias-
corrected bootstrap confidence interval.



Table 2. Discriminant validity

CR AVE ANTH PUSE PENJ PEOU SINF RTIM PSEC TRUS CEXP NFIN CINT

ANTH 0.925 0.711 0.843

PUSE 0.910 0.669 0.194 0.818

PENJ 0.907 0.660 0.173 0.521 0.812

PEOU 0.906 0.707 0.217 0.487 0.408 0.841

SINF 0.869 0.688 0.010 0.006 0.034 0.021 0.830

RTIM 0.842 0.640 0.058 0.407 0.418 0.253 0.012 0.800

PSEC 0.920 0.698 0.174 0.590 0.573 0.562 0.019 0.514 0.835

TRUS 0.869 0.625 0.178 0.652 0.656 0.587 0.091 0.561 0.729 0.791

CEXP 0.905 0.706 0.567 0.307 0.291 0.251 0.032 0.051 0.242 0.263 0.840

NFIN 0.911 0.719 —0.437 —0.181 —0.098 —0.090 —0.047 —0.056 —0.132 —0.140 —0.436 0.848

CINT 0.931 0.772 0.671 0.200 0.157 0.149 0.011 0.038 0.132 0.174 0.625 —0.495 0.879

Note(s): Correlation significance <0.05. Diagonal elements are equal to the square roots of AVEs
=585
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Figure 2. Measurement model. Source: AMOS output

The mediation influence of NFI on the CEXP and CINT relationship is minimal, as the
indirect effects are statistically not so significant (f = 0.077, p < 0.000) (with lower bound
0.035 and upper bound 0.133); on the contrary, ANTH is positively mediating (highly) the



Table 3. The goodness-of-fit indices of the measurement model (final) and SEM (revised-final) of the adoption

of airline chatbots

Incremental Parsimony
Absolute fit measures fit measures fit measure
Ve Df  ydf GFI  RMSEA RMR NFI  CFI  AGFI
Criteria 1<;(2/df >0.90 <0.08<0.1 <0.08<0.1 >0.90 >0.90 >0.90
CFA 1112.543 934 1.191 0.908 0.020 0.030 0.932 0.988 0.894
Structural model 1112.526 918 1.212 0.906 0.021 0.045 0.930 0.987 0.895
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Figure 3. Structural model (path analysis). Source: AMOS output
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relationship between CEXP and CINT, as the indirect effects are statistically significant
(# = 0.237, p < 0.000) (with lower bound 0.169 and upper bound 0.323). Based on these

results, we reject H8 and accept H9.

6. Discussion and implications

This section presents the discussion of the findings through a storytelling narrative (Wang,

2025), followed by a discussion of hypotheses.

6.1 Storytelling narrative

The following story (as shown in images A to F) underlines the novel contributions of the

study:

2259 @ § — - el B

__ FLYHIGH AIRLINEST{
< .w— Amelia, Sanaya, You Ch ~

Sanaya

Hi This is Sanya. | need Help

Welcome to FlyHigh Airlines. This is
Amelia! H Ip You? .

S;nay; |
| have a baggage related issue. .
21:31

% Amelia

Do not worry Ma'am, please help me
with your basic details? | will surely

help you. 2131

Sanaya
Well, Thank you so much. _ag

- 5
‘ A Amelia
Alright! You are Sanaya Shukla? You
registered mobile number withusis
9827XXXXX0. And your PNR
~ number is 530XXRE for Mumbai to
Mauritius via FH22X0. Am | correct?

21:32
A4

(2)

Sanaya
So thoughtful of you. Well one of my
baggage is not found at the SSR
Mauritius Airport. The baggage is
extremely important to me as it has
all the essential for my toddler. We
are here for a vacation of eight long
days and it would be quite difficult

- for my baby Anaya to survive without
those essentials. | called the toll-free
number and spoke to staff named
Abdool. But now abruptly all your
numbers are out of reach.

21:34
) Amelia

| am sorry you are going through all
this. Let me try to connect with
Abdool, stay online for some time.

21:34

i Sanaya
VS""'E’ 2134

= Amelia

~ I have been calling the assigned

person, but | am unable to connect.

21:35
= ¥

©

Sanaya
Absolutely .,

You are our honored customer since
2015 as per our records. Thank you
- for your long association with us.

~ Please share your issue Ma'am.

21:32
. Sanaya

| am Upset

21:32
-

* Amelia

I'm sorry to hear that you're feeling

upset. If you'd like to share what's

bothering you, I'm here to listen and

help in any way | can. Please go .
ahead and share Ma'am. 212 ;

(b)

Sanaya
== Shocking! Well thisis a
s misadventure. My vacation is going

to be a complete disaster now.
2135

‘ Amelia

Mrs. Sanaya, clam down! | am with

you, please do not panic. We will

cross check with Abdool later. Let's

fix this all as quickly as possible.

21:35

® »,,‘imin can be done now? .. —
‘ Amelia

Give me half an hour, | will take all
~ executives involved in transit at all
levels on a conference call to sort
this matter immediately.

21:35

@



S . ; * Stranger? No Ma'am, you are
Really, |s this possible... 21:36 associated with us since 2015.
Thank you for all the trust that you
showed to us. It is always pleasure
Yes Ma'am, now the responsibility is serving you Ma'am. Have a nice day.

on us, please rest assured and relax. There is small gift from FlyHigh for

2136 the little one. 21:50

@
@
Q Sanaya o Sanays
@

hope Thank you, you made my vacation
21:36 more memorable. | too ensure to
remain associate with you. Amazing,
| saw the comfy customized baby
Hello Mrs. Sanaya, Well there is pillow mentioning “FlyHigh Anaya”.
good news! We found your baggage 21:59
and our executive is on the way to

deliver the same. 236

S —_—
| can't believe this, an employee e
going out of the way for a stranger.
21:36 Sky is the Limit | *
a1 . %
~ ¥
(e ®

Source(s): Images a to f: Created by the authors

Summary of story: The story clearly entails how easily (PEOU) Sanaya could communicate
with an airline Amelia (chatbot) and used it (PUSE) to find her lost baggage in very little time
(RTIM). She could share her sensitive information (PSEC) with ease and was inspired to use
the chatbot freely, which could have been suggested by any of her acquaintances and/or
relatives (SINF). Eventually, she enjoyed using the chatbot (PENJ). She had built a
trustworthiness (TRUS) based on her great experience (CEXP), and at the end, she decided to
continue using the airline’s chatbot (CINT) without even needing to talk to any employee
(NFIN) and completely understanding the value of “computer to human interaction,” which
was having human-like emotions (ANTH) too. Thus, the storyline clearly delineates the use of
various constructs in our study.

6.2 Discussion of hypotheses

PUSE had a significant and positive effect on trust (H1). It clearly signifies that the customer is
looking for the utility and value of airline chatbot service that includes its seamless
performance and consistency, which is expected to solve the problem of the user. Wherein
PEOU affects the trust positively and significantly and is consistent with much of the literature
(H2) (Choudhury and Shamszare, 2023), it shows how important it is for an airline chatbot user
to feel comfortable and confident while using the service, thus making the user mentally
relaxed.

The effect of PENJ on trust (Rouibah et al., 2016) is also seen. These positive emotions are
the foundation of building trust. Airline and/or OTA consumers used to enjoy their chatbot
service and feel pleased. The enjoyment associated with airline chatbot service helps to reduce
doubt and makes the user more confident (H3).

SINF partially affected trust, supported by rare studies (Amrollahi et al., 2024). There are
chances that recommendations from reference groups may not perfectly align with the needs of
airline chatbot users, and they feel that their opinion is stronger compared to the suggestions or
recommendations given by their known. Here, cultural differences must not be ignored to
understand the fact that there can be contradictions in the opinion (H4).

RTIM significantly affects trust for an airline chatbot service (H5). The lesser time taken in
response generates a high level of reliability and vice versa; the higher the RTIM, the higher the
chance of uncertainty (Efendic¢ et al., 2020). PSEC (HS6) significantly affects trust (supported
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by Siagian et al., 2022), as the user shares sensitive information with the airline chatbot, like
travel dates, destinations, budget or queries related to payments, to name a few. In such cases,
more certainty that the information will be kept confidential is needed. Further, the trust
influences CEXP positively and significantly. Trust is the foundation of an enduring positive
relationship, leading to a positive experience, thus supporting H7.

H8a, the impact of CEXP on NFI, was found to be insignificant. Thus, when airline
customers are accustomed to chatbot service for inquiry, etc. they prefer to interact as little as
possible with its personnel. Similarly, the NFI does not influence CI, as the customer has a
tendency to choose solitude and be more confident in using the chatbot’s automation. Thus,
when the NFT is lesser, the CI can be higher and vice versa (H8b).

H9a and H9b, where the airline chatbot experience was found to positively and
significantly affect ANTH, and ANTH was also significantly affecting its CI, respectively.
Subsequently, the more human-like qualities in the chatbot will help airline customers to have
a strong emotional connection with the brand, and they would also like to continue with such
interactions.

CEXP affects positively CI (H10). Further (H8), NFIN is not mediating the CEXP and CI
relationship, as the indirect effects are statistically insignificant. However, ANTH is positively
mediating the relationship between CEXP and CI (H9), as the indirect effects are statistically
significant. Based on these results, we reject H8 and accept HO.

6.3 Implications for practice

The study adds to existing literature on the theory of technology acceptance (extended TAM).
The adoption of chatbots by airline customers by examining the prediction of the most crucial
determinants (factors) of users’ intention to use airline and/or OTA chatbots. The study fills the
gap by analyzing an integrated model that amalgamates mainly TAM, extended TAM,
UTAUT and other theories, including social response theory and expectancy violations theory
and the SEEK model for the first time. The study uniquely defines new causal paths in the
proposed model (integrated): TRUS — CEXP — CINT, CEXP — NFIN — CINT and
CEXP — ANTH — CINT except CEXP — NFIN — CINT, which, in fact, was an expected
result. This study significantly contributes to the body of technology acceptance and its
adoption.

From the manager’s perspective, travelers, entrepreneurs and professionals —who do not
have enough time to devote to travel-related inquiries, including check-in information, ticket
booking and/or cancellation, etc., will frequently use the airline and/or OTA chatbot if it is
excellent. Thus, airlines, while designing their chatbot, must focus on enhancing all the
dimensions (factors) used in the study. For the same, a “trial chatbot” can be used to know more
about the user’s perception, expectations from the same and a simplified procedure for users.
Nowadays, the testimonials and feedback have more impact; in line with this, existing users
can be encouraged to write content and promote it to potential customers.

As PSEC enhances trust, the managers must share the trust level maintained by the chatbot,
reflecting transparency and ethical dimensions being followed by the company. Further, value-
added features like sharing memories of last travel, making a customized itinerary or other
services like free upgradation and improvised check-in and boarding information (along with
real-time signage displayed by the bot showing where to move, e.g. how to reach to the
boarding gate, etc.) can significantly impact to build the user’s trust in having a great
experience while using an airline chatbot. Thus, managers must ensure that the chatbot does
not become so monotonous and complicated that it increases the anxiety of any user. Rather,
the user gets a feeling of belongingness (care) or a kind of affiliation (i.e. the anthropomorphic
effect — as depicted in the “Amelia” story) so that he becomes absolutely convinced to adopt
the chatbot.

From the developers’ and marketers’ perspective, the study’s findings suggest that the
developers and marketers of Al-driven chatbots should emphasize the SINF (SI) factor (which



was found to be weak) while developing, designing and promoting the Al-based chatbots for
airlines in India, such that more and more people traveling by airlines adopt the use of chatbots
for booking of tickets and/or travel enquiry, etc., and they start recommending it to others in
their respective social and/or peer groups. The user can be incentivized for referring the
chatbot in their network.

7. Limitations and directions for research

Digital transformation has a profound influence on society and business (Paul et al., 2024,
Patil et al., 2025; Raman and Paul, 2025). We recommend future researchers may include more
cities and states for comparative analyses with the largest airports in other countries. While
many variables relate to chatbot use by airline customers, such as marketer—customer
interaction (Cheng and Jiang, 2021) and human-machine interaction (Kaczorowska and
Spychalska, 2019), future investigations could integrate additional relevant variables to create
a more comprehensive model. Comparing countries is another scope, as countries’ level of
advancement varies. Similarly, longitudinal studies can definitely provide a richer and more
dimensional view of the paths established in the study. Lastly, adding various demographics
like nationality, employment level, gender and age group can add more insights to the literature
contextually.

8. Conclusion

The study examines the factors affecting chatbot users’ continuity and loyalty intention.
Chatbot users who frequently prefer airline travel, such as doctors, students, teachers,
entrepreneurs, employees, etc., constituted the primary data sources, and the data were
analyzed by applying tests such as reliability, validity, CFA and SEM. The study was found to
be critical in identifying the impact of influencing factors in chatbot use on users’ experience,
trust, NFI and intention to continue. Following CFA, all 11 factors were found to be significant
predictors for capturing the determinants of perception of chatbot use on intention to continue
using airline chatbots. Among these factors, PUSE, PEOU, PENJ, RTIM and PSEC were
found to be the factors that fully affect trust, whereas trust was found to fully affect CEXP,
CEXP was found to fully affect customer ANTH and the combined significant effect of CEXP
and ANTH was found on CINT to continue using airline and/or OTA chatbot. Therefore, as the
results indicate, the model used in the study is approved.

Appendix
Measurement items

Construct Items Factor Loads

Perceived Usefulness I find the airline chatbot useful in my daily life. PUSE_1 0.825
Using the airline chatbot helps me to accomplish things more =~ PUSE_2 0.778
quickly.

Using the airline chatbot helps me get my web check-in quickly. PUSE_3 0.864
Using the airline chatbot helps me get my mobile boarding pass PUSE_4 0.795
quickly.

Using the airline chatbot helps me to perform many things more ~PUSE_5 0.825
conveniently.

(continued)
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Continued

Construct Items Factor Loads
Perceived Ease of Use My interaction with the airline chatbot is clear and PEOU_10.812
understandable.
Interaction with the airline chatbot does not require a lot of my PEOU_2 0.85
mental effort.
It is easier to use airline chatbot to inquire about my journey PEOU_3 0.877
details.
I find the airline chatbot to be easy to use. PEOU_4 0.823
Perceived Enjoyment I enjoy a conversation with the airline chatbot. PENJ_1 (0.834)*
It is fun and pleasant to share a conversation with the airline PENJ 2 0.782
chatbot.
The conversation with the airline chatbot is exciting. PENJ_3 0.797
I enjoy choosing products more if they are recommended by the  PENJ_4 0.856
airline chatbot than if I choose them myself.
Using airline chatbot is unpleasant. PENJ_5 0.797
I was absorbed in the conversation with the airline chatbot. PENJ_6 0.828
Social Influence People (like, my family/friends) who are important to me think ~ SINF_1 0.855
that I should use the airline/online travel company chatbot.
People who could influence my behavior think that I shoulduse ~ SINF_2 0.775
the airline/online travel company chatbot.
People whose valuable opinions I consider, suggests me to use ~ SINF_3 0.856
the airline/online travel company chatbot.
Response Time When I am using the airline/online travel company chatbot, RTIM_1 0.837
system response is fast.
In general, the response time of the airline/online travel RTIM_2 0.789
company chatbot system I use is consistent.
In general, the response time of the airline/online travel RTIM_30.773

Perceived Security

Trust

company chatbot system I use is reasonably fast.

I believe transactions conducted through airline/ online travel
company chatbots will be secure.

1 believe my personal information will be kept confidential
while using airline/ online travel company chatbots.

I am confident regarding the security measurements offered by
airline/ online travel company chatbots.

Privacy in airline/ online travel company chatbots are well
protected.

I do not worry about providing credit card information to airline/
online travel company chatbots.

Airline/ online travel company Chatbots is as secure as any
airline/ online travel company website.

I believe transactions conducted through airline chatbots will be
secure.

1 believe my personal information will be kept confidential
while using airline chatbots.

I am confident regarding the security measurements offered by
airline chatbots.

Privacy in airline chatbots is well protected.

1 do not worry about providing credit card information to airline
chatbots.

PSEC_1 (0.713)*
PSEC_2 0.872
PSEC_3 0.803
PSEC_4 0.872
PSEC_50.871
PSEC_60.751
TRUS_1 0.754
TRUS_2 0.859
TRUS_3 0.803
TRUS_4 (0.702)
*

TRUS_5 0.741

(continued)




Continued
Construct Items Factor Loads
Customer I enjoy using (brand) airline/ online travel company chatbots CEXP_10.87
Experience (e.g., Indigo, Spicejet, makemytrip, easemytrip etc.).
The experience of using (brand) airline/online travel company =~ CEXP_2 0.823
chatbots was interesting.
I am happy with the experience of using (brand) airline/ online CEXP_3 0.735
travel company chatbots.
I feel excited to use airline/ online travel company chatbots. CEXP_40.922
Need for Interaction =~ Human contact in providing services makes the process NFIN_1 0.869
enjoyable for me.
Personal attention by the airline employee is very important to  NFIN_2 0.817
me.
I like interacting with the person who provide the airline NFIN_3 0.823
services.
It bothers me to use a chatbot when I could talk to a airline NFIN_4 0.882
person instead.
Anthropomorphism I feel the airline chatbot sound quite natural. ANTH_10.78
I feel the airline chatbot is just like human. ANTH_2 0.868
I feel the airline chatbot is very conscious. ANTH_3 0.865
The airline chatbot look as if it has life. ANTH_4 0.825
The airline chatbot moves elegantly. ANTH_5 0.874
Continuance I intend to continue using this airline/online travel company CINT_1 0.874
Intention chatbot in the future.
I will always try to use this airline/travel chatbot whenever lam  CINT_2 0.841
traveling through airlines.
I'will strongly recommend others to use this airline/ online travel ~CINT_3 0.877
company chatbot.
I found that the chatbot of my airline/ online travel company to CINT_4 0.921

Note(s): *Items with factor loadings in parenthesis were being removed for fitting of the model; modification

be worthy.

indices removal process in AMOS.
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