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Abstract
Mobile food ordering applications (MFOAs) increasingly use AI-powered chatbots for customer interaction, making the 
quality of the user experience crucial for adoption and continued use. This study explores how user experience (UX) 
with MFOA chatbots influences satisfaction and continuance intention. It aims to reveal how both pragmatic (functional) 
and hedonic (emotional) UX dimensions shape ongoing user engagement with these AI-driven service technologies. A 
quantitative online survey was administered via Qualtrics between April and May 2025, targeting MFOA chatbot users in 
Turkey. Participants were recruited using convenience sampling and were screened to ensure prior experience with chatbot-
based complaint handling in MFOAs. Data from 227 valid responses were analyzed using PLS-SEM. The results indicate 
that user experience, comprising both pragmatic and hedonic dimensions, significantly and positively affects satisfaction. 
Satisfaction fully mediates the relationship between user experience and continuance intention, with no significant direct 
effect of UX on continuance intention observed, thereby confirming satisfaction’s central role in sustaining post-adoption 
behavior. This research contributes empirical evidence by integrating UX theory with post-adoption models in the context 
of AI-enabled service interactions. The findings emphasize the practical necessity for managers and developers to design 
chatbot experiences that balance functionality and enjoyment, thereby strengthening customer engagement and loyalty in 
mobile service environments.
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Introduction

Effective customer service has emerged as a strategic neces-
sity for businesses looking to improve customer happiness 
and cultivate enduring loyalty in the modern digital economy. 

It is often acknowledged that a major factor in determining 
both customer retention and brand perception is the quality of 
services provided (Wang et al., 2025). Businesses are finding 
it more difficult to handle an increasing number of consumer 
interactions while preserving responsiveness, accuracy, and 
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personalization as digital communication channels multiply. 
Even while conversational AI technologies present exciting 
opportunities for automation, conventional systems frequently 
fall short of the intricate and subtle requirements of human 
language, especially given the high standards of modern cus-
tomers (Fürst et al., 2025; Kim, 2023; Lee, 2024). These dif-
ficulties highlight the necessity of more sophisticated, user-
centered methods for designing and evaluating chatbots in 
customer support settings (Shareef, 2024).

AI-powered chatbots are one of the major technological 
advancements influencing the consumer experience (Aslam, 
2023; Bhattaru et al., 2024). According to recent survey 
findings, consumers have increasingly embraced automated 
customer care services. A survey conducted by Tidio and 
Statista found that 96% of respondents believe that more 
organizations should adopt chatbots in place of traditional 
customer service agents. Additionally, 94% expect chatbot 
technology to eventually replace conventional contact centers, 
while 82% prefer resolving their issues through chatbots rather 
than waiting to speak with a customer support representative. 
These findings highlight the growing acceptance of 
AI-powered customer service solutions and the changing 
expectations of modern consumers (Statista, 2025).

Chatbots are not limited to ordinary activities, but also 
assist with service failure recovery processes (Lee, 2024). 
Chatbots’ growing popularity in service encounters can be 
ascribed to their efficiency, availability, and capacity to solve 
problems in real time. Furthermore, the design architecture 
of advanced conversational agents, such as Microsoft’s 
Xiaoice, prioritizes both technical competence and emotional 
intelligence. Chatbots may now give more contextually 
appropriate, inspiring, and positive responses thanks to the 
incorporation of empathy and social capabilities such as user 
profiling, sentiment detection, and emotion analysis. Even 
service-oriented or transactional bots have begun to create 
their own personalities to improve the user experience (Mehra, 
2021). This capacity is crucial in the mobile food delivery 
industry, which frequently experiences service problems such 
as delayed orders or incorrect deliveries. User expectations 
of food delivery apps are changing rapidly due to variables 
such as 24/7 working hours, urbanization, rising disposable 
income, more working women, and widespread smartphone 
use. They require quickness, convenience of ordering in 
advance, transparent menu details, promotional offers, 
loyalty reward systems, and grievance redressal processes 
(Chandramouli, 2019). The global online meal delivery 
service has seen fast expansion, with revenue estimated to 
reach US$1.65 trillion by 2027 (Lefebvre et al., 2024).

MFOAs are regularly upgraded in terms of service, 
functionality, design, and content to keep up with this 
expansion (Ghali, 2025). In this dynamic setting, innovative 
chatbot systems that manage service recovery procedures and 
enhance conversation quality might provide a major theoretical 

linkage by impacting perceived fairness, customer happiness, 
and loyalty intentions (Park et al., 2025). Although internet 
delivery services, notably MFOAs, have attracted substantial 
attention in Turkey and other countries in the area, scholars 
and researchers have not adequately investigated the elements 
impacting users’ views, intentions, and behaviors toward 
these apps (Dirsehan & Cankat, 2021). Furthermore, previous 
research has primarily focused on customers’ first approval 
or adoption of the technology (Yoon & Yu, 2022). To reap 
the projected benefits of chatbots in customer service, users 
must have favorable interactions with these technologies. 
This is especially crucial because the adoption rate of 
customer support chatbots among users is still below industry 
expectations (Arif et al., 2024; Følstad & Taylor, 2021). This 
circumstance mandates that service providers improve their 
capability to measure and monitor user experience. This allows 
for a more effective identification of key elements influencing 
user experience, the support of continuous improvement 
efforts, and a better knowledge of user behaviors and their 
changes over time (Kvale et al., 2020).

While past research on chatbots has mostly focused on 
adoption, usability, and overall satisfaction, little is known 
about how chatbot-based complaint handling in service 
failure scenarios differs from traditional service recovery 
theories. To address this gap, the current study develops and 
tests a conceptual model that links the hedonic and prag-
matic dimensions of user experience to satisfaction and con-
tinuance intention in the context of AI-mediated complaint 
management. By focusing on consumers who use chatbots to 
resolve service-related issues, it examines how post-failure 
interactions are evaluated and how these evaluations influ-
ence both satisfaction and continuance intention.

As a result, this study provides new insights into the 
mechanisms of chatbot-mediated complaint resolution and its 
role in enhancing long-term user engagement. Furthermore, 
by situating the analysis within the mobile food delivery 
industry, particularly in emerging markets like Turkey, the 
study extends the empirical scope of expectation-confirmation 
theory (ECT) and service recovery theory to AI-powered 
customer service interactions.

Accordingly, the study seeks to address the following 
research questions:

RQ1. How do the hedonic and pragmatic dimensions 
of user experience influence user satisfaction with 
chatbot-mediated complaint handling in MFOAs?
RQ2. To what extent does user satisfaction affect the 
continuance intention to use chatbots after service 
failures in MFOAs?
RQ3. Does user satisfaction mediate the relationship 
between user experience (hedonic and pragmatic) and 
continuance intention in AI-driven complaint handling 
contexts?
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To guide the investigation of these questions, the study 
integrates Service Recovery Theory and Expectation-Con-
firmation Theory (ECT) as its theoretical foundation, provid-
ing a comprehensive lens through which user experiences 
with chatbots are linked to satisfaction and continuance 
intentions in post-failure contexts. The findings of this study 
carry important theoretical implications. By demonstrating 
that both hedonic and pragmatic UX dimensions influence 
satisfaction, which in turn drives continuance intention, this 
study extends expectation-confirmation theory to AI-mediated 
complaint handling contexts. Furthermore, the confirmation 
of satisfaction as a full mediator broadens the applicability of 
service recovery theory to chatbot-based interactions, sug-
gesting that recovery quality perceptions operate similarly in 
human and AI-driven service encounters.

From a practical standpoint, the results suggest that 
MFOA service providers should prioritize both functional 
efficiency and emotional engagement when designing chatbot 
interactions. Specifically, managers and developers should 
invest in chatbot interfaces that not only resolve complaints 
quickly and accurately but also create enjoyable and engaging 
experiences. Given that satisfaction fully mediates the path to 
continued use, ensuring positive post-failure experiences is 
critical for retaining users and sustaining long-term engage-
ment in mobile food delivery markets.

Literature review and hypothesis 
development

In line with PRISMA guidelines (Page et al., 2021), a sys-
tematic literature review was conducted using the Scopus 
and Web of Science databases on March 7, 2025. Studies 
containing the terms “chatbot” and “user experience” in their 
titles, abstracts, or keywords were identified. The initial search 
yielded 1,042 records (696 from Scopus, 346 from Web of 
Science). After applying language and publication type fil-
ters, 407 studies remained (238 from Scopus, 169 from Web 
of Science). These were merged and deduplicated using bib-
liometric tools (Kara et al., 2025), resulting in 257 unique 
records. Through full-text screening (Şahin et al., 2025) based 
on relevance, 130 studies were included in the final review.

However, while these 130 studies generally focus on user 
experience in chatbots, none of them specifically address user 
experience in MFOAs, which is the focus of this study. Only 
13 studies discussed topics related to customer service, which 
are closely aligned with the service failure recovery aspect 
explored in this study. These studies are presented in Table 1.

Table 1 primarily presents studies focusing on chatbots 
and user experience in customer service, with an emphasis 
on user satisfaction, interaction quality, and the effective-
ness of AI in service delivery. While the majority of the 
studies explore general aspects of chatbot interactions, 

user perceptions, and technological integrations, only a 
few directly address service failures.

Although the search strategy employed broad keywords 
related to chatbot user experience, this was a deliberate 
methodological choice consistent with PRISMA-based 
systematic review practices. Given the scarcity of studies 
explicitly examining chatbot-mediated complaint handling 
in MFOAs, an initially inclusive search strategy was used 
to avoid the exclusion of conceptually relevant work. The 
retrieved studies were subsequently subjected to careful 
manual screening, and only those theoretically aligned 
with customer service, service failure, and post-failure 
user responses were retained. Insights from this broader 
literature were then theoretically mapped onto the MFOA 
context by focusing on complaint handling, service recovery 
interactions, and continuance-related outcomes specific to 
mobile food ordering platforms. For instance, findings on 
personalization and interaction quality in delivery platforms 
(Mustafa, 2024) and emotional coping in chatbot service 
failures (Zhang et al., 2024) were directly mapped onto the 
complaint-handling dynamics specific to MFOA settings. 
This approach ensured comprehensive coverage while 
maintaining contextual relevance.

Role of chatbots in handling service failures

Service failure is described as a service performance that falls 
short of the customer’s expectations or the acceptable quality 
of service. A mismatch between expectations and actual 
service experience can lead to client discontent, which may 
result in undesirable outcomes such as decreased customer 
loyalty, customer attrition, and unfavorable word-of-mouth 
communication (Rese & Witthohn, 2025). Service failures 
are often divided into two categories: process failures and 
result failures (Choi et al., 2021; Sands et al., 2022). Process 
failures are disruptions or inadequacies in the delivery of 
the service, whereas outcome failures occur when the 
service’s fundamental needs are not met. Process failures 
are frequently associated with the attitude or conduct of AI 
chatbot services, whereas outcome failures are linked to the 
chatbot's functional capabilities (Choi et al., 2021).

Customer complaints are the behavioral responses of 
unsatisfied customers to service failures. When a consumer 
is dissatisfied with a service failure, they frequently blame 
the guilty party. Furthermore, service failures are extremely 
likely to result in consumer discontent and negative word-
of-mouth, which can harm a brand’s reputation and trigger 
customer loss. As a result, firms strive to respond quickly 
to service problems. Service recovery reduces the negative 
impact of service failures on customers, develops customer 
relationships, and increases trust in the firm (Lee, 2024).

In recent years, advancements in artificial intelligence and 
natural language processing have permitted the introduction 
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of powerful chatbots with human-like conversational abilities 
and personalized help. Systems like ChatGPT, also known as 
large language models, have revolutionized conversational AI 
by training on large datasets and obtaining the ability to gen-
erate human-like responses by comprehending context (Kang 
& Hong, 2025). Chatbots are AI-powered systems that reply 
to user requests via text-based interactions. However, these 
systems do not always work smoothly, and service outages 
are very regular (Xing, 2024).

Chatbots are AI systems that process, analyze, and 
respond intelligently to natural language. This enables users 
to speak with intelligent systems in natural conversational 
languages, as if they were conversing with a human 
(Stefanidi et al., 2019). Innovations in artificial intelligence 
technologies, particularly machine learning, natural 
language processing (NLP), and intelligent analytics, have 
been critical milestones in chatbot development. Thanks to 
these developments, chatbots can learn continuously and 
leverage prior conversational experiences to generate more 
relevant and context-aware responses (Rahmanti et al., 2022). 
These technological and behavioral dynamics highlight the 

significance of optimizing chatbot interactions, especially in 
service failure recovery circumstances (Ghali, 2025).

The usage of chatbots in food ordering and complaint 
management is especially important when dealing with 
service failures, which can impact consumer satisfaction 
and brand loyalty. Recent research indicates that enhanced 
interaction quality in chatbots has a considerable impact on 
consumers’ views of fairness, contentment, and loyalty (Park 
et al., 2025). Such shortcomings in chatbot performance 
might impact user happiness and the desire to reuse the 
chatbot. Poor service delivery frequently results in chatbots 
being viewed as less “human-like,” leading to lower levels 
of trust and consumer loyalty (Rese & Witthohn, 2025). 
Empathy-based messages are excellent in establishing 
emotional relationships, whereas solution-oriented solutions 
are better at generating technical trust. The frequency and 
reason of the failure frequently influence which method 
should be employed. For example, customers typically 
anticipate practical answers in the case of repeated failures, 
whereas empathy is more appropriate in isolated incidents 
(Haupt et al., 2023).

Table 1   Customer service-related studies focusing on service failure recovery in the context of chatbots and user experience

Authors Methods/approach Key contribution or perspective

(Følstad & Taylor, 2021) Longitudinal collaborative analysis Synthesizes long-term academic discussions to outline 
future research directions in chatbot and dialogue system 
studies

(Bhattacharya & Sinha, 2022) Interviews, quantitative survey Analyzes how AI-powered chatbots influence customer 
experience and satisfaction in digital banking services

(Diederich et al., 2022) Thematic clustering analysis Provides an organizing review of chatbot and virtual 
human studies, mapping conceptual themes in the field

(Haugeland et al., 2022) Randomized experiment, semi-structured interviews Investigates how human-like features and social presence 
affect user experience in chatbot-based interactions

(Ltifi, 2023) Survey, SEM (structural equation modeling) Tests moderating effects of empathy, usability, and trust on 
user experience with chatbots

(Mustafa, 2024) Qualitative and quantitative surveys Investigates the role of personalization and AI-driven 
interaction quality in enhancing user experience on 
delivery platforms

(Rajabi et al., 2024) Knowledge graph analysis Reviews AI-based virtual assistants using knowledge 
graph frameworks

(Saklani & Kala, 2024) Semi-structured interviews, thematic analysis Explores generational attitudes and trust toward chatbots 
among Gen Z consumers in the Indian context

(Sohail et al., 2024) Field survey Tests a model integrating ECT and TTF to explain satis-
faction and continuance intentions in intelligent agent 
use

(Wut et al., 2024) Survey Examines how chatbot-based customer service interac-
tions influence satisfaction and electronic word-of-mouth 
intentions

(Zhang et al., 2024) Thematic content analysis Explores emotional coping mechanisms and user reactions 
to service failures in chatbot interactions

(Meng et al., 2025) Scenario-based experiment Examines how chatbot response strategies and emotional 
cues influence purchase intention

(Wang & Lo, 2025) 2 × 2 experimental design Investigates how delayed chatbot responses affect satisfac-
tion across age groups
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AI chatbots are particularly effective in compensating for 
human-caused service failures, especially when they provide 
fair and prompt responses that increase user satisfaction. 
Furthermore, the ability of AI to interact empathically and 
effectively improves the success of recovery attempts (Lee, 
2024). Chatbots’ function in service failure recovery has 
been connected to customer loyalty using the frustration-
aggression theory. Effective and consistent responses from 
chatbots have been demonstrated to improve loyalty, but 
insufficient interactions tend to intensify negative emotions 
and impair commitment (Ozuem et al., 2024). Non-functional 
chatbot failures, such as communication mistakes, have been 
shown to have a greater impact on recovery expectations than 
technical faults. Users’ views of controllability, the severity 
of the failure, and the chatbot's human-like features all 
influence this effect (Song et al., 2023).

In contrast, little study has been conducted on chatbots’ 
ability to recover from service outages. Service recovery 
is a critical activity required to rectify flaws in the service 
delivery process and transform service failure into positive 
outcomes. Creating a successful service recovery strategy 
is crucial for retaining customers and establishing good 
connections. Genuine recovery, such as customer forgiveness 
and post-recovery satisfaction, is typically the ultimate goal 
of customer service efforts aimed at restoring customer 
relationships after a service failure.

Understanding the dynamics of user experience 
in relation to customer expectations in chatbot use

The use of chatbots has been shown to enhance user 
satisfaction, particularly by improving system usability and 
information quality (Merkouris et al., 2024). These findings 
highlight a strong connection between chatbot interaction and 
user satisfaction (Chumkaew, 2023; Macedo et al., 2024). 
Core features such as perceived usefulness, ubiquitous access, 
completeness, accuracy and convenience have been shown 
to significantly enhance satisfaction (Alotaibi & Hidayat-
ur-Rehman, 2025; Chagas et al., 2023). user experience has 
also been significantly linked to performance expectancy, 
effort expectancy, trust, intention to use and chatbot usage 
(Dawar et al., 2022). These findings collectively support 
the conclusion that chatbot usage positively influences user 
experience and that users report high levels of satisfaction 
when interacting with such systems.

User satisfaction is closely associated with a positive user 
experience (Kim et al., 2025; Macedo et al., 2024; Wut et al., 
2024). Dimensions of user experience such as usability, inter-
activity and efficiency have been found to significantly influ-
ence user satisfaction. While the rapid response capabilities of 
chatbots and their ability to resolve order-related issues tend to 
enhance satisfaction, challenges such as irrelevant replies, lim-
ited functionality, and the inability to handle complex queries 

may negatively impact the user experience. Notably, the use 
of advanced natural language processing (NLP) techniques 
and more human-like interactions has been emphasized as 
critical for improving user satisfaction. These findings further 
reinforce the positive effect of user experience on user satis-
faction (Mustafa, 2024). Furthermore, faster response times 
and lower error rates contribute to higher levels of user satis-
faction. Collectively, this evidence highlights the meaningful 
effect of user experience on user satisfaction and underscores 
the potential of effective UX design in enhancing overall sat-
isfaction (Alabbas & Alomar, 2025; Entenberg et al., 2023; 
Kang & Hong, 2025; Mejia et al., 2024; Pezenka et al., 2024).

Theoretically, this study builds on two complementary 
perspectives. First, service recovery theory (Smith et 
al., 1999; Tax & Brown, 1998) suggests that customers’ 
perceptions of fairness and resolution shape post-failure 
satisfaction and loyalty. Second, expectation-confirmation 
theory (ECT) (Bhattacherjee, 2001; Oliver, 1980) posits that 
satisfaction emerges when perceived performance meets or 
exceeds expectations. By applying these perspectives to 
chatbot-mediated interactions, this study examines whether 
user experience translates into continuance intention directly 
or only through satisfaction.

Service recovery theory provides a foundation for under-
standing how users evaluate service encounters following 
a failure, particularly in terms of perceived responsiveness, 
fairness, and problem resolution. In chatbot-based complaint 
handling, these evaluations are not limited to outcomes but 
are shaped by the experiential qualities of the interaction. In 
this regard, hedonic experiences capture the affective and 
emotional responses elicited by the chatbot, while pragmatic 
experiences reflect users’ assessments of task efficiency and 
problem-solving effectiveness during recovery.

Expectation-confirmation theory complements this per-
spective by explaining how these experiential evaluations 
are cognitively processed and translated into satisfaction 
and continuance intention. Specifically, users compare 
their post-recovery experiences with prior expectations, 
and satisfaction emerges from the confirmation or discon-
firmation of these expectations, subsequently influencing 
continuance intention. Accordingly, hedonic and pragmatic 
experiences operate as experiential mechanisms linking 
service recovery perceptions to expectation confirmation 
and post-recovery behavioral intentions.

Because service recovery theory focuses primarily on 
post-failure evaluations and expectation-confirmation 
theory explains post-evaluative satisfaction and behavioral 
outcomes, neither framework alone sufficiently captures the 
full experiential–evaluative–behavioral process underlying 
chatbot-mediated complaint handling. Their integration 
therefore offers a more comprehensive theoretical explanation 
of how users experience, evaluate, and decide to continue 
using AI-based complaint handling systems.
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This theoretical integration refines existing models by 
highlighting the mediating role of satisfaction in digital com-
plaint resolution, particularly in high-failure environments 
such as food delivery services. Based on these insights, the 
following hypothesis has been formulated:

H1: MFOA chatbot user experience positively affects 
MFOA chatbot satisfaction.

Various factors such as perceived usefulness, user satis-
faction, completeness of information and accessibility shape 
users’ intentions to use chatbots. In particular, perceived use-
fulness and user satisfaction have been found to positively 
influence users’ intentions to engage with chatbots. Moreover, 
user satisfaction itself has a direct and significant impact on 
the intention to use chatbots (Alotaibi & Hidayat-ur-Rehman, 
2025). The capabilities of chatbots, the quality of information 
they provide and their ability to simulate human-like inter-
actions contribute positively to the overall user experience. 
These aspects, in turn, enhance users’ intentions to continue 
using the chatbot (Kim, 2024; Wut et al., 2024). Customer 
loyalty also exerts a positive effect on continued usage inten-
tion (Cheng & Jiang, 2020; Shahzad et al., 2024). These find-
ings collectively support the notion that user experience has a 
positive and significant influence on the intention to continue 
using chatbots (Wut et al., 2024). Based on these insights, the 
following hypotheses have been developed:

H2: MFOA chatbot satisfaction positively affects 
MFOA chatbot continuance intention.
H3: MFOA chatbot user experience positively affects 
MFOA chatbot continuance intention.
H4: MFOA chatbot satisfaction mediates the relation-
ship between user experience and continuance intention.

The research model comprises three primary constructs: 
user experience, satisfaction, and continuance intention. 

These constructs reflect the sequential process by which users 
evaluate interactions with the chatbot and form behavioral 
intentions. Based on prior literature, three hypotheses were 
formulated to test the relationships among these constructs 
(see Fig. 1).

As illustrated in Fig. 1, the conceptual model examines 
the effects of hedonic and pragmatic experiences on user 
satisfaction and continuance intention. All constructs were 
measured reflectively, with latent variables represented by 
multiple observed indicators. Pragmatic experience was 
measured through UE1–UE4, hedonic experience through 
UE5–UE8, satisfaction via CS1–CS3, and continuance 
intention via CI1–CI4. In this approach, changes in latent 
variables are assumed to drive changes in the associated 
indicators, making it suitable for capturing user perceptions 
and behavioral tendencies.

Methods

This study employed a quantitative research design to inves-
tigate the impact of user experience on satisfaction and con-
tinuance intention in the context of MFOA chatbots. Data 
were collected via a structured online questionnaire consist-
ing of three sections. The first section included screening 
questions to ensure participant eligibility, specifically assess-
ing prior experience with the MFOA chatbot and their use 
of it for handling complaints. The second section focused on 
evaluating users’ experiences with the chatbot, forming the 
basis for testing the proposed research model. The final sec-
tion gathered information on behavioral intentions, demo-
graphic characteristics (age, gender), and socioeconomic 
status, including education, occupational status, monthly 
expenditure, and city of residence.

Fig. 1   Conceptual model
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Measurement development

Constructs were measured using established scales to ensure 
content validity. User experience was assessed with eight 
items adapted from the User Experience Questionnaire 
(UEQ-S) (Hinderks & Thomaschewski, 2017), using a five-
point semantic differential scale (e.g., obstructive–supportive, 
complicated–easy, boring–exciting). Satisfaction was 
measured with three items adapted from (Hsiao et al., 
2016), and continuance intention with four items adapted 
from (Melián-González et al., 2021). Although these 
scales were originally developed in online shopping and 
hotel chatbot contexts respectively, all items were adapted 
to reflect the MFOA chatbot complaint-handling context. 
Prior to the main survey items, participants were explicitly 
instructed to evaluate all subsequent questions based on their 
experience with the chatbot service used in their most recent 
mobile food order. This contextual framing ensured that 
respondents interpreted all scale items within the intended 
MFOA complaint-handling setting, regardless of the original 
context in which the scales were developed. A pretest with 
15 participants was conducted, and minor adjustments were 
made to improve clarity.

Translation and adaptation procedure

Because the study targeted Turkish participants, a double-
translation procedure was applied to ensure linguistic and 
conceptual equivalence (Kristjansson et al., 2003; McGorry, 
2000). Two bilingual academics (one in marketing commu-
nication, one in information systems) independently trans-
lated the original English items into Turkish. Two additional 
bilingual experts then back-translated the items into English. 
Discrepancies were discussed in a joint session, and minor 
wording adjustments were made for cultural appropriateness 
and clarity (e.g., replacing “online shopping” with “food 
delivery via mobile apps”).

Data collection and sample characteristics

The survey was administered online via Qualtrics, target-
ing users familiar with MFOA chatbots. As all participants 
were chatbot users, digital literacy concerns were consid-
ered minimal (Malhotra, 2020). Participants were drawn 
from multiple MFOA platforms. While these platforms may 
employ different chatbot architectures or underlying LLMs, 
the study focused on users’ perceived experience outcomes, 
rather than technical characteristics of the chatbot sys-
tems. The final sample comprised 227 participants (64.8% 
female, 35.2% male), primarily aged 18–24 (53.3%) and 
25–34 (28.6%). Educational backgrounds included asso-
ciate degree students (30.4%), bachelor’s degree holders 

(11.9%), and master’s students (11.9%). Monthly expendi-
tures were ≤ 5,000 TL for 57.3% of respondents. The most 
frequently used mobile platforms for food delivery were 
Trendyol (n = 41), Yemeksepeti (n = 23), and Getir (n = 13). 
Recent engagement was high, with 57.2% having ordered 
within the past week.

To ensure participants had actual experience with chat-
bot-based complaint handling in MFOAs, we implemented 
a multi-stage screening process. First, participants were 
asked: “Do you use chatbots to resolve issues you encounter 
with your mobile food orders?” Only those who responded 
affirmatively proceeded to the survey. Second, participants 
indicated the types of complaints they had encountered 
and attempted to resolve through chatbots (e.g., delayed 
delivery, incorrect orders, food quality issues). Third, we 
measured application usage recency through the question 
“When did you last use the application?” to ensure par-
ticipants were active users with recent MFOA experience. 
Only participants who confirmed chatbot usage for com-
plaint handling, could identify specific complaint types, and 
demonstrated recent application usage were included in the 
final sample (N = 227).

Partial least squares structural equation modeling (PLS-
SEM) was employed using SmartPLS 4 (Ringle et al., 
2024). Following established guidelines, a minimum of 200 
respondents were considered sufficient (Hair et al., 2011; 
Hoelter, 1983). The study’s sample of 227 participants 
exceeded this threshold, ensuring adequate statistical power. 
Additionally, both the 10-times rule (Hair et al., 2011) and 
the minimum R2 approach (Cohen, 2013; Sarstedt et al., 
2014) confirmed that the sample size was sufficient for the 
proposed model.

As shown in Table 2, pragmatic and hedonic user experi-
ence items capture users’ task-oriented and pleasure-oriented 
perceptions, respectively. Satisfaction items reflect overall 
evaluations of the chatbot service, while continuance inten-
tion items indicate participants’ likelihood of future use. The 
use of validated scales and reflective measurement ensures 
content validity and reliability, providing a robust foundation 
for subsequent PLS-SEM analyses.

The robust data collection and well-defined measurement 
model established a solid foundation for testing the proposed 
hypotheses. With a sufficient sample size and validated 
reflective constructs, the dataset was suitable for partial least 
squares structural equation modeling (PLS-SEM) analyses. 
The following section presents the results of these analyses, 
including assessments of the measurement model, structural 
relationships among constructs, and the empirical testing of 
the proposed hypotheses. These findings provide insights 
into the influence of hedonic and pragmatic user experiences 
on satisfaction and continuance intention in the context of 
MFOA chatbots.
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Construct reliability and validity

Before assessing the structural model, the measurement 
model was evaluated for reliability and validity. Internal con-
sistency was examined using Cronbach’s alpha, with values 
above 0.60 considered satisfactory (Nunnally, 1978). Con-
vergent validity was assessed based on two criteria recom-
mended by (Fornell & Larcker, 1981); (1) all factor loadings 
should be significant and exceed 0.70, and (2) the average 
variance extracted (AVE) for each construct should exceed 
0.50. Discriminant validity was evaluated using the heter-
otrait-monotrait (HTMT) ratio, with a cutoff value of 0.85 
(Henseler et al., 2015; Voorhees et al., 2016).

Table 3 presents the results of reliability and convergent 
validity analyses. Composite reliability (CR) and Cronbach’s 
alpha coefficients for all constructs exceeded 0.70, demon-
strating satisfactory internal consistency. Factor loadings 
ranged from 0.705 to 0.890, indicating acceptable indica-
tor convergence. AVE values ranged from 0.507 to 0.715, 
exceeding the critical threshold of 0.50, as recommended 
by (Sarstedt et al., 2021), confirming that the majority of 
variance is captured by the latent constructs.

To assess construct reliability and validity, several statis-
tical criteria were examined, including composite reliabil-
ity (CR) for internal consistency, Cronbach’s alpha, average 
variance extracted (AVE) for convergent validity, and outer 
loadings for indicator reliability.

The composite reliability (CR) values for all constructs 
were above the recommended threshold of 0.70 (Hair et 
al., 2019), indicating satisfactory internal consistency. 

Specifically, CR values were continuance intention (0.899), 
experience (0.890), hedonic experience (0.882), pragmatic 
experience (0.890), and satisfaction (0.883). Similarly, Cron-
bach’s alpha values also exceeded 0.70 for all constructs, 
supporting the reliability of the measurement model. Con-
vergent validity was confirmed through the average variance 
extracted (AVE), with all values surpassing the acceptable 
limit of 0.50. The AVE values were as follows: continu-
ance intention (0.692), experience (0.507), hedonic experi-
ence (0.652), pragmatic experience (0.669), and satisfaction 
(0.715). These results indicate that a substantial portion of 
the variance is explained by the latent constructs. The outer 
loadings of the indicators were examined, and all items 
demonstrated loadings above the recommended threshold of 
0.70, providing additional support for convergent validity. 
For example, the indicators of Continuance Intention ranged 
from 0.705 to 0.890, while those of Satisfaction ranged from 
0.817 to 0.878.

Discriminant validity was further assessed using the 
heterotrait–monotrait ratio (HTMT), as recommended by 
Henseler et al. (2015). The HTMT values and their bootstrap 
confidence intervals are reported in Table 4.

As shown in Table 4, the HTMT values for all concep-
tually distinct construct pairs are below the recommended 
threshold of 0.90, and their bias-corrected bootstrap con-
fidence intervals do not include the value of 1, indicating 
satisfactory discriminant validity. Higher HTMT values 
and confidence intervals approaching or slightly exceeding 
1 are observed between hedonic experience, pragmatic expe-
rience, and overall experience. This result is theoretically 

Table 2   List of constructs and their items

Note: Items in the table reflect the original English source scales. All items were translated into Turkish and adapted to the MFOA chatbot com-
plaint-handling context following a double-translation procedure (see Sect. "Translation and adaptation procedure")

Construct Items References

Pragmatic user experience
Hedonic user experience

MFOA_UES_1. obstructive-supportive adapted from
(Hinderks & Thomaschewski, 2017)MFOA_UES_2. complicated-easy

MFOA_UES_3. inefficient-efficient
MFOA_UES_4. confusing-clear
MFOA_UES_5. boring-exciting
MFOA_UES_6. not interesting-interesting
MFOA_UES_7. conventional-inventive
MFOA_UES_8. usual-leading edge

Satisfaction MFOA_CS_1. I believe that using a chatbot in my online
shopping was a right decision

adapted from
(Hsiao et al., 2016)

MFOA_CS_2. My experience with using the chatbot was satisfactory
MFOA_CS_3. I am satisfied with the chatbot service I used

Continuance intention MFOA_CI_1. I intend to continue using chatbots in the future adapted from
(Melián-González et al., 2021)MFOA_CI_2. I will use chatbots when necessary

MFOA_CI_3. I plan to use chatbots in the future
MFOA_CI_4. I believe more and more people will use chatbots over time
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expected, as hedonic and pragmatic experience represent 
first-order dimensions of the same higher-order experience 
construct. Therefore, the HTMT results among these sub-
dimensions are not interpreted as evidence of insufficient 
discriminant validity but rather reflect the multidimensional 
nature of the experience construct. Notably, the HTMT value 
between hedonic and pragmatic experience (0.586) is well 
below the 0.85 threshold, providing empirical confirmation 
that these two constructs are distinct. Conceptually, hedonic 
experience captures affective and enjoyment-related aspects 
of chatbot interaction, while pragmatic experience reflects 
task-oriented and utilitarian dimensions, further supporting 
their discriminant validity.

The measurement model satisfies the required criteria for 
reliability, convergent validity, and discriminant validity. 
Accordingly, the results confirm the adequacy of the meas-
urement model and support proceeding with the assessment 
of the structural model.

Common method bias and collinearity assessment

To assess potential common method bias (CMB), we 
employed two complementary approaches. First, we fol-
lowed the full collinearity variance inflation factor (VIF) 
approach proposed by (Kock, 2015), which is specifically 
recommended for PLS-SEM studies as an effective alter-
native to confirmatory factor analysis-based methods. 
Construct-level collinearity was assessed using the inner 
model VIF values. The maximum VIF observed across all 
constructs was 1.31, well below the conservative thresh-
old of 3.3, indicating that neither common method bias nor 
multicollinearity is likely to bias the results.

Second, we conducted Harman’s single common factor 
test as an additional diagnostic (Podsakoff et al., 2003). All 
scale items were subjected to an exploratory factor analysis 
(principal axis factoring, no rotation) with the number of 
factors fixed at one. The single factor accounted for 37.8% of 

Table 3   Evaluation of scales for reliability and convergent validity

Construct Original sample Sample mean Std. dev T statistics p-values Cronbach’s α CR AVE

CI1 ← continuance intention 0.886 0.882 0.049 18.033 0.000 0.899 0.899 0.692
CI2 ← continuance intention 0.705 0.703 0.068 10.302 0.000
CI3 ← continuance intention 0.890 0.889 0.042 20.967 0.000
CI4 ← continuance intention 0.833 0.836 0.040 13.799 0.000
CS1 ← satisfaction 0.817 0.815 0.054 15.254 0.000 0.882 0.883 0.715
CS2 ← satisfaction 0.840 0.840 0.055 22.247 0.000
CS3 ← satisfaction 0.878 0.878 0.049 17.940 0.000
UE1 ← user experience (pragmatic) 0.843 0.843 0.042 18.903 0.000 0.890 0.890 0.507
UE2 ← user experience (pragmatic) 0.789 0.787 0.046 17.042 0.000
UE3 ← user experience (pragmatic) 0.848 0.847 0.041 19.861 0.000
UE4 ← user experience (pragmatic) 0.791 0.790 0.037 21.276 0.000
UE5 ← user experience (hedonic) 0.881 0.881 0.057 13.158 0.000
UE6 ← user experience (hedonic) 0.820 0.819 0.052 15.796 0.000
UE7 ← user experience (hedonic) 0.813 0.812 0.045 18.057 0.000
UE8 ← user experience (hedonic) 0.708 0.705 0.048 14.811 0.000

Table 4   Discriminant validity 
assessment– heterotrait-
monotrait ratio (HTMT)

Original 
sample (O)

Sample 
mean (M)

Bias 2.5% 97.5%

EXPERIENCE ↔ continuance intention 0.293 0.310 0.017 0.177 0.430
Hedonic exp ↔ continuance intention 0.113 0.141 0.028 0.051 0.191
Hedonic exp ↔ EXPERIENCE 0.982 0.982 0.001 0.953 1.011
Pragmatic exp ↔ continuance intention 0.398 0.399 0.001 0.239 0.550
Pragmatic exp ↔ EXPERIENCE 0.980 0.981 0.001 0.951 1.008
Pragmatic exp ↔ hedonic Exp 0.586 0.585 0.000 0.447 0.702
Satisfaction ↔ continuance intention 0.712 0.712 0.001 0.582 0.810
Satisfaction ↔ EXPERIENCE 0.469 0.474 0.005 0.304 0.617
Satisfaction ↔ hedonic Exp 0.279 0.287 0.008 0.137 0.436
Satisfaction ↔ pragmatic Exp 0.538 0.539 0.001 0.370 0.678
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the total variance, well below the 50% threshold, providing 
further evidence against CMB.

Although we also attempted the unmeasured latent method 
factor (LMF) approach, this technique is primarily designed 
for covariance-based SEM (CB-SEM) and is not directly 
applicable to PLS-SEM contexts (Chin et al., 2012; Podsakoff 
et al., 2012). Consistent with this, our attempt to implement 
LMF via CFA yielded severe identification problems, with 
several factor loadings collapsing to near-zero or negative 
values — a known limitation of this technique in models 
with higher-order constructs and constructs with fewer than 
four indicators. Taken together, the full collinearity VIF and 
Harman’s single factor test provide a robust and appropriate 
assessment of CMB for PLS-SEM-based research.

Results

Structural model assessment

The structural model was tested using partial least squares 
structural equation modeling (PLS-SEM) to estimate the 
structural relationships and test the hypotheses (Hair, 2014). 
PLS-SEM was chosen due to its suitability for analyzing 
complex models with hierarchical structures, particularly 
second-order formative constructs (Sarstedt et al., 2019), 
and its regression-based approach, which minimizes residual 
variances (Hair et al., 2011; Merli et al., 2018). PLS-SEM 
enables the simultaneous examination of direct, indirect, 
and mediating effects (Nitzl et al., 2016). To assess the 
explanatory power of the structural model, R2 (coefficient 
of determination) values were examined. R2 represents 
the proportion of variance in the endogenous constructs 
explained by their predictors. The results indicate that the 
R2 values were 0.511 for continuance intention, 0.916 for 
hedonic experience, 0.999 for pragmatic experience, and 
0.234 for satisfaction.

The very high R2 values for hedonic experience (0.916) 
and pragmatic experience (0.999) should be interpreted 
in light of the hierarchical model specification. These 
constructs are modeled as first-order reflective dimensions 
that formatively define the second-order User Experience 
construct in a reflective–formative hierarchical component 
model (Type II) using the repeated indicators approach 
(Becker et al., 2012; Sarstedt et al., 2019). Accordingly, the 
R2 values for these first-order constructs do not represent 
conventional predictive relationships but rather indicate the 
extent to which these experiential dimensions contribute to 
the higher-order User Experience construct. In formative 
second-order models, high sometimes near-perfect R2 values 
for lower-order components are methodologically expected 
and theoretically appropriate, as the higher-order construct is 
constituted by its dimensions rather than predicting them in a 

causal sense (Hair, 2014). Pragmatic experience exhibits an 
almost complete contribution (R2 = 0.999) to the higher-order 
construct. This pattern is theoretically plausible in complaint 
handling contexts, where users primarily evaluate chatbot 
interactions based on functional performance, including 
efficiency, clarity, ease of use, and task support. Hedonic 
experience (R2 = 0.916), while still strongly represented, plays 
a complementary role by enhancing emotional engagement 
and perceived enjoyment rather than fully defining the overall 
experience (Van Vaerenbergh et al., 2019).

This distribution reflects the task-oriented nature of 
complaint handling, where utilitarian concerns dominate 
users’ evaluations, while emotional engagement serves as 
an enhancing but secondary factor. Importantly, these high 
R2 values do not indicate construct redundancy or multi-
collinearity. Variance inflation factor (VIF) values were 
well below critical thresholds (all < 1.31, Sect. "Common 
method bias and collinearity assessment"), and discrimi-
nant validity between hedonic and pragmatic experience 
was confirmed via the HTMT criterion (HTMT = 0.586, 
Table 4). These results demonstrate that the two dimensions 
remain empirically distinct despite their strong contribution 
to the higher-order User Experience construct. The model 
demonstrates adequate explanatory power for continuance 
intention (R2 = 0.511) while providing a partial explana-
tion of satisfaction (R2 = 0.234), highlighting the central yet 
not exclusive role of experiential factors in chatbot-based 
complaint handling.

Path analysis and hypotheses testing

In this study, we tested several hypotheses related to the 
relationships between user experience, satisfaction, and 
continuance intention in the context of MFOA chatbot 
usage. The results of the path analysis are summarized in 
Table 5 and discussed below, along with the relevant path 
coefficients and statistical significance (Henseler et al., 2016; 
Sarstedt et al., 2014).

H1 posited that MFOA chatbot user experience leads 
to MFOA chatbot satisfaction. The path coefficient for this 
relationship was 0.483 (p < 0.001), which is statistically 
significant, supporting H1. This suggests that a positive 
user experience significantly enhances satisfaction with the 
MFOA chatbot.

H2 hypothesized that MFOA chatbot satisfaction leads to 
MFOA chatbot continuance intention. The path coefficient 
for this relationship was 0.742 (p < 0.001), which is also 
statistically significant, supporting H2. This indicates that 
higher satisfaction with the chatbot is a strong predictor of 
users’ intention to continue using the chatbot.

H3 examined whether MFOA chatbot user experience 
leads directly to MFOA chatbot continuance intention. The 
path coefficient for this relationship was − 0.060 (p = 0.542), 
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which is not statistically significant, thus failing to support 
H3. This suggests that user experience does not have a direct 
effect on continuance intention in this model.

H4 proposed that MFOA chatbot satisfaction mediates 
the relationship between user experience and continuance 
intention. While the direct effect of user experience on con-
tinuance intention was not significant (β = − 0.060, p = 0.542), 
the significant effect of satisfaction on continuance intention 
(β = 0.742, p < 0.001) indicates a potential mediation pattern. 
This pattern is consistent with full mediation, which is for-
mally tested in Sect. "Mediation analysis".

As hedonic and pragmatic experience are specified as 
first-order dimensions of the higher-order user experience 
construct, the very high path coefficients reflect their role 
as measurement dimensions rather than substantive causal 
effects. The findings underscore the pivotal role of satis-
faction as a primary determinant of continuance intention, 
while also illustrating that user experience serves as a sig-
nificant antecedent to satisfaction in the context of MFOA 
chatbot interactions.

Mediation analysis

To test the mediating role of satisfaction in the relationship 
between experience and continuance intention, we examined 
direct, indirect, and total effects with bootstrapped confidence 

intervals (5000 resamples) following the recommendations of 
(Preacher & Hayes, 2008).

As shown in Table 6, the results suggest a full media-
tion effect. The direct path from experience to continuance 
intention was not significant (β = − 0.060, p = 0.542, 95% CI 
[− 0.253, 0.138]), indicating no direct relationship. However, 
the indirect effect through satisfaction was positive and sig-
nificant (β = 0.359, p < 0.001, 95% CI [0.208, 0.550]). The 
total effect was also significant (β = 0.299, p = 0.001, 95% 
CI [0.124, 0.471]).

These findings indicate that satisfaction fully mediates the 
relationship between experience and continuance intention. 
The bootstrapped confidence intervals for the indirect effect 
do not include zero, confirming the statistical significance 
of the mediation effect (Zhao et al., 2010). Accordingly, user 
experience influences continuance intention entirely through 
satisfaction rather than a direct path.

Our mediation analysis reveals a crucial finding: satisfaction 
fully mediates the relationship between user experience 
and continuance intention. The direct effect of experience 
on continuance intention was not significant (β = − 0.060, 
p = 0.542), while the indirect effect through satisfaction 
was strong and significant (β = 0.359, p < 0.001). This full 
mediation pattern suggests that user experience with MFOA 
chatbots influences continuance intention entirely through its 
impact on satisfaction, rather than through a direct mechanism.

Table 5   Structural model standardized path coefficients (β)

Path Path Coefficients T Statistic P Value

User Experience Continuance Intention -0.060 0.609 0.542

User Experience 0.957 42.286 0.000

User Experience 0.999 82.217 0.000

User Experience 0.483 5.719 0.000

Satisfaction Intention 0.742 7.976 0.000

Note: Green paths indicate statistically significant path coefficients (p 0.05), whereas red paths indicate non-significant path coefficients (p ≥ 0.05)

Table 6   Mediation analysis–effects of experience on continuance intention

Note: Bootstrap samples = 5000. **p < 0.01; ***p < 0.001

Effect type Path β t-value p-value 95% CI Result

Direct EXPERIENCE → continuance intention  − 0.06 0.609 0.542 [− 0.253, 0.138] Not supported
Indirect EXPERIENCE → satisfaction → continu-

ance intention
0.359*** 4.13  < 0.001 [0.208, 0.550] Supported

Total EXPERIENCE → continuance intention 0.299** 3.326 0.001 [0.124, 0.471] Supported
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Discussion

The findings show that user experience significantly con-
tributes to satisfaction, although additional factors beyond 
UX also appear to influence satisfaction, demonstrating 
the importance of both hedonic and pragmatic dimensions 
in shaping post-failure evaluations. Hedonic experiences, 
defined by enjoyment, emotional engagement, and per-
ceived social presence, improve the affective dimension 
of satisfaction, whereas pragmatic experiences, such as 
ease of use, efficiency, task completion, and responsive-
ness, improve the functional dimension of satisfaction. 
This dual-pathway influence emphasizes the importance 
of considering both the experience and utilitarian com-
ponents of chatbots when building digital service interac-
tions. Consistent with previous research (Chumkaew, 2023; 
Macedo et al., 2024; Merkouris et al., 2024), the study 
highlights that user experience is a central determinant of 
satisfaction in AI-mediated service contexts. These find-
ings offer a more nuanced perspective of UX, stressing that 
emotional connection and practical functioning both influ-
ence how users perceive chatbot encounters, particularly in 
high-failure situations such as food delivery.

Most significantly, the study provides evidence that sat-
isfaction fully mediates the relationship between UX and 
continuance intention. While previous research frequently 
assumed a clear relationship between great experience and 
continuous usage, our findings show that UX alone is insuf-
ficient to drive intention to continue using a chatbot-based 
service. The nonsignificant direct path from UX to continu-
ance intention (− 0.060) emphasizes the importance of sat-
isfaction in converting positive experiences into behavioral 
intentions. This mediating role aligns with expectation-
confirmation theory, which posits that satisfaction emerges 
when perceived performance meets or exceeds expecta-
tions (Fu et al., 2018). It also complements service recov-
ery theory, which emphasizes the influence of perceived 
fairness and effective resolution on post-failure evaluations 
(Van Vaerenbergh et al., 2019). By empirically proving 
this mediation, the study extends theoretical knowledge by 
demonstrating that in AI-mediated complaint management, 
satisfaction serves as the primary channel connecting user 
experience to continuous involvement.

The strong path coefficients between UX and hedonic 
(0.957) and pragmatic (0.999) experiences further reinforce 
the importance of considering the multidimensional nature 
of UX in digital service design. These results suggest that the 
ability of chatbots to provide both emotionally rewarding and 
functionally efficient interactions is essential for enhancing 
satisfaction. In line with the literature on conversational AI 
(Lee, 2024; Mehra, 2021), the findings highlight that chatbots 
are no longer merely transactional tools but increasingly 

incorporate elements of empathy, personality, and social 
intelligence to elevate the quality of user interactions. In the 
mobile food delivery context, where service failures such as 
delayed or incorrect orders are common, such capabilities 
are particularly salient. Users’ expectations extend beyond 
problem resolution to include speed, accuracy, transparency, 
and even enjoyment during interactions (Chandramouli, 
2019; Lefebvre et al., 2024). This study demonstrates that 
chatbots capable of addressing both hedonic and pragmatic 
user needs are more likely to generate satisfaction, thereby 
fostering continuance intention.

Theoretical implications

This study makes several theoretical contributions by inte-
grating and extending service recovery theory (Smith et al., 
1999; Tax & Brown, 1998) and expectation-confirmation 
theory (Bhattacherjee, 2001; Oliver, 1980) in the context of 
AI-mediated complaint handling. Service recovery theory 
explains how users cognitively and affectively evaluate the 
chatbot-mediated recovery encounter following a service 
failure. In this context, hedonic experience reflects emo-
tional and affective responses, while pragmatic experience 
captures functional and instrumental evaluations of the 
recovery effort itself. Expectation-confirmation theory, in 
turn, explains how these experiential evaluations translate 
into satisfaction and subsequent continuance intention. Sat-
isfaction emerges as an evaluative judgment formed after 
users compare their expectations with the actual chatbot 
recovery experience and then functions as the primary 
driver of continuance intention.

Neither theory alone is sufficient to explain chatbot-based 
complaint handling. Service recovery theory focuses on post-
failure evaluations but does not explicitly explain how these 
evaluations translate into long-term behavioral intentions. 
Conversely, expectation-confirmation theory explains satis-
faction and continuance intention but remains largely silent 
on the experiential mechanisms through which service recov-
ery interactions are perceived. By integrating these two per-
spectives, this study captures both the experiential formation 
of recovery perceptions through hedonic and pragmatic user 
experiences and the evaluative process through which these 
perceptions shape satisfaction and continuance intention.

The findings extend service recovery theory by dem-
onstrating that recovery evaluations in AI-mediated con-
texts are not limited to outcome-based judgments but are 
strongly shaped by experiential dimensions of human–AI 
interaction. This enriches the theory with a process-oriented 
and interaction-focused perspective particularly relevant 
to AI-driven service encounters. The study also extends 
expectation-confirmation theory by empirically showing 
that satisfaction fully mediates the relationship between 
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user experience and continuance intention in chatbot-based 
complaint handling. This positions satisfaction as a neces-
sary evaluative mechanism rather than a parallel outcome, 
refining ECT by highlighting satisfaction as an essential 
bridge between experience and behavioral loyalty in AI-
mediated recovery contexts. These findings suggest that 
in AI-driven service recovery, experiential factors precede 
evaluative judgments, which in turn drive behavioral inten-
tions, thereby enriching both theories with an experiential 
and process-oriented perspective.

Managerial implications

From a managerial perspective, the findings highlight that 
improving chatbot functionality alone is insufficient to foster 
long-term user retention. Service providers should design 
chatbot-based complaint handling systems that simultane-
ously address pragmatic needs such as fast resolution, accu-
racy, and transparency and hedonic needs such as empathy, 
tone, and conversational quality. The dual-pathway influence 
of user experience on satisfaction underscores the impor-
tance of investing in both technical performance and con-
versational design.

The full mediating role of satisfaction suggests that posi-
tive experiences must be explicitly translated into satisfac-
tion to influence continuance intention. Managers should 
therefore monitor not only interaction performance metrics 
but also user satisfaction following complaint resolution. 
Incorporating feedback mechanisms, post-interaction sur-
veys, real-time satisfaction ratings, and sentiment analysis 
into chatbot systems can provide actionable insights into 
whether chatbot experiences are successfully converting into 
satisfaction and, ultimately, continued engagement.

Given that users’ expectations extend beyond problem 
resolution to include emotional engagement and conversa-
tional quality, service providers should prioritize training AI 
models to recognize and respond to emotional cues, adopt 
empathetic language, and maintain a conversational tone that 
aligns with brand identity. In MFOAs, where service failures 
are common and competition is intense, such capabilities can 
serve as key differentiators in retaining users and building 
long-term loyalty.

Limitations and directions for future 
research agenda

Although this study provides valuable insights into how 
chatbot user experience influences satisfaction and con-
tinuance intention in MFOAs, several limitations should be 
acknowledged. This study did not control for service failure 
severity. Different types of complaints (e.g., food quality 

issues vs. delivery delays) may vary in severity, which could 
influence user satisfaction and continuance intention differ-
ently. While we measured general application usage recency, 
we did not specifically measure when participants filed 
their complaints through chatbots. Variations in complaint 
recency may introduce recall bias. Future research should 
explicitly measure both failure severity and complaint timing 
to control for these potential confounds.

The extremely high R2 values observed for hedonic expe-
rience (0.916) and pragmatic experience (0.999) should be 
interpreted with caution, as they may partly reflect concep-
tual proximity inherent in hierarchical UX modeling and 
the use of repeated indicators in second-order formative 
constructs. Although discriminant validity and VIF results 
suggest no serious multicollinearity issues, future studies 
could replicate the model using alternative measurement 
specifications or higher-order modeling approaches.

We acknowledge that chatbot systems across platforms 
may rely on different underlying AI or LLM technologies, 
which were not directly observed or controlled in this study. 
As the focus of the present research is on users’ perceived 
experience and post-usage evaluations rather than the tech-
nical characteristics of the chatbot systems, these potential 
differences were treated as unobserved contextual variance. 
However, such heterogeneity may introduce confounding 
effects that should be interpreted with caution. Future stud-
ies could address this limitation by focusing on a single plat-
form, incorporating platform dummy variables, or explicitly 
measuring perceived chatbot intelligence or human-likeness.

Regarding measurement, satisfaction was assessed using 
items adapted from prior online shopping and IS con-
tinuance studies. Although these items have been widely 
validated, their adaptation to chatbot-mediated complaint 
handling may not fully capture context-specific aspects of 
post-failure satisfaction. Future research could develop and 
validate satisfaction measures tailored specifically to AI-
based service recovery contexts.

The cross-sectional survey design limits the ability to 
draw definitive conclusions about causality. While our analy-
sis supports the proposed relationships, longitudinal studies 
or experimental designs could offer a clearer picture of how 
user experience evolves over time and how it impacts satis-
faction and continued use, especially in scenarios involving 
repeated service failures.

Sample composition may also affect the generalizability of 
the findings. Most participants were young adults, and women 
made up a larger proportion of the sample. Future research 
should include more diverse demographic groups to explore 
how factors such as age, occupation, and income influence 
the observed relationships. Investigating users from different 
cultural backgrounds could further clarify how expectations, 
trust, and engagement with chatbots vary across regions.
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The focus on mobile food ordering limits the direct appli-
cation of findings to other service contexts. Industries such 
as e-commerce, banking, healthcare, or telecommunications 
may have different patterns of service failures, complaint 
complexity, and user expectations. Extending the model to 
these sectors could help validate its broader applicability and 
refine theoretical frameworks related to expectation-confir-
mation and service recovery in AI-mediated interactions.

Relying exclusively on self-reported data introduces 
potential biases, including social desirability and recall 
errors. Future studies could address this limitation by com-
bining survey responses with behavioral data, such as chatbot 
interaction logs, complaint resolution times, or actual usage 
patterns, to provide more objective assessments. Qualitative 
approaches, including interviews or experimental simula-
tions, could also deepen understanding of the mechanisms 
through which pragmatic and hedonic experiences shape 
satisfaction and continuance intention.

It should also be acknowledged that Harman’s single-fac-
tor test, while employed as a supplementary diagnostic, is 
increasingly regarded as insufficient for conclusively ruling 
out common method bias (Chin et al., 2012; Podsakoff et al., 
2012). The test lacks statistical power and does not account for 
the multidimensional structure of constructs, limiting its diag-
nostic utility as a standalone remedy. Future studies should 
consider incorporating procedural remedies such as temporal 
separation of measurements, marker variable techniques, or 
the unmeasured latent method construct approach within CB-
SEM frameworks where model identification permits.

Addressing these limitations in future research can improve 
both the theoretical understanding and practical design 
of chatbot-mediated service recovery, offering actionable 
insights for service providers seeking to enhance user satis-
faction and long-term engagement.

Conclusion

This study demonstrates that user experience with chatbots 
in MFOAs plays an important foundational role in shap-
ing user satisfaction, which in turn serves as a key driver 
of continuance intention. Hedonic and pragmatic aspects 
of user experience both contribute meaningfully to satis-
faction, underscoring the value of designing chatbots that 
combine functional efficiency with engaging interaction 
qualities. However, the modest explanatory power observed 
for satisfaction indicates that user experience represents 
one rather than the sole determinant of satisfaction in 
chatbot-based complaint handling. Consistent with this, 
the direct effect of user experience on continuance inten-
tion was non-significant, highlighting the mediating role 
of satisfaction in translating experiential evaluations into 
sustained usage intentions.

By integrating expectation-confirmation and service 
recovery perspectives into an AI-mediated complaint 
handling context, this research extends these theoretical 
frameworks to digital service interactions. The findings 
suggest that effective chatbot design can support positive 
user evaluations by facilitating efficient problem resolution 
and fostering a sense of procedural adequacy, particularly 
in high-failure service environments such as food delivery. 
At the same time, the results indicate that satisfaction in 
AI-based service recovery is inherently multifaceted and 
likely influenced by additional outcome- and context-related 
factors beyond experiential perceptions alone. Accordingly, 
this study positions user experience as a critical but partial 
contributor to satisfaction, while demonstrating its central 
role in shaping continuance intention in chatbot-enabled 
service encounters.
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