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Abstract

Artificial Intelligence is becoming increasingly embedded in customer service, and therefore it
is crucial to understand its impact on consumer behavior. This thesis examines whether Al’s
emotional neutrality can positively impact consumer responses in emotionally charged service
interactions. Two experimental studies compare Al versus human service agents in shopping
assistance and service failure recovery. Results show that while Al reduces feelings of judgment
and affect-based decision-making, these effects do not increase purchase intention or customer
forgiveness. These findings reveal the contextual limitations of Al, suggesting that emotional

neutrality alone is not sufficient to generate favorable behavioral outcomes in service settings.
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Group Part

1. Introduction

Artificial intelligence (Al) is fundamentally transforming the way companies interact with their
customers. Driven by rising customer expectations for 24/7 availability, personalization, and
self-service, Al has become a core component of modern customer service strategies (Kunz and
Wirtz 2023; Mogaji and Nguyen 2021). According to Forbes (2023), 73% of companies al-
ready use or plan to use Al-driven systems, such as chatbots, to enable real-time customer inter-
action (Haan 2023). Chatbots, defined as “interactive, virtual agents that engage in verbal in-
teractions with humans” (Kunz and Wirtz 2023; Przegalinska et al. 2019), are gaining promi-
nence in the marketplace and are projected to either supplement or eventually replace human
service providers across multiple industries (De Keyser and Kunz 2022). As a result, the global
Al market size (including chatbots) is projected to grow significantly, from 184 billion U.S.
dollars in 2024 to 826 billion U.S. dollars by 2030, reflecting a compound annual growth rate
(CAGR) of 28.4% (Statista 2024). This development underlines the role of Al as a strategic
asset for firms (Mozafari, Weiger, and Hammerschmidt 2021), particularly in customer interac-
tions. Al has already led to a significant reduction in direct human contact in customer service
(Brendel et al. 2023), with Al expected to handle 95% of all online service interactions by 2025
(Clark 2020). While Al continues to shape the future of service environments, some research
suggests that customers may still prefer human interaction in certain situations (Huang, Mar-
kovitch, and Stough 2023; Li, Peluso, and Duan 2022; Press 2019). Reflecting this, a deeper
understanding of consumer behavior regarding different types of service agents helps compa-
nies to better tailor their service strategies and identify new business opportunities (Sohn et al.
2025).

Existing literature emphasizes the growing role of Al-driven agents in customer service

(Blazevic and Sidaoui 2022; Roy and Naidoo 2020). However, prior research suggests that



consumers’ appreciation of Al service agents is largely limited to low-complexity service tasks,
where efficiency and convenience are key (Xu et al. 2020). In contrast, human agents are still
preferred in emotionally sensitive or high-complexity situations that require empathy, under-
standing, and trust (De Keyser and Kunz 2022; Feine et al. 2019; Xu et al. 2020). One key
reason for this preference is that Al lacks emotional understanding and cannot respond empa-
thetically to human needs (Blazevic and Sidaoui 2022). In addition, Haslam (2006) describes
Al as a non-human entity that does not feel, experience, or express emotions. While this funda-
mental difference is often viewed as a limitation, it raises an important question: Are there con-
sumption contexts in which AI’s lack of emotion could be beneficial?

There is emerging evidence that this might be the case, as some research suggests that the ab-
sence of emotions can also provide advantages in specific customer interactions. For example,
Pitardi et al. (2021) argue that, because Al cannot form thoughts, opinions, or judgments, its
emotional neutrality may reduce customer embarrassment. Similarly, Pavone, Meyer-Waarden,
and Munzel (2022) suggest that consumers may perceive Al as less emotionally confrontational
in stressful service interactions, which can reduce consumer discomfort. To fill this gap, this
thesis adopts an experimental approach to examine whether emotionally neutral Al agents
might be preferred over human agents in specific, emotionally charged service interactions
along the customer journey. Two studies explore how consumers respond to Al versus human
agents in such contexts, focusing on their emotional reactions and subsequent decision-making.
This leads to the central research question: How does the type of service agent (Al versus hu-
man) influence consumer responses in emotionally charged consumption contexts?

This thesis builds on dehumanization theory and research on emotions in consumer decision-
making and service interactions to explore how the absence of emotions in Al impacts consumer

behavior. While previous literature has primarily focused on AI’s shortcomings in emotional



understanding (Crolic et al. 2021; Kirk and Givi 2024), this research considers whether emo-
tional neutrality could be beneficial in emotionally charged consumption contexts.

To investigate this, two experimental studies examine emotionally charged situations along the
customer journey, with a focus on the stages before and after a purchase. Study 1 focuses on
the pre-purchase stage and examines how Al shopping assistants, compared to human service
agents, influence purchase intention by reducing consumers’ feelings of being judged. Study 2
addresses the post-purchase stage, analyzing whether Al agents compared to human service
agents, can increase customer forgiveness in service failure recovery by reducing affect-based
decision-making. Together, these studies aim to provide new insights into the role of AI’s emo-

tional absence and its impact on consumer responses in service interactions.
2. Literature Review

2.1 Al versus Human

Definitions of Al have varied over the past decades, reflecting its expanding scope and appli-
cations (Collins et al. 2021). While many studies do not provide a clear definition, this research
follows Rai et al. (2019) and describes Al as “the ability of a machine to perform cognitive
functions that we associate with human minds, such as perceiving, reasoning, learning, inter-
acting with the environment, problem-solving, decision-making, and even demonstrating crea-
tivity” (Rai et al. 2019). In practice, Al systems utilize natural language processing, machine
learning and algorithmic data analysis to process information recognize patterns and make au-
tomated decisions (Huang and Rust 2018).

As Al continues to evolve, researchers classify it into distinct categories based on its interface
and functions (Russell and Norvig 2019). This research focuses on Artificial Narrow Intelli-
gence (ANI), the only form of Al currently in practical use. ANI systems are designed to per-
form specific tasks and appear in various forms, including chatbots, voice assistants, and robots,

each providing a different mode of interaction. Specifically in this thesis, chatbots, which



operate through text-based interfaces and are widely used in customer service settings, serve as
the operational representation of Al (Sands et al. 2020).

As Al becomes more integrated into customer interactions, its distinction from human agents
becomes increasingly evident. Haslam’s (2006) dehumanization theory provides a valuable
framework for understanding this difference by identifying two fundamental aspects of human-
ness: unique human characteristics, such as cognitive abilities, and human nature characteris-
tics, including emotional responsiveness. The absence of human nature characteristics leads to
mechanistic dehumanization, wherein an entity is perceived as highly rational. While Al can
effectively simulate many human cognitive abilities, it remains subject to mechanistic dehu-
manization, as it lacks the ability to feel, experience or express emotions (Haslam 2006). AI’s
lack of emotion can also be theoretically explained through mind perception theory. The theory
suggests that consumers perceive both human and non-human entities based on agency (i.e.,
the ability to act and make decisions) and experience (i.e., the ability to feel emotions and sen-
sations) (Pitardi et al. 2021). Human adults are generally seen as possessing both high level of
agency and experience, while Al is moderate in agency but low in experience, making it effi-
cient but emotionally detached (Gray, Gray, and Wegner 2007). Consequently, Al’s lack of emo-
tion serves as a defining distinction from humans, shaping consumer perceptions and influenc-
ing engagement in Al-driven customer services (Yildiz 2025). Therefore, a deeper understand-
ing of how emotions influence consumer decision-making and shape both human-to-human and

Al-to-human service interactions is essential for analyzing consumer responses.

2.2 The Role of Emotions in Customer Service Interactions

2.2.1 Emotions in Consumer Decision-Making
Given that the absence of emotion represents the most prominent distinction between Al and
human service agents, it is crucial to examine how emotions influence consumer behavior. A

fundamental concept in consumer behavior research is that decision-making is driven by two



main processes: cognitive-based decision-making and affect-based decision-making. Cognition
involves the deliberate and rational processing of information, encompassing thinking, reason-
ing, and decision-making based on facts. In contrast, affect refers to emotional responses that
often emerge spontaneously and are not necessarily governed by rational control (Bagozzi, Go-
pinath, and Nyer 1999; Cohen and Areni 1991; Shiv and Fedorikhin 1999; Zaltman 2000). Af-
fect-based decision-making plays a dominant role in consumer interactions, particularly in emo-
tionally driven purchasing situations like hedonic consumption and service failure situations,
where emotions often override rational analysis (Harrison-Walker 2018; Holbrook and Hirsch-
man 1982). Affect is broadly understood as an emotional state, typically categorized as positive
or negative, whereas emotions represent a specific subset that significantly influences consumer
perceptions and behaviors. Emotions reflect a mental state of readiness that, according to Ba-
gozzi et al. (1999) and Ortony et al. (1988), emerges based on appraisals of events, objects, or
agents and often drives action. Furthermore, emotions are not just affective responses but mul-
tidimensional states that shape how individuals interpret and engage with both social and phys-
ical environments (Lambie and Marcel 2002; Smith and Ellsworth 1985).

In the consumer context, emotions play a crucial role in shaping behavior by influencing prod-
uct evaluations, purchase decisions, post-consumption satisfaction, and brand perceptions (Bet-
tiga and Lamberti 2018; Kemp et al. 2017; Menon and Dubé 2000). Overall, emotional re-
sponses affect how consumers engage with brands and can impact satisfaction and purchase
intentions (Hennig-Thurau et al. 2006; Menon and Dubé 2000; Van Dolen, De Ruyter, and

Lemmink 2002).

2.2.2 Emotions in Human-to-Human Service Interactions
Emotions play a critical role in shaping the quality and outcomes of human-to-human service
interactions (Mattila and Enz 2002). According to Ortony et al. (1988), emotions emerge as

individuals focus on one of three key factors: (1) events, referring to interpretations of past



occurrences; (2) objects, encompassing both animate and inanimate entities; and (3) agents,
representing those perceived as responsible for outcomes. In customer service interactions, hu-
man service agents influence customers through their emotional expressions, which can directly
shape customers’ emotions and behaviors (Rafaeli and Sutton 1989). This emotional transmis-
sion is typically mediated by the customer’s affective state, meaning that service employees’
expressions first impact the customer’s emotions, which then affect perceptions, satisfaction,
and behavioral responses — either positively or negatively (Du, Fan, and Feng 2010; Grandey
and Gabriel 2015).

Particularly relevant in customer service interactions are social emotions, which arise in inter-
personal contexts and depend on the perceived presence, reactions, or judgments of others
(Keltner and Haidt 1999; Lewis 2008). Within this category, self-conscious emotions, such as
shame, embarrassment, guilt, and pride, are especially important, as they emerge when individ-
uals perceive themselves as being evaluated by others (Bagozzi 2006; Tangney and Fischer
1995). In customer service contexts, human service agents act as social actors, whose emotional
expressions and behaviors serve as implicit signals of judgment, influencing how consumers
feel about their own behavior, choices, or status (Barger and Grandey 2006; Grandey 2000; Liu,
Chi, and Gremler 2019; Rafaeli and Sutton 1989).

A core mechanism underlying emotional dynamics in service interactions is emotional conta-
gion (Hatfield, Cacioppo, and Rapson 1993). This describes how customers subconsciously
adopt the emotional expressions of service employees, thereby influencing their satisfaction
and decision-making. As a result, customer behavior in service interactions is strongly shaped
by affective processes (Wang et al. 2015). Emotional responses often occur automatically and
without conscious deliberation, meaning that customers may react to service experiences based
on their immediate emotional state rather than rational evaluation (Liu, Chi, and Gremler 2019).

While positive emotional expressions by employees can enhance positive consumer feedback



and repurchase intentions (Barger and Grandey 2006; Hennig-Thurau et al. 2006; Wang et al.
2015), negative cues may trigger adverse reactions and unfavorable evaluations (Cheshin, Amit,
and Van Kleef 2017; Clark and Taraban 1991). Moreover, emotional contagion is reciprocal,
meaning that service employees and customers influence each other's emotional states during
interactions. (Hatfield, Cacioppo, and Rapson 1994; Pugh 2001). This reciprocal nature is con-
sistent with the emotion cycle model proposed by Hareli and Rafaeli (2008), which suggests
that emotions are transmitted continuously between individuals throughout an interaction.

Given the strong impact of emotions in service interactions, emotional intelligence (EI) is a
critical competency for service employees. EI entails the capacity to perceive, comprehend, and
regulate both personal and others’ emotions, enabling employees to interpret complex emo-
tional cues and respond effectively (Kidwell et al. 2011; Mikolajczak et al. 2007). Moreover,
employees with high EI are particularly skilled at regulating their emotions, a process known
as emotional labor (Grandey 2000; Mayer and Salovey 1995; Tropman and Hochschild 1984).
Emotional labour involves displaying positive emotions and suppressing negative ones delib-
erately, in order to improve the customer experience, regardless of one's actual emotional state
(Ashforth, Tomiuk, and Kulik 2008; Tropman and Hochschild 1984). By regulating emotional
expressions, service agents help sustain positive emotional cycles and contribute to higher cus-
tomer satisfaction (Delpechitre and Beeler 2017). In contrast, a lack of appropriate emotional
control, whether intentional or not, can harm the customer experience, especially in emotionally
charged service situations where negative emotions are likely to arise (Liu, Chi, and Gremler
2019; Spanjol et al. 2015). Such emotional transmission may initiate a downward spiral of neg-
ativity, which can evolve into a self-reinforcing and harmful cycle (Garland et al. 2010). Expo-
sure to negative emotional cues from a service agent can cause customers to disengage, ulti-
mately lowering the chance of purchase completion (Holthdwer and van Doorn 2022; Grace

2007).



2.2.3 Emotions in AI-to-Human Service Interactions

While emotions play a crucial role in human-to-human interactions, the rise of Al-powered
agents calls for a deeper examination of how emotional neutrality in Al-based service interac-
tions shapes consumer responses. Most studies emphasize that the absence of emotion in Al is
a critical limitation in customer service contexts, often resulting in negative outcomes for con-
sumers (Belk 2020; Chaturvedi and Verma 2023; Kattara and E1-Said 2013; Puntoni et al. 2020).
One of the key limitations of this inability to understand or express emotion is that it prevents
the replication of the warmth and subtlety of human interaction (Chen et al. 2023). Rather than
offering emotional support, Al agents frequently provide factual responses that may overwhelm
users with information, leading to cognitive overload and decreased satisfaction (Bawden and
Robinson 2008; Chaturvedi and Verma 2023).

The emotional limitations of Al are further reflected in unnatural conversational flow, inau-
thentic responses, and an inability to address complex consumer concerns, factors that collec-
tively reduce the perceived quality of the interaction. This lack of emotional sensitivity has been
directly linked to customer dissatisfaction and can trigger intense negative emotions (Pavone,
Meyer-Waarden, and Munzel 2022; Zhang et al. 2024). In addition, the growing integration of
Al into service contexts has raised concerns regarding a diminishing sense of social connection
(Belk 2020). Kattara and El-Said (2013) demonstrate that consumers often prefer human em-
ployees over Al, as these technologies lack the authenticity, empathy, and warmth of real hu-
man interaction. The shift toward automation can therefore amplify feelings of isolation or ir-
ritation, particularly when Al systems fail to meet consumers’ expectations for empa-
thy and responsiveness (Ameen et al. 2020; Chaturvedi and Verma 2023, Puntoni et al. 2020)
Taken together, these findings suggest that AI’s lack of emotional intelligence frequently un-

dermines service quality and contributes to negative consumer experiences.
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At the same time, under specific conditions, AI’s emotional neutrality may offer distinct ad-
vantages. While most research emphasizes the drawbacks of this emotional deficit, few studies
explore its potential benefits. According to the Computer as Social Actors (CASA) theory
(Reeves and Nass 1997), customers often perceive Al service agents, such as chatbots, as social
entities and interact with them in similar ways to human employees (Beattie, Edwards, and
Edwards 2020; Song et al. 2022). Building on this, research has shown that in certain social
contexts, consumers may even prefer Al-based over human-provided services, a phenomenon
known as “algorithm appreciation” (Logg, Minson, and Moore 2019). In particular, Al-driven
interactions without human service personnel can enhance consumers’ sense of control and
protect their perceived privacy (Kunz and Wirtz 2023).

Furthermore, Holthower and van Doorn (2022) demonstrate that consumers prefer Al agents to
human service providers when purchasing embarrassing products due to the perceived inability
of Al to make personal judgements. Similarly, Pitardi et al. (2021) show that consumers feel
less discomfort and embarrassment when interacting with an Al rather than a human service
agent in the context of sensitive purchases (e.g., antifungal treatments). Moreover, AI’s emo-
tional neutrality eliminates the need for emotional labor, as it does not require emotional regu-
lation and avoids emotional fatigue. This enables more consistent and emotionally neutral in-
teractions (van Doorn et al. 2017; Wirtz and Jerger 2016). According to the theory of emotional
contagion, maintaining neutrality reduces emotional interaction and minimizes the risk of neg-
ative emotional contagion, particularly in stressful or complaint-related scenarios (Du, Fan, and
Feng 2010; Hatfield, Cacioppo, and Rapson 1993).

These findings suggest that Al's lack of emotion may be beneficial in specific contexts. How-
ever, the existing literature remains limited. The following chapter examines the impact of Al
across the customer journey to better understand when AI’s emotional neutrality leads to favor-

able consumer outcomes.
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2.3 The Impact of Al on the Customer Journey

Based on previous findings that emotions can influence consumer interactions in both positive
and negative ways, it is important to examine how Al’s lack of emotion affects consumer be-
havior and decision-making across different stages of the customer journey.

The traditional customer journey, as defined by Lemon and Verhoef (2016), outlines the con-
sumer decision-making process throughout a purchase cycle divided into three key stages: the
pre-purchase, the purchase, and the post-purchase stage. However, other process models in the
literature conceptualize this journey differently, expanding it into five to seven distinct phases
rather than the widely used three-stage framework proposed by Lemon and Verhoef (Harwardt
and Kohler 2023). Prior research has examined how technological advancements influence var-
ious stages of the customer journey, with Al playing a significant role in reshaping customer
interactions at multiple touchpoints (Grewal and Roggeveen 2020; He and Zhang 2022). As Al
becomes increasingly integrated into these interactions, its lack of emotion, as discussed in the
previous section, directly affects how consumers experience these stages, shaping both deci-
sion-making and service interactions (Maguire and Geiger 2015; Roster and Richins 2009).

In the pre-purchase stage, consumers engage in need recognition, information search, and eval-
uation of alternatives. Traditional marketing literature has framed this stage as the entirety of
the customer experience before purchase, where consumers explore product options and de-
velop purchase intentions (Hoyer 1984; Lemon and Verhoef 2016). As consumers navigate this
phase, their decisions are shaped by various factors, including personal preferences, brand per-
ception, and external influences such as reviews and recommendations (Stankevich 2017). Al-
driven applications enhance this phase by offering tailored recommendations, optimizing search
functions, and providing shopping assistance (Grewal et al. 2022).

The purchase stage marks the shift from the consumers evaluation to final decision-making and

transaction, including ordering and payment (Lemon and Verhoef 2016). Al technologies aim
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to streamline the purchasing experience by facilitating transactions through automation and en-
hancing personalization throughout the buying process (Grewal et al. 2022).

Lastly, the post-purchase stage includes product usage, post-purchase engagement, and service
requests (Lemon and Verhoef 2016). In practice, this stage encompasses the consumer’s con-
sumption experience as well as customer support and service recovery efforts, which have tra-
ditionally been handled by humans. Al facilitates post-purchase interactions by offering auto-
mated customer support for any inquiries or complaints, as well as collecting consumer feed-
back (Grewal and Roggeveen 2020).

While all stages of the customer journey are important, this research focuses on the pre-pur-
chase and post-purchase stage, as these are particularly influenced by emotions and therefore
most relevant for examining AI’s emotional neutrality. This focus is further discussed in the

following section.

2.4 Al in Emotionally Charged Customer Journey Stages

While AI has become increasingly embedded across all stages of the customer journey, existing
research has primarily focused on its role in the purchase stage, particularly its ability to en-
hance transactional efficiency and streamline payment processes (Hoyer et al. 2020; Rana et al.
2021). However, service interactions are most prominent and emotionally charged in the pre-
purchase and post-purchase stages (Tueanrat, Papagiannidis, and Alamanos 2020). In both
phases, previous research has examined various applications of Al, such as automated customer
support, and discussed its advantages and disadvantages (Grewal and Roggeveen 2020; Ha-
wardt and Kohler 2023). Furthermore, the literature offers limited insight into how AI’s lack of
emotion affects consumers’ responses in high-emotion and high-interaction contexts. A deeper
understanding is needed, especially in contexts where negative emotions are likely to arise.

To address this gap, the following sections examine two emotionally charged situations within

the customer journey, scenarios in which emotional reactions are intensified by the nature of
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the service interaction and the type of service agent. The first section focuses on the pre-pur-
chase stage, where consumers may experience negative emotions such as judgement during
product evaluation. The second section explores the post-purchase stage, where consumers en-
counter a service failure after making a purchase and engage in a recovery process through
complaint handling. Both sections aim to uncover how AI’s lack of emotion can serve as an

advantage in emotionally complex consumption contexts.

Leonie Clara Kleinmayer (60206)

2.4.1 Pre-Purchase Stage

In the pre-purchase stage, consumers are typically involved in evaluating options and gathering
information to support their decision-making process (Hoyer 1984; Lemon and Verhoef 2016).
As part of this process, they often engage with human service agents to seek advice or clarifi-
cation. However, research has shown that in human-to-human interactions, consumers may feel
evaluated or pressured when seeking product advice, particularly in categories involving per-
sonal or sensitive purchases (Roster and Richins 2009). The fear of being judged or appearing
uninformed can lead to discomfort or embarrassment, especially in face-to-face encounters (Pi-
tardi et al. 2021). Consequently, consumers may avoid purchasing products due to embarrass-
ment (Grace 2007). Social norms and self-presentation concerns play a crucial role in shaping
these responses (Ytreberg 2024). This is particularly relevant in consumer settings, where in-
terpersonal interactions can trigger social evaluative concerns (Leary 1983; White and Dahl
2007). In situations where consumers feel observed by others, the presence of a human service
agent is likely to increase the perception of being judged (Dahl, Manchanda, and Argo 2001;
Holthéwer and van Doorn 2022) since human interactions are typically associated with higher
levels of social presence, social norms, and impression management concerns (Argo et al. 2005;
Dahl, Manchanda, and Argo 2001). Prior research suggests that reducing the feeling of judge-

ment may enhance purchase intention (Chen et al. 2023; Holthéwer and van Doorn 2022; Sun
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et al. 2022). One possibility to reduce discomfort in the pre-purchase stage are Al interactions,
which can provide personalized product recommendations and real-time assistance (Grewal et
al. 2022). However, research on Al’s emotional neutrality in this customer journey stage is lim-
ited. While previous research has shown that Al-based service agents can reduce embarrassment
and discomfort in sensitive or inherently awkward service situations, such as the purchase of
embarrassing medical products, it remains unclear whether these effects extend to other con-
sumption settings without embarrassing stimuli (Holthéwer and van Doorn 2022; Pitardi et al.
2021). In contrast to embarrassment, which typically arises from norm violations or sensitive
consumption topics, feeling judged reflects a more subtle and widespread social evaluation
concern that can emerge in any socially visible consumption situation (Leary 1983; White and
Dahl 2007). Therefore, this study extends prior research by investigating whether interacting
with an Al-based service agent reduces consumers’ perception of being socially judged, even
in non-embarrassing consumption contexts.

To address these gaps, Study 1 focuses on the pre-purchase stage and investigates whether Al
shopping assistants influence purchase intention differently than human assistants. Based on
previous research suggesting that Al agents are perceived as more emotionally neutral and less
socially evaluative than humans, it is predicted that interacting with an Al shopping assistant
reduces consumers’ perceived feeling of being judged. This reduction in perceived judgment is
expected to lead to higher purchase intention. The study therefore examines the mediating role
of feeling judged and tests whether consumers report higher purchase intention with Al agents
due to AI’s lack of emotion. Accordingly, this study investigates the following hypotheses:
H1: Consumers interacting with an Al shopping assistant will have a higher purchase intention
compared to those interacting with a human shopping assistant.

H?2: The effect of Al versus human shopping assistants on purchase intention is mediated by

feeling less judged.
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See Appendix A1 for an illustration of the conceptual framework and hypotheses.

Paulina Antonia Schmitt (61578)

2.4.2 Post-Purchase Stage

Another important phase in the customer journey, as discussed earlier, is the post-purchase
stage. This phase becomes especially relevant when a service failure occurs, making effective
service recovery a central concern for companies. In this context, consumer emotions are highly
salient and can significantly affect behavior towards the company (Svari and Erling Olsen
2012). A service failure — defined as the discrepancy between the customers’ expected and per-
ceived performance of a product or service (Hoffman and Bateson 1997) — can trigger strong
negative emotional responses, such as anger, frustration, and disappointment. These negative
emotions often lead to affective reactions that result in affect-based decision-making, in which
customers’ emotions override rational analysis (Harrison-Walker 2018). In particular, such re-
sponses play a crucial role in shaping behavioral outcomes, which companies seek to address
through service failure recovery.

Previous literature has focused on behavioral outcome variables such as negative word-of-
mouth (Bougie, Pieters, and Zeelenberg 2003; Gelbrich 2009; Wetzer, Zeelenberg, and Pieters
2007) and repurchase intentions (Ou and Verhoef 2017; Schoefer and Diamantopoulos 2008;
Zeelenberg and Pieters 2002). These outcomes primarily reflect consumers’ transactional re-
sponses to service failures. However, prior research suggests that in emotionally charged ser-
vice interactions, responses are not purely transactional, as customers may decide against re-
storing the relationship with the service provider while continuing to make purchases from them
in the future (Harrison-Walker 2018). To capture this, customer forgiveness emerges as a dis-
tinct and underexplored behavioral response to service failures. Forgiveness is not just the ab-
sence of retaliation, it is a transformative process involving a shift towards empathy, compas-

sion and understanding. It entails cognitive reappraisal and emotional regulation (Yagil and
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Luria 2015). Therefore, forgiveness is shaped by how the recovery interaction is experienced,
especially the nature of the service agent involved (Huang and Lo 2025).

Research on service recovery indicates that companies can employ either human or machine-
like service agents, which are now increasingly powered by artificial intelligence, to manage
service failures (Liu et al. 2024; Luo et al. 2019). Additionally, recent studies suggest that in
situations involving negative emotions, interactions with Al-based service agents may be eval-
uated more favorably than those with human agents, largely due to lower emotional expecta-
tions toward Al (Fiirst et al. 2025; Ho, Tojib, and Tsarenko 2020). As Al lacks emotional ex-
pression, it may help prevent the escalation of negative affect and limit emotional contagion
within the interaction. This emotional neutrality can reduce reliance on affect-based decision-
making and potentially create a more favorable context for forgiveness.

As such, Study 2 shifts to the post-purchase phase and examines consumer forgiveness in ser-
vice failure recovery when Al handles their complaint compared to a human agent. This study
analyzes the mediating role of affect-based decision-making and explores how Al’s lack of
emotion may mitigate strong negative emotions, thereby shaping consumers’ willingness to
forgive in complaint handling situations. The following hypotheses are proposed:

H3: In service failure recovery situations, consumers are more likely to forgive a brand when
their complaint is handled by AI compared to a human agent.

H4: The effect hypothesized in H3 is mediated through affect-based decision-making, with Al
reducing emotional influence and increasing customer forgiveness.

See Appendix B1 for an illustration of the conceptual framework and hypotheses.
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3. Overview of the Studies

Leonie Clara Kleinmayer (60206)

3.1 Study 1: The Effect of AI versus Human Shopping Assistance on Purchase Intention

and the Mediating Role of Feeling Judged

3.1.1 Methodology

To empirically test hypotheses H1 and H2, an experiment was conducted to investigate the
mediating effect of feeling less judged by an Al (versus human) shopping assistant in a luxury
consumption context. Specifically, the study focuses on the context of luxury shopping because
consumers in such situations often experience negative emotions, such as social pressure or
discomfort (Kim et al. 2016). These emotions are driven by perceived social evaluation, espe-
cially when appearance or behavior may signal low status or purchasing power (Dahl,
Manchanda, and Argo 2001; White and Dahl 2007). Since luxury goods function as social status
symbols (Atwal and Williams 2009), consumers tend to be particularly sensitive to being ob-
served and evaluated in luxury retail environments (Lunardo and Mouangue 2019). Given this
sensitivity, luxury settings provide a meaningful context to investigate whether the type of ser-
vice agents (Al versus human) can influence consumers’ reactions.

Data Collection. The data collection was carried out via the online platform Qualtrics, as it
enables random allocation of participants to experimental conditions while ensuring a user-
friendly and standardized presentation across different devices (Putranto 2019). In order to en-
sure a diverse sample, participants were recruited through various channels, including personal
networks, social media platforms, and email invitations. A preliminary test was conducted prior
to the main data collection to ensure the questionnaire’s clarity and applicability (Grimm 2010).
Data was collected over a ten-day period, from April 22 to May 2, 2025.

Design and Procedure. This study applied an experimental methodology to test the causal con-

nections between the independent variable (IV) (Al versus human) and the dependent variable
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(DV) (purchase intention) with the mediator (feeling of judgement) (Bell 2009). The study fol-
lowed a single factor two levels (Al versus human) between-subjects design. Participants were
randomly assigned to one of the two experimental conditions (see Appendix A 2.2). Participants
were first introduced to the study with a brief general explanation, stating that the research
explores how consumers perceive and evaluate service experiences with different types of ser-
vice providers. To limit demand effects and control for bias, thereby reducing the risk of a
Hawthorne effect, no specific hypotheses or details about the experimental design were dis-
closed (see Appendix A 2.1). A scenario-based experimental design was applied to simulate a
realistic consumption situation while ensuring standardization and control over potential con-
founding variables (Dabholkar and Spaid 2011). The scenarios were written to be identical in
content and tone except for the manipulation of the agent type (Al versus human). To ensure a
comprehensive presentation of the situation, both scenarios included textual descriptions as
well as visual stimuli. The scenario described a situation in which the participant is shopping in
a luxury store and consults information about the product. To enhance the realism of the sce-
nario, participants were told that they asked the shopping assistant for the price of the luxury
item. Requesting price information was considered a situational trigger that could make partic-
ipants more sensitive to feeling judged by the shopping assistant. Previous research has shown
that asking for the price of a luxury product can lead to uncertainty and self-consciousness, as
it may signal a lack of status or purchasing power (Kim et al. 2016; Lunardo and Mouangue
2019). To increase the realism of the scenario and enhance participants’ involvement, product
images of luxury weekender bags from the brands Louis Vuitton and Celine were integrated
into the experiment. (see Appendix A 2.2). These products were chosen for their high level of
recognition, their status as visible symbols and their suitability for a broad target group, as the

bags are gender-neutral (Atwal and Williams 2009; Brun and Castelli 2013).
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Purchase Intention. After the scenario, purchase intention was measured using scales developed
by Dodds, Monroe, and Grewal (1991). The items were assessed using a 7-point Likert scale (1
= “Strongly Disagree” to 7 = “Strongly Agree”). Four items were included, such as “I would
consider buying the product in this situation” (see Appendix A 2.3).

Feeling of Judgement. Following the measure of purchase intention, the extent to which partic-
ipants perceived themselves to be judged by the sales assistant was assessed using five items
developed based on scales by Leary (1983), Watson and Friend (1969) and White and Dahl
(2007). These scales are commonly used in research on social evaluation and the fear of nega-
tive judgement in consumption contexts. The scale included items such as “I felt judged by the
shopping assistant”, rated on a 7-point Likert scale (1 = “Strongly Disagree”, 7 = “Strongly
Agree”) (see Appendix A 2.4).

Manipulation Check. To verify the effectiveness of the manipulation (Al versus human), par-
ticipants were asked to indicate whether they had interacted with an Al or human shopping
assistant (see Appendix A 2.5).

Control Variables. Control variables and demographic measures were included to isolate the
effect of the independent variable and ensure that alternative explanations for the observed out-
comes could be ruled out. Participants were asked to indicate their familiarity with luxury prod-
ucts and their experience with shopping in luxury retail stores to account for prior exposure to
the consumption context. Perceived shopping discomfort in luxury settings was measured using
a three-item scale adapted from Lunardo and Mouangue (2019) and Dahl et al. (2001). Partici-
pants indicated their agreement with statements like “I sometimes feel uncomfortable when
shopping in luxury stores” on a 7-point Likert scale (1 = “Strongly Disagree”, 7 = “Strongly
Agree”). The items captured the general feeling of discomfort, anxiety or not belonging in lux-
ury retail environments, which could affect how sensitive they are to feeling judged. Further-

more, to control for prior experience and general attitudes towards Al, which could influence
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their responses to Al-based service scenarios, participants’ familiarity with Al and their fre-
quency of Al usage were assessed (see Appendix A 2.6). At the end of the survey, participants
were asked to provide demographic information, including age, gender, income, occupation,
and nationality (see Appendix A 2.7).

Sample. The final sample consisted of N = 112 participants. The largest age group among par-
ticipants was 25 to 34 years (39.3%), followed by those aged 18 to 24 (31.3%) (see Appendix
A 3.2). In terms of gender, 58% of participants identified as female, 40.2% as male, and 1.8%
as non-binary (see Appendix A 3.3). Regarding their current occupation, 50.9% of the respond-
ents reported being students, while 29.5% indicated being employed (see Appendix A 3.4). The
respondents came from five countries: Germany, Austria, Portugal, Italy and France. The largest
proportion of participants were German (89.3% of the total sample) (see Appendix A 3.5). Re-
garding monthly income, the majority reported earnings between €1000 and €2499 (34.8%)

(see Appendix A 3.6).

3.1.2 Data Analysis

The data were analyzed using SPSS. To investigate whether consumers exhibit higher purchase
intentions when interacting with an Al shopping assistant compared to a human assistant, an
independent t-test was performed using the type of service agent (Al versus human) as the IV
and purchase intention as the DV. To test the hypothesized mediation mechanism, Hayes’ Pro-
cess Model 4 was employed (Hayes 2013). This model enabled the examination of whether the
effect of the service agent type on purchase intention is mediated by the feeling of being judged
during the shopping experience. In SPSS, control variables were entered as covariates and will
be referred to as control variables throughout the following sections.

Data Preparation. Prior to analysis, the dataset was screened to ensure data quality and validity.
Participants who did not complete the focal measures of the experiment were excluded during

data cleaning (N = 41). Additionally, 15 participants failed the manipulation check and were
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excluded, as their responses indicated they had not properly processed the scenario. They did
not recognize whether the service agent was Al or human, which is a key element of the ma-
nipulation. These steps ensured that only valid and reliable responses were retained for further
analysis. After these exclusions, the final sample consisted of 112 valid cases used for all sub-
sequent analyses (N = 112). The allocation of participants to experimental conditions was as
follows: Al shopping assistant (N = 57), human shopping assistant (N =55). The IV representing
the experimental condition was dummy-coded for analysis, with participants assigned to the Al
condition coded as 1 and those in the human condition coded as 0. For the constructs “Feeling
Judged, Purchase Intention, and Perceived Shopping Discomfort”, composite variables were
created by calculating the mean of their respective items, resulting in single averaged scores
used for all further analyses.

Preliminary Analysis. To determine whether the sample size was adequate for analysis, a priori
power analysis was conducted using G*Power (Faul et al. 2007). The analyses were conducted
assuming a medium effect size (f* = 0.15), an alpha level of .05 applied to all statistical tests,
and a desired statistical power of .80. The results indicated that a minimum sample size of 68
participants would be required to reliably detect an effect of this magnitude in a model with two
predictors (see Appendix A 4.1). A post hoc power analysis with the final sample size of 112
participants yielded a statistical power of .96, supporting that the sample was sufficiently pow-
ered to test the hypothesized relationships (see Appendix A 4.2).

Descriptive analyses were conducted for the key continuous variables in the study and the con-
trol variables. The average purchase intention was moderately high (M = 4.74, SD = 1.17),
indicating a general tendency toward positive purchase intentions across conditions. The mean
for feeling of judgement was lower (M = 3.03, SD = 1.32), suggesting that participants did not
strongly perceive judgement during the interaction. Participants reported moderate discomfort

in luxury shopping (M = 4.83) and high Al familiarity (M = 4.96) and usage (M = 5.20) but
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showed limited experience with luxury products (M = 3.78) and shopping frequency (M = 2.49).
These results provide an initial overview of the central tendencies within the dataset and inform
the interpretation of subsequent analyses (see Appendix A 3.1).

To identify potential outliers, box plots were created for all dependent, mediator, and control
variables. The analysis revealed one mild outlier in the scale measuring purchase intention and
three outliers in the scale for perceived shopping discomfort (see Appendices A 5.1 to A 5.3).
Overall, all variables appeared reasonably distributed. Outliers were retained to maintain sta-
tistical power, as they did not meaningfully affect results or violate assumptions.

To ensure reliability of the three scales Cronbach’s alpha was used for evaluation. All three
multi-item scales for purchase intention (a = .927), feeling of judgement (a = .876), and per-
ceived shopping discomfort (o = .827) all demonstrated strong internal consistency with alpha
coefficients exceeding the commonly accepted threshold of .70 (George and Mallery 2008).
Inter-item and item-total correlations confirmed that each item contributed meaningfully to its
respective construct, supporting the reliability of the measures and justifying the retention of
all items (see Appendices A 6.1 to A 6.3).

Tests of Statistical Assumptions. Prior to the main analyses, the assumptions of normality and
equal variances were assessed using the Shapiro-Wilk and Levene’s test. To assess the assump-
tion of normality, both the Shapiro-Wilk test and visual inspection of Q-Q plots were performed
for the DV in each condition separately. A Shapiro-Wilk test indicated a significant deviation
from normality in the Al condition (p = .005), while the human condition approached signifi-
cance (p = .051). However, Q-Q plots showed that both distributions were approximately nor-
mal (see Appendices A 7.1 and A 7.2). Levene’s test indicated a significant violation of the
assumption of homogeneity of variances, F(1, 110) = 5.77, p = .018 (see Appendix A 8). Ac-
cordingly, the row “equal variances not assumed” was used for interpreting the t-test results. In

addition, Hayes’ Process Model 4 is based on ordinary least squares (OLS) regression and
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therefore requires that several statistical assumptions be met, including the assessment of nor-
mality of the variables involved in the mediation model (Hayes 2013). As the IV was categori-
cal, no normality testing was required for this variable. The assumption of normality was tested
for the mediator feeling of judgement. The Shapiro-Wilk test suggested non-normality in the
Al condition (p = .004), but Q-Q plots showed an approximately normal distribution in both
groups (see Appendix 9). Additionally, the sample size (N = 112) is large enough to ensure the
mediation analysis remains reliable.

To ensure that multicollinearity did not bias the regression results, collinearity diagnostics were
conducted by examining tolerance and variance inflation factor (VIF) values. All VIF values
ranged from 1.14 to 2.71, staying well below the critical threshold of 5, while all tolerance
values exceeded the minimum acceptable value of .10 (ranging from .369 to .877) (Menard
2002). These results indicate no concerning multicollinearity between predictors. As all predic-
tors contributed distinct information to the model, they were retained for hypothesis testing (see
Appendix A 10).

To verify whether the assumptions of normality and homoscedasticity of residuals were met, a
detailed residual analysis was conducted based on the linear regression model including the IV,
mediator, and DV (see Appendix A 11.1). As the IV was a binary condition (Al versus human),
assumption testing focused on the residuals of the overall model rather than the distribution of
the predictor itself. Standardized residuals (M = 0.00, SD = 0.99) followed a normal distribution
and ranged from -2.66 to 1.94, indicating no influential outliers. The histogram of standardized
residuals revealed an approximately bell-shaped distribution, and the normal P-P plot showed
the data points closely aligning with the diagonal reference line. These visual patterns support
the assumption that the residuals were approximately normally distributed (see Appendix A 11.2

and A 11.3). Furthermore, predicted values ranged from 3.99 to 5.45, and residuals were
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symmetrically distributed around the mean predicted value (M = 4.74), further supporting the

assumptions of linearity and symmetric error distribution (see Appendix A 11.1).

3.1.3 Results and Discussion

H1: Type of Service Agent and Purchase Intention

Purchase Intention. An independent samples t-test was carried out to examine whether the type
of service agent (Al versus human) influenced consumers’ purchase intention. Participants who
interacted with an Al shopping assistant reported significantly lower purchase intention (M =
4.46, SD = 1.28) than those who interacted with a human assistant (M = 5.04, SD = 0.96), #(110)
=-2.68, p = .008). The mean difference was -0.58, 95% CI [-1.00, -0.15]. The effect size was
medium, Cohen’s d = -0.51, 95% CI [-0.88, -0.13], indicating a meaningful difference in pur-
chase intention depending on the type of service agent (see Appendix A 12.1). These results
contradict the initial hypothesis, as participants who interacted with a human assistant reported
significantly higher purchase intent than those who interacted with an Al assistant.

ANCOVA. A one-way analysis of covariance was performed to explore the effect of service
agent type (Al versus human) on purchase intention while controlling for participants’ famili-
arity with luxury products, frequency of luxury shopping visits, familiarity with Al, frequency
of Al usage, and perceived shopping discomfort. The overall model was significant, F(6, 105)
=3.912, p =.001, indicating that the predictors explained a significant portion of the variance
in purchase intention (R’ = .183). After controlling for all control variables, the type of service
agent remained a significant predictor of purchase intention, F(1, 105) =8.563, p =.004. Among
the control variables, only perceived shopping discomfort significantly predicted purchase in-
tention, F(1, 105) = 4.724, p = .032. None of the familiarity or frequency variables reached
statistical significance (all p-values > .28) (see Appendix 12.2). These findings suggest that
even when accounting for individual differences in shopping habits and Al familiarity, partici-

pants who interacted with an Al-based assistant reported significantly lower purchase intentions
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than those assisted by a human. Additionally, participants who felt more discomfort in luxury
shopping contexts were generally less willing to make a purchase.

H2: The Mediating Role of Feeling Judged

Mediation Analysis. A mediation analysis was conducted using Hayes’ Process Model 4 (5,000
bootstrap samples) to examine whether the effect of the service agent type (Al versus human)
on purchase intention is mediated by feelings of being judged, assessing both direct and indirect
effects (Abu-Bader and Jones 2021). The model was statistically significant, R’ = .091, F(2,
109) = 5.46, p = .006. The direct effect of the IV (Al versus human) on purchase intention
remained significant, b =-0.74, SE = 0.23, t =-3.22, p = .002, 95% CI [-1.93, -0.28], indicating
that participants in the Al condition reported lower purchase intention compared to those in the
human condition. Furthermore, the IV had a significant effect on the mediator, b =-0.99, SE =
0.23, t =-4.28, p < .001, 95% CI [-1.45, -0.53], showing that participants interacting with Al
felt significantly less judged. However, the mediator feeling judged did not significantly predict
purchase intention when controlling for the IV, b =-0.16, SE = 0.09, t = -1.88, p = .062, 95%
CI [-0.34, 0.01]. Furthermore, the indirect effect was not significant, b = 0.16, BootSE = 0.10,
95% CI [-0.02, 0.37], as the confidence interval included zero (see Appendix 13.1). The results
are presented in Figure 1. Accordingly, the results do not provide statistical support for H2.
While the Al-based shopping assistant significantly reduced feelings of judgment compared to
the human agent, this reduction did not mediate the relationship between assistant type and

purchase intention.

26



b=-0.99 b=-0.16

SE=0.23 SE=0.09
p<.001 . p=.062
—_— Feeling of Judgement
Al H2 H2
versus
Human
HlI
> Purchase Intention
Direct Effect: b =-0.74, SE = 0.23, p = .002

Indirect Effect: b =0.16, 95% CI [-0.02, 0.37]
Figure 1: Mediation Analysis Study 1 (Hayes’ Process Model 4)

Mediation Analysis with Control Variables. To account for potential confounding influences, a
mediation analysis was conducted using Hayes’ Process Model 4, this time including the control
variables. The analysis tested whether feeling judged mediated the relationship between the
type of shopping assistant (Al versus human) and purchase intention, while controlling for these
additional factors. The results showed that Al-based agents significantly reduced feelings of
judgment (b =-0.9993, p <.001, 95% CI [-1.4534, -0.5283]), and that perceived discomfort in
luxury settings also significantly predicted feeling judged (b = 0.2976, p = .022). However,
feeling judged did not significantly predict purchase intention when all control variables were
included (b = -0.2012, BootCI [-0.4442, 0.0323]), as the confidence interval for the indirect
effect still included zero. The direct effect of Al versus human on purchase intention remained
significant (b =-0.8255, p <.001, 95% CI [-1.2762, -0.3768]) (see Appendix 13.2). These find-
ings confirm that even after controlling for relevant control variables, feeling judged still does
not mediate the effect of agent type on consumers’ purchase intention.

Exploratory Analysis

In addition to the main hypothesis testing, several exploratory analyses were conducted to in-
vestigate potential influences of control variables. Specifically, the effects of demographic fac-
tors were examined in relation to feelings of judgement and purchase intention. A one-way

ANOVA revealed that the effect of monthly net income on purchase intention was not
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statistically significant, (5, 106) = 1.86, p = .108 (see Appendix A 14.1). In contrast, the effect
of occupation was significant, F(6, 105) =2.60, p =.022, suggesting potential group differences
based on employment status (see Appendix A 14.2). To explore whether age moderates the ef-
fect of service agent type (Al versus human) on purchase intention, a two-way ANOVA was
conducted with age group and agent type as between-subjects factors. The analysis revealed a
significant main effect of age, F(5, 100) = 3.32, p = .008, indicating that purchase intention
significantly varied across age groups. Additionally, there was a significant main effect of agent
type, F(1, 100) = 11.40, p = .001, showing that, overall, participants interacting with an Al
reported lower purchase intentions compared to those interacting with a human. However, the
interaction between age and agent type was not significant, (5, 100) = 0.86, p = .512, suggest-
ing that the effect of the service agent on purchase intention did not significantly differ across
age groups (see Appendix A 14.3).

A separate two-way ANOVA revealed a significant interaction effect between service agent type
and gender on purchase intention, (2, 107) = 4.575, p = .035. While the main effect of gender
was not significant, the significant interaction indicates that gender moderates the effect of the
agent type on purchase intention. Descriptive statistics suggest that female participants showed
a stronger preference for human agents over Al, with higher purchase intentions in the human
condition (M = 5.18, SD = 0.98) compared to the Al condition (M =4.23, SD = 1.27), whereas
male participants’ purchase intentions remained relatively stable across both conditions (see
Appendix A 14.4).

To investigate whether individual characteristics related to the luxury shopping context influ-
ence the perceived feeling of judgement, exploratory Pearson correlations were calculated be-
tween the mediator and three context-relevant control variables: luxury product familiarity,
(Fam-LuxPr), luxury store visit frequency (FreShop), and perceived shopping discomfort (Dis-

comf). The results revealed a significant positive correlation between Discomf and feeling of

28



judgement, r=.235, p=.013, indicating that participants who generally feel uncomfortable in
luxury shopping settings also report stronger feelings of being judged. In contrast, FamLuxPr
(r=.028, p=.772) and FreShop (r=.134, p=.161) were not significantly related to feeling of
judgement (see Appendix A14.5). These findings suggest that psychological discomfort in lux-
ury environments may be more relevant to social evaluative concerns than actual exposure or
experience. Familiarity with Al showed a positive correlation with purchase intention (r = .414,
p =.001), suggesting that participants who were more familiar with Al exhibited a greater will-
ingness to purchase. Additionally, Al familiarity was negatively correlated with feelings of be-
ing judged (r = -.304, p = .022), indicating that more familiar users felt less judged during the
shopping interaction. Similarly, the frequency of Al usage was positively associated with pur-
chase intention (» = .321, p = .015), and negatively associated with feelings of judgement (» =
-427, p <.001) (see Appendix A 14.6). These findings suggest that both frequent and familiar
users of Al may perceive such interactions as less socially pressuring and more favorable to
purchase behavior.

Summary of Findings and Discussion

This study examined how the service agent type (Al versus human) influences consumer be-
havior in the pre-purchase stage. Based on Haslam’s (2006) dehumanization theory and mind
perception theory by Gray, Gray and Wegner (2007), it was hypothesized that AT’ lack of emo-
tion would reduce social evaluative pressure, operationalized as “feeling judged” and as a result
increase purchase intention (Grewal and Roggeveen 2020; Holthdwer and Van Doorn 2022).
Contrary to H1, participants interacting with a human assistant reported significantly higher
purchase intention than those interacting with an Al assistant. It remained significant even when
controlling for prior luxury experience, Al familiarity, and shopping discomfort. These results
suggest that although Al may offer emotional neutrality, this characteristic alone does not nec-

essarily enhance consumers’ willingness to purchase in a luxury context.
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Although participants in the Al condition reported lower feelings of being judged, H2 was not
supported. This aligns with previous research on Al’s lower social presence (Holthower and
van Doorn 2022; Pitardi et al. 2021; Roster and Richins 2009). However, this variable did not
significantly predict purchase intention. The mediation analysis revealed a significant direct
effect of agent type, but no significant indirect effect through feeling judged.

The results highlight that while Al reduces social pressure, this benefit does not necessarily
translate into positive behavioral outcomes. In contexts such as luxury shopping, where social
signaling, personal attention, and emotional engagement play a central role, consumers may
still prefer human interaction despite the potential for social pressure (Atwal and Williams
2009). This is an important finding that suggests several opportunities for future research and
will be discussed in more detail in Chapter 4. Furthermore, the results indicate the importance
of consumers’ general discomfort in luxury shopping environments. Perceived shopping dis-
comfort was positively correlated with the feeling of being judged, suggesting that consumers
who feel self-conscious in such settings are more likely to experience social evaluation. These
findings underline that beyond the type of service agent, individual psychological predisposi-
tions such as discomfort in high-status retail environments shape how consumers respond dur-
ing the pre-purchase stage. This insight emphasizes the need to account for situational and dis-
positional factors when evaluating the effectiveness of Al-based service tools. Additionally, ex-
ploratory analyses showed that consumers who were more familiar with Al and used it more
often reported higher purchase intention and felt less judged. This supports previous findings
on algorithm appreciation and growing trust in Al (Belanche et al. 2021; Logg et al. 2019).
Additionally, this study aligns with the findings of Chen and Huang (2015), who demonstrated
that men tend to have more positive attitudes towards Al technology than women. This is evi-
dent from the fact that female participants displayed a stronger purchase intention in the human

condition.
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In summary, the findings refine the current understanding of consumer responses to Al in ser-
vice interactions. While Al reduces feelings of being judged, this advantage does not automat-
ically translate into increased purchase intention, particularly not in the emotionally charged
context of luxury retail. These results suggest that the absence of emotions in AI may have
context-specific consequences: it may be beneficial in some social evaluation scenarios, but

potentially detrimental in high-involvement, status-driven settings.
Paulina Antonia Schmitt (61578)

3.2 Study 2: The Effect of AI versus Human in Service Failure Recovery on Customer

Forgiveness and the Mediating Role of Affect-Based Decision-Making

3.2.1 Methodology

To empirically test hypotheses H3 and H4, an experimental study was conducted to investigate
whether interacting with an Al-based chatbot, compared to a human service agent, in a service
failure recovery context leads to a higher level of customer forgiveness. Furthermore, it was
hypothesized that this effect is mediated by affect-based decision-making, as AI’s lack of emo-
tion might lead to a more rational, less emotionally driven consumer response.

The retail industry, and particularly the online retail sector, was selected as the scenario context
for this study because previous research highlights its importance in understanding service fail-
ure and recovery. Agnihotri and Bhattacharya (2023) found that consumers experience the high-
est number of service failures in online retailing, compared to other industries such as banking
and aviation. Furthermore, previous research indicates that online retailing is also the industry
in which consumers most frequently interact with chatbots during service recovery processes
(Agnihotri and Bhattacharya 2023; Luo 2019). This study therefore focuses on a service failure
scenario within the online retailing context, specifically on delivery delays. Delivery speed was

selected as the specific scenario because it represents the most common reason for consumer
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complaints in online shopping worldwide (Statista 2025), ensuring a highly relevant and real-
istic situation for participants.

Data Collection. For this study, data was collected using an online survey, which provides sev-
eral advantages over traditional offline methods, such as improved accessibility across devices
and enhanced answer comprehensibility (Putranto 2019; Wertenbroch and Skiera 2002). As in
Study 1, Qualtrics was used as the survey platform. This allowed for broad distribution via
mailing lists, personal networks, and social media channels. Data were collected over a ten-day
period, from April 22 to May 2, 2025. Consistent with Study 1, the experimental design fol-
lowed the guidelines outlined by Bell (2009). To minimize the Hawthorne effect, participants
were only given a general overview of the study’s purpose (Adair 1984) and were unaware that
they were part of an experiment. To ensure clarity and feasibility of the questionnaire, a pre-
test was conducted prior to the main data collection (Grimm 2010). The questionnaire was de-
veloped based on a thorough review of relevant literature.

Design and Procedure. The present study used a single-factor, between-subjects design with
two levels (Al versus human). Participants were randomly allocated to one of the two conditions
(AI versus human) to isolate the effect of the service agent type in a service failure recovery
context. The independent variable (IV) of this study was the type of service provider (Al versus
human), while the dependent variable (DV) was customer forgiveness. Affect-based decision-
making was proposed as the mediator to explain the underlying psychological mechanism be-
tween the IV and DV (Pieters 2017). This allowed for testing the assumption that the lack of
emotion in Al service agents might reduce consumers’ affective responses, thereby facilitating
forgiveness in the context of a service failure recovery.

After an introduction (see Appendix B 2.1) participants were presented with a scenario-based
experiment, a common approach in service failure and recovery research (Andreassen and

Streukens 2013; Park and Ha 2015; Singh and Crisafulli 2015; Smith, Bolton, and Wagner
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1999). Scenario-based experiments are frequently used to create realistic and standardized sit-
uations that allow for clear comparisons between experimental conditions (Dabholkar and
Spaid 2011; Singh and Crisafulli 2015). In line with this approach, participants were presented
with a scenario in which they imagined having ordered a set of drinking glasses from an online
shop called ShopZone. The product was deliberately chosen to be neutral and of low personal
relevance, ensuring that the type of product would not influence participants’ responses. In both
conditions the delivery was delayed, and participants were told to imagine feeling frustrated
and therefore contacted customer service using the chat function on the website. Depending on
their experimental condition, participants were shown a picture of a chat in which the complaint
was either handled by an Al-based chatbot or a human service agent. To ensure comparability,
the content of the response was kept identical across both conditions (see Appendix B 2.2).
Customer Forgiveness. Following the scenario, customer forgiveness was measured using
seven items adapted from existing forgiveness scales (Harrison-Walker 2018; McCullough et
al. 1998; McCullough et al. 2003; Rye et al. 2001). The items reflect participants’ willingness
to forgive the brand and continue their relationship despite the negative incident. Responses
were collected on a 7-point Likert scale (1 = Strongly Disagree, 7 = Strongly Agree), including
sample items such as “I forgive the brand for this service failure” and “I do not hold a grudge
against the brand because of this incident”. Two items were reverse-coded to reduce the risk of
response bias and to ensure measurement reliability (see Appendix B 2.3).

Affect-Based Decision-Making. After measuring customer forgiveness, affect-based decision-
making was assessed using four items adapted from prior research on emotion-based decision-
making (Kidwell, Hardesty, and Childers 2008; Pham 2007). These items assessed the extent
to which participants relied on their emotions rather than rational considerations when evaluat-
ing the customer service response. Participants were asked to indicate their agreement with

statements such as “My reaction to the customer service response would be mainly driven by
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my emotions” or “I respond more with my heart than with my head when evaluating the cus-
tomer service response”, using a 7-point Likert scale from “Strongly Disagree (1) to “Strongly
Agree (7)” (see Appendix B 2.4).

Manipulation Check. The effectiveness of the manipulation was assessed by asking participants
to indicate who handled their complaint in the scenario they had just read, choosing between
“An Al-based chatbot” and “A human service agent.” In addition, to verify the perceived emo-
tionality of the customer service response, participants rated their agreement with the statement
“The customer service response felt emotional” on a 7-point Likert scale (1 = Strongly Disa-
gree; 7= Strongly Agree) (see Appendix B 2.5).

Control Variables and Demographics. To control for potential confounding variables, several
control variables and demographic measures were included. Participants were asked to report
their frequency of shopping online on a 7-point Likert scale (1 = Never; 7 = Extremely Fre-
quently) and whether they had ever contacted customer service before (“Yes” or “No”). They
also indicated their familiarity with Al-based tools and chatbots (1 = Not familiar at all; 7 =
Extremely familiar), and how frequently they engage with Al tools in their daily life (1 = Never;
7 = Daily). In addition, participants provided information about their age (categorical), gender,
and occupation. These variables were used to control for prior experience with online shopping
and Al as well as demographic differences that might influence consumers’ responses toward
Al- or human-based service recovery (see Appendix B 2.6 and B 2.7).

Sample. The final sample consisted of 168 participants (N = 168), who voluntarily completed
the online experiment. Participants were assigned to one of two experimental conditions: 83
interacted with an Al-based chatbot, and 85 interacted with a human service agent. Most re-
spondents (66.1%) were between 18 and 34 years old, with 37.5% (N = 63) in the 18-24 age
range and 28.6% (N = 48) in the 25-34 range (see Appendix B 3.2). Regarding gender distribu-

tion, 53% (N = 89) of the participants were female, while 46.4% (N = 78) were male, suggesting
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a relatively balanced distribution (see Appendix B 3.3). In terms of occupation, students repre-
sented the largest group of respondents (46.4%), followed by full-time employees (44%), while
trainees, retired, and other respondents represented a smaller proportion of the sample (see Ap-

pendix B 3.4).

3.2.2 Data Analysis

To assess whether the type of service agent (Al versus human) influences customer forgiveness
in a service failure recovery context, an independent samples t-test was conducted with agent
type as the IV and customer forgiveness as the DV. The hypothesized mediation effect was
tested using Hayes’ Process Model 4 (Hayes 2013), which examined whether affect-based de-
cision-making mediates the relationship between the type of service agent and customer for-
giveness. In addition, further analyses were conducted to investigate whether control variables
(also referred to as covariates) and demographic factors influenced the main effects.

Data Preparation. Data preparation involved several steps to ensure the quality and integrity
of the dataset, with SPSS used as the primary tool for statistical analysis. First, participants who
did not complete the focal measures of the experiment required to test the hypotheses (N = 22)
were excluded from the dataset. Additionally, four participants who indicated “Disagree” on the
initial consent question (see Appendix B 2.1) were removed, as they did not provide informed
consent to participate in the study. A further 32 participants were excluded based on the manip-
ulation check (see Appendix B 2.5), as they incorrectly identified the type of service agent they
had interacted with, suggesting that they may not have read the scenario instructions carefully.
After implementing these exclusion criteria, the final sample consisted of 168 participants (N =
168). To prepare the dataset for analysis, a dummy variable was created to distinguish between
the two experimental conditions (Al = 1, Human = 0). All scale items measuring customer
forgiveness and affect-based decision-making were coded such that higher values reflected

greater agreement. Reversed items in the customer forgiveness scale were recoded to ensure
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consistency, aligning all items in the same conceptual direction (Kernis and Goldman 2006).
For both key variables (DV and mediator) composite scores were calculated by computing the
mean of all respective items: customer forgiveness (M = 3.68, SD = 1.13) and affect-based
decision-making (M = 4.20, SD = 1.19) (see Appendix B 3.1). These data cleaning and prepa-
ration steps ensured that the dataset was complete, reliable, and ready for hypothesis testing and
further analyses.

Preliminary Analysis. To evaluate whether the sample size was sufficient to detect medium-
sized effects, an a priori power analysis was conducted using G*Power (Faul et al. 2007). As-
suming an effect size of /2 = .15, an alpha level of a = .05, and a desired power of 0.80, the
analysis indicated that a minimum of N = 92 participants would be required. Given the final
sample size of N = 168, statistical power was more than adequate (/ - f = 0.996), as confirmed
by a post hoc power analysis (see Appendices B 4.1 and B 4.2).

An outlier analysis was performed using boxplots for all continuous key variables. For the
scales measuring customer forgiveness, online shopping frequency, Al familiarity and Al usage
frequency no outliers were identified, indicating that the data for these variables were evenly
distributed and free of extreme values. In contrast, some outliers were observed in the affect-
based decision-making scale. Since these values did not result from data entry errors and were
within a plausible range, they were retained in the dataset to maintain sample representativeness
and variability (see Appendices B 5.1 to B 5.3).

Cronbach’s alpha was used to evaluate the reliability of the two scales employed in this study.
The customer forgiveness scale, consisting of 7 items, showed high reliability (a = .862). Sim-
ilarly, the affect-based decision-making scale, comprising 4 items, demonstrated good reliabil-
ity (a = .801). These results confirm that both scales were internally consistent and suitable for

hypothesis testing (see Appendices B 6.1 and B 6.2).
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Tests of Statistical Assumptions. Several pre-tests were conducted to confirm that the assump-
tions underlying the independent t-test and mediation analysis were met. To assess the normality
of the DV (customer forgiveness), the Shapiro-Wilk test and Q-Q plots were examined sepa-
rately for each experimental condition (Al versus human). The results indicated no significant
deviation from normality for either group, W.(83) = .985, p = .435, and Wruman(85) = .986, p
= .477. In addition, the Q-Q plots visually confirmed the assumption of normality, as data points
closely followed the reference line (see Appendices B 7.1 and B 7.2). Based on these results,
the normality assumption was considered met. Furthermore, Levene’s test revealed no signifi-
cant difference in variances, F(1, 166) = 2.40, p = .123, suggesting that the assumption of ho-
mogeneity of variances was met. Consequently, the t-test was conducted using the values from
the “equal variances assumed” row (see Appendix B 8).

As Hayes Process Model 4 employs ordinary least squares (OLS) regression, a linear relation-
ship between the mediator (affect-based decision-making) and the DV (customer forgiveness)
was examined. An initial step involved assessing normality using Shapiro-Wilk tests and Q-Q
plots. The Shapiro-Wilk test indicated marginal deviations from normality in the Al condition
(p = .051), while the Q-Q plots largely supported a normal distribution with only minor devia-
tions (see Appendices B 9.1 to B 9.4). Given the sample size (N = 168), the mediation analysis
can still be considered reliable, as minor deviations from normality are unlikely to significantly
impact the robustness of the results.

Multicollinearity between the IV and the mediator was examined using collinearity statistics.
The Variance Inflation Factor (VIF) was 1.02 for both predictors, and the corresponding toler-
ance values were .977, which are well within acceptable thresholds (VIF < 5; Tolerance > .20)
(Menard 2002). These results indicate that multicollinearity is not a concern in the model and

support the inclusion of both variables in the mediation analysis (see Appendix B 10).
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Lastly, to assess homoscedasticity, residual statistics were reviewed. The standardized residuals
ranged from -2.50 to 2.22 with a mean of 0 and a standard deviation close to 1 (SD = .994),
suggesting that residuals are approximately evenly distributed around the regression line. These
values provide no indication of heteroscedasticity, supporting the assumption of constant vari-
ance in the model (see Appendix B 11). In summary, the pre-tests showed that the statistical
assumptions were met, supporting the appropriateness of the data for hypothesis testing.

Manipulation Check. To evaluate the effectiveness of the experimental manipulation, an inde-
pendent samples t-test was used to compare participants’ perceptions of emotionality in the
customer service response across conditions. As expected, participants in the scenario with a
human service agent rated the response as significantly more emotional (M =4.01, SD = 1.49)
than those in the Al service agent scenario (M = 3.45, SD = 1.66), #(163.19) =-2.32, p = .022,
d = 0.36. The mean difference of 0.56, 95% CI [-1.04, -0.08] confirms that the manipulation
was successful. The human service agent was perceived as more emotionally expressive than

the Al-based chatbot (see Appendix 12).

3.2.3 Results and Discussion

H3: Type of Service Agent and Customer Forgiveness in Service Failure Recovery
Independent t-test. An independent samples t-test was employed to determine whether the type
of service agent (Al versus human) influenced customer forgiveness during service failure re-
covery. There was no meaningful difference in forgiveness between participants who interacted
with an Al-based chatbot (M = 3.69, SD = 1.24) and those who interacted with a human service
agent (M = 3.68, SD = 1.05). This difference was not statistically significant, #(166) = 0.10, p =
.918. The mean difference of 0.02, 95% CI [-0.33, 0.36], indicates no reliable effect of agent
type on forgiveness (see Appendix B 13.1). Thus, H3, which predicted that the type of service

agent would influence customer forgiveness, was not supported.
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ANCOVA. Additionally, to examine whether the type of service agent (Al versus human) influ-
ences customer forgiveness after controlling for individual differences, a one-way ANCOVA
was conducted. The model included four control variables: frequency of online shopping, Al
familiarity, frequency of Al use, and prior customer service contact. After adjusting for these
variables, the effect of service agent type on customer forgiveness remained non-significant,
F(1, 162) = 0.073, p = .787. This indicates that the type of service agent did not influence
participants’ willingness to forgive the brand. Only prior customer service contact significantly
predicted customer forgiveness, F(1, 162) = 4.192, p = .042, suggesting that participants with
prior customer service experience were generally more likely to forgive. The three remaining
control variables did not show significant effects (all p-values > .67). The overall model ex-
plained a small proportion of variance in forgiveness, R?=.033 (Adjusted R’ = .003), indicating
that the control variables and the service agent condition together accounted for only a minimal
portion of the variability in the DV (see Appendix B 13.2).

H4: The Mediating Role of Affect-Based Decision-Making

Mediation Analysis. To test H4, a mediation analysis was conducted, using Hayes’ Process
Model 4 with 5,000 bootstrap samples. This enabled for the testing of the direct, indirect, and
total effects of the IV on the DV through the mediator (Abu-Bader and Jones 2021). The IV
was the type of service agent (Al versus human), the mediator was affect-based decision-mak-
ing, and the DV was customer forgiveness. As a methodological note, although the effect of
service agent type on customer forgiveness (H1) was not significant, mediation analysis was
still conducted. According to Zhao, Lynch, and Chen (2010), a significant direct effect is not a
prerequisite for testing mediation, only one requirement is needed (i.e., that the indirect effect
is significant). This perspective supports the decision to proceed with testing H4.

The initial model without control variables (see Appendix B 14.1) revealed a significant effect

of agent type on the mediator, affect-based decision-making (b = -0.36, SE = 0.18, #(166) = -
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2.00, p = .047), indicating that participants who interacted with an Al-based chatbot relied less
on affect-based processing than those who interacted with a human service agent. However,
affect-based decision-making did not significantly predict customer forgiveness (b = -0.04, SE
=0.07, 1(165) =-0.59, p = .556), and the indirect effect of agent type on customer forgiveness
mediated by affect-based decision-making was not statistically significant (b = 0.016, 95% CI
[-0.06, 0.10]). Similarly, the direct effect of the type of service agent on customer forgiveness
was also non-significant (b = 0.002, SE=0.18, £=0.01, p =.991), indicating no mediation. The

conceptual framework and all corresponding results are presented in Figure 2.

b=-0.36 b=-0.04
SE=0.18 SE=0.07
p=.047 Affect-Based p=.556
_—
H4 Decision-Making H4
Al
versus
Human
H3 Customer
Direct Effect: b = 0.002, SE = 0.18, p = .91 Forgiveness

Indirect Effect: 5= 0.016, 95% CI [-0.06, 0.10]

Figure 2: Mediation Analysis Study 2 (Hayes’ Process Model 4)

To account for potential individual differences, the mediation model was re-tested with four
control variables: frequency of online shopping, prior customer service contact, Al familiarity,
and frequency of Al use. In the extended model, the effect of agent type on affect-based deci-
sion-making was marginally significant (b = -0.36, p = .051), which indicates that the pattern
persists even after adding control variables. Furthermore, the direct effect of service agent type
on customer forgiveness (b = 0.03, p = .846) and the indirect effect again remained non-signif-
icant (b =-0.04, p = .640). The bootstrapped indirect effect again failed to reach significance, b
=0.013, 95% CI [-0.06, 0.10]. Only one control variable (prior customer service contact) was
significantly associated with customer forgiveness, b = -0.53, p = .042, suggesting that greater

experience with customer service was linked to lower forgiveness (see Appendix B 14.2).
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All in all, although the type of service agent influenced participants’ reliance on affect-based
decision-making, the mediator did not significantly affect customer forgiveness, and no indirect
effect was found.

Overall, these results indicate that affect-based decision-making does not mediate the relation-
ship between service agent type and customer forgiveness, and thus H4 is not supported.
Exploratory Analysis

Following the main hypothesis testing, exploratory analyses were conducted. To explore
whether demographic factors influenced customer forgiveness, two separate two-way ANOVAs
were conducted. The first analysis tested the interaction between agent type (Al versus human)
and participants’ gender. The results revealed no significant main effects of agent type (F(1,
163) = 0.02, p = .896) or gender (F(2, 163) = 0.11, p = .893), and no significant interaction
(F(1, 163) = 0.85, p = .359). This suggests that gender did not influence the effect of service
agent type on customer forgiveness (see Appendix B 15.1). A second two-way ANOVA exam-
ined the role of age. Again, there was no significant main effect of agent type (¥(1, 156) =0.13,
p =.723) or age (F(5, 156) = 0.44, p = .824). However, a significant interaction between agent
type and age group was found (F(5, 156) = 3.26, p = .008). This result suggests that age may
moderate the relationship between the type of service agent and customer forgiveness, indicat-
ing that the difference in forgiveness between Al and human service agents varied depending
on participants’ age group (see Appendix B 15.2). Further analyses within each age group would
be required to interpret the interaction.

To further explore potential influences on customer forgiveness, the control variables were an-
alyzed. Since customer service contact was measured as a binary variable (0 = “No”, 1 = “Yes”),
an independent samples t-test was conducted. Results revealed that participants without prior
service experience reported significantly higher forgiveness (M = 4.11, SD = 0.93) than those

with experience (M = 3.61, SD = 1.14), #(37.87) = 2.41, p = .021, d = 1.12, suggesting that
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familiarity with customer service situations might reduce consumer willingness to forgive (see
Appendix B 15.3). The remaining control variables were continuous and were therefore exam-
ined using Pearson correlations. None of these variables showed a significant relationship with
customer forgiveness: frequency of online shopping (» = -.013, p = .868), Al familiarity (» =
078, p = .314), and frequency of Al use (» =.079, p = .310). This indicates Al use and general
shopping habits had no substantial effect on forgiveness (see Appendix B 15.4).

Summary of Findings and Discussion

This study explored the impact of the type of service agent — Al-based chatbot versus human
agent — on customer forgiveness in the context of service failure recovery in online retail. Fur-
thermore, it examined whether affect-based decision-making mediates this relationship.

The findings of testing H3 revealed that participants who interacted with an Al-based chatbot
did not report significantly different levels of customer forgiveness than those who interacted
with a human service agent. This difference was not statistically significant, suggesting that the
type of service agent did not meaningfully affect consumers’ willingness to forgive the brand.
These results stand in contrast to previous research that emphasized human interaction as a key
driver for restoring relationships after service failures (McColl-Kennedy et al. 2009; Wang et
al. 2025). However, the present findings also suggest that Al-based service does not play a
decisive role in fostering customer forgiveness either. Instead, the data suggest that the type of
service agent may hold limited relevance for customers’ forgiveness responses, as consumers
might not place significant importance on whether a human or Al agent handles the complaint
during the service recovery process. One possible explanation for this result could lie in the
study context, which involved a low-involvement product and a routine service failure.
Results from the testing of H4 showed that participants who interacted with an Al agent reported
significantly lower levels of affect-based decision-making. This finding supports the theoretical

assumption that Al agents, due to their perceived lack of emotional expression, are less likely
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to evoke affective consumer responses (Kidwell et al. 2008; Pham 2007). Although affect-based
decision-making did not significantly predict customer forgiveness, this result is important be-
cause it may influence other outcome variables, such as satisfaction, trust, and perceived fair-
ness. Future research should explore these variables. The broader implications of this result will
be discussed in Chapter 4. In relation to this finding, the indirect effect of agent type on for-
giveness through affect-based decision-making was not significant. This suggests that although
Al interactions were perceived as more rational and less emotional, this perception did not
translate into a greater or reduced willingness to forgive the brand. These results indicate that
Al’s lack of emotion may influence how consumers process service interactions but does not
necessarily enhance or diminish the effectiveness of service failure recovery. Importantly, this
contrasts with expectations that the absence of emotionality in Al might mitigate negative emo-
tional reactions such as anger or frustration (Harrison-Walker 2018). Instead, one possible in-
terpretation is that customer forgiveness is shaped by other psychological processes not fully
accounted for by affect-based decision-making alone.

Exploratory analyses revealed additional insights, indicating that prior customer service expe-
rience significantly influenced customer forgiveness. Participants who had never contacted cus-
tomer service reported higher forgiveness levels than those with prior experience. This implies
that individuals with past experiences may have stronger expectations or higher standards re-
garding service recovery. Age also emerged as a potential moderator, as a significant interaction
was found between agent type and age group. However, further research with a larger and more
diverse sample is needed to explore potential age-related differences in greater depth.

In summary, while prior research emphasizes the importance of emotional intelligence in effec-
tive service failure recovery, the findings of this study indicate that the type of service agent did
not influence customer forgiveness, suggesting that the presence of emotions is not a necessary

condition for effective service failure recovery. These findings raise new questions about the
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role of emotionality in service interactions and highlight the need for more context-specific
models of service recovery in the age of artificial intelligence.

Group Part

4. General Discussion and Managerial Implications

The two experimental studies presented in this thesis provide valuable insights into how the
type of service agent (Al versus human) affects consumer behavior in emotionally charged ser-
vice interactions along the customer journey. These results contribute to the current research on
Al in customer service by demonstrating how consumers react to the emotional neutrality of
Al-based service agents compared to human service agents.

Study 1 investigated the pre-purchase phase and found that, contrary to initial expectations,
consumers interacting with a human shopping assistant reported significantly higher purchase
intentions than those assisted by an Al-based agent. While the Al agent significantly reduced
the feeling of being judged, this reduction did not increase purchase intention. These findings
confirm that Al can lower perceived social evaluation, even in non-sensitive settings such as
luxury shopping, thereby extending prior research on more sensitive and embarrassing con-
sumption situations (Holthéwer and van Doorn 2022; Pitardi et al. 2021). Furthermore, the re-
sults of this study support the idea that the absence of human social presence in Al interactions
can reduce evaluative concerns. This aligns with research suggesting that Al agents are per-
ceived as neutral entities, less likely to provoke embarrassment or judgment (Argo et al. 2005;
Dahl et al. 2001; Holthdwer and van Doorn 2022). Overall, Study 1 advances the understanding
of how AI’s emotional neutrality shapes consumer perception but also demonstrates that re-
duced social judgment alone does not lead to increased purchase intention for luxury products.
Study 2 examined the post-purchase phase and found that consumers interacting with an Al-
based chatbot reported significantly lower levels of affect-based decision-making compared to

those assisted by a human service agent. However, this cognitive shift did not result into greater
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customer forgiveness, as no significant difference was observed between the two agent types.
These findings contrast with prior work suggesting that customer forgiveness is shaped by the
nature of the service agent involved (Huang and Lo 2025). While the results align with previous
arguments that Al agents may be perceived as more objective due to lower emotional expecta-
tions from customers (Ho, Tojib, and Tsarenko 2020; Fiirst et al. 2025), this study adds new
empirical insight by showing that Al reduces affect-based decision-making in service failure
recovery contexts. Although this reduction did not foster forgiveness, it remains an important
finding, as reduced reliance on affect may influence other outcome variables, such as satisfac-
tion, trust, or perceived fairness. Overall, Study 2 shows that while Al can influence emotional
processing through its neutrality, this alone is not sufficient to foster forgiveness, pointing to
the need for broader models of service failure recovery.

Together, these studies emphasize that consumer responses to Al-based service agents are
shaped not solely by the agents’ emotional neutrality, but also by the nature of the interaction
context and individual differences, such as Al familiarity, shopping discomfort, and prior ex-
pectations. Importantly, both studies identify significant mediating mechanisms: in emotionally
sensitive pre-purchase contexts, Al reduces feelings of being judged, while in post-purchase
recovery scenarios, it lowers affect-based decision-making. However, these shifts in psycho-
logical processing do not automatically result in more favorable behavioral outcomes. This
highlights the importance of contextual fit and the role of underlying psychological mechanisms
in Al-consumer interactions.

Managerial Implications

As Al-powered service agents become increasingly common in customer-facing roles, compa-
nies must carefully consider how consumers perceive and respond to these technologies. This
research contributes to the growing literature on Al in service interactions and provides practical

guidance for identifying contexts in which Al-based service agents are most appropriate
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(Davenport et al. 2019; Jain et al. 2023; Wirtz et al. 2018). Findings from both studies suggest
that Al is not a universally superior alternative to human service staff. In emotionally charged
or socially sensitive interactions, such as luxury shopping or service failure recovery, consumer
may still prefer human service agents. Although Al can reduce emotional intensity — such as
the feeling of being judged or affect-based decision-making — these effects did not translate into
increased purchase intention or customer forgiveness. This implies that emotional neutrality
alone is not sufficient to drive favorable behavioral outcomes in high-involvement or emotion-
ally complex situations. In such contexts, qualities like trust and personalized attention, typi-
cally associated with human agents, remain critical (Paluch et al. 2020). Luxury shopping, for
instance, is often driven by aspirational goals, emotional engagement, and the need for social
validation, which are more effectively fulfilled by human staff (Hennig-Thurau et al. 2006;
Atwal and Williams 2009). Similarly, in service recovery, customers with prior experience or
strong expectations may perceive Al’s emotional neutrality as insufficient for rebuilding trust.

Instead, Al could be better positioned in functional, low-risk service encounters where effi-
ciency, consistency, and scalability are prioritized over emotional connection. These include
routine interactions such as order tracking, basic product frequently asked questions (FAQ), or
standard complaint processes. In these domains, Al can enhance operational performance with-
out undermining customer satisfaction.

However, Study 1 and Study 2 still emphasize that Al can play a supportive emotional role by
reducing pressure and emotional intensity in service encounters. Therefore, managers should
still view this as an opportunity to remove barriers in early or low-risk stages of the customer
journey. For example, Al-powered shopping assistants can support consumers during the initial
product exploration phase by offering personalized suggestions without inducing social pres-
sure. Unlike human sales staff, who may be perceived as commission-driven, Al agents provide

a neutral and non-evaluative environment, which can help consumers feel more comfortable
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when browsing or seeking advice. Additionally, in low-risk service failure recovery contexts,
such as delivery issues, Al can help reduce affect-based decision-making by maintaining emo-
tional neutrality and preventing escalation, allowing consumers to respond more rationally.
Nevertheless, managers must be aware that this emotional relief alone is not sufficient to drive
outcomes like purchase behavior or customer forgiveness. Emotional neutrality can act as a
facilitator, but it does not replace the relational benefits offered by human interaction. In addi-
tion, consumer familiarity and usage frequency with Al is another key factor shaping ac-
ceptance. Managers should therefore invest in transparent communication strategies that nor-
malize Al interactions, such as clear Al labeling and highlighting successful use cases. In-
creased exposure and familiarity can build trust and improve acceptance over time. Given these
findings, companies are encouraged to adopt hybrid service models. Al can handle routine or
early-stage tasks, while emotionally sensitive or high-involvement issues are escalated to hu-
man agents. This approach allows firms to balance efficiency and empathy, optimize resource
allocation, and maintain emotional authenticity in customer relationships. Ultimately, Al should
not be seen as a replacement for human service, but as a strategic enabler that supports and
enhances the human touch. Managers should ensure that AI implementation is aligned with
customer expectations, the nature of the interaction, and the emotional tone of the situation. In
doing so, companies can enhance the customer journey while maintaining authenticity and trust

in their service relationships.

5. Limitations and Directions for Future Research

This thesis offers valuable contributions to both theory and practice. However, several limita-
tions arise due to the studies’ context, experimental design, and methodology. These limitations
offer meaningful starting points for future research. One key limitation lies in the industry con-
text. The studies focused on the retail sector (luxury fashion and online shopping) where service

interactions are highly relevant but context specific. This focus was methodologically necessary
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to ensure experimental control and internal validity. However, it restricts the generalizability of
the findings to other industries. Future research should examine emotionally charged interac-
tions in sectors such as hospitality or healthcare, where Al is already in use, but consumer ex-
pectations and emotional stakes differ significantly. In both studies, participants imagined in-
teracting with Al or human agent through hypothetical, text-based scenarios rather than expe-
riencing direct, real-time engagement. Although scenario-based experiments are widely used in
service research, they may not fully replicate the emotional dynamics of real customer service
interactions (Andreassen and Streukens 2012). This format likely limited emotional engage-
ment and failed to capture nonverbal cues that are critical in service contexts. Future research
should consider video-based designs or even real-world experiments in which participants en-
gage directly with Al or human agents to more accurately stimulate naturalistic decision-mak-
ing (Kuhail et al. 2024). Moreover, the Al agent was presented as a chatbot. Other research
could examine alternative forms of Al, such as voice assistants or service robots, to compare
consumer responses across different Al types.

Additionally, both studies relied on convenience sampling, which may result in selection bias
and limited generalizability (Ferber 1977). Participants were primarily young adults from Eu-
rope, offering limited cultural and demographic diversity. Prior research suggests that Al ac-
ceptance and emotional expectations can vary significantly across age groups and cultures
(Huang and Lo 2025), indicating that future studies should diversify their samples to better
capture consumer preferences regarding the type of service agent.

From a methodological perspective, another limitation is the cross-sectional nature of the data
collection. Consumer behavior was assessed at a single point in time, which does not account
for changing attitudes or behaviors in evolving Al-driven service environments. This limitation

could be addressed through field experiments or longitudinal designs that observe behavior in
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authentic service contexts over time. Furthermore, the studies used measurement scales with
seven or fewer items, to keep the survey reasonably short. This may have limited the internal
consistency of the constructs. Future research should include scales with a higher number of
items to increase the reliability of constructs. Additionally, each study focused on only one me-
diator, the feeling of judgment in Study 1 and affect-based decision-making in Study 2. While
both constructs are theoretically grounded, they do not fully capture the complexity of emo-
tionally charged consumer decisions. Future research should consider multiple mediators such
as perceived empathy or trust. Likewise, integrating moderators such as psychological discom-
fort, product involvement, or prior Al experience would allow for more differentiated insights
into when and for whom Al is more or less effective.

In Study 1, the use of a specific high-status product category raises further limitations. Since
the participants included individuals who may not have purchased or intended to purchase lux-
ury goods, this may have influenced their level of engagement or the relevance of the scenario.
Future research could address this by focusing on individuals who have recently purchased or
are interested in the featured products. Moreover, the results showed that general discomfort
was positively correlated with feeling judged and negatively with purchase intention, suggest-
ing that future studies might test general discomfort as a potential mediator or explore other
judgment-related constructs.

In Study 2, the low-involvement nature of the product also may have limited the emotional
impact of the service failure scenario. Furthermore, the service failure (delivery delay) de-
scribed may not have elicited the level of frustration or anger necessary to activate the hypoth-
esized mechanisms. As a result, the effect of AI’s emotional neutrality may have been dimin-
ished. Future studies should incorporate more emotionally intense service failures to better as-
sess when AI’s emotional neutrality becomes beneficial. Additionally, future research should

examine higher-involvement product categories or compare responses across low- and high-

49



involvement settings, where service failures are likely to carry stronger emotional conse-
quences.

Several potential research topics emerge from the present findings. Building on the findings of
Study 1, future research could apply this research design to contexts where judgement is par-
ticularly salient. For example, previous studies have shown that consumers with low body ap-
preciation or who are plus size often feel judged in retail settings involving body size and fit
and may avoid seeking advice (Bishop et al. 2018; Seekis, Yager, and Paas 2024; Shelton et al.
2023). Further research could examine whether Al reduces the perception of judgement and
improves consumer outcomes in such situations. While the current results showed that Al re-
duced feelings of being judged, this benefit does not translate into higher purchase intention.
Investigations could explore whether this reduction in perceived judgment positively influences
other outcomes, such as consumer well-being or self-esteem in emotionally charged situations.
Based on Study 2, additional studies should investigate more emotionally intense service fail-
ures, such as financial errors, to assess whether Al’s emotional neutrality fosters greater for-
giveness when the stakes are high. Although the present findings indicate that Al reduced affect-
based decision-making, this reduction did not influence the customers’ willingness to forgive.
Upcoming studies could explore whether reduced affect-based decision-making positively in-
fluences other behavioral outcomes, such as satisfaction or trust, in emotionally charged situa-
tions. As Al technology advances, further studies could also explore how agent design, such as
conversational style or voice tone, influences emotional customer responses.

By addressing these limitations, future research can clarify how emotional factors influence
consumer behavior in emotionally charged contexts and support the development of emotion-

ally intelligent Al solutions along the customer journey.
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Appendix B Study 2

B 1. Conceptual Framework
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B 2. Survey

B 2.1 Introduction

NOVA

NOVA SCHOOL OF
BUSINESS & ECONOMICS

Thank you for participating in our research study!

This study investigates how consumers perceive and evaluate
service experiences with different types of service providers. Your
responses will help us better understand how customer service
interactions influence customer reactions and decision-making.
The survey will take approximately 5 minutes to complete. Your
participation is voluntary, and all responses will be kept
anonymous. The results of this study will be used solely for
scholarly purposes and may be shared with representatives of
Nova SBE.

By clicking “Agree”, you confirm that:

- You have read and understood the information above.
- You voluntarily agree to participate.

- You are at least 18 years of age.

If you do not wish to participate, you may decline by selecting
‘Disagree’.

O Agree

O Disagree

Thank you for your valuable contribution!



B 2.2 Experimental Scenario
Scenario 1: Al-based Chatbot (IV)

Imagine you ordered a set of drinking glasses from an online
shop called ShopZone. The shop promised delivery within 2-3
days. However, after 7 days, your order still has not arrived. You
are frustrated and decide to contact customer service via the
chat function on the website. In this case, your complaint is
handled by an Al-based chatbot called “Laura’. The chatbot
responds to your complaint in the following:

@ Al Assistant Laura @

Hello! | am Laura, your virtual service assistant from
ShopZone. How can | help you?

(How can | return an item? )

(How can | redeem a discount code? J

(What are the shipping costs? )

Hello, | have a question regarding my order. It was
supposed to arrive within 2-3 days, but | have been

waiting for over a week now. My order number is:
5732248880. Can you please check what's going on?

I'm really sorry to hear that your order hasn't arrived
yet. Thank you for providing the order number. Let me
check this for you.

Thank you for your patience. It looks like there is
currently a delay due to a shortage of materials at our
warehouse. Unfortunately, production is on hold, and
your item hasn't been shipped yet.

I e

How long will it take to arrive?

At this point, we are unable to provide an exact
delivery date. Our team is working on resolving the
issue, and we hope to provide an update within the
next few days.

That's really frustrating. | needed this for an event this
weekend.

We understand how inconvenient this is and
sincerely apologize for the delay. Once we have more
information, we will contact you via email.

So there's nothing you can do now?

Unfortunately, not at this time. Thank you for your
understanding. Is there anything else | can assist you
with today?
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Scenario 2: Human Service Agent (IV)

Imagine you ordered a set of drinking glasses from an online
shop called ShopZone. The shop promised delivery within 2-3
days. However, after 7 days, your order still has not arrived. You
are frustrated and decide to contact customer service via the
chat function on the website. In this case, your complaint is
handled by a service agent called “Laura™. The service agent
responds to your complaint in the following way:

u Customer Service Agent Laura @

Hello! This is Laura from ShopZone. How can | help
you?

Hello, | have a question regarding my order. It was
supposed to arrive within 2-3 days, but | have been

waiting for over a week now. My order number is:
5732248880. Can you please check what's going on?

I'm really sorry to hear that your order hasn't arrived
yet. Thank you for providing the order number. Let me
check this for you.

Thank you for your patience. It looks like there is
currently a delay due to a shortage of materials at our
warehouse. Unfortunately, production is on hold, and
your item hasn't been shipped yet.

How long will it take to arrive?

At this point, we are unable to provide an exact
delivery date. Our team is working on resolving the
issue, and we hope to provide an update within the
next few days.

That's really frustrating. | needed this for an event this
weekend.

We understand how inconvenient this is and
sincerely apologize for the delay. Once we have more
information, we will contact you via email.

So there's nothing you can do now?

Unfortunately, not at this time. Thank you for your
understanding. Is there anything else | can assist you
with today?



B 2.3 Customer Forgiveness Questions (DV)

Please indicate the extent to which you agree with the following
statements.

Strongly Somewhat Somewhat Strongly
Disagree Disagree  Disagree Neutral Agree Agree Agree

| forgive the brand

for this service O O O O O O O

failure.

I would give the

brand another O O O O O O O

chance.

I am willing to

continue shopping

with this brand in O O O O O O O
the future.

I do not hold a

grudge against the

brand because of O O O O O O O
this incident.

I can easily move

past this negative

experience with the O O O O O O O
brand.

| would avoid this

brand in the future

because of this O O O O O O O
experience.

I do not consider

this brand anymore

when evaluating O O O O O O O
alternatives.



B 2.4 Affect-Based Decision-Making Questions (Mediator)

Please indicate the extent to which you agree with the following
statements regarding your reaction to the customer service
response.

Strongly Somewhat Somewhat Strongly
Disagree Disagree  Disagree Neutral Agree Agree Agree

My reaction to the

customer service

response would be O O O O O O O
mainly driven by my

emotions.

I rely on my feelings
when forming my

opinion about the O O O O O O O

company after this
response.

I respond more with
my heart than with

my head when O O O O O O O

evaluating the
customer service
response.

My evaluation of the
customer service

response would be O O O O O O O

based on gut
feeling.

B 2.5 Manipulation Check

Please answer the following questions about the customer
service situation you just read.

Who handled your complaint in the scenario?

O An Al-based chatbot

O A human service agent



"The customer service response felt emotional.’
O strongly Disagree

O Disagree

O somewhat Disagree

O Neutral

O somewhat Agree

O Agree

O strongly Agree

B 2.6 Control Variables

How often do you shop online?

O Never

O Very Rarely (once a year or less)

O Rarely (less than every few months)

O occasionally (every few months)

O Frequently (at least once a month)

O Very Frequently (several times a month)

O Extremely Frequently (at least once a week)

Have you ever contacted customer service before?

O No
O Yes



How familiar are you with Al-based tools and chatbots (e.g.,
ChatGPT, Alexa, customer service bots)?

O Not familiar at all

O Heard of them, but never used them
O slightly familiar

O Somewhat familiar

O Moderately familiar

O very familiar

O Extremely familiar

How often do you use Al tools or chatbots in your daily life?

O Never

O Very Rarely (a few time a year)

O Rarely (at least once a month)

O occasionally (a few times a month)
O Frequently (at least once a week)

O Very Frequently (several times a week)

O Daily

B 2.7 Demographics
How old are you?
O 18-24
O 25-34
O 35-44
O 45-54
O 55-64

O 65+
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Which gender do you identify with?
O Male

O Female

O Non-binary / third gender

O Prefer not to say

What is your current occupation?

QO student

QO Trainee

O Employed
O Unemployed
O Retired

O Oother

B 2.8 Debrief and Thank You

NOVA

NOVA SCHOOL OF
BUSINESS & ECONOMICS

We thank you for your time spent taking this survey.
Your response has been recorded.
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B 3. Descriptives

B 3.1 Descriptives of Key Variables

Descriptive Statistics

N Minimum = Maximum Mean Std. Deviation
Customer_Forgivenss 168 1 6 3.68 1.126
AffectBased_DecisionMaking 168 1 7 4.20 1.192
Frequency_Online_Shopping 168 1 7 4.71 1.174
Familarity_Al 168 1 7 4.97 1.429
Frequency_Al_Use 168 1 7 4.62 1.837
Valid N (listwise) 168
B 3.2 Age Distribution
Age
Cumulative
Frequency Percent Valid Percent Percent
Valid 18-24 63 37.5 37.5 37.5
25-34 48 28.6 28.6 66.1
35-44 7 4.2 4.2 70.2
45-54 8 4.8 4.8 75.0
55-64 35 20.8 20.8 95.8
65+ 7 4.2 4.2 100.0
Total 168 100.0 100.0
Age
H18-24
M25-34
[035-44
W 45-54
M55-64
W65+
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B 3.3 Gender Distribution

Gender
Cumulative
Frequency Percent Valid Percent Percent
Valid Male 78 46.4 46.4 46.4
Female 89 53.0 53.0 99.4
Prefer not to say 1 .6 .6 100.0
Total 168 100.0 100.0
Gender
EMale
M Female

[ Prefer not to say

B 3.4 Occupation Distribution

Current Occupation

Cumulative
Frequency Percent Valid Percent Percent
Valid Student 78 46.4 46.4 46.4
Trainee 2 1.2 1.2 47.6
Employed 74 44.0 44.0 91.7
Retired 7 4.2 4.2 95.8
Other 7 4.2 4.2 100.0
Total 168 100.0 100.0
Current Occupation

@ student

M Trainee

O Employed

M Retired

B Other
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B 4. G*Power
B 4.1 Priori Power Analysis

Central and noncentral distributions

critical F = 3.1381

Protocol of power analyses

08
0.6 -
0.4 -
02 - a
O —7 7 FT 77T T 7T T T T T T T T T T T T T T 7
1 2 3 4 5 6 7 8 9 10 1 12 13
Test family Statistical test
F tests 2] Linear multiple regression: Fixed model, R? deviation from zero %)
Type of power analysis
A priori: Compute required sample size - given a, power, and effect size ™)
Input parameters Output parameters
Determine Effect size f2 0.15 Noncentrality parameter A 10.2000000
a err prob 0.05 Critical F 3.1381419
Power (1-B err prob) 0.8 Numerator df 2
Number of predictors 2 Denominator df 65
Total sample size 68
Actual power 0.8044183
B 4.2 Post hoc Power Analysis
Central and noncentral distributions Protocol of power analyses
critical F = 3.0508
08
0.6 —-
04 1
0.2 ] a
O"I%I'l’l'l'l‘l'l’l'l'l LI
2 4 6 8 10 12 14 16 18 20 22 24 26 28 30 32 34
Test family Statistical test
F tests %) Linear multiple regression: Fixed model, R? deviation from zero e
Type of power analysis
Post hoc: Compute achieved power - given a, sample size, and effect size (<]
Input parameters Output parameters
Determine Effect size f2 0.15 Noncentrality parameter A 25.2000000
a err prob 0.05 Critical F 3.0507870
Total sample size 168 Numerator df 2
Number of predictors 2 Denominator df 165
Power (1-B err prob) 0.9961960
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B 5. Outlier Analysis

B 5.1 Customer Forgiveness Outliers

Case Processing Summary

Cases
Valid Missing Total
N Percent N Percent N Percent

Customer_Forgiveness 168 100.0% 0 0.0% 168 100.0%

7.00

6.00

5.00

4.00

3.00

2.00

1.00

Customer_Forgiveness

B 5.2 Affect-Based Decision-Making Outliers

Case Processing Summary

Cases
Valid Missing Total
N Percent N Percent N Percent

AffectBased_DecisionMaking 168 100.0% 0 0.0% 168 100.0%

7.00
6.00

5.00

3.00

2.00

150
ol

1.00

AffectBased_DecisionMaking
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B 5.3 Online Shopping Frequency, Al Familiarity and Al Usage Frequency Outliers

Case Processing Summary

Cases
Valid Missing Total
N Percent N Percent N Percent
Frequency_Online_Shopping 168 100.0% 0 0.0% 168 100.0%
Familarity_Al 168 100.0% 0 0.0% 168 100.0%
Frequency_Al_Use 168 100.0% 0 0.0% 168 100.0%
7
6
5
4
3
2
1 4 1
Frequency_Online_Shopping Familarity_Al Frequency_Al_Use

B 6. Reliability Analysis
B 6.1 Customer Forgiveness Scale

Reliability Statistics

Cronbach's
Alpha Based
on
Cronbach's Standardized
Alpha Items N of ltems
.862 .861 7

Inter-Item Correlation Matrix

Customer_For  Customer_For  Customer_For

Customer_For

Customer_For

Customer_For

Customer_For

giveness_1 giveness_2 giveness_3 giveness_4 giveness_5 giveness_6R giveness_7R
Customer_Forgiveness_1 1.000 .639 557 557 460 429 .291
Customer_Forgiveness_2 .639 1.000 .639 .509 .482 .566 .396
Customer_Forgiveness_3 557 .639 1.000 551 450 .550 412
Customer_Forgiveness_4 .557 .509 .551 1.000 .527 .395 .204
Customer_Forgiveness_S 460 482 450 527 1.000 421 .267
Customer_Forgiveness_6R 429 .566 .550 .395 421 1.000 .538
Customer_Forgiveness_7R .291 .396 412 .204 .267 .538 1.000
Item-Total Statistics
Scale Variance Corrected Squared Cronbach's

Scale Mean if if Item Item-Total Multiple Alpha if Item

Item Deleted Deleted Correlation Correlation Deleted
Customer_Forgiveness_1 22.3631 45.418 662 497 .837
Customer_Forgiveness_2 21.6964 43.794 .739 .576 .826
Customer_Forgiveness_3 22.2143 45.223 719 533 .829
Customer_Forgiveness_4 22.0179 46.844 613 458 .844
Customer_Forgiveness_S 21.9286 48.115 .578 .365 .849
Customer_Forgiveness_6R 22.2917 47.094 .648 479 .840
Customer_Forgiveness_7R 22.2381 50.602 453 .320 .865
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B 6.2 Affect-Based Decision-Making Scale

Reliability Statistics

Cronbach's
Alpha Based
on
Cronbach's Standardized
Alpha tems N of Items
.801 .801 4

Inter-Item Correlation Matrix

Affect- Affect- Affect- Affect-
Based_Decisio Based_Decisio Based_Decisio Based_Decisio
n-Making_1 n-Making_2 n-Making_3 n-Making_4

Affect-Based_Decision- 1.000 .604 520 401
Making_1
Affect-Based_Decision- .604 1.000 492 479
Making_2
Affect-Based_Decision- .520 492 1.000 513
Making_3
Affect-Based_Decision- 401 479 513 1.000
Making_4

Item-Total Statistics

Scale Variance Corrected Squared Cronbach's
Scale Mean if if Item Item-Total Multiple Alpha if Item
Item Deleted Deleted Correlation Correlation Deleted
Affect-Based_Decision- 12.38 13.218 .624 431 745
Making_1
Affect-Based_Decision- 12.35 13.654 651 445 733
Making_2
Affect-Based_Decision- 12.92 13.245 .624 .395 .745
Making_3
Affect-Based_Decision- 12.74 14.443 557 .332 777
Making_4

B 7. Normality of DV across Groups

B 7.1 Shapiro-Wilk Test for Customer Forgiveness in Al versus Human Conditions

Tests of Normality

Kolmogorov-Smirnov? Shapiro-Wilk
Al_versus_Human Statistic df Sig. Statistic df Sig.
Customer_Forgiveness Human .081 85 .200" .986 85 477
Al 073 83 .200" .985 83 435

*_ This is a lower bound of the true significance.
a. Lilliefors Significance Correction
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B 7.2 Q-Q Plot for Customer Forgiveness in Al versus Human Conditions

Normal Q-Q Plot of Customer_Forgiveness

for Al_versus_Human= Human

Expected Normal

0 2 4 6

Observed Value

Normal Q-Q Plot of Customer_Forgiveness

for Al_versus_Human= Al

Expected Normal

0 2 4 6

Observed Value

B 8. Homogeneity of Variances of DV

Levene's Test for Equality of

Variances
F Sig.
Customer_Forgiveness Equal variances assumed 2.400 .123
Equal variances not
assumed
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B 9. Normality of additional Variables involved in Mediation Model

B 9.1 Shapiro-Wilk Test for the I'V: Type of Service Agent (Al versus Human)

Tests of Normality

Kolmogorov-Smirnov? Shapiro-Wilk
Statistic df Sig. Statistic df Sig.
Al_versus_Human .344 168 <.001 .636 168 <.001

a. Lilliefors Significance Correction

B 9.2 Q-Q Plot for the IV: Type of Service Agent (Al versus Human)

Normal Q-Q Plot of Al_versus_Human

15
1.0
05

0.0

Expected Normal

-0.5

-1.0

-1.5

-0.2 0.0 0.2 0.4 0.6 0.8 1.0 1.2

Observed Value

B 9.3 Shapiro-Wilk Test for Affect-Based Decision-Making in Al versus Human Conditions

Tests of Normality

Kolmogorov-Smirnov® Shapiro-Wilk
Al_versus_Human Statistic df Sig. Statistic df Sig.
AffectBased_DecisionMaking Human .074 85 .200" 981 85 .245
Al .110 83 .015 .970 83 .051

*. This is a lower bound of the true significance.
a. Lilliefors Significance Correction
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B 9.4 Q-Q Plot for Affect-Based Decision-Making in Al versus Human Conditions

Normal Q-Q Plot of AffectBased_DecisionMaking

for Al_versus_Human= Human

Expected Normal

0 2 4 6 8

Observed Value

Normal Q-Q Plot of AffectBased_DecisionMaking

for Al_versus_Human= Al

Expected Normal
o

0 2 4 6

Observed Value
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B 10. Multicollinearity (VIF and tolerance value for IV and Mediator)

Coefficients?
Standardized
Unstandardized Coefficients Coefficients Correlations Collinearity Statistics
Model B Std. Error Beta t Sig. Zero-order Partial Part Tolerance VIF
1 (Constant) 3.868 .348 11.113 <.001
Al_versus_Human .002 177 .001 .012 991 .008 .001 .001 977 1.024
AffectBased_DecisionMaking -.044 .074 -.046 -.589 .556 -.047 -.046 -.046 977 1.024
a. Dependent Variable: Customer_Forgiveness
Collinearity Diagnostics®
Variance Proportions
Condition Al_versus_Hu AffectBased_D
Model Dimension Eigenvalue Index (Constant) man ecisionMaking
1 1 2.550 1.000 .01 .05 .01
2 415 2.477 .01 .85 .03
3 .035 8.586 .98 .09 .96
a. Dependent Variable: Customer_Forgiveness
. .
B 11. Residual Analysis
Coefficients?
Standardized
Unstandardized Coefficients ~ Coefficients Correlations Collinearity Statistics
Model B Std. Error Beta t Sig. Zero-order Partial Part Tolerance VIF
1 (Constant) 3.868 .348 11.113 <.001
Al_versus_Human .002 177 .001 .012 1991 .008 .001 .001 977 1.024
AffectBased_DecisionMaking -.044 .074 -.046 -.589 .556 -.047 -.046 -.046 977 1.024
a. Dependent Variable: Customer_Forgiveness
Collinearity Diagnostics®
Condition Variance Proportions
Model Dimension Eigenvalue Index (Constant)  Al_versus_Human AffectBased_DecisionMaking
1 1 2.550 1.000 .01 .05 .01
2 .415 2.477 .01 .85 .03
3 .035 8.586 .98 .09 .96
a. Dependent Variable: Customer_Forgiveness
Residuals Statistics®
Minimum  Maximum Mean Std. Deviation N
Predicted Value 3.5717 3.8258  3.6845 .05241 168
Residual -2.82577 2.51473  .00000 1.12514 168
Std. Predicted Value -2.152 2.695 .000 1.000 168
Std. Residual -2.496 2.222 .000 .994 168
a. Dependent Variable: Customer_Forgiveness
. .
B 12. Manipulation Check
Group Statistics
Std. Error
Al_versus_Human N Mean Std. Deviation Mean
Emotional Response Al 83 3.45 1.662 .182
Human 85 4.01 1.492 .162
Independent Samples Test
Levene's Test for Equality of
Variances t-test for Equality of Means
95% Confidence Interval of the
Significance Mean Std. Error Difference
F Sig. t df One-Sided p  Two-Sided p  Difference Difference Lower Upper
Emotional Response Equal variances assumed 4.264 .040 -2.324 166 .011 .021 -.566 244 -1.047 -.085
Equal variances not -2.321 163.187 .011 .022 -.566 244 -1.048 -.084

assumed

Independent Samples Effect Sizes

95% Confidence Interval

Standardizer®  Point Estimate Lower Upper
Emotional Response Cohen's d 1.578 -.359 -.663 -.053
Hedges' correction 1.585 -.357 -.660 -.053
Glass's delta 1.492 =379 -.686 -.070

a. The denominator used in estimating the effect sizes.
Cohen's d uses the pooled standard deviation.

Hedges' correction uses the pooled standard deviation, plus a correction factor.
Glass's delta uses the sample standard deviation of the control (i.e., the second) group.
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B 13. Testing of Hypothesis 3

B 13.1 Independent t-test between Al and Human (IV) and Customer Forgiveness

Group Statistics

Std. Error
Al_versus_Human N Mean Std. Deviation Mean
Customer_Forgiveness Al 83 3.6936 1.21426 .13328
Human 85 3.6756 1.04057 .11287

Independent Samples Test

Levene's Test for Equality of
Variances

t-test for Equality of Means

95% Confidence Interval of the

Significance Mean Std. Error Difference
F Sig. t df One-Sided p Two-Sided p Difference Difference Lower Upper
Customer_Forgiveness Equal variances assumed 2.400 .123 .103 166 459 918 .01800 .17433 -.32619 .36219
Equal vzriances not .103 160.968 459 918 .01800 .17465 -.32690 .36290
Independent Samples Effect Sizes
95% Confidence Interval
Standardizer® Point Estimate Lower Upper
Customer_Forgiveness Cohen's d 1.12971 .016 -.287 .318
Hedges' correction 1.13485 .016 -.285 317
Glass's delta 1.04057 .017 -.285 320
a. The denominator used in estimating the effect sizes.
Cohen's d uses the pooled standard deviation.
Hedges' correction uses the pooled standard deviation, plus a correction factor.
Glass's delta uses the sample standard deviation of the control (i.e., the second) group.
B 13.2 ANCOVA with Control Variables
Tests of Between-Subjects Effects
Dependent Variable: Customer_Forgiveness
Type Il Sum Partial Eta
Source of Squares df Mean Square F Sig. Squared
Corrected Model 7.0572 5 1.411 1.116 .354 .033
Intercept 68.382 1 68.382 54.088 <.001 .250
CV_Frequency_Online_Shopping 177 1 177 .140 .709 .001
CV_Familarity_Al .128 1 .128 .101 751 .001
CV_Frequency_Al_Use 219 1 219 173 .678 .001
CV_Customer_Service_Contact 5.300 1 5.300 4.192 .042 .025
Al_versus_Human .092 1 .092 .073 .787 .000
Error 204.814 162 1.264
Total 2492.592 168
Corrected Total 211.872 167
a. R Squared = .033 (Adjusted R Squared = .003)
Parameter Estimates
Dependent Variable: Customer_Forgivenss
95% Confidence Interval Partial Eta
Parameter B Std. Error t Sig. Lower Bound Upper Bound Squared
Intercept 4.305 .602 7.152 <.001 3.116 5.494 .240
Frequency_Online_Shopping .030 .081 .375 .709 -.130 .191 .001
Contact_Customer_Service -.540 .264 -2.048 .042 -1.061 -.019 .025
Familarity_Al .027 .085 .318 751 -.140 .194 .001
Frequency_Al_Use .027 .065 416 .678 -.102 .156 .001
[Al_versus_Human=0] -.048 177 -.270 787 -.396 .301 .000

[Al_versus_Human=1]

oa

a. This parameter is set to zero because it is redundant.
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B 14. Testing of Hypothesis 4 with Hayes Process Model 4
B 14.1 Mediation Analysis

Run MATRIX procedure:
sk PROCESS Procedure for SPSS Version 4.2 sk

Written by Andrew F. Hayes, Ph.D. www.afhayes.com
Documentation available in Hayes (2022). www.guilford.com/p/hayes3

sokskskskokokkskskokkskkokkkkokokkskokokkskkokokkskokokkskskokkkkokokkkokokkkkokkkkokokkkkokkkkokokkkokokkkokokkk

Model : 4
Y : CF
X : Scenario
M : AB_DM
Sample
Size: 168

sookiokiokiokkokkkokokiokiokikkokkkkokokokiokiokiokokkkokokiokokiokokokkorkorkorokok
OUTCOME VARIABLE:
AB_DM

Model Summary

R R-sq MSE F dfl df2 p
.1533 .0235 1.3961 3.9932 1.0000 166.0000 .0473
Model
coeff se t p LLCI ULCI
constant 4.3794 .1282 34.1723 .0000 4.1264 4.6324
Scenario -.3644 .1823 -1.9983 .0473 -.7243 -.0044
skpokckskokskskkokskokskkokkk koo skokskkokskkskokskoksk Rk ko kR Rokok Kok ok sk ok kKo koK
OUTCOME VARIABLE:
CF
Model Summary
R R-sq MSE F dfl df2 p
. 0465 .0022 1.2813 .1790 2.0000 165.0000 .8363
Model
coeff se t p LLCI ULCI
constant 3.8676 .3480 11.1132 .0000 3.1804 4.5547
Scenario .0020 .1768 .0115 .9908 -.3470 .3510
AB_DM -.0438 .0744 -.5894 .5564 -.1906 .1030
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sokkkkkkkkkokkkkkkkkokkkkk TOTAL EFFECT MODEL skskskskokskskokskorskokokskokoksorskokorkskokokskokskok
OUTCOME VARIABLE:

CF
Model Summary
R R-sq MSE F dfl df2 p
.0080 .0001 1.2763 .0107 1.0000 166.0000 .9179
Model
coeff se t p LLCI ULCI
constant 3.6756 .1225 29.9967 .0000 3.4337 3.9176
Scenario .0180 .1743 .1033 .9179 -.3262 .3622

sokkkkkkkkkkkkk TOTAL, DIRECT, AND INDIRECT EFFECTS OF X ON Y skkkkkkokkokkokkokk

Total effect of X on Y

Effect se t p LLCI ULCI
.0180 .1743 .1033 .9179 -.3262 .3622
Direct effect of X on Y
Effect se t p LLCI ULCI
.0020 .1768 .0115 .9908 -.3470 .3510
Indirect effect(s) of X on Y:
Effect BootSE BootLLCI BootULCI
AB_DM .0160 .0382 -.0561 .1018

sokkkkkkkkkokkkkkkkkkk ANALYSIS NOTES AND ERRORS skkstokskokskkoksokokskkskokorkskokokskokskok

Level of confidence for all confidence intervals in output:
95.0000

Number of bootstrap samples for percentile bootstrap confidence intervals:
5000
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B 14.2 Mediation Analysis with Control Variables

Run MATRIX procedure:
sxskokokkskkokkskskokkkkk PROCESS Procedure for SPSS Version 4.2 skkkkskkskskskokskskskokskskk

Written by Andrew F. Hayes, Ph.D. www.afhayes.com
Documentation available in Hayes (2022). www.guilford.com/p/hayes3

sokkkkkkkkkkkkkkkkkkkokokokokokokokokokokskskskskskskskskkkkkakakakakakkakkkKKkkkkkkkskskkkskokkkokokok ok ok
Model : 4

Y : CF

X 1 Scenario

M : AB_DM
Covariates:

CV1_FOS Cv2_CSC CV3_F_AI CV4_Use

Sample
Size: 168

kokkkkkkkkkkkkkokkokkkkkkkokkkkkokkkkkokkokkiokkokskorkokkookskorkokokkokokk
OUTCOME VARIABLE:
AB_DM

Model Summary

R R-sq MSE F dfl df2 p
.2429 .0590 1.3785 2.0316 5.0000 162.0000 .0769
Model
coeff se t p LLCI ULCI
constant 3.6336 .6008 6.0484 .0000 2.4473 4.8199
Scenario -.3623 .1844 -1.9648 .0512 -.7265 .0018
CV1_FO0S .1111 .0850 1.3070 .1931 -.0568 .2790
Cv2_CsC .1977 .2754 .7179 .4738 -.3461 .7416
CV3_F_AI -.1255 .0884 -1.4202 .1575 -.3001 . 0490
CV4_Use .1037 .0683 1.5188 .1308 -.0311 .2384
skkokskskkkokskskkokskkskskokskkokkskokkkskkskokskkkskskkskskokkkkokokskakkokskakkskskokkskokokokskokokokskakokokskkokokok
OUTCOME VARIABLE:
CF
Model Summary
R R-sq MSE F dfl df2 p
.1861 .0346 1.2704 .9626 6.0000 161.0000 .4524
Model
coeff se t p LLCI ULCI
constant 4.3861 .6385 6.8691 .0000 3.1251 5.6470
Scenario .0349 .1791 .1949 . 8457 -.3188 . 3887
AB_DM -.0354 .0754 -.4692 .6395 -.1843 .1136
CV1_FO0S .0344 .0821 .4196 .6753 -.1276 .1965
Cv2_Csc -.5331 .2648 -2.0129 .0458 -1.0560 -.0101
CV3_F_AI .0225 .0854 .2635 .7925 -.1461 .1911
CV4_Use .0309 .0660 .4676 .6407 -.0995 .1612
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sokkktokkkkkkkkokkkkkkkkkkkkk TOTAL EFFECT MODEL skkstokskokskokorsokoksorksokskokorskokokskorokokok
OUTCOME VARIABLE:

CF
Model Summary
R R-sq MSE F dfl df2 p
.1825 .0333 1.2643 1.1164 5.0000 162.0000 .3537
Model
coeff se t p LLCI ULCI
constant 4.2575 .5753 7.4001 .0000 3.1213 5.3936
Scenario .0477 .1766 .2703 . 7872 -.3010 .3965
CV1_FO0S .0305 .0814 .3745 .7085 -.1303 .1913
Cv2_CsC -.5401 .2638 -2.0475 .0422 -1.0609 -.0192
CV3_F_AI .0269 . 0847 .3182 . 7507 -.1402 .1941
CV4_Use .0272 .0654 .4159 .6780 -.1019 .1563

sokkkkrrkokkokkkk TOTAL, DIRECT, AND INDIRECT EFFECTS OF X ON Y skkkktortoksiokkoorok

Total effect of X on Y

Effect se t p LLCI ULCI
.0477 .1766 .2703 .7872 -.3010 .3965
Direct effect of X on Y
Effect se t p LLCI ULCI
.0349 .1791 .1949 .8457 -.3188 .3887
Indirect effect(s) of X on Y:
Effect BootSE BootLLCI BootULCI
AB_DM .0128 .0379 -.0571 .0996

sokkktokkkkkkkkkkkokkkkkkk  ANALYSIS NOTES AND ERRORS skskskskskskkoksokskskokskokorkskokokskorokokok

Level of confidence for all confidence intervals in output:
95.0000

Number of bootstrap samples for percentile bootstrap confidence intervals:
5000

—————— END MATRIX ———-
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B 15. Exploratory Analysis

B 15.1 Two-Way ANOVA: Gender x Service Agent Type on Customer Forgiveness

Tests of Between-Subjects Effects

Dependent Variable: Customer_Forgivenss

Type Il Sum Partial Eta
Source of Squares df Mean Square F Sig. Squared
Corrected Model 1.3992 4 .350 271 .896 .007
Intercept 181.219 1 181.219 140.345 <.001 463
Al_versus_Human .022 1 .022 .017 .896 .000
Gender .294 2 .147 .114 .893 .001
Al_versus_Human * 1.092 1 1.092 .846 .359 .005
Gender
Error 210.472 163 1.291
Total 2492.592 168
Corrected Total 211.872 167

a. R Squared = .007 (Adjusted R Squared = -.018)

B 15.2 Two-Way ANOVA: Age x Service Agent Type on Customer Forgiveness

Tests of Between-Subjects Effects

Dependent Variable: Customer_Forgivenss

Type lll Sum Partial Eta
Source of Squares df Mean Square F Sig. Squared
Corrected Model 21.291° 11 1.936 1.584 .108 .100
Intercept 859.660 1 859.660 703.676 <.001 .819
Al_versus_Human .154 1 .154 .126 .723 .001
Age 2.656 5 .531 .435 .824 .014
Al_versus_Human * Age 19.893 5 3.979 3.257 .008 .095
Error 190.580 156 1.222
Total 2492.592 168
Corrected Total 211.872 167

a. R Squared = .100 (Adjusted R Squared = .037)

B 15.3 Independent t-test between Prior Customer Service Contact and Customer Forgiveness

Group Statistics

Std. Error
Contact_Customer_Service N Mean Std. Deviation Mean
Customer_Forgivenss No 25 4.1143 .93131 .18626
Yes 143 3.6094 1.14335 .09561

Independent Samples Test

Levene's Test for Equality of

Variances t-test for Equality of Means
95% Confidence Interval of the
Significance Mean Std. Error Difference
F Sig. t df One-Sided p Two-Sided p Difference Difference Lower Upper
Customer_Forgivenss Equal variances assumed 1.414 .236 2.088 166 .019 .038 .50490 .24175 .02759 .98220
Equal variances not 2.412 37.870 .010 .021 .50490 .20937 .08100 .92879

assumed

Independent Samples Effect Sizes
95% Confidence Interval

Standardizer® Point Estimate Lower Upper
Customer_Forgivenss Cohen's d 1.11519 453 .024 .880
Hedges' correction 1.12026 451 .024 .876
Glass's delta 1.14335 .442 .013 .869

a. The denominator used in estimating the effect sizes.
Cohen's d uses the pooled standard deviation.
Hedges' correction uses the pooled standard deviation, plus a correction factor.
Glass's delta uses the sample standard deviation of the control (i.e., the second) group.
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B 15.4 Pearson Correlation between Control Variables and Customer Forgiveness

Correlations
Customer_Forgivenss Frequency_Online_Shopping  Familarity_Al Frequency_Al_Use

Customer_Forgivenss Pearson Correlation 1 -.013 .078 .079

Sig. (2-tailed) .868 314 .310

N 168 168 168 168
Frequency_Online_Shopping Pearson Correlation -.013 1 .188" .180"

Sig. (2-tailed) .868 .015 .020

N 168 168 168 168
Familarity_Al Pearson Correlation .078 188" 1 682"

Sig. (2-tailed) .314 .015 <.001

N 168 168 168 168
Frequency_Al_Use Pearson Correlation .079 180" 682" 1

Sig. (2-tailed) .310 .020 <.001

N 168 168 168 168

*. Correlation is significant at the 0.05 level (2-tailed).
**_ Correlation is significant at the 0.01 level (2-tailed).
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Appendix C

List of Abbreviations

AL e et e et ettt e e aeenaaeenneas Artificial Intelligence
ANCOVA . .ot ettt sttt e ae e bt e sabeebeesaseenees Analysis of Covariance
AN e ettt e ens Artificial Narrow Intelligence
ANOVA et ettt ettt te ettt sbe b e enes Analysis of Variance
CAGR . ettt Compound Annual Growth Rate
CASA e ettt et neas Computer as Social Actors
DV e et ettt et e be et e beeaaesatean Dependent Variable
2 OO PRRRPRUSRI Emotional Intelligence
DV et ettt ettt et sttt e abeeaee e Independent Variable
L@ ] I PSSP Ordinary Least Squares
VIE et ettt ettt ettt s ens Variance Inflation Factor
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