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A B S T R A C T

As companies increasingly deploy voice-driven AI to enhance service efficiency, its impact on perceived customer 
orientation remains underexplored. Drawing on AI Constraints and Feeling Economy perspectives, this research 
examines when and how voice AI affects perceptions of customer orientation in service recovery. Results show 
that customers perceive providers as less customer-oriented when recovery is handled by AI (vs. humans), due to 
AI’s tendency to reduce emotions into quantifiable parameters (parametric reductionism) and fail to convey 
empathy. Mediation analyses confirm that perceived empathy explains the link between agent type and service 
outcomes. We identify a boundary condition: the negative effect of voice AI emerges only when there is a 
task–ability mismatch, in which the task requires feeling skills that the AI cannot convincingly deliver, but not 
when the task calls for thinking skills, for which AI’s capabilities are aligned with task demands. We further 
discuss implications for AI in service recovery.

1. Introduction

Companies are increasingly turning to voice-driven artificial intelli
gence (AI) agents to handle customer service interactions, substantially 
changing how consumers engage with service providers (Han et al., 
2023). From handling requests to handling complaints (Zaki & Al- 
Romeedy, 2024), voice AI agents, powered by natural language pro
cessing and speech synthesis technologies, can emulate human-like in
teractions with increasing sophistication (Li et al., 2023). While early 
versions of these agents were relatively basic and limited to script-based 
interactions, recent advancements have made them highly capable, 
enabling more natural and engaging conversations (Roy & Naidoo, 
2021; Sheehan et al., 2020). In customer service, voice AI can surpass 
human employees in speed, consistency, and scalability, adapting to 
new tasks at a pace far exceeding that of human employees (Kecht et al., 
2023). These capabilities have driven widespread adoption of conver
sational AI tools, with projections indicating a substantial growth in the 
market size of AI agents to reach USD 36 billion by 2030 (Valuates 
Reports, 2021).

In service recovery, one concern in these interactions is whether AI 
agents can convey customer orientation – that is, the perception that a 
service provider genuinely understands and prioritizes customer needs 
(Blocker et al., 2011; Brady & Cronin, 2001; Kennedy et al., 2003). In 
human-led service recovery, customer orientation affects customer 
satisfaction and trust, largely due to the ability of human agents to 
demonstrate empathy. Although voice-driven AI agents can now inte
grate emotional cues through human-like tones and inflections, it re
mains unclear whether these agents can effectively generate perceptions 
of empathy to maintain customer orientation or whether their limita
tions in emotional expression will instead reinforce the perceived divide 
between AI and human agents, particularly in service recovery (see 
Table 1).

To address this gap, this research investigates whether, how, and 
when voice-driven AI agents influence customer perceptions and be
haviors in service recovery. Across three experimental studies, we 
demonstrate that AI-driven service recovery leads to lower customer 
orientation and satisfaction perceptions, which in turn affect behavioral 
loyalty and repurchase intentions. Drawing on the feeling economy 
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Table 1 
Previous work on service recovery by AI.

Study Type of AI 
agent

Customer 
response

Service recovery efforts by the AI 
agent

Key findings of the effect of service recovery by AI and/or empathy

Agnihotri & 
Bhattacharya, 
2024

Text- 
based

Positive Symbolic and utilitarian (refund) − Empathy in AI agents makes them appear more trustworthy. This leads 
customers to be more willing to forgive service failures and less likely to spread 
negative word-of-mouth.

Fan et al., 2024 Text- 
based

Mixed Symbolic recovery − Chatbot–employee empathic response congruence enhances customer retention, 
while incongruence reduces it. 
− Higher congruence (both high empathy) yields stronger customer retention than 
lower congruence (both low empathy). 
− These effects are moderated by chatbot disclosure, chatbot ambidexterity, and 
employee acceptance

Han et al., 2023 Text- 
based

Mixed Symbolic recovery − Positive emotion expressed by AI triggers both emotional contagion (positive) 
and expectation-disconfirmation (negative). 
− The net effect depends on customer relationship norm orientation: communal- 
oriented customers show a positive response; exchange-oriented customers show a 
negative or null response. 
− Human agents’ positive emotion consistently outperforms AI agents’ in service 
recovery.

Haupt et al., 2023 Text- 
based

Mixed Symbolic recovery − Empathy-seeking messages increase customer-perceived warmth; solution- 
oriented messages increase customer-perceived competence. 
− The effectiveness depends on failure attribution and failure frequency: empathy 
messages work better after double failures and when the chatbot is perceived as 
responsible; solution messages work better when the user is perceived as 
responsible. 
− Both strategies impact post-recovery satisfaction and chatbot re-use intentions 
via warmth and competence perceptions.

Chandra et al., 2022 Text- 
based

Mixed Symbolic recovery − High message interactivity increases perceived competence but lowers perceived 
warmth; high visual nonverbal cues (emoticons/photos) increase perceived 
warmth but lower perceived competence. 
− Competence has a stronger impact on cooperation intentions than warmth. 
− Verbal and nonverbal cues show compensatory effects: using both at high levels 
may reduce effectiveness.

Liang et al., 2024 Voice- 
based

Positive Symbolic recovery − Service recovery by female voice AI agents leads to higher customer satisfaction 
than with genderless or male AI agents.

Lv et al., 2021 Voice- 
based

Positive Symbolic recovery − Cute AI assistants can lead to customers’ tolerance of AI-driven service failures 
due to tenderness and performance expectancy. 
− The cuteness effect occurs only under low time-pressure conditions. When the 
participants perceived high time pressure, cuteness did not enhance their tolerance 
of AI-driven service failure.

Lv et al., 2022 Voice- 
based

Positive Symbolic recovery − After AI-driven service failures, empathetic responses from AI agents that are 
simultaneously text and voice-driven decrease the psychological distance with the 
customer and increase trust and continuous usage intention more effectively than 
text-only interactions.

Song et al., 2023 Text- 
based

Mixed Symbolic recovery − Appreciation messages increase post-recovery satisfaction more than apology 
messages through increased face concern. 
− The effect is moderated by time pressure: appreciation is more effective under 
low time pressure, while differences diminish under high time pressure.

Van der Goot et al., 
2024

Text- 
based

Mixed Full recovery (immediate monetary 
refund) + Symbolic (friendly tone of 
voice)

− Disclosure of chatbot identity did not significantly affect source orientation, 
anthropomorphism, or social presence. 
− Participants valued helpfulness and refund more than knowing the agent was 
non-human. 
− Friendly tone and fast service were more influential on customer perceptions 
than disclosure itself.

Yun & Park, 2022 Text- 
based

Mixed Symbolic recovery − Chatbots using emotional words enhance customer satisfaction in service 
recovery by increasing perceived empathy and interactivity. 
− Chatbots without emotive words do not generate empathy effects, and 
responsiveness shows no significant impact on satisfaction.

Zaki & Al-Romeedy, 
2024

Voice- 
based

Mixed Symbolic recovery − AI agents’ symbolic recovery leads to customer forgiveness of service failure, 
which subsequently positively affects customer reconciliation and customer 
continuous trust. 
− AI agents’ symbolic recovery leads to customer empathy (empathetic response 
from the customer; not perceived empathy about the agent). 
− Under low time pressure, chatbot symbolic recovery increases forgiveness. 
− Under high time pressure, chatbot symbolic recovery reduces forgiveness.

Zhou & Chang, 2024 Text- 
based

Mixed Symbolic recovery − Informational self-recovery enhances consumer quality satisfaction via increased 
perceived competence, while emotional self-recovery enhances consumer attitude 
satisfaction via increased perceived warmth. 
− The effectiveness of both strategies is stronger when the chatbot exhibits higher 
anthropomorphic characteristics. 
− Informational self-recovery is more effective for service process failure, while 
emotional self-recovery is more effective for service outcome failure.

Zhu et al., 2023 Voice- 
based

Negative Symbolic and economic recovery (but 
in different studies)

− In symbolic recovery, AI agents lead to lower satisfaction and revisit intentions 
than human agents. 
− In economic recovery, AI agents lead to the same satisfaction and revisit 
intentions as human agents.

(continued on next page)
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(Huang et al., 2019) and AI constraints (Valenzuela et al., 2024) 
frameworks, we argue that the negative effects of AI-driven service re
covery occur due to a perceived lack of empathy and AI’s failure to 
account for the unique characteristics of human interactions, a phe
nomenon known as parametric reductionism (Valenzuela et al., 2024). 
Thus, we examine whether the type of ability required for the recovery 
task (feeling vs. thinking) moderates these effects, serving as a boundary 
condition for voice-driven AI’s effectiveness in service recovery. Our 
findings show that when the task requires feeling-based (i.e., empa
thetic) skills, customers perceive human agents as more customer- 
oriented, whereas for thinking-based (i.e., technical) tasks, AI may be 
perceived as performing on par with human agents due to its compe
tence in analytical problem-solving.

In doing so, this study makes three main contributions to the liter
ature. First, we offer empirical validation for the parametric reduc
tionism bias introduced by Valenzuela et al. (2024) in their framework 
on how AI constraints human experience. Valenzuela et al. (2024)
introduced parametric reductionism as a theoretical lens, arguing that 
AI, by design, simplifies complex and relational aspects of human 
experience into discrete, quantifiable parameters. To the best of our 
knowledge, no empirical study has yet demonstrated how this bias 
manifests in consumer-facing interactions. We demonstrate that cus
tomers perceive service recovery attempts by voice-driven AI agents as 
emotionally hollow (e.g., less empathetic), even when such efforts 
include symbolic gestures such as apologies or refunds.

Second, we contribute to the literature by bridging the AI Constraints 
framework (e.g., Valenzuela et al., 2024) and discussions around AI- 
based service recovery by offering parametric reductionism as an 
explanation for why service recovery efforts from AI agents often 
backfire. While prior research (e.g., Zhu et al., 2023; Liang et al., 2024) 
has noted that AI struggles to elicit favorable customer reactions during 
service recovery, the reason why has remained underdeveloped. We 
argue that this failure stems from customers’ recognition of the inau
thentic, formulaic, or scripted nature of AI’s emotional displays. This 
bias prevents AI from forming genuine emotional connections with 
customers (e.g., perceived empathy), thereby limiting the quality of the 
human experience in service interactions and translating into a lack of 
perceived empathy. We show that perceived empathy, in turn, mediates 
the effects of agent type on service recovery outcomes (i.e., perceptions 
of a company being customer-oriented, satisfaction, and behavioral 
loyalty).

Third, drawing on the feeling economy framework (e.g., Huang et al., 
2019; Vorobeva et al., 2022), we identify a boundary condition for the 
negative effects of voice-driven AI in service recovery. Specifically, we 
show that these effects emerge when there is a mismatch between the 
emotional demands of the recovery task and the capabilities demon
strated by the AI agent. When the task requires feeling-oriented skills 
and the AI agent lacks the capacity to convincingly deliver them, 
customer evaluations and downstream outcomes are negatively 
affected. However, when the task instead draws on thinking-oriented 
skills, such as analytical or procedural recovery, this mismatch is less 

pronounced, and customer responses remain comparable to human-led 
service recovery. That is, we show that service recovery led by voice- 
driven AI agents only harms customer evaluations and service out
comes when the task performed requires feeling skills. Hence, when 
voice-driven AI agents handle tasks that align with their thinking- 
oriented strengths, such as analytical or procedural recovery actions, 
this perceptual mismatch is absent, and customer evaluations remain 
unaffected. Our work also offers insights for practitioners in helping to 
determine when AI-driven agents can be integrated without diminishing 
the emotional quality of customer interactions.

In what follows, we discuss how the use of AI agents in service re
covery constrains interactions between customers and companies, 
thereby harming perceptions of companies’ customer orientation and 
service outcomes. We then discuss how the lack of empathy often 
perceived in voice-driven AI agents accounts for these effects, and we 
explain that the negative outcomes of the use of voice-driven AI agents 
in service recovery only occur when there is a mismatch between the 
task performed and the type of ability required to perform it. Fig. 1 il
lustrates the hypothesized effects.

2. Theoretical background

2.1. AI agents curb service recovery: impacts on perceived customer 
orientation and downstream outcomes

Customer orientation refers to a business approach that prioritizes 
meeting the needs and expectations of customers (Blocker et al., 2011), 
aligning all aspects of a company’s operations, products, and services 
with the preferences and requirements of its target audience. This phi
losophy has often been associated with positive organizational perfor
mance (Kennedy et al., 2003), generating significant value for 
companies (Blocker et al., 2011). It is strategically relevant for com
panies as it fosters a deeper understanding of customer needs, enabling 
businesses to tailor their offerings accordingly. By being customer- 
oriented, companies can build stronger relationships with their cus
tomers, ultimately leading to increased customer satisfaction (Brady & 
Cronin, 2001), loyalty (Blocker et al., 2011), and even heightened well- 
being (Alabed et al., 2023).

Despite the strategic relevance and positive outcomes associated 
with customer orientation, it is important to acknowledge that service 
failures can still occur. Service failures, defined as instances where 
service delivery falls short of the desired outcome, remain a challenge 
for businesses despite their customer-oriented approach (Smith et al., 
1999). These failures can manifest in various ways, such as incorrect 
orders or inefficient service. Service recovery refers to the actions taken 
by a company to address service failures and prevent negative customer 
responses (Andreassen, 2000; Chih et al., 2025), such as dissatisfaction. 
Service recovery strategies can be categorized into symbolic recovery (e. 
g., non-monetary actions such as apologies and explanations) and util
itarian recovery (e.g., tangible compensation like refunds or discounts) 
(Zaki & Al-Romeedy, 2024; Zhu et al., 2023). The ultimate goal is to 

Table 1 (continued )

Study Type of AI 
agent 

Customer 
response 

Service recovery efforts by the AI 
agent 

Key findings of the effect of service recovery by AI and/or empathy

This work Voice- 
based

Negative Full recovery (symbolic + utilitarian 
across all studies)

− Consumers perceive service providers as less customer-oriented when voice- 
driven AI, rather than humans, handles service recovery. 
− Offers the first empirical demonstration of parametric reductionism 
(Valenzuela et al., 2024) in consumer-facing interactions, showing that AI’s 
emotional expressions are perceived as scripted and emotionally hollow. 
− Shows that voice-driven AI agents lead to less positive service outcomes (i.e., 
satisfaction, repurchase intentions, and behavioral loyalty), and this happens 
because they are perceived as less empathetic than human agents. 
− Establishes a boundary condition based on the match between recovery task 
demands (feeling vs. thinking) and the AI’s capabilities, revealing that AI-driven 
service recovery backfires when empathy is expected but not delivered.
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transform negative customer emotions (e.g., dissatisfaction) into posi
tive ones (e.g., satisfaction). Effective service recovery is crucial as it 
strengthens customer relationships, fosters trust and commitment, en
courages repeat patronage, and generates positive word-of-mouth 
(DeWitt et al., 2008). Conversely, poor recovery attempts can intensify 
the negative effects of failures and lead customers to abandon the 
company for competitors.

While traditional service recovery has relied on human in
terventions, the emergence of AI in service settings introduces a new 
layer of complexity to these challenges. One of the most notable ad
vancements is the emergence of AI-based agents, such as chatbots or 
voicebots, that engage with customers through text or voice (Crolic 
et al., 2022; Heo & Lee, 2018; Hsu & Lin, 2023) in increasingly human- 
like interactions (Chen et al., 2024; Schuetz & Venkatesh, 2020). These 
agents are progressively replacing human professionals in frontline 
service roles (Crolic et al., 2022; Moorman et al., 2024; Sands et al., 
2021), offering companies significant operational advantages. They 
deliver consistent performance by avoiding human limitations such as 
fatigue, frustration, or sickness, while outpacing the learning curve of 
human agents (Kecht et al., 2023). Beyond efficiency, AI agents provide 
24/7 availability, handle multiple customer interactions simulta
neously, maintain perfect memory of customer histories, and reduce 
operational costs through scalable deployment. Despite AI-based agents’ 
numerous advantages to companies, they still face significant limitations 
in service interactions: they excel at tasks that require data processing 
and logical reasoning, but still struggle to match humans in contexts that 
require nuanced emotional understanding (Huang & Rust, 2024; Zhang 
et al., 2023), such as service recovery efforts.

One attempt to address this limitation and bring AI closer to human- 
like emotional understanding has been the development of voice-driven 
AI agents, which aim to simulate human interactions more closely 
through speech, tone, and prosody. Unlike traditional text-based chat
bots, voice-driven agents can convey emotional nuances using vocal 
tone (Van der Goot et al., 2024) and inflection (Chih et al., 2025), 
potentially enabling a more natural and expressive interaction. How
ever, emerging research and empirical evidence suggest that voice- 
driven AI continues to face limitations in emotionally charged con
texts. While voice cues such as tone and inflection enhance the 
perception of empathy, they do not fully compensate for the absence of 
genuine emotional understanding. For instance, Zhu et al. (2023) found 
that, during service recovery, voice-based AI agents produced lower 
satisfaction and revisit intentions compared to human agents, high
lighting that the medium alone does not close the empathy gap. Simi
larly, Zaki and Al-Romeedy (2024) observed that although service 
recovery efforts by voice AI agents can prompt customer forgiveness, 
they do not always enhance perceived empathy from the agent itself. 
These findings indicate that while voice can mimic empathy, it does not 
ensure that customers perceive the AI agent as genuinely empathetic.

A main reason why voice-driven AI agents struggle in emotionally 
sensitive service recovery scenarios is parametric reductionism, a 

process in which AI simplifies complex, dynamic aspects of human 
experience into fixed, computational, and scripted parameters 
(Valenzuela et al., 2024). In doing so, AI agents reduce relational depth 
into programmed routines, translating nuanced customer preferences, 
emotions, and behaviors into standardized, quantifiable variables. This 
simplification may help AI scale operations efficiently, but it also creates 
a perceptual disconnect: customers often recognize the formulaic nature 
of these interactions, leading to impressions of insincerity or emotional 
hollowness (e.g., Grewal et al., 2017). As a result, parametric reduc
tionism undermines the emotional resolution customers seek during 
service recovery and constrains the authenticity of the human experi
ence in interactions more broadly.

Therefore, while voice-enabled AI agents are often designed to hu
manize interactions through vocal features such as tone and inflection, 
these surface-level enhancements often fail to deliver effective percep
tions of customer orientation. Customers may appreciate the conversa
tional fluidity but still perceive these responses as algorithmic rather 
than genuinely felt, leading to what Mende et al. (2019) describe as a 
“deception cost”: the more an AI strives to be human-like, the more its 
emotional shortcomings stand out. For instance, in contexts requiring 
real emotional engagement – like service recovery – voice-driven AI that 
feigns empathy can highlight its own limitations, reducing perceived 
genuineness and trust.

Thus, simply equipping AI with a human-sounding voice does not 
necessarily enhance customer orientation and may even backfire. While 
AI agents have been designed to mimic human-like interactions (e.g., 
through voice and other anthropomorphic cues), recent findings suggest 
that such cues may actually exacerbate customer disappointment when 
the AI agent fails to meet heightened emotional expectations. For 
instance, Mende et al. (2019) show that consumers experience psycho
logical discomfort and compensatory responses when humanoid agents 
trigger social expectations they cannot fulfill.

AI-based service recovery is particularly limited in emotionally 
charged situations, such as service recovery or contexts requiring 
improvisation (Bag et al., 2021), which leads customers to prefer human 
agents over AI agents, even when AI demonstrates superior task effi
ciency (Dietvorst et al., 2015). Although customers may show some 
tolerance for AI service failures when agents incorporate humor (Xu & 
Liu, 2022) and may attribute less responsibility to robots due to their 
perceived lack of task control (Leo & Huh, 2020), limitations persist in 
service recovery. Human agents excel in such situations due to their 
strong interpersonal communication skills (Luo et al., 2019) and their 
ability to adapt using emotional intelligence, thereby enhancing the 
customer experience (Kim et al., 2021; Puntoni et al., 2021). They can 
provide high-quality and personalized interactions through genuine 
emotional expressions, like eye contact and sincere smiles (Ariffin, 
2013). Their friendliness and sincerity foster positive emotions in cus
tomers, facilitating forgiveness (Kemper & Lazarus, 1992). In addition, 
humans’ ability to handle emotional tasks, establish relationships, and 
provide authentic interactions that feel familiar to customers (i.e., the in- 

Fig. 1. Theoretical model of research.
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group effect) (Park & Rothbart, 1982) creates an emotional authenticity 
that strongly influences how customers evaluate a service provider’s 
commitment to understanding and serving their needs – in other words, 
their perceived customer orientation. When service recovery efforts are 
handled by AI agents, who are seen as lacking emotional intelligence 
and connection, customers may perceive the company as prioritizing 
efficiency over genuine customer care.

Equally, this effect can manifest in downstream consequences related 
to the service recovery experience. Beyond immediate resolution, ser
vice recovery also affects broader customer evaluations and future 
behavior towards companies. When recovery efforts are perceived as 
emotionally inauthentic, as often occurs with AI agents, customers may 
view the company as less trustworthy, which can undermine satisfac
tion, loyalty, and repurchase intentions (de Matos et al., 2007; Maxham 
& Netemeyer, 2002). This has already been consistently demonstrated in 
non-AI service recovery: satisfaction reflects the customer’s affective 
response to how well the service provider addressed their complaint 
(Gustafsson, 2009); loyalty and repurchase intentions, in turn, are 
influenced by whether customers feel that their needs were genuinely 
understood and prioritized (DeWitt et al., 2008; Grewal et al., 2008). 
When voice-driven AI agents fall short in delivering affective reassur
ance, customers may attribute the failure to the company as a whole, 
leading to weaker relational bonds and increased likelihood of churn 
(Mattila, 2001; Tax et al., 1998). Thus, the inability of AI agents to 
handle service recovery effectively may also affect downstream conse
quences for service providers, namely: a) satisfaction (Gustafsson, 
2009), b) behavioral loyalty (DeWitt et al., 2008), and c) repurchase 
intentions (Grewal et al., 2008). Hence, we formally propose:

H1. Service recovery efforts by voice-driven AI (vs. human) agents 
lead to lower perceived customer orientation and less positive service 
outcomes.

2.2. The mediating role of perceived empathy

Empathy has become increasingly relevant in understanding how 
customers evaluate service recovery attempts. Research shows that 
when AI agents use emotional language, adopt a warm tone, or simulate 
concern, customers often report higher satisfaction and show greater 
willingness to forgive service failures (Yun & Park, 2022; Fan et al., 
2024; Zhang et al., 2024). These effects occur even in the absence of 
tangible compensation, suggesting that symbolic gestures rooted in 
empathy can be influential (Song et al., 2023; Zhou & Chang, 2024). The 
feeling economy perspective helps explain this shift. As companies 
automate routine and analytical tasks, social and emotional skills 
remain more difficult to replicate with machines (Huang & Rust, 2018; 
Mari et al., 2024). Within this context, the human capacity to recognize 
and respond to emotions gains renewed importance for service delivery 
(Bagozzi et al., 2022; Huang et al., 2019), and such interpersonal de
mands also influence hiring and compensation decisions, especially in 
roles that involve direct customer interaction (Gabbott et al., 2011; 
Bagozzi et al., 2022).

Despite this growing recognition of empathy’s role in customer 
evaluations, companies continue to utilize voice-driven AI agents in 
service recovery, including emotionally sensitive interactions. This 
choice is often driven by efficiency and scalability, rather than align
ment with the emotional demands of the task. However, we argue, 
service recovery represents a particularly delicate moment in the 
customer journey, one in which expectations around emotional support 
are heightened (DeWitt & Brady, 2003). When companies fail to meet 
these expectations, they risk triggering customer dissatisfaction, eroding 
trust, and undermining long-term engagement (Hess et al., 2003). While 
AI agents may be programmed to simulate concern, their ability to 
deliver emotionally resonant interactions remains limited, especially 
when compared to human agents. As a result, the use of voice-driven AI 
in such contexts may conflict with what customers expect from a service 
provider in moments of failure.

In addition, the effectiveness of AI-delivered empathy is not uni
versal. While AI agents can replicate certain empathy cues, these signals 
do not always translate into customer perceptions of genuine concern. A 
discrepancy arises because customers evaluate service agents not just by 
their words or gestures, but by how authentic and capable of under
standing human emotions they appear. Prior research supports this 
distinction: Han et al. (2023) show that although positive emotion 
expressed by chatbots can trigger emotional contagion, it simulta
neously leads to expectation-disconfirmation, especially among cus
tomers with transactional mindsets. Haupt et al. (2023) similarly find 
that empathy-seeking messages from chatbots enhance perceived 
warmth but have a limited impact on perceptions of competence, sug
gesting that customers perceive AI empathy as surface-level rather than 
fully relational. Together, these findings highlight that simply signaling 
empathy does not ensure customers will perceive it as authentic or 
meaningful – particularly when the agent lacks the human-like qualities 
that traditionally convey such emotional understanding.

In addition, following a service failure, customers anticipate reso
lution and, importantly, expect companies to show genuine under
standing through reassurance, apologies, and personalized engagement 
(Andreassen, 2000; Basso & Pizzutti, 2016). While human agents can 
adapt their communication style to match the customer’s emotional 
state, providing a more personalized and empathetic experience, AI 
agents struggle to comprehend and respond appropriately to the 
emotional aspects of a customer’s experience (Bergner et al., 2023). 
Moreover, while voice-driven AI tools offer efficiency and speed in 
addressing customer concerns, human agents’ innate empathy and 
emotional intelligence (Huang & Rust, 2022) make them more effective 
in service recovery. Human agents possess the ability to empathize with 
customers, actively listen to their concerns, and tailor their responses 
based on the emotional nuances of each situation. This level of 
emotional intelligence is essential for building trust and fairness 
(Andreassen, 2000; Smith et al., 1999), elements that remain difficult for 
AI systems to convincingly replicate (Huang et al., 2019).

These observations point to an explanatory mechanism: beyond the 
objective presence of empathy cues, customers’ subjective perception of 
empathy shapes how they evaluate the service recovery agent. Across 
service recovery contexts, empathy functions as a relational signal that 
communicates the agent’s customer orientation, that is, their willing
ness and ability to prioritize customer needs and concerns. Consistent 
with this perspective, empathy has been shown to increase forgiveness, 
reduce dissatisfaction, and foster customer loyalty in post-failure in
teractions (Wieseke et al., 2012; Cartabuke et al., 2019). This applies to 
human agents and extends to AI-driven interactions: when customers 
perceive AI agents as empathetic, they are more likely to interpret the 
service provider as committed to delivering value and maintaining the 
relationship. Building on this logic, we posit that perceived empathy 
serves as the underlying mechanism linking agent type – whether human 
or voice-driven AI – to perceived customer orientation and, ultimately, 
to positive service outcomes. Formally:

H2. Perceived empathy mediates the relationship between agent 
type (human vs. voice-driven AI), perceived customer orientation, and 
positive service outcomes.

2.3. The task–ability mismatch as a boundary condition for parametric 
reductionism

As our earlier observations show, while AI agents have become 
increasingly sophisticated, important performance gaps persist between 
humans and AI in service recovery. Building on the Feeling Economy 
framework (Huang et al., 2019; Vorobeva et al., 2022), we distinguish 
between two broad categories of service recovery tasks: those that rely 
on analytical reasoning (thinking tasks) and those that involve 
emotional understanding (feeling tasks). While AI agents are well-suited 
for thinking tasks, such as providing technical explanations or executing 
procedural solutions, they remain less effective in contexts that call for 
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spontaneous empathy, nuanced interpersonal cues, and relational 
sensitivity (Vorobeva et al., 2022). In these feeling-oriented in
teractions, human agents tend to be perceived as more attuned to cus
tomers’ emotional needs and to convey higher perceptions of empathy, 
which is especially important in service recovery.

The issue is not that AI is inherently unfit for all service recovery 
roles, but that mismatches occur when the agent’s capabilities do not 
align with the emotional demands of the task. When voice-driven AI 
agents attempt to perform feeling tasks, customers may detect a lack of 
emotional authenticity, particularly when expressions of empathy feel 
scripted or standardized. This reflects what Valenzuela et al. (2024)
describe as parametric reductionism, the process by which AI systems 
translate subjective, dynamic human experiences into simplified, pre
defined parameters. As a result, even if voice-driven AI agents simulate 
empathy through tone or language, customers often perceive a gap be
tween what is expressed and what is genuinely felt. This misalignment, 
we propose, may not arise in thinking tasks, where standardized re
sponses are more acceptable and emotional depth is not expected.

Empirical evidence from several service contexts supports this 
distinction. In domains such as hospitality (Khoa et al., 2023), health
care (Bagozzi et al., 2022), and education (Belpaeme et al., 2018), 
studies show that human agents’ proficiency in feeling tasks enhances 
trust, satisfaction, and loyalty. Customers prefer human agents when 
empathy and emotional connection are required, reinforcing the unique 
role of human emotional intelligence in service interactions (Bagozzi 
et al., 2022). On the other hand, AI agents have demonstrated advan
tages in thinking-oriented tasks involving data analysis, pattern recog
nition, and repetitive processing (Davenport et al., 2020; Kozinets & 
Gretzel, 2021), where emotional connection is secondary to efficiency 
and accuracy. Attempting to apply feeling skills through voice-driven AI 
agents in these contexts fails to meet customer expectations and, as we 
propose, may backfire: customers detect the mismatch between task 
demands and agent capabilities, perceiving AI-delivered empathy as 
inauthentic or hollow.

Therefore, we argue that the ability required to perform the task acts 
as a boundary condition in agent evaluations during service recovery. 
Specifically, while the relationship between agent type and perceived 
customer orientation is mediated by perceived empathy, this path is 
contingent on the emotional demands of the task. When the task is 
feeling-oriented, requiring emotional sensitivity and relational nuance, 
the limitations of AI in expressing authentic empathy become salient, 
diminishing perceived customer orientation and related downstream 
outcomes. In contrast, when the task is thinking-oriented, demanding 
analytical precision rather than emotional resonance, customers are less 
likely to devalue AI agents for their affective shortcomings. In such 
contexts, the mismatch between task demands and agent capabilities is 
less evident, and we expect no significant differences in customer 
evaluations across agent types. Formally, we propose:

H3. The mismatch (vs. match) between the ability required to 
perform the task (feeling vs. thinking) and the agent’s demonstrated 
capabilities moderates the relationship between agent type and 
perceived empathy, such that the indirect effect of agent type on 
customer orientation via perceived empathy is stronger when there is a 
mismatch (i.e., feeling tasks handled by AI agents) than when there is a 
match (i.e., thinking tasks handled by AI agents or feeling tasks handled 
by humans).

3. Overview of studies

Our theoretical framework makes several predictions that we 
empirically test. First, we propose that service recovery strategies – 
whether delivered by human or voice-driven AI agents – significantly 
impact perceived customer orientation and positive service outcomes (i. 
e., satisfaction, behavioral loyalty, and repurchase intentions). Second, 
we posit that perceived empathy mediates this effect. Third, we propose 
that these effects are contingent on a boundary condition: the type of 

ability required to perform the service recovery task (feeling vs. 
thinking).

We test these predictions through three experimental studies. Studies 
1 and 2 support our predicted causal relationship between agent type, 
perceived customer orientation, and positive service outcomes (H1). 
These studies also demonstrate the mediating role of perceived empathy 
(H2). Study 3 explores how the type of ability required to perform the 
task (thinking vs. feeling) moderates our theorized effects (H3).

The experimental designs and procedures were preregistered (Study 
2: AsPredicted.org #207809; Study 3: AsPredicted.org #120155). To 
enhance generalizability, we conducted our studies across multiple 
participant pools and geographical regions, including participants from 
both the United States and Europe.

4. Study 1

Study 1 investigates the causal effect of service recovery agent type 
(human vs. voice-driven AI) on perceived customer orientation, satis
faction, and behavioral loyalty, while examining perceived empathy as 
the underlying mechanism. This study provides initial empirical evi
dence on whether consumers perceive a service provider as less 
customer-oriented when AI agents, rather than humans, handle service 
recovery.

4.1. Method

Design and Participants. Study 1 uses a single-factor (agent type: 
voice-driven AI vs. human), between-subjects experiment. A total of one 
hundred and thirty Portuguese participants were recruited via social 
media on a voluntary basis (94.6 % female, 5.4 % male; Mage = 42.03; 
SDage = 10.35).

Procedures and Stimuli. The experiment used vignette scenarios as 
stimuli, a method commonly employed in research examining new 
technologies (Jörling et al., 2019). Participants were randomly assigned 
to read a scenario describing a phone call interaction with either a 
human or a voice-driven AI customer service agent named Mario. The 
interaction occurred in the immediate recovery phase, where the service 
provider became aware of the failure and provided fair restitution to the 
customer (Miller et al., 2000). The scenario asked participants to ima
gine they had received an online order of a household appliance via 
home delivery and discovered deep scratches upon opening the package. 
In both conditions (human and voice-driven AI), Mario followed the 
same sequence of steps for service recovery. To enhance the realism of 
our experiment, these steps were designed following two elements: first, 
we incorporated the fundamental service recovery strategies established 
in the academic literature, combining both emotional recovery (offering 
an apology and providing an explanation) and tangible recovery 
(resolving the failure and offering monetary compensation through a gift 
card) (Miller et al., 2000; Wei et al., 2020). Second, to improve the 
external validity of the scenario, we based our dialogue on a real 
customer service interaction script obtained from the largest e-com
merce retailer in Portugal, which allowed us to capture authentic service 
recovery language and resolution patterns. The scenario concluded by 
specifying that the call lasted five minutes and confirming that the 
failure was successfully addressed with a replacement item delivered 
within two hours. The survey was translated from English to Portuguese 
using a double translation (Pavone et al., 2023). The complete stimulus 
of the experiment is presented in the Supplementary Material.

Measures. We assessed all variables using a seven-point Likert scale 
(1 = strongly disagree, 7 = strongly agree). Our primary dependent 
variable, perceived customer orientation, was measured using a five- 
item scale adapted from Homburg et al. (2009) (α = 0.89). To capture 
service outcomes, we measured customer satisfaction using three items 
adapted from Wieseke et al. (2012) (α = 0.81) and behavioral loyalty 
using three items from Shuqair et al. (2019) (α = 0.78). The hypothe
sized mediating variable, perceived empathy, was assessed using a four- 
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item scale adapted from Wilder et al. (2014) (α = 0.92). To validate our 
experimental design, we included two additional measures. First, par
ticipants completed a manipulation check to verify their recognition of 
the agent type (voice-driven AI versus human). Second, they evaluated 
the scenario’s realism to ensure external validity. We concluded the 
survey by collecting demographic information. All measures have re
liabilities greater than the recommended threshold of 0.7 (Juquelier 
et al., 2025) (see Table 2).

4.2. Results

Manipulation checks. Results show that the manipulation worked as 
intended. Results from an independent samples t-test revealed that 
participants in the human condition showed higher agreement with the 
statement that the agent of the call was a human (i.e., “a first-line as
sistant”) (Mhuman = 5.31, SD = 1.97; MAI = 3.76, SD = 2.50; t(122.840) 
= 3.948, p < 0.001). Similarly, participants in the voice-based AI con
dition indicated a higher level of agreement with the statement that the 
agent of the call was a voice-based AI (i.e., “an artificial intelligence 
assistant”) (Mhuman = 3.19, SD = 2.25; MAI = 6.02, SD = 1.77; t 
(119.581) = -7.962, p < 0.001). Additionally, the results indicate that 
our experiment offers high realism, significantly differing from the 
scale’s midpoint (M = 4.55; SD = 2.31, t (129) = 5.16, p < 0.001) 
(Pavone et al., 2023).

Analyses. To investigate the effects of the type of agent on customer 
orientation and positive service outcomes (H1), we conducted multiple 
independent-samples t-tests. The type of agent (X) served as the inde
pendent variable – coded as 0 = human vs. 1 = voice-driven AI; 
perceived customer orientation and positive service outcomes (i.e., 
customer satisfaction and behavioral loyalty) served as the dependent 
variables (Y). To explore the mediating role of perceived empathy on 
perceived customer orientation and customer positive service outcomes 
(H2), we used PROCESS Model 4 with 5,000 bootstrapped samples and a 
95 % confidence interval (Hayes, 2017). The type of agent served as the 
independent variable (X), perceived empathy as the mediator (M), and 
perceived customer orientation and positive service outcomes as the 
dependent variables (Y).

4.2.1. Customer orientation
Main effect. As predicted, there was a significant main effect of agent 

type on perceived customer orientation. Participants interacting with 
voice-based AI agents (M = 5.09, SD = 1.67) reported lower perceived 
customer orientation compared to those interacting with human agents 
(M = 5.68, SD = 1.24; t(119.871) = 2.268, p = 0.013). These findings 
support H1, demonstrating that interactions with voice-based AI agents, 
compared to human agents, damage the perception of customer orien
tation (see Fig. 2).

Mediation. First, we assessed the effect of agent type on perceived 
empathy (the mediator). The overall model predicting perceived 
empathy was significant (R2 = 0.187, F(1,128) = 29.420, p < 0.001). 
Agent type had a significant effect on perceived empathy (β = -1.63, SE 
= 0.30, t(128) = -5.424, p < 0.001), indicating that participants inter
acting with voice-based AI agents perceived lower empathy compared to 
those interacting with human agents.

Next, we examined the effect of agent type and perceived empathy 
on perceived customer orientation (the dependent variable). The overall 
model was significant (R2 = 0.344, F(2,127) = 33.228, p < 0.001). 
Perceived empathy emerged as a significant predictor of perceived 
customer orientation (β = 0.49, SE = 0.06, t(127) = 7.684, p < 0.001). In 
contrast, the direct effect of agent type on perceived customer orienta
tion was not significant when controlling for perceived empathy (β =
0.21, SE = 0.24, t(127) = 0.868, p = 0.387), suggesting that the effect of 
agent type on perceived customer orientation is fully mediated by 
perceived empathy. The analysis of the indirect effect of agent type on 
perceived customer orientation through perceived empathy revealed a 
significant indirect effect (Effect = -0.79, BootSE = 0.20, 95 % CI [-1.21, 
− 0.45]), confirming the mediating role of perceived empathy (H2).

4.2.2. Customer satisfaction
Main effect. As predicted, there was a significant main effect of agent 

type on customer satisfaction. Participants interacting with voice-based 
AI agents (M = 5.87, SD = 1.34) reported lower customer satisfaction 
compared to those interacting with human agents (M = 6.39, SD = 0.90; 
t(113.577) = 2.612, p = 0.005). These findings support H1, demon
strating that interactions with voice-based AI agents, compared to 

Table 2 
Measurement scales used across studies.

Measures Cronbach’s α

S1 S2 S3

Perceived Customer Orientation adapted from Homburg et al. 
(2009)

0.89 0.87 0.87

— Mario tried to find out what my needs were.
— Mario had my best interests in mind.
— Mario took a problem-solving approach with me.
— Mario recommended the most suitable solutions to solve 

the problems.
— Mario tried to figure out what kinds of solutions would 

be most useful to me.
Perceived empathy adapted from Wilder et al. (2014) 0.92 0.96 0.94
— Mario tries to empathize with the customers’ feelings.
— It’s easy for Mario to see things from the customer’s 

perspective.
— Mario tries to put himself in the “customer’s shoes”.
— Mario tries to understand the customer’s point of view.
Customer satisfaction adapted from Wieseke et al. (2012) 0.81 0.95 *
— All in all, I am very satisfied with my call to this 

company.
— The call to this company met my expectations of an ideal 

customer support encounter.
— The service encounter fulfilled my expectations.
Behavioral loyalty adapted from Shuqair et al. (2019) 0.78 * *
— I consider this company as my first choice.
— I will continue to purchase from this company.
— I will not buy products from this company in the future. 

(R)
Repurchase intentions adapted from Ho & Chung (2020) * 0.89 *
— I would intend to continue purchasing this company’s 

products in the future.
— I would like to recommend this company’s products to 

others, even if they are existing customers.
— I would look forward to the new product launches by this 

company and its associated suppliers.
— I would like to have first-hand information about this 

company’s new products.
Positive Word-of-Mouth adapted from Kirk & Givi (2025) * 0.96 *
— Say positive things about this company.
— Recommend this company to others.
— Recommend this company to someone else who seeks 

my advice.
Online Shopping Frequency ** n.a.
How often do you shop online?
— Daily
— Weekly
— Monthly
— Yearly
— I never shop online
Recent service failures with online shopping ** n.a.
In the past 12 months, have you experienced any problems 

with at least one online purchase?
— Yes
— No
— Not sure
Previous knowledge of AI ** n.a.
Which of the following best describes your knowledge about 

AI (Artificial Intelligence)?
— Never heard of AI
— Heard of AI
— Basic knowledge of AI
— Intermediate knowledge of AI
— Advanced knowledge of AI
— Active AI research/development
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human agents, damage customer satisfaction.
Mediation. We examined the effect of agent type and perceived 

empathy on customer satisfaction (the dependent variable). The overall 
model was significant (R2 = 0.201, F(2,127) = 15.933, p < 0.001). 
Perceived empathy emerged as a significant predictor of customer 
satisfaction (β = 0.27, SE = 0.05, t(127) = 4.891, p < 0.001). In contrast, 
the direct effect of agent type on customer satisfaction was not signifi
cant when controlling for perceived empathy (β = -0.09, SE = 0.21, t 
(127) = -0.428, p = 0.670), suggesting that the effect of agent type on 
customer satisfaction is fully mediated by perceived empathy. The 
analysis of the indirect effect of agent type on customer satisfaction 
through perceived empathy revealed a significant indirect effect (Effect 
= -0.43, BootSE = 0.12, 95 % CI [-0.69, − 0.22]), further supporting the 
mediating role of perceived empathy (H2).

4.2.3. Behavioral loyalty
Main effect. As predicted, there was a significant main effect of agent 

type on behavioral loyalty. Participants interacting with voice-based AI 
agents (M = 5.42, SD = 1.40) reported lower behavioral loyalty 
compared to those interacting with human agents (M = 6.16, SD = 0.94; 
t(114.136) = 3.517, p < 0.001). These findings support H1, demon
strating that interactions with voice-based AI agents, compared to 
human agents, damage behavioral loyalty.

Mediation effect. We examined the effect of agent type and perceived 
empathy on behavioral loyalty (the dependent variable). The overall 
model was significant (R2 = 0.196, F(2,127) = 15.524, p < 0.001). As 
expected, perceived empathy emerged as a significant predictor of 
behavioral loyalty (β = 0.24, SE = 0.06, t(127) = 4.156, p < 0.001). The 
analysis of the indirect effect of agent type on behavioral loyalty through 
perceived empathy revealed a significant indirect effect (Effect = -0.39, 
BootSE = 0.13, 95 % CI [-0.66, − 0.16]). In contrast, the direct effect of 
agent type on behavioral loyalty was not significant when controlling for 
perceived empathy (β = -0.34, SE = 0.22, t(127) = -1.550, p = 0.124), 
suggesting that the effect of agent type on behavioral loyalty is fully 
mediated by perceived empathy (H2).

4.3. Discussion

Study 1 shows that voice-based AI agents reduce perceived empathy, 
which in turn lowers customer orientation, satisfaction, and behavioral 
loyalty. Customers interacting with AI agents saw them as less empa
thetic than human agents, consistent with prior work on AI’s emotional 
limitations (Van Doorn et al., 2017). This lack of empathy influenced 
how customer-oriented the agents seemed, and how satisfied and loyal 
participants felt. The results support the idea of parametric reductionism 
(Valenzuela et al., 2024): when AI simplifies complex human emotions 
into scripts, the interaction feels less authentic and less relational. Study 
2 builds on these findings by offering a conceptual replication and 
testing whether these effects extend to other outcomes (i.e., repurchase 
intentions and word-of-mouth).

5. Study 2

Study 2 extends the previous study by examining whether the type of 
service recovery agent (human vs. voice-driven AI) influences perceived 
customer orientation and perceived empathy, while also investigating 
repurchase intentions and positive word-of-mouth as additional 
behavioral outcomes. Furthermore, one could argue that our results 
might differ if participants interacted with a voice-driven AI assistant, as 
vocal cues could enhance perceptions of humanness and emotional 
connection. To address this concern, we enhanced the strength of our 
manipulation by including a voice stimulus simulating a phone call 
interaction with the agent to ensure a more immersive and ecologically 
valid experimental setup.

5.1. Method

Design and Participants. Study 2 uses a single-factor (agent type: 
voice-driven AI vs. human) scenario-based, between-subjects experi
ment. A total of one hundred and thirty-five U.S. participants were 
recruited via CloudResearch in exchange for monetary compensation. 
We excluded participants who failed the attention check (n = 3), leaving 
a final sample of 132 participants (49.2 % male, 47.7 % female, 3 % 

Fig. 2. The impact of Agent Type on Perceived Customer Orientation and Positive Service Outcomes (Study 1). * p < 0.05; ** p < 0.01; *** p < 0.001.
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other; Mage = 37.69; SDage = 10.39).
Procedures and Stimuli. Participants were randomly assigned to the 

same scenario as Study 1, describing a phone call interaction with either 
a human or voice-driven AI customer service agent named Mario. Only 
minor adjustments were made to improve clarity in the English version 
(e.g., changing “a first-line assistant” to “a human agent”).

Additionally, to ensure the realism of our experiment and that the 
compensation amount was realistic for the U.S. market, we examined 
online forums (e.g., Reddit) where customers discussed gift card offer
ings in service recovery situations. Since compensation values were 
comparable, we maintained the same amount but converted it from 
euros to dollars (€15 to $15). Furthermore, following the review team’s 
feedback, we strengthened the voice-based AI manipulation by incor
porating an audio recording of Mario’s scripted dialogue from the sce
nario. This audio stimulus was presented to participants in both 
conditions after the text description. To verify participant engagement 
with the audio element, we implemented a timing feature in Qualtrics to 
track whether participants listened to the clip. The complete stimulus of 
the experiment is presented in the Supplementary Material.

Measures. We assessed all variables using a nine-point Likert scale (1 
= strongly disagree, 9 = strongly agree). Our primary dependent vari
able, perceived customer orientation, was measured using the same five- 
item scale as Study 1, adapted from Homburg et al. (2009) (α = 0.87). To 
capture service outcomes, we measured customer satisfaction using the 
same three-item scale as Study 1, adapted from Wieseke et al. (2012) (α 
= 0.95), repurchase intentions using a four-item scale adapted from Ho 
& Chung (2020) (α = 0.89), and positive word-of-mouth using a three- 
item scale adapted from Kirk et al. (2023) (α = 0.96). The hypothesized 
mediating variable, perceived empathy, was assessed using the same 
four-item scale as Study 1, adapted from Wilder et al. (2014) (α = 0.96). 
Similar to Study 1, to validate our experimental design, we included two 
manipulation check questions to verify the participants’ recognition of 
the agent type (voice-based AI vs. human) and a question regarding the 
scenario’s realism to ensure external validity. Additionally, we included 
an attention check question instructing participants to indicate a specific 
response (“To confirm your attention, please select option 3 for this 
question”; adapted from Pavone et al. (2023). Demographic character
istics were also included. All measures had reliabilities greater than the 
recommended 0.7 threshold (Juquelier et al., 2025).

5.2. Results

Manipulation checks. Results showed that the manipulation worked as 
intended. An independent-samples t-test revealed that participants in 
the human condition showed significantly higher agreement with the 
statement that the agent of the call was a human (Mhuman = 8.27, SD =
1.75; MAI = 1.29, SD = 1.17; t(115.316) = -26.959, p < 0.001). Simi
larly, participants in the voice-based AI condition reported significantly 
higher agreement with the statement that the agent of the call was a 
voice-based AI (Mhuman = 2.22, SD = 2.47; MAI = 8.86, SD = 0.46; t 
(70.772) = 21.582, p < 0.001). The results also indicate that our 
experiment offered an ecologically valid service encounter, being rated 
as highly realistic, significantly above the scale’s midpoint (M = 7.31; 
SD = 1.66, t(131) = 19.42, p < 0.001) (Pavone et al., 2023).

Analyses. To investigate the effects of the type of agent on customer 
orientation and positive service outcomes (H1), we conducted multiple 
independent samples t-tests. Similar to study 1, the type of agent (X) 
served as the independent variable – coded as 0 = human vs. 1 = voice- 
driven AI, perceived customer orientation and positive service outcomes 
(i.e., customer satisfaction, repurchase intentions, and positive word-of- 
mouth) as the dependent variables (Y). To explore the mediating role of 
perceived empathy on perceived customer orientation and customer 
positive service outcomes (H2), we used PROCESS, model 4, with 5,000 
bootstrapped samples, with a 95 % confidence interval (Hayes, 2017). 
The type of agent served as the independent variable (X), perceived 
empathy as the mediator (M), and perceived customer orientation and 

positive service outcomes as the dependent variables (Y).

5.2.1. Customer orientation
Main effect. As predicted, there was a significant main effect of agent 

type on perceived customer orientation. Participants interacting with 
voice-based AI agents (M = 7.08, SD = 1.56) reported lower perceived 
customer orientation compared to those interacting with human agents 
(M = 7.73, SD = 1.11; t(130) = -2.78, p = 0.006). These findings offer 
additional support for H1, reinforcing that interactions with voice-based 
AI agents, compared to human agents, damage the perception of 
customer orientation (see Fig. 3).

Mediation. First, we assessed the effect of agent type on perceived 
empathy (the mediator). The overall model predicting perceived 
empathy was significant (R2 = 0.154, F(1,130) = 23.583, p < 0.001). 
Agent type had a significant effect on perceived empathy (β = -1.70, SE 
= 0.35, t(130) = -4.856, p < 0.001), indicating that participants inter
acting with voice-based AI agents perceived lower empathy compared to 
those interacting with human agents.

Next, we examined the effect of agent type and perceived empathy 
on perceived customer orientation (the dependent variable). The overall 
model was significant (R2 = 0.535, F(2,129) = 74.185, p < 0.001). 
Perceived empathy emerged as a significant predictor of perceived 
customer orientation (β = 0.48, SE = 0.04, t(129) = 11.523, p < 0.001). 
In contrast, the direct effect of agent type on perceived customer 
orientation was not significant when controlling for perceived empathy 
(β = 0.16, SE = 0.18, t(129) = 0.882, p = 0.379), suggesting that the 
effect of agent type on perceived customer orientation is fully mediated 
by perceived empathy. The analysis of the indirect effect of agent type 
on perceived customer orientation through perceived empathy revealed 
a significant indirect effect (Effect = -0.81, BootSE = 0.20, 95 % CI 
[-1.24, − 0.46]), thus supporting H2.

5.2.2. Customer satisfaction
Main effect. As predicted, there was a significant main effect of agent 

type on customer satisfaction. Participants interacting with voice-based 
AI agents (M = 7.76, SD = 1.49) reported lower satisfaction compared to 
those interacting with human agents (M = 8.30, SD = 1.20; t(122.68) =
-2.27, p = 0.025). These findings offer additional support for H1, rein
forcing that interactions with voice-based AI agents, compared to 
human agents, damage customer satisfaction.

Mediation. We examined the effect of agent type and perceived 
empathy on customer satisfaction (the dependent variable). The overall 
model was significant (R2 = 0.357, F(2,129) = 35.765, p < 0.001). 
Perceived empathy emerged as a significant predictor of customer 
satisfaction (β = 0.39, SE = 0.05, t(129) = 7.991, p < 0.001). In contrast, 
the direct effect of agent type on customer satisfaction was not signifi
cant when controlling for perceived empathy (β = 0.12, SE = 0.21, t 
(129) = 0.582, p = 0.562), suggesting that the effect of agent type on 
customer satisfaction is fully mediated by perceived empathy. The 
analysis of the indirect effect of agent type on customer satisfaction 
through perceived empathy revealed a significant indirect effect (Effect 
= -0.66, BootSE = 0.18, 95 % CI [-1.05, − 0.35]), also supporting our 
proposed mediation.

5.2.3. Repurchase intentions
Main effect. As predicted, there was a significant main effect of agent 

type on repurchase intentions. Participants interacting with voice-based 
AI agents (M = 6.82, SD = 1.55) reported lower repurchase intentions 
compared to those interacting with human agents (M = 7.31, SD = 1.60; 
t(130) = -1.77, p = 0.039). These findings offer additional support for 
H1, reinforcing that interactions with voice-based AI agents, compared 
to human agents, reduce customers’ intentions to repurchase from the 
company.

Mediation. We examined the effect of agent type and perceived 
empathy on repurchase intentions (the dependent variable). The overall 
model was significant (R2 = 0.372, F(2,129) = 38.133, p < 0.001). 
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Perceived empathy emerged as a significant predictor of repurchase 
intentions (β = 0.47, SE = 0.06, t(129) = 8.45, p < 0.001). In contrast, 
the direct effect of agent type on repurchase intentions was not signifi
cant when controlling for perceived empathy (β = 0.31, SE = 0.24, t 
(129) = 1.285, p = 0.201), suggesting that the effect of agent type on 
repurchase intentions is fully mediated by perceived empathy. The 
analysis of the indirect effect of agent type on repurchase intentions 
through perceived empathy revealed a significant indirect effect (Effect 
= -0.80, BootSE = 0.18, 95 % CI [-1.18, − 0.45]), further confirming H2.

5.2.4. Positive word-of-mouth
Main effect. Results show no significant main effect of agent type on 

positive word-of-mouth. Participants interacting with voice-based AI 
agents (M = 7.35, SD = 1.62) did not significantly differ from those 
interacting with human agents (M = 7.66, SD = 1.67; t(130) = -1.06, p 
= 0.292). These findings suggest that while interactions with voice- 
based AI agents negatively impact customer orientation and satisfac
tion, they do not significantly reduce customers’ willingness to recom
mend the company to others.

5.3. Discussion

The results of Study 2 extend Study 1′s findings by showing that 
voice-driven AI agents, compared to human agents, lead to lower 
repurchase intentions, with empathy continuing as a mediator of these 
effects. Interestingly, while these negative effects extended to perceived 
customer orientation, satisfaction, and behavioral loyalty, positive 
word-of-mouth intentions were not significantly affected. These findings 
suggest that although voice-driven AI agents diminish multiple customer 
perceptions and behavioral outcomes, this negative impact does not 
significantly influence customers’ willingness to recommend the com
pany to others.

To extend these findings, Study 3 tests whether the negative effects of 
voice-driven AI agents on perceived empathy and customer orientation 
occur because of a mismatch between the skill required by the recovery 
task (feeling vs. thinking) and the capabilities demonstrated by the 
agent.

6. Study 3

Study 3 examines whether the effect of agent type (human vs. voice- 
driven AI) on perceived empathy and customer orientation depends on 
the fit between the skill required by the service recovery task and the 
agent’s ability to perform it. In this study, we test whether the negative 
effects observed in prior studies emerge specifically when a voice-driven 
AI agent is assigned to a feeling-oriented task, for which it lacks the 
emotional fluency required. In contrast, when the same agent performs a 
thinking-oriented task, more aligned with its analytical strengths, we 
expect this mismatch to be less pronounced and customer evaluations to 
remain unaffected (H3).

6.1. Method

Design and Participants. Study 3 was a 2 (agent type: voice-driven AI 
vs. human) × 2 (type of task: feeling vs. thinking) scenario-based, be
tween-subjects experiment. A total of three hundred and twenty-one 
Portuguese participants were recruited via Prolific in exchange for 
monetary compensation. We excluded participants who failed two or 
more attention checks (n = 10) and who exhibited unusually rapid 
survey completion times (n = 3), leaving a final sample of 308 partici
pants (56.5 % male, 42.9 % female, 0.6 % other; Mage = 29.04; SDage =

8.84).
Procedures and Stimuli. Participants were randomly assigned to a 

scenario similar to the previous studies, describing a phone call inter
action with either a human or voice-driven AI customer service agent 
named Mario. The scenario involved receiving a damaged tablet (with 
deep scratches) from an online order delivered to their home. Drawing 
from the literature, we designed descriptive manipulations that reflected 
the distinct skills required to perform feeling and thinking tasks (Rust & 
Huang, 2021). The survey was translated from English to Portuguese 
using a double translation (Pavone et al., 2023). The complete stimuli of 
the experiment are presented in the Supplementary Material.

Measures. We assessed all variables using a nine-point Likert scale (1 
= strongly disagree, 7 = strongly agree). Our primary dependent vari
able, perceived customer orientation, was measured using the same five- 

Fig. 3. The impact of Agent Type on Perceived Customer Orientation and Positive Service Outcomes (Study 2). * p < 0.05; ** p < 0.01.
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item scale as the previous studies, adapted from Homburg et al. (2009)
(α = 0.87). The hypothesized mediating variable, perceived empathy, 
was assessed using the same four-item scale as the previous studies, 
adapted from Wilder et al. (2014) (α = 0.84). To validate our experi
mental design, we included four manipulation check questions to verify 
participants’ recognition of the agent type (a voice-driven AI or a 
human) and the agent’s skill type (social or technical skills). These 
questions also served as attention checks, leading to the exclusion of 
participants who failed to answer two or more questions correctly by 
selecting extreme responses (1 = strongly disagree or 9 = strongly 
agree). We also added the same question used in the previous studies to 
assess the scenario’s realism. Finally, demographic characteristics were 
included. All measures had reliabilities greater than the recommended 
0.7 threshold (Juquelier et al., 2025).

6.2. Results

Manipulation checks. Results showed that the manipulation worked as 
intended. A one-way ANOVA revealed that participants in the human 
condition showed significantly higher agreement with the statement 
that the agent of the call was a human (Mhuman = 6.51, SD = 1.38; MAI =

1.42, SD = 1.32; F(1, 306) = 1094.305, p < 0.001). Similarly, partici
pants in the voice-based AI condition reported significantly higher 
agreement with the statement that the agent of the call was a voice- 
based AI (Mhuman = 1.56, SD = 1.44; MAI = 6.73, SD = 1.02; F(1, 
306) = 2057.195, p < 0.001). In addition, participants in the feeling task 
condition showed significantly higher agreement with the statement 
that the agent of the call had social skills (Mfeeling = 5.99, SD = 1.36; 
Mthinking = 4.27, SD = 2.03; F(1, 306) = 74.712, p < 0.001). Similarly, 
participants in the thinking task condition reported significantly higher 
agreement with the statement that the agent of the call had technical 
skills (Mfeeling = 4.54, SD = 1.64; Mthinking = 6.38, SD = 1.05; F(1, 306) 
= 139.747, p < 0.001). Finally, the results indicated that our experiment 
offered an ecologically valid service encounter, being rated as signifi
cantly higher than the scale midpoint (M = 4.91; SD = 1.55, t (307) =
15.91, p < 0.001) (Pavone et al., 2023).

Analyses. To investigate the moderation effects of the type of task on 
customer orientation (H3), we conducted a two-way ANOVA. The 

perceived customer orientation (Y) served as the dependent variable, 
and the agent and the type of skill as factors. To examine whether the 
type of skill shown by the agent (thinking vs. feeling) moderates the 
indirect effect of agent type on perceived customer orientation via 
perceived empathy, we conducted a moderated mediation analysis using 
the PROCESS macro (Model 7, Hayes, 2017) with 5000 bootstrap sam
ples and a 95 % confidence interval (CI). The agent type (X) (coded as 0 
= human, 1 = voice-driven AI) was used as the independent variable, 
perceived empathy (M) as the mediator, perceived customer orientation 
(DV) as the dependent variable, and task type (W) (coded as: 0 =
thinking, 1 = feeling) as the moderator.

Main effect. Results of the two-way ANOVA revealed a significant 
main effect of the agent (Mhuman = 6.25, SD = 0.81 vs. MAI = 6.05, SD =
0.90, F(1, 304) = 3.848, p = 0.051). The main effect of the type of skill 
was not significant (Mfeeling = 6.17, SD = 0.87 vs. Mthinking = 6.13, SD =
0.85, F(1, 304) = 0.190, p = 0.663). Most importantly, there was a 
significant two-way interaction between agent type and skill type on 
customer orientation (F (1, 304) = 8.414, p = 0.004).

Planned contrasts revealed that in feeling-oriented tasks, human 
agents were rated as significantly more customer-oriented (Mhuman =

6.41, SD = 0.70 vs. MAI = 5.94, SD = 0.96; F (1, 304) = 12.385, p <
0.001). However, in thinking-oriented tasks, there was no significant 
difference between human and AI agents (Mhuman = 6.08, SD = 0.89 vs. 
MAI = 6.18, SD = 0.82; F (1, 304) = 0.422, p = 0.517) (see Fig. 4).

Results from a two-way ANOVA with perceived empathy as the 
dependent variable, and the agent and the type of skill as factors showed 
a significant main effect of the agent (Mhuman = 5.87, SD = 1.19 vs. MAI =

4.96, SD = 1.52, F(1, 304) = 34.038, p < 0.001). The main effect of the 
type of skill was not significant (Mfeeling = 5.31, SD = 1.61 vs. Mthinking =

5.54, SD = 1.22, F(1, 304) = 2.347, p = 0.127). Most importantly, there 
was a significant two-way interaction between agent and type of skill on 
perceived empathy (F (1, 304) = 8.342, p = 0.004).

Planned contrasts revealed that perceived empathy in the feeling 
task was higher in the human agent condition (M = 5.97, SD = 0.16), as 
compared to the AI agent condition (M = 4.63, SD = 0.15, p < 0.001). In 
the thinking task, participants also perceived the human agent as more 
empathetic (M = 5.77, SD = 0.15) than the AI agent (M = 5.31, SD =
0.16, p = 0.042).

Fig. 4. The impact of Agent and Type of Ability on Perceived Customer Orientation (Study 3). n.s. – non significant; *** p < 0.001.
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Moderated mediation. Results show that the interaction between 
agent type and task type was significant (β = -0.888, BootSE = 0.308, p 
= 0.004, 95 % CI [-1.493, − 0.283]). In thinking tasks, the effect of agent 
type on perceived empathy was significant (β = -0.453, BootSE = 0.222, 
p = 0.043, 95 % CI [-0.890, − 0.015]). In feeling tasks, the effect was also 
significant, with voice-driven AI perceived as less empathetic compared 
to human agents (β = -1.341, BootSE = 0.212, p < 0.001, 95 % CI 
[-1.759, − 0.923]). When examining the indirect effect of agent type on 
perceived customer orientation through perceived empathy, we found a 
significant indirect effect both on thinking (β = -0.175, BootSE = 0.075, 
95 % CI [-0.321, − 0.027]) and feeling tasks (β = -0.517, BootSE = 0.097, 
95 % CI [-0.713, − 0.330]). As in the prior studies, the direct effect of 
agent type on perceived customer orientation was not significant (β =
0.150, BootSE = 0.081, p = 0.066, 95 % CI [-0.010, 0.310]), which 
suggests a full mediation.

6.3. Discussion

Study 3 provides evidence for our theorized moderation, confirming 
that the negative effects of voice-driven AI agents on perceived customer 
orientation depend on a mismatch between the type of skill required and 
the capabilities of the agent. When the recovery task demanded feeling- 
based skills, AI agents, constrained by scripted expressions of empathy, 
were perceived as less empathetic than human agents, reducing per
ceptions of customer orientation. This aligns with the notion of para
metric reductionism (Valenzuela et al., 2024), where AI simplifies 
complex emotional experiences into predefined parameters. However, 
when the task involved thinking-based skills, where emotional nuance 
was less critical, this mismatch was not present, and customer evalua
tions did not differ significantly across agents. These findings confirm 
that it is not AI’s use per se but rather the fit between the task’s emotional 
demands and the agent’s capabilities that drives customer responses in 
service recovery contexts.

7. General discussion

As companies integrate voice-driven AI into service recovery, the 
question is no longer whether AI can replace human agents but rather 
how its presence affects consumer perceptions. While AI is often advo
cated for its efficiency, our findings reveal a critical trade-off: this effi
ciency comes at the expense of perceived customer orientation, 
especially in service recovery tasks requiring feeling skills, rather than 
thinking skills.

Across three experimental studies, we demonstrate that customers 
perceive service providers as less customer-oriented when service re
covery is handled by voice-driven AI rather than human agents, ulti
mately lowering satisfaction, behavioral loyalty, and repurchase 
intentions. We further show that this effect is mediated by perceived 
empathy, as consumers perceive that voice-driven AI struggles to 
replicate the emotional cues that make human service interactions feel 
genuine and relational.

Finally, our findings also reveal the conditions under which voice- 
driven AI agents’ limitations are more pronounced. We show that such 
limitations depend on the type of skill required to perform the service 
recovery task: when the task demands emotional sensitivity, AI’s limi
tations are more evident, whereas when the task is analytical or proce
dural, where emotional expression is less important, customer responses 
to AI and human agents are comparable. Hence, AI constraints face 
greater resistance when customers expect feeling skills and human-like 
emotional engagement.

8. Theoretical contributions

This research advances the growing body of literature on voice- 
driven AI in service encounters in three ways. First, this research pro
vides empirical support for the framework recently proposed by 

Valenzuela et al. (2024) to explain how AI constrains the human expe
rience in service contexts. According to this framework, AI limits human 
experience along three dimensions: (1) agency transference, where 
consumers delegate intentionality and decision-making to AI systems; 
(2) regulated expression, where users adjust or restrain their emotional 
responses to better align with the limited interpretative range of AI; and 
(3) parametric reductionism, whereby AI transforms rich, relational, 
and context-sensitive human experiences into simplified, pre-structured 
variables for processing. While some empirical research has begun to 
examine agency transference in service contexts (e.g., Wagner et al., 
2025), the current work is, to our knowledge, the first to empirically test 
the experiential consequences of parametric reductionism in consumer- 
facing interactions. Specifically, we show that even when AI agents use 
empathy scripts, offer apologies, or provide restitution, consumers 
interpret these actions as emotionally hollow, potentially because they 
follow pre-programmed rules rather than emerging from genuine human 
understanding. This suggests that customers are sensitive to what is said 
by AI, as well as to how and why it is said.

Second, this research contributes to the service recovery literature by 
introducing parametric reductionism as a theoretical lens to explain why 
AI-led recovery efforts often fail. While prior studies have documented 
that AI agents underperform in emotionally charged recovery contexts 
(e.g., Zhu et al., 2023; Liang et al., 2024), we build on Valenzuela et al.’s 
(2024) AI Constraints framework to theorize and demonstrate that 
customers reject the scripted, mechanical quality of AI’s expressions, 
which are perceived as less empathetic responses rather than context- 
sensitive emotional attunement. This aligns with research showing 
that consumers scrutinize the authenticity of service agents’ emotional 
displays (e.g., Grandey et al., 2005). We empirically demonstrate that 
this mechanistic perception undermines perceived empathy, which in 
turn explains the negative effect of AI on downstream outcomes such as 
customer orientation, satisfaction, and behavioral loyalty. By doing so, 
our work highlights an important gap in the literature: it is not only the 
presence or absence of recovery behaviors that matters, but the 
perceived authenticity of the interaction delivering them. Thus, our 
findings extend empathy research in service recovery (e.g., Mattila & 
Enz, 2002; DeWitt et al., 2008) by showing that technological mediation 
– when poorly matched to relational demands – can erode the inter
personal meaning of recovery gestures.

Third, we contribute to the emerging dialogue between the feeling 
economy framework (Huang et al., 2019; Vorobeva et al., 2022) and AI- 
based service recovery by identifying a boundary condition that helps 
explain when and why voice-driven AI harms customer outcomes. We 
show that the mismatch between the skills required by the recovery task 
and the expressive capabilities of the AI agent is a determinant of 
customer evaluations. This mismatch becomes especially salient in 
feeling-oriented tasks, those that demand emotional nuance and 
empathy. In these situations, the scripted, reductionist delivery of AI 
agents fails to meet the emotional expectations of customers, reducing 
evaluations of customer orientation, satisfaction, loyalty, and repurch
ase intentions. However, when the task instead calls for thinking- 
oriented skills, such as executing an analytical fix or issuing a proce
dural solution, AI’s limitations in affective expression are less likely to 
be noticed or penalized by customers.

This is not because AI becomes more emotionally competent but 
because emotional expressiveness is less relevant in such contexts. Our 
findings thus support and refine prior work on human-AI fit in service 
delivery (e.g., Mende et al., 2019; Belanche et al., 2020) by showing that 
task-agent alignment is crucial: AI can be effective, but only when 
assigned to tasks that match its capabilities. In doing so, we also respond 
to recent calls (e.g., Marinova et al., 2017; Puntoni et al., 2021) to move 
beyond general assessments of AI performance and instead identify the 
specific conditions under which AI can support or undermine service 
relationships. Our research advances this agenda, empirically showing 
that voice-driven AI is not inherently detrimental to service recovery; 
rather, its impact depends on how well the nature of the task matches 
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the type of intelligence the AI can convincingly project, analytical pre
cision versus emotional resonance.

8.1. Managerial implications

Our findings also offer guidance for companies and practitioners 
regarding when and how voice-driven AI should be integrated into 
service recovery strategies. Despite the proven benefits of voice-driven 
AI agents in maximizing service efficiency, our findings reveal that 
they fail to meet consumers’ expectations for empathy, thereby under
mining customer orientation and positive service outcomes (i.e., satis
faction, repurchase intentions, and behavioral loyalty). While artificial 
agents are often positioned as a cost-effective and scalable solution, our 
research reveals an unintended consequence: AI’s inability to convey 
genuine empathy can make even an otherwise effective service recovery 
feel inadequate to customers. This suggests that blindly replacing human 
agents with AI, even in structured service recovery processes, may 
backfire in ways that firms do not anticipate.

A prevailing assumption in voice-driven AI design is that making AI 
more human-like, through conversational language, emotional script
ing, or synthetic empathy, can mitigate its limitations (Huang & Rust, 
2024). However, our findings suggest that customers recognize the AI’s 
attempt at mimicking human empathy as less customer-oriented, due to 
the parametric reductionism bias (Valenzuela et al., 2024). Instead of 
focusing on replicating intrinsic human-related feeling skills, companies 
might benefit from positioning AI’s thinking skills as a competent, 
efficient, and consistent problem-solver in service recoveries.

Rather than treating AI and human agents as interchangeable, firms 
should consider service recovery models based on skills (thinking vs. 
feeling), where AI efficiently processes and resolves the issue, but 
human agents step in to provide emotional reassurance when necessary. 
For example, AI can handle thinking-skills-based problem resolution (e. 
g., refunds, technical troubleshooting), while human agents focus on 
feeling-skills-based relationship and emotional repair (e.g., apologies, 
personalized reassurance). Structuring service recovery around feeling 
(vs. thinking) skill sets allows companies to take advantage of voice- 
driven AI’s strengths.

8.2. Limitations and future research

While our study adds insights to the intersection of voice-driven AI, 
customer orientation, and service recovery, we acknowledge certain 
limitations that open avenues for future research. First, a common 
justification for AI adoption is its ability to provide faster service re
covery than human agents. Customers may interpret an instant AI- 
driven resolution as a superficial, automated response rather than a 
sign of superior efficiency. While our research has not covered how 
speed affects perceived customer orientation, future research could 
consider how introducing controlled delays or personalization strategies 
that mimic the thoughtful, deliberative nature of human responses could 
counteract this perception.

In addition, while we identified perceived empathy as a mediator 
between agent type (voice-driven AI vs. human) and perceived customer 
orientation, we did not examine how familiarity with AI and technology 
might shape these perceptions. Prior research suggests two competing 
perspectives: on the one hand, greater familiarity with AI and robots is 
often associated with higher acceptance and perceived usefulness, as 
individuals develop an understanding of their capabilities (Belanche 
et al., 2019; Chi et al., 2021). On the other hand, some studies indicate 
that high familiarity can also breed skepticism or resistance, as in
dividuals with more experience may be more aware of AI’s limitations, 
biases, or lack of human-like qualities (Belanche et al., 2019; Horowitz 
et al., 2024). Future research should explore how these contrasting 

effects unfold in AI-driven service recovery, identifying whether famil
iarity enhances trust and perceived effectiveness or, conversely, re
inforces doubts about AI’s ability to handle emotional interactions.

Future research could further investigate how individual differences 
affect customer preferences for voice-driven AI service recovery. While 
our findings suggest that customers generally prefer human agents in 
emotionally charged service encounters, this may not hold across all 
consumer segments. Individuals with high social anxiety, discomfort 
with confrontation, or a preference for transactional rather than rela
tional service experiences may actually feel more at ease interacting 
with AI than with human agents. Future studies could explore how 
psychological traits, past experiences, and situational factors influence 
the acceptance of AI in service recovery. In addition, research could 
examine whether offering customers a choice between AI and human 
support improves overall satisfaction or inadvertently increases decision 
fatigue.

A limitation of our study is that we focused on voice AI agents 
executing service recovery flawlessly, assuming that technical accuracy 
and problem resolution were held constant. However, service agents are 
not perfect – mistakes are common in service interactions, and when 
accompanied by a sincere apology, errors can paradoxically strengthen 
customer trust (Schniter et al., 2013). In contrast, AI is typically held to 
higher standards of perfection, and even minor errors can be perceived 
as incompetence rather than human-like fallibility. Future research 
could explore whether strategically placed, low-stakes AI mistakes – 
such as slight misinterpretations, minor corrections, or even AI hallu
cinations – could enhance AI’s perceived authenticity and trustworthi
ness, or if this effect applies only to interactions with human agents. 
While intuitive thinking suggests that AI should deliver flawless per
formance, could small imperfections make AI interactions feel more 
natural and relatable?

Finally, as AI continues to be applied across all industries, it is 
possible that, in the near future, AI-driven interactions may no longer be 
perceived as cold or impersonal but instead signal competence and 
innovation. While our findings suggest that AI-driven service recovery 
currently faces limitations due to a perceived lack of empathy, future 
research could explore whether shifting societal norms and increasing AI 
integration will change consumer expectations over time.

Overall, we call for future research to move beyond traditional 
comparisons between voice-driven AI and human agents and instead 
explore how voice-driven AI can be optimized to enhance customer 
perceptions. Our findings highlight important challenges in voice-driven 
AI service recovery, but they also open avenues for investigating when 
and how AI agents can paradoxically increase trust, emotional connec
tion, and customer loyalty. Future studies should examine the evolving 
expectations consumers have for AI interactions, the long-term effects of 
AI-driven service recovery on customer-provider relationships, and the 
potential for hybrid models that balance AI efficiency with human 
warmth.
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Belanche, D., Casaló, L. V., Flavián, C., & Schepers, J. (2020). Service robot 
implementation: A theoretical framework and research agenda. The Service Industries 
Journal, 40(3–4), 203–225. https://doi.org/10.1080/02642069.2019.1672666

Belpaeme, T., Kennedy, J., Ramachandran, A., Scassellati, B., & Tanaka, F. (2018). Social 
robots for education: A review. Science Robotics, 3(21). https://doi.org/10.1126/ 
scirobotics.aat5954
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