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Abstract 
As generative AI systems play an increasing role in 

emotional support, scholars have raised concerns about 

discomfort, inauthenticity, and expectancy violations 

resulting from AI's empathic responses. Drawing on 

verbal person-centeredness theory, this study proposes 

User-Centric Empathy (UCE: emotion-focused and 

validating) and Situation-Centric Empathy (SCE: 

context-focused and redirecting) as distinct AI empathy 

approaches and examines how empathy type and agent 

type jointly influence user experience. The results 

indicate that, when expressed by an AI agent, situation-

centric empathy (SCE) emerges as a more appropriate 

empathy, as it reduces discomfort and inauthenticity. 

Interestingly, when blame is attributed to one’s own 
error rather than to external sources, the type of 

empathy expressed by the AI agent exerts no significant 

effect. These results highlight that the effectiveness of 

AI-delivered empathy depends less on mimicking 

human-like responses and more on adopting an 

appropriate empathy approach, showing that 

superficial mimicry cannot foster authentic relational 

outcomes. 

 

Keywords: verbal person centeredness, user-centric 

empathy, situation-centric empathy, inauthenticity, 
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1. Introduction  

With the rapid advancement of generative AI, its 

applications have expanded beyond traditional tasks to 

more human-centered domains. One such area is 

empathetic communication. In this study, AI agents are 

defined as applications and assistants that exhibit 

human-like intelligence across multiple modalities (e.g., 

text, voice) and embodiments (e.g., virtual, physical). 

These agents are increasingly employed to recognize 

emotions, generate supportive responses, and simulate 

human-like understanding (Gao et al., 2021). Reflecting 

this shift, the integration of empathy into AI systems has 

become an active area of research, bridging 

psychological insights in various domains (Chaturvedi, 

2024). 

Empathy, a cornerstone of human communication, 

is crucial for emotional support and relational 

effectiveness (Burleson, 2003). It encompasses both 

cognitive and affective dimensions, involving the 

understanding of others' emotions and the delivery of 

appropriate responses (Davis, 1983; Decety & Jackson, 

2004). Research has demonstrated that empathic 

messages can reduce distress (Burleson, 2009), enhance 

perceived support (Jones & Guerrero, 2001), and 

increase helpfulness (High & Dillard, 2012). As users 

increasingly expect similar emotional attunement from 

AI (Brave et al., 2005), researchers have explored 

methods for embedding empathy into machine 

responses (Prendinger & Ishizuka, 2005; Rashkin et al., 

2022). 

However, recent studies show that human-like 

empathy from AI often elicits discomfort and 

perceptions of inauthenticity. Such reactions are 

consistent with prior work showing that expressed 

emotion may backfire when judged as inappropriate or 

inauthentic (Cheshin et al., 2018). Similarly, Liu & 

Sundar (2018) found that intelligent agents expressing 

human-like empathy may evoke discomfort due to 

uncanny or unnatural affect, a pattern also observed in 

Stein & Ohler (2017) where avatar-based empathy 

triggered strong uncanny perceptions.  

These findings have led researchers to further 

investigate what constitutes appropriate forms of 

empathy in human–AI interaction. For example, others 

have proposed models of artificial empathy based on 

perspective-taking, empathic concern, and emotional 

contagion (Thompkins et al., 2022), or examined the 

effects of varying empathy intensity, comparing high vs. 

low empathy responses (Liu et al., 2025). 

These approaches, while useful in establishing 

basic empathy categories or intensities, often rely on 

binary distinctions without clear definitional grounding 

or design criteria. Consequently, prior work has not 

fully addressed users’ discomfort with AI-expressed 

empathy, leaving open questions about how best to 

mitigate such reactions. 
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To address this challenge, we draw on Verbal 

Person-Centeredness (VPC) theory (Burleson, 1984, 

1994), a framework extensively applied in 

communication research. VPC conceptualizes empathy 

not by the amount expressed but by the type of message, 

distinguishing high, moderate, and low levels of person-

centeredness. High person-centered messages focus 

strongly on validating emotions, whereas low levels 

minimize or dismiss them. Moderate messages, 

however, combine recognition of feelings with 

situational understanding and future-oriented support. 

This distinction is particularly relevant in AI contexts, 

where overly emotional expressions may come across as 

inauthentic or uncomfortable. Accordingly, we suggest 

that moderate, situation-focused empathy offers a more 

suitable approach for AI agents, as it may better 

alleviate user discomfort and foster more positive 

interactions. 

Building on this, the main research question in this 

study is: Will moderate VPC more effective in reducing 

discomfort and improving user satisfaction in human–

AI interactions compared to user-centric empathy? We 

investigate this question across two distinct contexts to 

determine which AI empathy strategy is most effective. 

2. Verbal Person Centeredness 

       Verbal person-centeredness (VPC), a foundational 

concept in supportive communication, is defined by 

Burleson as comprising three levels: high, moderate, 

and low. High person-centered messages (HPC) 

explicitly affirm and contextualize an individual’s 

emotional experience. Moderate person-centered 

messages (MPC) acknowledge emotions to a limited 

extent while focusing primarily on the situation. Low 

person-centered messages (LPC) offer minimal 

emotional validation and often divert attention away 

from the individual’s experience (Burleson 2003). 

       Rooted in decades of interpersonal communication 

research, VPC distinguishes the quality of supportive 

messages based on their linguistic structure and the 

degree to which they address the emotional and 

situational needs of the recipient (Burleson, 2010). 

Given that users often apply the same social heuristics 

to AI agents as they do to humans, as established in the 

Computers Are Social Actors (CASA) paradigm 

(Reeves & Nass, 1996), AI generated messages may 

likewise be assessed in terms of person-centeredness, 

extending a framework rooted in human communication 

to human-AI contexts. 

       Research consistently shows that HPC messages 

yield favorable outcomes in human–human 

communication by validating emotions, enhancing 

relational satisfaction, and fostering openness and trust 

(High & Solomon, 2014; Bodie & Burleson, 2015; 

Bodie & MacGeorge, 2020). Yet these benefits do not 

readily extend to human–AI communication. Users 

often perceive AI’s humanlike empathy as inauthentic, 

evoking discomfort when systems appear to mimic self-

consciousness. Empathic expressions may sometimes 

backfire when perceived as inappropriate or inauthentic, 

and humanlike empathy from intelligent agents can 

evoke discomfort due to uncanny or unnatural affect, a 

pattern also observed in avatar-based empathy (Cheshin 

et al., 2018; Liu & Sundar, 2018; Stein & Ohler, 2017). 

       Given these concerns, a more balanced approach 

that shifts the focus of empathy toward the situation may 

be more effective in human–AI interaction. To 

formalize this approach, we adapt the Verbal Person-

Centeredness (VPC) framework (Burleson, 2010) to 

distinguish between two primary forms of AI-expressed 

empathy: User-centric and Situation-centric. User-

centric empathy (UCE) corresponds to high person-

centeredness, emphasizing direct validation of the 

user’s emotional experience. Situation-centric empathy 

(SCE) reflects moderate person-centeredness, 

redirecting the focus toward the situational context 

while still acknowledging the user’s feelings. By 

centering on the situation and potential solutions, SCE 

mitigates the risks of inauthentic affect while preserving 

supportive communication. In contrast, low person-

centeredness (LPC) is excluded, as prior research shows 

that such messages diminish emotional support, reduce 

effectiveness, and may even be perceived as dismissive 

or face-threatening (Burleson, 2010; Jones & Wirtz, 

2006). 

 

2.1. User vs. Situation-Centric Empathy 

       User-centric empathy (UCE) prioritizes the user’s 

emotional experience and emphasizes empathetic 

engagement. In contrast, situation-centric empathy 

(SCE), focuses more on contextual factors than on the 

individual’s emotions. The goal of SCE is often to 

alleviate distress indirectly by shifting attention away 

from the emotional experience. Drawing on early 

empirical insights, it is characterized by three key 

strategies: impersonal acknowledgment, distraction, and 

rationalization. 

       Impersonal acknowledgment involves surface-level 

recognition of another’s emotions without offering 

meaningful support or coping mechanisms, typically 

expressed through vague or generic phrases such as “I 

see what you mean” or “Got it,” which signal minimal 

emotional engagement (Burleson, 1994; Knowles & 

Faw, 2015). Distraction aims to shift attention away 

from distressing emotions by focusing on more positive 

aspects or offering compensations, such as suggesting a 

pleasant memory, offering reassurance, or proposing a 

solution, thereby reframing the situation without 
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directly addressing emotional concerns (Samter & 

MacGeorge, 2016; High & Dillard, 2012; Jones et al., 

2018; Burleson, 1982). Rationalization, on the other 

hand, relies on logical reasoning or contextual 

explanations to downplay emotional discomfort by 

framing the distress as unavoidable or insignificant, 

using statements like “Nothing could have been done to 

prevent this” or “It will get better soon.” 

      We posit that in human–AI interaction, an empathy 

approach emphasizing impersonal acknowledgment and 

situation-focused responses is more suitable, given the 

importance of perceived inauthenticity, perceived 

empathy, and expectation violation, which are well 

established as central constructs in the emotional 

support literature (Burleson, 2010; Jones & Wirtz, 2006; 

High & Solomon, 2014). 

3. Perceived Inauthenticity and Empathy 

     In research on human–AI communication, two 

constructs have been particularly central: perceived 

inauthenticity and perceived empathy. Perceived 

inauthenticity (PIA) refers to users’ judgment of 

whether an agent’s behavior is sincere, appropriate, and 

consistent with expectations for artificial systems (Lee, 

2020). Likewise, perceived empathy (EMP) is defined 

as the extent to which users believe that an artificial 

agent can recognize and respond to their affective state 

(Lee & Choi, 2017; Feine et al., 2019).  

       Early studies have shown that when AI agents adopt 

overly humanlike and highly empathic approaches, 

users often experience them as uncanny, inappropriate, 

or uncomfortable (Liu & Sundar, 2018; Stein & Ohler, 

2017). These findings suggest that user-centric empathy 

(UCE), which mirrors humanlike emotional expression, 

may not always produce positive outcomes in human–

AI contexts. By contrast, situation-centric empathy 

(SCE) still acknowledges the user’s emotions but frames 

them in relation to the situational context rather than 

echoing them directly. This shift makes empathy appear 

less simulated and more consistent with expectations for 

artificial agents, thereby reducing perceived 

inauthenticity while enhancing perceived empathy 

(Cheshin et al., 2018; Liu & Sundar, 2018; Oliver, 1993; 

Nass & Moon, 2000). Therefore, we posit that:  

H1. Perceived inauthenticity will be higher when AI 

agent expresses UCE than when it expresses SCE.  

 
H2. Perceived empathy will be lower when AI agent 

expresses UCE than when it expresses SCE. 

 

 

 

4. Expectancy Violation 

       Expectancy Violations Theory (EVT) offers a 

framework for understanding how individuals react to 

communication behaviors that deviate from their 

expectations, which are shaped by social norms, context, 

and communicator characteristics (Burgoon, 1993; 

Burgoon et al., 2016). EVT has been applied to analyze 

how people evaluate AI agents that violate assumptions 

about appropriate emotional expression or behavioral 

boundaries (Rheu et al., 2024; Burgoon et al., 2016, Han 

& Zhang, 2023). In the context of AI, baseline 

expectations refer to the default assumptions users hold 

about an AI system’s intelligence, reliability, or 

behavior prior to interaction, often shaped by media, 

prior experiences, or cultural narratives (Madhavan et 

al., 2006; Waytz et a., 2014). 

       While positive violations can enhance evaluations, 

negative violations often provoke discomfort and 

reduced trust, especially in emotionally sensitive 

interactions (Burgoon, 2015). In human-AI contexts, 

emotional expression by AI agents is a frequent source 

of negative expectancy violations. Unlike humans, AI 

systems are not expected to possess emotional 

consciousness (Haslam, 2006; Gray et al., 2007). When 

AI exhibits human-like empathy, this mismatch 

between user expectations and system behavior can lead 

to ontological disconfirmation (Oliver, 1993; Stein & 

Ohler, 2017). 

       We propose that users will experience greater 

expectancy violations when an AI agent expresses user-

centric empathy compared to situation-centric empathy. 

User-centric empathy, characterized by high person-

centered communication, involves explicit emotional 

engagement aimed at validating and mirroring users’ 

emotions. Although designed to humanize the 

interaction, this approach often exceeds users’ 

normative expectations of AI capabilities, leading to 

emotional incongruity and discomfort (Gray & Wegner, 

2012; Burgoon et al., 2016). In contrast, situation-

centric empathy, typically associated with moderate 

person-centeredness, emphasizes contextual support 

and problem-solving rather than emotional mirroring. 

This form of empathy aligns more closely with users’ 

functional expectations of AI agents, thereby resulting 

in fewer expectancy violations. Therefore, we posit that: 

 

H3. Expectancy Violation will be higher when AI agent 

expresses UCE than when it expresses SCE. 

5. Discomfort and Satisfaction 

        Empirical studies increasingly suggest that 

emotionally expressive AI systems, particularly those 

designed to simulate high degrees of human-like 
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empathy, can provoke psychological discomfort in users 

due to perceived inauthenticity and emotional 

dissonance. Cao et al. (2021) note that although 

empathic AI can simulate emotional understanding, its 

lack of subjective consciousness introduces a disconnect 

between perceived emotion and actual sentience, which 

may trigger cognitive and affective discomfort in users. 

Similarly, Devaram (2020) highlights that user-facing 

empathetic chatbots in mental health contexts often 

overstep user expectations, especially when they engage 

in overt emotional mirroring, raising ethical and 

emotional concerns. This discomfort is intensified when 

AI responses resemble deep emotional engagement 

typical of user-centric empathy, which is inherently high 

in emotional expressiveness. Also, satisfaction tends to 

be lower when AI agents express user-centered 

emotional responses, such as affective mirroring, 

because such behaviors can violate users’ expectations 

of machine appropriateness and authenticity (Rheu et 

al., 2024) Therefore, we posit that:  

 

H4. Discomfort will be higher when AI agent expresses 

UCE than when it expresses SCE. 

 

H5. Satisfaction will be lower when AI agent expresses 

UCE than when it expresses SCE. 

 

6. Instrument Development 

       Instrument development followed the structured, 

theory-driven procedures recommended by MacKenzie 

et al., (2011), including item generation, expert 

validation, and iterative refinement. The development 

process was based on the established research on 

person-centered communication, where each paper 

extensively defines and coherently categorize what each 

UCE and SCE is comprised of (Applegate, 1980; 

Burleson, 1982, 1994; High & Dillard, 2012; Jones & 

Bodie, 2014; Samter & MacGeorge, 2016; Jones et al., 

2018; MacGeorge et al., 2019; MacGeorge et al., 2011; 

Dai, 2021).  

        To ensure content validity and clarity, a card 

sorting procedure was conducted using the predefined 

construct definitions. Five evaluators participated in the 

initial classification task, comprising three Ph.D. 

researchers, one master's-level researcher, and one 

domain expert. Each evaluator was asked to categorize 

the items into their corresponding constructs and to 

identify any items that appeared ambiguous, 

mismatched, or could be improved in wording. The 

classification process yielded 100% inter-rater 

agreement, indicating high conceptual alignment among 

the items. To further refine linguistic clarity and tone, 

six additional master's students independently reviewed 

the items for naturalness and readability. Based on their 

feedback, minor revisions were made. For example, the 

item “demonstrating an understanding of users’ feelings” 

was revised to “demonstrating a deep understanding of 

users’ feelings” to enhance specificity and emotional 

nuance. 

      The finalized instrument included nine items for 

each construct, representing User-Centric Empathy 

(UCE) and Situation-Centric Empathy (SCE), 

respectively. Example items for UCE include 

statements such as “The response acknowledges and 

validates users’ emotions,” reflecting a high level of 

emotional engagement. In contrast, items for SCE 

emphasize functional and pragmatic support, as 

exemplified by “The response focuses on practical steps 

over emotional validation.” 

 

7. Study Design and Procedure  
 

7.1 Study Design 
 

Participants in both studies viewed a pre-recorded 

video depicting a text-based counseling exchange 

between a user and a counselor. The interaction was 

presented in an iMessage-style chat interface, where text 

bubbles appeared sequentially to simulate a natural 

conversation (Figure 1). Participants were instructed to 

adopt the user’s perspective and evaluate the interaction 

accordingly. Study 1 involved a scenario in which the 

user experienced emotional distress caused by a friend 

who contacted them only when in need. In contrast, 

Study 2 presented a user struggling with financial 

difficulties resulting from their own irresponsible 

decisions. 

 

7.2 Scenario 
 

To explore how attributional framing influences 

emotional support from AI agents, we designed two 

distinct scenarios based on Attribution Theory (Weiner, 

1985): one in which the cause of distress is attributed 

externally (for example, being treated unfairly by 

others), and another in which the cause is internally 

attributed (such as self-blame or guilt). This distinction 

is theoretically grounded in well-established 

psychological research suggesting that individuals’ 

emotional needs and preferred support styles differ 

depending on whether they perceive the source of 

distress as external or internal. Moreover, recent 

empirical studies (for example, Shin & Biocca, 2018; 

Zhou et al., 2021) show that attribution-aware AI agents, 

which tailor their responses according to the user's 

attributional framing, are perceived as more empathetic 

and trustworthy. By modeling one scenario with 

external attribution and the other with internal 
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attribution, our study aims to explore how UCE and 

SCE operate across these differing contexts. 

 

7.3 Manipulation 
 

The experimental manipulation focused on two 

types of empathy: user-centric empathy (UCE) and 

situation-centric empathy (SCE). These categories draw 

from the person-centered communication framework 

and were operationalized using established guidelines 

and codebooks from prior research (e.g., Applegate 

1980; Burleson 1982, 1994; High & Dillard 2012; Jones 

& Bodie 2014; Samter & MacGeorge 2016; MacGeorge 

et al. 2019; Dai 2021). 

 

 
Note. The left panel shows the AI agent in the UCE condition, while the 
right panel displays the human counterpart in the same UCE condition. 
Figure 1. Screenshot of the Experimental Scenario 

 

To evaluate face validity and categorization 

accuracy, six graduate-level researchers with expertise 

in interpersonal and human-AI communication 

independently reviewed all generated responses. Each 

reviewer was provided with the operational definitions 

and codebook prior to evaluation. All raters 

unanimously categorized each response as either UCE 

or SCE, resulting in 100% inter-rater agreement. 

 

8. Pilot Study 
 

        A pilot study was conducted to refine stimuli and 

validate core measures prior to the main experiments. A 

total of 109 U.S.-based participants were recruited via 

MTurk. After excluding 10 who failed attention checks, 

the final sample included 99 participants (65.7% male). 

Most were between ages 25 and 44 (70.7%), and the 

majority identified as White (88.9%). Educational 

attainment was high, with 61.6% holding a bachelor’s 

degree and 17.2% a master’s degree.  

       All constructs were measured using adapted, multi-

item scales rated on 7-point Likert-type scales (1 = 

strongly disagree, 7 = strongly agree). Perceived 

Inauthenticity (PIA) was measured using items adapted 

from Seitz (2024). Perceived Empathy (EMP) was 

initially adapted from Parasuraman et al. (1994) but was 

later replaced by items from Xu and Burleson (2001) 

due to discriminant validity concerns. Expectation 

Violation (EVT) was assessed using adapted items from 

Afifi and Metts (1988). 

        Given non-normality in data distribution (Shapiro–

Wilk p < .001), principal axis factoring with varimax 

rotation was used. For HPC items, a one-factor solution 

emerged (KMO = .875, Bartlett’s p < .001), with all 

loadings > .56. For MPC items, a two-factor solution 

emerged (KMO = .872), with core items (e.g., MPC_4, 

MPC_9) loading strongly on the first factor, and others 

(MPC_1, 2, 6) loading on a second. These were retained 

due to theoretical relevance, with further validation 

planned through CFA in subsequent studies. 

 

9. Study 1 
 

Participants (N = 82) were recruited via Amazon 

Mechanical Turk (MTurk). Following attention check 

procedures, 8 responses were excluded, resulting in a 

final sample of 72 valid cases. Of these, 63.9% 

identified as male. Participants' ages were primarily 

concentrated in the 35 and 44 year 40.3% age ranges. 

The majority of participants held a bachelor’s degree 

(56.9%). In terms of racial composition, the sample was 

predominantly White (94.4%). Eligibility criteria 

included an approval rate of at least 98% and completion 

of a minimum of 100 prior tasks. Participants received 

$1.70 as compensation for survey completion.  

 

9.1 Manipulation Check  
 

Participants experienced both Empathy Types 

(UCE and SCE; order counterbalanced). After each 

experience, they rated the interaction using both the 

scale designed for that empathy type (matched) and the 

scale designed for the other type (mismatched). A 2 

(Empathy Type: UCE vs. SCE) × 2 (Congruency: 

matched vs. mismatched) repeated-measures ANOVA 

revealed significant main effects of Empathy Type, F(1, 

71) = 8.990, p = .004, ηp² = .112, and Congruency, F(1, 

71) = 12.008, p < .001, ηp² = .145. Importantly, the 

Empathy Type × Congruency interaction was 

significant, F(1, 71) = 25.206, p < .001, ηp² = .262. 

Specifically, participants gave higher ratings on the 

scale that matched the empathy type they had just 

experienced, confirming the validity of the 

manipulation. 
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9.2 Measures 
 

All constructs were assessed using multi-item, 7-

point Likert-type scales (1 = strongly disagree, 7 = 

strongly agree). The user- and situation-centric 

messages were developed by the authors based on 

Burleson’s (2007) Verbal Person-Centeredness 

framework and validated through expert review and 

pilot testing. Perceived empathy was measured using 

adapted items from Xu and Burleson (2001), while 

perceived inauthenticity was assessed using a recently 

developed scale (Seitz, 2024). Expectation violation 

was measured with items from Afifi & Metts (1988) and 

Burgoon & Walther (1990). Discomfort was assessed 

via Castelo et al. (2019), and satisfaction was assessed 

using combined scale adapted from Kim and Son (2009) 

and Ribbink et al. (2004), covering both affective and 

cognitive dimensions. 

 
9.3 Measurement Model Assessment 

 
We conducted an exploratory factor analysis (EFA) 

in SPSS on the newly developed measurement items for 

UCE and SCE. Items with low communalities (< .50), 

low corrected item–total correlations (< .40), or weak 
factor loadings (< .50) were removed. As a result, the 

following items were retained: UCE (items 2, 4, 6, 8, 9) 

and SCE (items 2, 3, 6). The Kaiser–Meyer–Olkin 

(KMO) measure of sampling adequacy was .810, and 

Bartlett’s test of sphericity was significant (p < .001), 

indicating the data were suitable for factor analysis. The 

two-factor solution accounted for 44.22% of the total 

variance. All retained items exhibited communalities 

above .50 with no evidence of problematic cross-

loadings, and Harman’s single-factor test suggested that 

common method bias was not a concern.  

Confirmatory factor analysis (CFA) was conducted 

using Lavaan R studio to evaluate the measurement 

model. Initial analyses revealed that three items of the 

Empathy construct (EMP1, EMP4, EMP6) exhibited 

low standardized loadings (below the .70 threshold) and 

were consequently removed. The revised model 

demonstrated an improved and acceptable fit (χ²(753) = 

1293.321, p < .001, CFI = .857, TLI = .837, RMSEA 

= .099, SRMR = .074). All remaining items loaded 

strongly on their intended constructs (standardized 

loadings > .70), supporting indicator reliability. 

Composite reliabilities ranged from .771 to .970, 

exceeding the recommended .70 benchmark, and 

average variance extracted (AVE) values ranged 

from .510 to .888, meeting the .50 criterion, thus 

providing evidence of convergent validity. Discriminant 

validity was further established, as all HTMT ratios 

were below the conservative threshold of .85. 

9.4 ANCOVA 
 

A mixed-design ANOVA showed no evidence that 

participants’ demographic characteristics or thinking 

style moderated the overall difference between UCE and 

SCE (all ps > .12). To further probe potential conditional 

effects, we conducted a repeated-measures ANCOVA 

treating UCE and SCE as separate within-subjects 

factors. This analysis revealed that UCE interacted 

significantly with thinking style (Wilks’ Λ = .857, F = 

10.80, p = .002) and that a three-way interaction among 

UCE, SCE, and thinking style was also significant 

(Wilks’ Λ = .881, F = 8.80, p = .004). Moreover, age 

moderated the combined effects of UCE and SCE 

(Wilks’ Λ = .883, F = 8.58, p = .005), whereas sex, race, 

education, and the AI vs. Human manipulation were 

nonsignificant (all ps > .20). These results indicate that 

while empathy effects were generally consistent across 

participants, individual differences in thinking style and 

age systematically shaped how UCE and SCE 

influenced outcomes. 

 

9.5 MANCOVA 
 

A repeated-measures analysis was conducted to 

compare participants’ responses across the two empathy 

conditions (UCE vs. SCE) on five dependent variables 

(EMP: Empathy, PIA: Inauthenticity, DFT: Discomfort, 

EVT: Expectancy Violation, SAF: Satisfaction). 

Pairwise comparisons with Bonferroni adjustment 

indicated significant condition effects for three of the 

five measures. Specifically, scores were significantly 

higher in the UCE condition compared to the SCE 

condition for EMP (Mdiff = 0.92, SE = 0.11, p < .001, 

95% CI [0.70, 1.14]), PIA (Mdiff = 0.40, SE = 0.13, p 

= .003, 95% CI [0.15, 0.66]), and DFT (Mdiff = 0.37, 

SE = 0.13, p = .007, 95% CI [0.10, 0.64]). In contrast, 

no significant differences were observed between UCE 

and SCE for EVT (Mdiff = 0.11, SE = 0.11, p = .343, 

95% CI [–0.12, 0.33]) or SAF (Mdiff = –0.18, SE = 0.15, 

p = .211, 95% CI [–0.47, 0.11]). 

To further examine whether these effects differed 

depending on the type of agent (AI vs. human), simple 

effect analyses were conducted. Results showed that in 

the AI condition, participants reported significantly 

higher scores in the UCE condition than in the SCE 

condition for EMP (Mdiff = 0.64, SE = 0.16, p < .001, 

95% CI [0.32, 0.96]), PIA (Mdiff = 0.62, SE = 0.19, p 

= .002, 95% CI [0.24, 0.99]), and DFT (Mdiff = 0.50, 

SE = 0.20, p = .013, 95% CI [0.11, 0.89]). By contrast, 

in the human condition, the UCE manipulation 

significantly increased EMP (Mdiff = 1.21, SE = 0.15, 

p < .001, 95% CI [0.91, 1.51]), but did not significantly 

affect the other measures. A summary of the results is 

presented in Figure 2. 
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Note. Covariates in the model were evaluated at the following values: T/F 
= 55.06, SEX = 1.36, AGE = 4.03, RACE = 1.17, EDU = 4.79.  *** p 

< .001, ** p < .01 (significant differences confirmed by MANOVA). 

Figure 2. Perceived Outcomes by Empathy and 
Agent Type (Study 1) 

 

9.6 Results 
 

We tested five hypotheses regarding the differential 

effects of user‐centric empathy (UCE) versus situation‐

centric empathy (SCE) on participants’ evaluations. 

Results showed that H1 and H4 were supported, 

whereas H2, H3, and H5 were not. Specifically, contrary 

to H2, perceived empathy was significantly higher in the 

UCE condition than in the SCE condition, rather than 

lower. And perceived inauthenticity was significantly 

greater under UCE compared to SCE when expressed 

by AI agent. Supporting H4, participants also reported 

greater discomfort when exposed to UCE relative to 

SCE. By contrast, expectancy violation (H3) and 

satisfaction (H5) did not differ significantly across 

conditions. Taken together, these findings indicate that 

while UCE heightened inauthenticity and discomfort 

perceptions, it did not enhance satisfaction and, 

unexpectedly, even produced higher empathy ratings 

than SCE. 

 

10. Study 2 

 
A total of 266 participants were recruited through 

Amazon Mechanical Turk (MTurk), excluding 49 those 

who failed attention check, final sample were 217. The 

purpose of Study 2 was not only to examine the effects 

of UCE and SCE on five DVs, but also to understand the 

relationship between the variables (smratpls). Same 

Mturk criteria was applied as study 1. The sample was 

predominantly male (66.8%) and largely White (95.4%). 

A majority of participants held a bachelor’s degree 

(56.2%), and nearly half were between 18 and 24 years 

old (45.6%).  

In Study 2, the same measures from Study 1 were 

used, with the addition of violation valence, which was 

assessed using a reverse-coded scale adapted from Hong 

et al. (2021), because without violation valence, we 

could not know if they experienced a positive 

expectation violation or negative. Study 2 was designed 

as a follow-up replication study that simplified the 

complex findings of Study 1 to examine whether 

condition differences would replicate within a specific 

context; therefore, only one type of measure was 

included in each condition (UCE in the UCE condition, 

SCE in the SCE condition) 

 
10.1 Measurement and Structural Model 

Assessment 

 
Measurement and Structural Model Assessment 

was assessed with smartpls, PLS SEM algorithm. For 

UCE condition, Low loading and cross loading was 

excluded: EMP 1,4,6, UCE 5,6. After removal, AVE 

were all higher than 0.611, crobach all higher than 0.897 

except for EMP which was 0.681, and discriminant 

validity was confirmed (HTMT all below 0.882), no 

issue with cross loadings and Fornell-Larcker criterion. 

SRMR is 0.065 and NFI was 0.865, which were all 

within acceptable range. VIF were all below 7.111.  For 

SCE condition EMP1,3, MPC 4,7,8 were removed. 

After removal, all of the other reliability and validity 

were above threshold, acceptable. 

 

10.2 ANCOVA and MANCOVA 
 

We conducted a repeated-measures ANOVA to 

examine the effects of EmpathyType across five 

dependent variables (EMP, PIA, EVT, DFT, and SAF). 

The results revealed a significant main effect of 

EmpathyType on EMP (F(1, 211) = 13.08, p < .001), 

indicating that participants’ EMP scores differed 

significantly between conditions. In contrast, no 

significant effects were observed for PIA (F(1, 211) = 

0.05, p = .818), EVT (F(1, 211) = 0.15, p = .704), DFT 

(F(1, 211) = 0.07, p = .789), or SAF (F(1, 211) = 0.03, 

p = .875).  
With respect to control variables, several 

interaction effects emerged. Specifically, EmpathyType 

interacted significantly with Age (EMP: p < .001) and 

Race (PIA: p < .001; DFT: p = .007; SAF: p = .014), 

suggesting that the influence of EmpathyType on these 

outcomes varied across demographic groups. However, 

no significant interactions were found for Sex or 

Education, and no consistent patterns emerged across 

Agent type (Human vs. AI). The interaction between 

EmpathyType and Agent (Human vs. AI) was not 

significant for any of the dependent variables. Only DFT 

showed a marginal effect (F(1, 211) = 3.82, p = .052). A 

summary of the results is presented in Figure 3. 

A repeated-measures analysis was conducted to 

examine the effects of expectancy violation valence 

(positive vs. negative), empathy type (user-centric vs. 
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situation-centric), and agent type (AI vs. Human). 

Participants evaluated positive expectancy violations 

more favorably (M = 5.48–5.53) than negative 

expectancy violations (M = 3.33–3.34), F(1, 215) = 

193.57, p < .001, η² = .47. Neither empathy type (user 

vs. situation) nor agent type (AI vs. Human) showed 

significant effects or interactions (all ps > .44). 

 

 
Note. Covariates in the model were evaluated at the following values: 
SEX = 0.67, AGE = 2.71, RACE = 1.09, EDU = 4.00. † p = .052. 

Figure 3. Perceived Outcomes by Empathy and 
Agent Type (Study 2) 

 

10.3 Results 
 

For H1, perceived inauthenticity did not 

significantly differ between UCE (M = 4.68) and SCE 

(M = 4.06), F(1, 211) = 0.05, p = .818. For H2, although 

Empathy Type had a significant main effect on 

perceived empathy (F(1, 211) = 13.08, p < .001), the AI 

condition showed slightly higher empathy in UCE (M = 

5.16) than SCE (M = 5.15), opposite to our prediction; 

thus, H2 was not supported. For H3, expectancy 

violation was also nonsignificant (UCE: M = 4.58; SCE: 

M = 4.51), F(1, 211) = 0.15, p = .704. For H4, 

discomfort was descriptively higher in UCE (M = 4.29) 

than SCE (M = 3.79), but the main effect was 

nonsignificant (F(1, 211) = 0.07, p = .789), with only a 

marginal interaction (F(1, 211) = 3.82, p = .052). Finally, 

satisfaction (H5) did not differ between UCE (M = 5.21) 

and SCE (M = 5.51), F(1, 211) = 0.03, p = .875. The 

observed difference can be primarily attributed to the 

scenario manipulation, in which blame is directed 

toward the self rather than toward an external other. 

 

11. Discussion 
 

      When AI agents used UCE, users reported 

significantly higher inauthenticity. In contrast, for 

human communicators, there was little difference 

between UCE and SCE. This indicates that people apply 

stricter authenticity standards to AI: the same user-

focused empathy that feels natural from a human can be 

judged as contrived or inauthentic from an AI. 

Discomfort also increased when AI agents expressed 

UCE. Again, for humans, UCE and SCE did not differ 

significantly. Together with the PIA findings, this 

suggests a trade-off: while UCE may boost perceived 

empathy, it simultaneously elevates inauthenticity and 

discomfort when delivered by an AI. 

      Contextual attribution also influenced the impact of 

empathy type. In the second scenario, where the cause 

of the problem was attributed internally (i.e., the user 

perceived themselves as the source of the issue), 

responses using User-Centric Empathy (UCE) and 

Situation-Centric Empathy (SCE) did not significantly 

differ in their effects. This suggests that when 

individuals view the cause of a negative event as 

stemming from themselves, the specific style of 

empathic response may carry less weight. However, 

when the blame was externally attributed, the type of 

empathy expressed had a more pronounced impact. 

Although only marginally significant, discomfort was 

slightly lower when AI used SCE under internal 

attribution conditions, suggesting that situation-centric 

empathy may attenuate discomfort in contexts involving 

self-directed responsibility. 

 

12. Implications and Limitations 
 

12.1 Implications 
 

      These findings carry meaningful implications for the 

design and deployment of AI agents in emotionally 

sensitive contexts. The elevated perceptions of 

inauthenticity and discomfort associated with User-

centric Empathy (UCE) when delivered by AI suggest 

that designers should exercise caution when 

incorporating emotionally expressive, human-like 

responses. While UCE may enhance perceived empathy, 

it also risks backfiring by eliciting psychological 

discomfort and undermining user trust. Accordingly, 

Situation-centric Empathy (SCE) may serve as a more 

effective and sustainable strategy in many real-world 

applications, particularly in domains such as digital 

mental health, customer service, or social robotics, 

where emotional safety and user comfort are critical. 

Furthermore, the role of attributional context offers 

additional nuance: when users perceive themselves as 

the source of a problem (i.e., internal attribution), the 

style of empathic response appears to have less impact. 

In such cases, a more pragmatic and non-intrusive 

approach, such as SCE, may better preserve 

psychological safety and minimize unintended 

discomfort 

 

12.2 Limitations 
 

      This study has several limitations that point to 

fruitful directions for future work. First, although we 

examined two scenarios grounded in attribution theory, 
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future research should extend this framework to a 

broader set of contexts to assess the generalizability of 

our findings. Second, our study relied on participants 

viewing video-based stimuli rather than engaging in 

real-time interactions. Developing and testing actual 

conversational agents would provide stronger 

ecological validity and richer insights into user 

responses. Third, we did not manipulate or 

systematically examine the appearance of AI agents, 

which prior work suggests may significantly influence 

user perceptions. Future studies should integrate 

appearance-based factors with communicative empathy 

to build a more holistic understanding of human–AI 

interaction. 
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