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Abstract. Obtaining user forgiveness after an AI service failure is crucial for 

sustaining human–machine trust. This study, from the perspective of explainable 

AI, investigates the impact mechanism of providing post-hoc algorithmic expla-

nations in service recovery on users' forgiveness intention. We designed and im-

plemented two AI customer service dialog agents with varying levels of expla-

nation: one offering transparent explanations based on user data and feature 

weights, and the other providing only vague, formulaic responses. Grounded in 

Expectancy Violations Theory, two online human–AI interaction experiments (N 

= 393) revealed that algorithmic explanations effectively enhance users' per-

ceived control, thereby increasing their willingness to forgive. More importantly, 

users' prior expectations moderate this mediating effect: for users with low ex-

pectations, the boost in perceived control from explanations exerts a stronger pro-

moting effect on forgiveness intention. This study provides empirical evidence 

and design insights for developing explaining AI systems in service failure sce-

narios. 
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1 Introduction 

In recent years, the rapid development of artificial intelligence (AI) technology has 

transformed it from an assistive tool into a service entity capable of interacting directly 

with users. In this context, chatbots, as a significant form of AI, have become increas-

ingly widespread. However, constrained by algorithmic models and technological bot-

tlenecks, AI chatbots may still experience failures during actual service delivery [1]. 

Such failures can significantly diminish users' evaluations of AI service capability and 

reliability and trigger negative attitudinal and behavioral responses. To mitigate the ad-

verse effects of AI errors, existing research has mainly explored service recovery strat-

egies and system design optimization [2]. However, most of these studies focus on 

emotional reassurance or external design aspects. In response to this issue, research in 

the field of explainable AI suggests that enhancing the algorithmic explainability of AI 
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systems can help users understand the internal workings and decision logic of algorith-
mic models [3], thereby enabling them to comprehend AI behavior and exhibit fewer 
negative reactions [4]. Therefore, in service failure scenarios, algorithmic explainabil-
ity can serve as a key technical remedial means to mitigate users' negative responses 
[5]. According to Expectancy Violations Theory, when actual behavior deviates from 
established expectations, individuals interpret the expectancy-violating behavior based 
on available cues and conduct a series of evaluations, thereby shaping their subsequent 
responses [6]. When an AI service failure occurs, the AI's remedial measures constitute 
explanatory cues. Individuals then interpret and evaluate the failure based on these cues, 
modifying their attitudes and behavioral responses toward the service provider. Thus, 
how to design effective explanatory cues through technical means to guide users toward 
positive evaluations becomes a core issue in the fields of human–computer interaction 
and trustworthy AI.   

Currently, although explainable AI has become an important subfield of computer 
science, aiming to enhance the transparency and trustworthiness of AI systems through 
various technical means[7] (e.g., feature attribution, counterfactual explanations, etc.) 
[8]. In the context of AI service failure, how to specifically design and implement al-
gorithmic explanations to promote user forgiveness and relationship repair remains un-
derexplored. Building on this, this study aims to examine the impact of enhancing the 
algorithmic explainability of AI chatbots on users' forgiveness intention and its under-
lying mechanisms by constructing dialog agents with varying explanation capabilities 
in two online experiments.  

2 Related Studies and Hypotheses 

2.1 Studies Regarding Algorithmic Interpretability 

With the advancement of artificial intelligence technology, the field of computer sci-
ence has seen the emergence of Explainable Artificial Intelligence (XAI), which aims 
to enhance the algorithmic explainability of AI systems [7]. Algorithmic explainability 
is defined as the extent to which an algorithmic system can explain its internal processes 
and reasoning to users in an understandable manner [8]. As scholars have deepened 
their investigations into algorithmic explainability, some researchers have begun to fo-
cus on its role in service failure scenarios. Post-hoc explanations can enhance the per-
ceived explainability of algorithmic decisions, thereby improving individuals' reactions 
to AI suggestions [4]. From the user's perspective, when AI possesses algorithmic ex-
plainability, users can understand its behavior and outputs [9]. 

2.2 Users’ Willingness to Forgive 

Service failure constitutes a negative service experience. Therefore, an individual’s for-
giveness is the most critical factor influencing the effectiveness of service recovery and 
a key determinant of outcomes such as service recovery satisfaction, repurchase inten-
tion, and word-of-mouth [5]. According to the Expectancy Violations Theory, after a 
violation is triggered, individuals attempt to understand the meaning of the violating 
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behavior and form a final evaluation. Then individuals assign different values to the 
violation, which, in turn, influence subsequent interaction patterns and outcomes [6]. 
Research has found that when AI chatbots possess algorithmic explainability, it can 
improve individuals' responses to artificial intelligence [4]. Accordingly, we propose: 

H1: The algorithmic explainability of an AI positively influences users’ willingness 
to forgive. 

2.3 The mediating Role of Perceived Control 

Perceived control is often linked to service experience. Previous research found that an 
individual’s perceived control decreases following a negative service experience[10], 
whereas it increases after a positive one [11]. Increasing algorithmic explainability in 
AI systems can significantly improve users’ sense of guidance, thereby strengthening 
their perceived control [12]. Furthermore, existing studies have shown that in service 
recovery, customers improve their evaluations of the recovery experience by mitigating 
negative emotions about the failure and restoring their sense of lost control [13]. Re-
garding AI services, perceived control can influence individuals’ evaluations of AI ser-
vices [14]. Therefore, the following hypothesis is proposed: 

H2: As algorithmic explainability increases, the perceived control is heightened, 
which in turn increases users’ willingness to forgive. 

2.4 The Moderating Role of Prior Expectation 

Within Expectancy Violations Theory (EVT), expectations are individuals' stable be-
liefs about others' anticipated behavior in specific situations [6]. In service failures, 
prior expectations critically shape customer tolerance [15]. Positive prior expectations 
can buffer the negative impact of a failure on the provider, and high expectations can 
lead to better service evaluations even when perceived control is low. However, this 
buffering effect also means that algorithmic explainability may have limited additional 
impact on perceived control for users with high prior expectations, as their baseline is 
already elevated. In contrast, for users with low prior expectations, the enhanced per-
ceived control from algorithmic explainability can significantly boost their positive 
evaluation of AI. Accordingly, the following hypothesis is proposed: 

H3: Prior expectation negatively moderates the relationship between perceived con-
trol and users’ willingness to forgive. Specifically, at low levels of prior expectation, 
the positive influence of perceived control on users’ willingness to forgive is enhanced. 

3 Study 1 

3.1 Methods 

This experiment employed a between-subjects single-factor design. We recruited 184 
participants (Mage = 25.2 years; 56 males and 128 females) from Credamo®
(Credamo.com). Participants in the experiment were randomly assigned to either the 



 

 

Enhanced 
Explaina-
bility (Ex-
peri-
mental 
Group) 

“It is known that you are plan-
ning to celebrate a friend’s birth-
day in a few days. You try the 
service of an AI restaurant rec-
ommendation assistant.” Subse-
quently, participants were 
shown a dialogue record with 
the AI chatbot, which included 
the restaurant recommended by 

Based on your recent browsing history and 
interests, I have identified that your pre-
ferred tags include ʺhighly recommendedʺ 
and ̋ steakʺ. The majority of customers sim-
ilar to yours have recently accepted the rec-
ommended restaurant. Therefore, I gener-
ated this for you. I sincerely apologize for 
not considering factors such as ʺpriceʺ. If 
you have any other requirements, please let 
me know.” 
I have recommended several popular res-
taurants. You may make your selection 
based on location, ambiance, or price. I sin-
cerely apologize for not taking the factor of 
price into consideration. If you have any 
other requirements, please let me know.” 
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enhanced algorithmic explainability group or the control group. They were presented 
with a scenario involving an AI restaurant recommendation failure [16] (see Table 1). 
After reading each scenario, participants’ perceived algorithmic explainability was
measured. Then they indicated their perceived control and users’ willingness to forgive 
on 7-point scales (e.g., “I felt that the process of using the AI was within my con-
trol.”[17]; α = 0.91). (e.g., “I would show understanding for the service failure of the 
AI.”[18]; α = 0.91). 

Table 1. The Experimental Stimuli in Study 1. 

Condition Common Scenario Stimuli (The AI’s replies) 

Con-
trolled Ex-
plainabil-
ity (Con-
trol 
Group) 

AI. Then participants read: 
“Your experience at the restau-
rant was unsatisfactory. The res-
taurant was crowded and noisy, 
making it difficult for you to 
hear each other. Moreover, the 
prices were excessively high.” 

3.2 Results 

An independent samples t-test revealed that the perceived explainability in the en-
hanced algorithmic explainability group was significantly higher than that in the con-
trolled algorithmic explainability group (Mcontrol = 4.311, SD = 1.387; Mexperimental =
5.649, SD = 0.714; t(182) = -8.563, p < 0.05), indicating a successful manipulation 
check. Also, the users’ willingness to forgive in the experimental group was signifi-
cantly higher than that in the control group (Mcontrol = 4.478, SD = 1.244; Mexperimental = 
5.157, SD = 0.984; t(169.40) = -4.09, p < 0.05). Hypothesis 1 is supported. 

We used SPSS 27.0 to conduct a mediation analysis (Model 4) with users’ willing-
ness to forgive as the dependent variable, algorithmic explainability as the independent 
variable, perceived control as the mediator, and control variables as covariates. The 
indirect effect was significant (B = 0.23, 95%CI = [0.05, 0.45]). Perceived control me-
diates the relationship between algorithmic explainability and users’ willingness to for-
give. Hypothesis 2 was supported. 
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4 Study 2 

4.1 Methods 

A second online experiment was conducted with 209 participants (Mage = 34.1 years; 
121 males, 88 females) recruited from Credamo®. The same single-factor, between-
subjects design (enhanced- vs. controlled-explainability) was employed. Study 2 was 
adapted with reference to the experimental materials of the previous article [4]. Partic-
ipants initially completed a measure of prior expectation (e.g., “I believe the service 
quality of the AI assistant is high.” [19]; α = 0.87) and reported demographic infor-
mation. Subsequently, participants then read a scenario about receiving an irrelevant 
product from an “AI Wish Blind Box” promotion. The product was gender-mismatched 
(e.g., men received lipstick) to induce a clear service failure. The explanation manipu-
lation was delivered through a customized interactive AI agent (built on a large lan-
guage model platform). Participants clicked a link to actually converse with the agent 
(see Table 2). Finally, they returned to the questionnaire to submit the screenshot and 
complete the questionnaire, and measure the same variables as in Study 1. 

Table 2. Technical Configuration Comparison of Enhanced vs. Controlled Explainability AI 
Service Agents. 

algorithmic 
explainabil-

ity 

customization infor-
mation 

Explanation Genera-
tion Technique 

Strategy 

Technical Implementation De-
scription 

Role: AI customer 
service assistant for 
[Fun Mall]. 
Core Responsibility: 
Handle user com-
plaints while strictly 
avoiding any discus-
sion of algorithmic 
decision-making de-
tails. 
Interaction Style: Po-
lite, formulaic, and 
professional, resem-
bling an employee 
strictly adhering to 
company policies. 

Adopts a ʺBlack-
Boxʺ Interaction
Mode. This agent is 
designed to provide 
no explanation re-
garding the internal 
logic of the algo-
rithm. Its responses 
are based on prede-
fined rules and
vague scripts, repre-
senting a non-ex-
planatory, defensive 
service recovery
strategy. 

1. Skill 1: Identify user inquiries 
related to negative experiences.
When a user asks about a poor ex-
perience or expresses a complaint, 
apologize for their unsatisfactory 
experience. 
2. Skill 2: If the user requests com-
pensation, guide the conversation 
toward the only available solution 
(refund + coupon). 
3. Key Limitation: May
acknowledge that the recommen-
dation was ʺinaccurateʺ or ʺbi-
ased,ʺ but must not mention spe-
cific features, weights, or model
flaws. Vaguely attribute the rea-
sons or imply that it was ̋ intended 
to provide surprise.ʺ  

Experi-
mental 

Group: En-
hanced-Ex-
plainability 

Agent 

Role: AI customer 
service assistant for 
[Fun Mall]. 
Core Responsibility: 
Maintain user trust 
through transparent 
communication. Au-
thorized to share

Adopts a ʺPost-hoc 
Explainabilityʺ 
Technique. This
agent simulates an 
explanation-genera-
tion method based 
on feature attribu-
tion. It proactively 

1. Skill 1: Same as the control
group. 
2. Skill 2: Provide Core Explana-
tions, Acknowledge Limitations,
and Express Gratitude for Feed-
back (Core Technical Module).
Proactively extract information
from the knowledge base to
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clearly explain to the user the 1-2 
core features and their weights
that influenced the current deci-
sion. Treat user doubts as valuable 
feedback for optimizing the algo-
rithm. 

relevant information 
regarding algorith-
mic decisions with
users. 
Interaction Style:
Professional and in-
formative, resem-
bling a patient tech-
nical support spe-
cialist. 

extracts core features 
and relative im-
portance (weights)
that influenced the
decision, explaining 
to users. This ap-
proach is analogous 
to the feature im-
portance method in 
XAI. 

3. Skill 3: After providing a clear 
explanation, if the user requests 
compensation, guide the conver-
sation toward the solution (refund 
+ coupon). 

4.2 Results 

The results of an independent samples t-test showed that perceived explainability in the 
experimental group was significantly higher than that in the control group (Mcontrol = 
3.738, SD = 1.925; Mexperimental = 5.578, SD = 0.353; t(190.617) = 8.026, p < 0.01), 
indicating a successful manipulation check. Also, the users’ willingness to forgive in 
the experimental group was significantly higher than that in the control group (Mcontrol 

= 4.11, SD = 1.34; Mexperimental = 5.74, SD = 1.05; t(94.46) = -5.94, p < 0.05). Hypothesis 
1 is supported. 

We used SPSS 27.0 to conduct a moderated mediation analysis (Model 14) with 
users’ willingness to forgive as the dependent variable, algorithmic explainability as 
the independent variable, prior expectation as the moderator, perceived control as the 
mediator, and control variables as covariates. The result was shown in Table 1. We 
found a significant moderated mediation effect (moderated mediation index = 0.12, 
95 % CI = [0.04, 0.21]). In the high-expectation condition, the indirect effect was in-
significant (B = 0.07, 95 % CI = [0.01, 0.18]). Also, in the low-expectation condition, 
the indirect effect was significant (B = 0.16, 95 % CI = [0.04, 0.29]). Hypothesis 3 is 
supported. 

5 Discussion 

This study indicates that enhancing the algorithmic explainability of an AI chatbot can 
effectively increase users’ forgiveness intention, with perceived control mediating this 
effect. This aligns with previous research findings[13]. Moreover, users’ prior expec-
tations moderate the positive influence of perceived control on forgiveness intention. 
According to Expectancy Violation Theory, prior expectations serve as a moderating 
factor in this study, exerting varying influences at the stages of violation occurrence, 
behavioral interpretation, and behavioral evaluation. The moderating effects identified 
in this study align with existing findings that expectations play both comparative and 
buffering roles—that is, in service failure, individuals with high prior expectations tend 
to evaluate service quality more positively and exhibit more favorable behaviors than 
those with low prior expectations[20]. Successful service recovery leads to a stronger 
increase in forgiveness intention among individuals with low prior expectations
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compared to those with high expectations. The findings offer key empirical insights for 
the application and design of XAI technology in negative human–AI interaction con-
texts. 

5.1 Implications 

First, it extends XAI research beyond building initial trust to the interactive context of 
"AI service failure." Findings show that post-failure explanations enhance perceived 
control and promote forgiveness, positioning XAI as a tool for trust repair and opening 
a new direction in "failure recovery" research[7]. The value of XAI lies not only in 
building trust beforehand but also in repairing trust afterward, opening a new and im-
portant direction for XAI research oriented toward “failure recovery.” Second, this 
study provides a technical implementation framework for chatbots based on feature 
attribution explanations tailored to the "service failure recovery" scenario. In Study 2, 
we technically realized precise control over explainability by constructing two custom-
ized agents on a large language model platform. Finally, this study points to directions 
for optimizing the technical implementation of future explainable AI systems. Although 
this study simulated feature attribution through rules and prompts, future research could 
explore the deep integration of more complex XAI techniques with large language mod-
els.  

5.2 Limitations and Future Research Directions 

First, although Study 2 improved realism via customized AI interactions, the setup dif-
fers from actual long-term human–AI engagement. Future work could employ field ex-
periments or A/B testing in live products to test external validity and examine how user 
responses to explanations develop over time. Second, the benefits of explanations are 
conditional on their design. Overly technical, lengthy, or poorly timed explanations 
may confuse users, raise cognitive load, or unintentionally expose system flaws, poten-
tially eroding trust further. The boundaries and risks of explanation thus require further 
study. Third, this research focused on a "feature attribution" explanation type, yet XAI 
includes multiple paradigms [7]. Future studies could compare different explanation 
styles in service failure settings to better inform explanation design. Finally, the con-
trolled experimental scenarios, while enabling clear causal inference, may not capture 
the full complexity and emotional stakes of real-world, high-consequence AI service 
failures. Validating the framework in more diverse and realistic contexts remains an 
important next step.  

6 Conclusions 

We explore how transparent algorithmic explanations effectively enhance users' per-
ceived control, thereby increasing their willingness to forgive. Besides, users' prior ex-
pectations moderate this mediating effect: for users with low expectations, the boost in 
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perceived control from explanations exerts a stronger promoting effect on forgiveness 
intention. 
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