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Abstract

Automated service technologies increasingly perform customer-facing tasks that were historically
managed by human employees, including order processing, account assistance, appointment scheduling,
payment support, recommendations, and complaint triage. Their efficiency, availability, and scalability
create substantial value, but automation also introduces distinctive service-recovery challenges when
systems provide incorrect information, reject valid requests, repeatedly misunderstand customers,
produce unsuitable recommendations, or prevent access to human assistance. This study develops a
simulation-based framework for examining customer forgiveness following automated service failure,
with particular attention to apology quality, recovery transparency, response speed, perceived control,
failure severity, and trust repair. A synthetic dataset representing 360 hypothetical customers was
constructed using seven-point measurement scales. The analytical model treats forgiveness as a post-
failure relational response rather than simple satisfaction and evaluates whether customers become more
willing to restore the relationship when automated recovery acknowledges the failure, explains what
occurred, provides meaningful corrective options, and allows escalation to human support.

Simulated results indicate that customer forgiveness rises from 2.41 under very low recovery
quality to 5.84 under very high recovery quality. Trust repair produces the strongest positive
standardized association with forgiveness (§ = 0.331), followed by apology quality (B = 0.300), recovery
transparency (B = 0.205), and perceived control ( = 0.183). Failure severity has a negative association
(B = —0.244). The full model explains approximately 49.0% of synthetic variation in forgiveness. The
findings suggest that effective automated recovery requires more than rapid system correction.
Customers may be more forgiving when organizations combine technical resolution with accountability,
understandable explanations, restoration of agency, and credible trust-repair mechanisms. The
framework offers a basis for future empirical investigation of forgiveness in artificial intelligence,
chatbot, self-service, and service-robot environments.

Keywords: automated service failure; customer forgiveness; service recovery; trust repair; artificial
intelligence; chatbots; perceived control; service automation
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1. Introduction

Automation has become increasingly embedded in contemporary service delivery. Customers now
interact with self-service kiosks, automated payment systems, conversational agents, recommendation
engines, digital assistants, algorithmic support systems, and service robots across retailing, financial
services, hospitality, travel, health administration, telecommunications, and other industries. Meuter and
colleagues established the importance of self-service technologies in reshaping technology-based service
encounters, while later service research extended this discussion toward artificial intelligence and
automated social presence. Huang and Rust argued that artificial intelligence can perform progressively
sophisticated service functions, and van Doorn and colleagues highlighted how automated social
presence can alter customer experiences at organizational frontlines. These developments enable faster
and more scalable service, but they also create a fundamental recovery problem: when automated
systems fail, customers may struggle to determine who is responsible, why the failure occurred, and how
corrective action can be obtained.

Automated service failures can differ from conventional employee failures in several important
respects. A human employee may acknowledge a mistake, recognize unusual circumstances,
communicate empathy, and adapt a solution during an interaction. An automated system may instead
repeat an incorrect response, classify a legitimate request as invalid, deny an exception, generate
irrelevant instructions, or direct the customer through repetitive decision pathways. Even relatively
minor technical failures can become frustrating when customers cannot override the system or reach a
human decision maker. The resulting dissatisfaction is therefore influenced not only by the initial
outcome but also by the customer's perception of agency during recovery. Technology-based service
research has repeatedly shown that convenience and control can make automated services attractive, yet
failures involving loss of control may produce disproportionately negative evaluations.

The established service-recovery literature provides a strong foundation for understanding these
reactions. Tax, Brown, and Chandrashekaran demonstrated that customers evaluate complaint handling
through distributive, procedural, and interactional justice. Smith, Bolton, and Wagner similarly showed
that service-recovery evaluations depend on the nature of the failure and the recovery response, while
McCollough, Berry, and Yadav demonstrated that effective recovery can substantially influence post-
failure satisfaction. Recovery is consequently not a single corrective act. Customers evaluate what they
receive, how quickly and fairly the organization reaches the outcome, and how they are treated
throughout the process. In automated encounters, these justice dimensions remain important but may be
expressed differently. Interactional fairness, for example, may involve whether an automated message
appropriately acknowledges inconvenience rather than whether a human employee displays
interpersonal warmth.

Forgiveness represents a more relational response than post-recovery satisfaction. A customer
may acknowledge that a problem has been technically corrected while continuing to resent the
organization, distrust its automated systems, avoid future transactions, or communicate negative
experiences to others. Conversely, forgiveness involves some reduction in blame, hostility, avoidance, or
retaliatory motivation and a greater willingness to restore the relationship. Research by Tsarenko and
Tojib positioned forgiveness as an important customer response following service failure, while broader
trust-repair literature indicates that apologies, explanations, and credible corrective actions can influence
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whether damaged relationships recover. This distinction is especially relevant for automation because
customers may attribute the immediate error to a machine but hold the organization accountable for
designing, deploying, monitoring, and maintaining the system.

2. Objectives of the Study

2.1 To Examine Customer Forgiveness Following Automated Service Failure

The first objective is to investigate how the quality of an organization's response to an automated service
failure influences customer forgiveness. Forgiveness is conceptualized as a customer's willingness to
reduce negative attribution and relational hostility after recognizing that the organization has taken
adequate responsibility and corrective action. This interpretation distinguishes forgiveness from
immediate satisfaction because a customer may consider a refund satisfactory while continuing to
distrust the service provider.

The analysis therefore compares simulated forgiveness across five levels of automated recovery
quality ranging from very low to very high. The underlying proposition is that forgiveness should
increase as recovery becomes more accountable, understandable, controllable, and responsive. Recovery
quality is treated as a multidimensional organizational response rather than the technical restoration of
service alone.

2.2 To Assess Apology, Transparency, Control, and Trust Repair

The second objective is to determine the relative contribution of apology quality, recovery transparency,
response speed, perceived control, and trust repair. An apology signals recognition of harm, while
transparency provides an intelligible account of what occurred and how corrective action will proceed.
Perceived control concerns whether customers can choose among meaningful recovery options, revise
an automated decision, or escalate the interaction to appropriate human assistance.

Trust repair occupies a central position because repeated dependence on automated systems
requires customers to believe that the organization remains competent and responsible after failure. The
study therefore examines whether customers represented by stronger trust-repair perceptions also
demonstrate greater willingness to forgive the organization.

2.3 To Examine the Limiting Effect of Failure Severity

The third objective is to assess whether the severity of the original automated failure constrains the
effectiveness of recovery. Not all service failures create equivalent consequences. A chatbot that
provides an irrelevant answer creates a different level of harm from an automated system that incorrectly
cancels a reservation, blocks access to funds, produces a significant billing error, or prevents urgent
Service access.

The framework consequently treats failure severity as a negative predictor of forgiveness. It
assumes that increasingly consequential failures require proportionately stronger recovery efforts and
that some failures may remain difficult to forgive even when organizations respond competently
afterward.
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3. Review of Literature

3.1 Automated Service Encounters and the Nature of Technology-Based Failure

Technology-based service delivery has been studied extensively since the emergence of self-service
technologies. Meuter, Ostrom, Roundtree, and Bitner identified the conditions under which customers
experience satisfaction and dissatisfaction with technology-based service encounters. Their work
demonstrated that customers evaluate technology partly through its ability to solve problems
conveniently and reliably. Bitner, Ostrom, and Meuter later emphasized that successful implementation
of self-service technologies requires organizations to understand both customer readiness and the
operational environment surrounding technology use. These observations remain highly relevant to
contemporary Al-enabled services.

Recent service scholarship has expanded from self-service interfaces to artificial intelligence and
automated frontline actors. van Doorn and colleagues introduced the concept of automated social
presence, demonstrating that technology can increasingly occupy roles previously associated with
human service employees. Huang and Rust proposed a framework explaining the progressive application
of artificial intelligence to service tasks, while Wirtz and colleagues examined the opportunities and
challenges created by service robots in organizational frontlines. Mende and colleagues further
demonstrated that humanoid service robots can produce distinctive psychological responses among
customers. Together, these studies show that customers increasingly interpret automated systems as
active components of the service relationship rather than passive technological infrastructure.

This transition changes the character of service failure. When an automated system fails,
customers may be uncertain whether responsibility belongs to the technology, the organization, an
external provider, or their own behavior. Nevertheless, from a relationship-management perspective, the
organization remains responsible for the service system it has chosen to deploy. Customers cannot
reasonably be expected to diagnose algorithmic architecture, training limitations, system integration
problems, or interface errors. Automated service recovery must therefore translate technical failure into
a comprehensible customer-facing process. The more opaque the system, the more important
organizational accountability becomes.

3.2 Service Recovery, Perceived Justice, and Customer Control

Service-recovery theory consistently demonstrates that post-failure evaluations depend on both
outcomes and procedures. Tax and colleagues showed that customers evaluate complaint experiences
through dimensions of justice, while Smith, Bolton, and Wagner demonstrated that compensation,
response speed, apology, and initiation can affect customer evaluations under different failure
conditions. Sparks and McColl-Kennedy similarly showed that justice strategies can influence customer
satisfaction in recovery situations.

Distributive justice concerns whether the final recovery outcome appears proportionate to the
customer's loss. Procedural justice addresses how efficiently and flexibly the organization reaches that
outcome. Interactional justice concerns the respect, explanation, honesty, and interpersonal treatment
accompanying recovery. These dimensions remain applicable to automated environments even though
the mechanisms differ. A customer dealing with a chatbot may evaluate procedural justice through the
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number of steps required to reach a solution and interactional justice through the quality of
acknowledgment, explanation, and communication embedded in automated responses.

Response speed has also been identified as an important recovery attribute. Wirtz and Mattila
demonstrated that speed, compensation, and apology can influence consumer reactions after service
failure. Yet speed should not be confused with automaticity. A fast but incorrect automated response
may be less valuable than a slightly slower recovery that identifies the actual problem and provides a
durable solution. Automated recovery design should therefore optimize time to meaningful resolution,
not merely initial response latency.

3.3 Trust Repair, Apology, and Customer Forgiveness

Trust becomes vulnerable when service failure creates doubts about organizational competence,
integrity, or benevolence. Hess, Ganesan, and Klein showed that existing relationship factors influence
customer responses to failure and recovery. A prior positive relationship can sometimes create
resilience, but expectations associated with strong relationships may also intensify disappointment when
organizations appear to violate established standards.

Research on trust repair indicates that the type of organizational response matters. Kim and
colleagues demonstrated that apologies and denials can produce different trust-repair effects depending
on the nature of the perceived violation. An apology can acknowledge responsibility and express regret,
but its effectiveness depends on whether subsequent behavior demonstrates that the underlying problem
has been addressed. In automated environments, generic expressions such as “we are sorry for the
inconvenience” may have limited credibility when customers remain trapped in the same malfunctioning
process.

Forgiveness extends trust-repair reasoning by considering whether customers are willing to
relinquish retaliatory or avoidance responses. Tsarenko and Tojib developed a service-failure model
emphasizing the importance of customer forgiveness, while Xie and Peng examined how competence,
integrity, benevolence, and forgiveness contribute to trust repair after negative events. Grégoire, Tripp,
and Legoux demonstrated that serious relational failures can produce enduring revenge and avoidance,
particularly when customers perceive betrayal.

4. Research Methodology

4.1 Research Design and Synthetic Dataset

The study uses a quantitative simulation-based design. No actual customers were recruited and no
survey responses were collected. Synthetic observations were generated because the purpose of the
paper is to establish and illustrate a theoretically informed analytical framework without misrepresenting
artificial data as empirical evidence.

The simulated analytical population comprises 360 hypothetical customers who experienced a
failure during an automated service interaction. The scenario encompasses technologies such as Al-
enabled chatbots, self-service interfaces, automated booking systems, account-service applications,
algorithmic decision tools, and related customer-facing technologies. Principal constructs were modeled
on seven-point scales.
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The simulation incorporated apology quality, recovery transparency, recovery speed, perceived control,
failure severity, trust repair, and customer forgiveness. Random variation was retained so that
relationships would not become mechanically deterministic. Forgiveness was modeled as an outcome
influenced positively by apology, transparency, response speed, control, and trust repair and negatively
by failure severity.

Table 1: Operational Framework of the Simulated Study

. . Simulated Expected
Construct Operational Meaning p .
Measurement Relationship
Extent to which the organization clearly
Apology . . . ..
ualit acknowledges failure and communicates Seven-point scale Positive
quality credible regret
Recover Clarity regarding what failed, what is being
y corrected, and what the customer should Seven-point scale Positive
transparency
expect
Recovery Perceived timeliness of meaningful . .
. . Seven-point scale Positive
speed corrective action
. Ability to choose recovery options,
Perceived . o
control challenge automated outcomes, or request | Seven-point scale Positive

human escalation

Failure Magnitude of inconvenience, financial loss,

. . . . Seven-point scale Negative
severity disruption, or perceived harm P g

Degree to which confidence in
Trust repair organizational competence and Seven-point scale Positive
responsibility is restored

Willingness to reduce blame, resentment,
avoidance, and retaliatory intention after Seven-point scale
recovery

Customer
forgiveness

Dependent
variable

Note: All observations are synthetic and are used only to illustrate the proposed analytical model.

4.2 Proposed Measurement and Empirical Validation Strategy

A future empirical study could recruit customers who have experienced an identifiable automated
service failure within a specified recall period. Researchers should distinguish failures caused directly by
automation from failures merely communicated through an automated channel. Clear screening
questions would therefore be necessary to establish the nature of the event, technology involved, failure
outcome, recovery process, and whether human assistance eventually occurred.
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A concise proposed questionnaire could include the following five items:

o The organization clearly acknowledged that the automated service had failed.

| received an understandable explanation of how the problem would be corrected.

« | had sufficient control over the recovery process, including the option to seek human assistance.

o The recovery response helped restore my trust in the organization.

o After the recovery, | would be willing to forgive the organization for the automated service failure.
These items are proposed measures only and were not administered in the current study. An empirical
investigation should adapt established service-recovery, justice, trust, and forgiveness measures where
appropriate and should conduct expert review, pilot testing, reliability assessment, and construct-validity
testing. Failure severity and prior relationship quality should also be measured because both can
influence post-failure responses.

4.3 Analytical Model

The synthetic dataset was first examined descriptively to characterize the simulated variables and
identify general patterns within the modeled scenario. Customer forgiveness was then evaluated across
five recovery-quality levels: very low, low, moderate, high, and very high. This categorization enabled a
direct assessment of whether progressively more effective automated service recovery was associated
with higher levels of customer forgiveness.

A multiple regression model was subsequently specified using customer forgiveness as the
dependent variable and apology quality, recovery transparency, recovery speed, perceived control,
failure severity, and trust repair as the explanatory variables. Standardized coefficients were used to
compare the relative strength of the predictors. The regression results are not interpreted as evidence
concerning a real customer population; rather, the analysis demonstrates whether the proposed
theoretical relationships operate coherently within the synthetic scenario and provides a replicable
analytical specification for future empirical research.

5. Analysis

5.1 Pattern of Customer Forgiveness Across Recovery Quality

The simulation produced a clear progressive relationship between automated recovery quality and
customer forgiveness. At the very low recovery-quality level, the mean forgiveness score was 2.41 on
the seven-point scale. Forgiveness increased to 3.18 under low recovery quality and 4.06 under moderate
recovery quality.

The increase became more pronounced in the stronger recovery conditions. Mean forgiveness
reached 5.01 when recovery quality was high and 5.84 when it was very high. The difference of 3.43
scale points between the lowest and highest recovery conditions illustrates how substantially post-failure
responses can change when the organization shifts from inadequate correction toward accountable and
customer-oriented recovery.

The pattern should not be interpreted as evidence that every severe automated failure can be
erased through a well-designed recovery message. Rather, it illustrates the theoretical expectation that
customers become progressively more open to forgiveness when recovery combines meaningful
resolution, accountability, transparency, control, and restored trust.
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Table 2: Simulated Predictors of Customer Forgiveness

. . Simulated o .
Predictor / Indicator Direction Interpretation
Value
. Moderate-to-positive simulated
Mean apology qualit 4.44 — .
pology quaity evaluation
Mean recover .
y 4.30 — Moderate simulated transparency
transparency
Mean recovery speed 4.62 — Relatively favorable response speed
Mean perceived control 4.21 — Moderate control over recovery
Mean failure severity 3.82 — Moderate simulated failure severity
Mean trust repair 441 — Partial restoration of trust
Mean customer _
. 3.82 — Moderate overall forgiveness
forgiveness
Trust repair, +0.331 Positive Strongest positive predictor
standardized f3 ' gestp P
Apology quality, . -
i +0.300 Positive Substantial independent effect
standardized 3
Recovery transparency, . . .
Y ) P y +0.205 Positive | Clear explanation promotes forgiveness
standardized 3
Perceived control, +0.183 Positive Restored agency improves response
standardized [ ' gency imp P

Note: All values in Table 2 are generated from the synthetic sample of 360 hypothetical observations
and should not be interpreted as population estimates.

5.2 Trust Repair and Apology as Central Recovery Mechanisms
Trust repair produced the strongest positive standardized coefficient in the simulated model at = 0.331.
This pattern indicates that customers may become more forgiving when the recovery process restores
confidence that the organization remains capable of providing dependable service. Correcting the
immediate technical problem is therefore only one component of recovery. The organization must also
reduce uncertainty concerning whether a similar problem is likely to recur.

Apology quality produced the next strongest positive coefficient at B = 0.300. This result
supports the distinction between a meaningful apology and a standardized courtesy phrase. A credible
apology identifies that something inappropriate occurred, acknowledges the customer's experience, and
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accompanies corrective action. Automated apology messages that merely repeat generic language
without changing the customer's situation are unlikely to create equivalent relational value.

Recovery transparency and perceived control also produced meaningful positive coefficients.
Together, they suggest that customers value both understanding and agency. An explanation without
corrective options may leave the customer informed but powerless, whereas a range of options without
explanation may leave uncertainty about the reliability of the system. Effective automated recovery
therefore benefits from combining both dimensions.

5.3 Recovery Quality, Severity, and Forgiveness Thresholds

Failure severity produced a negative standardized coefficient of = —0.244, indicating that forgiveness
becomes more difficult as the consequences of automated failure increase. This relationship is
theoretically consistent with service-recovery research showing that recovery expectations rise with the
seriousness of the original problem.

Severity also creates a proportionality requirement. An automated apology may be sufficient
after a minor inconvenience but inadequate after financial loss, significant time expenditure, repeated
failed attempts, or denial of an important service. Organizations should therefore avoid using identical
recovery protocols for failures that differ substantially in customer impact.

Graph 1: Simulated Customer Forgiveness Across Automated Recovery Quality
g _ . |

6 5.84

Mean customer fargiveness score (1-7)

Very low Low Moderate High Wery high
Automated recovery quality level

The graph shows a consistent increase in customer forgiveness as automated recovery quality improves.
The mean score rises from 2.41 under very low recovery quality to 5.84 under very high recovery
quality.
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The key finding is that forgiveness appears to depend on the quality of the entire recovery architecture,
not merely the operational fact that a system has resumed functioning. Automated service recovery
therefore requires technical correction, communication, customer choice, proportional remedies, and
trust restoration to operate together.

6. Discussion

6.1 Automated Recovery Must Repair the Relationship, Not Only the Transaction

The simulated findings reinforce a distinction that is sometimes obscured in technology-oriented service
design: a corrected transaction is not necessarily a repaired customer relationship. Organizations can
restore account access, complete a payment, resend a booking confirmation, or reverse an incorrect
automated decision while leaving the customer uncertain about whether the system can be trusted in the
future.

This distinction helps explain why trust repair emerged as the strongest positive predictor of
forgiveness. Customers evaluate not only whether their immediate problem has been solved but also
what the incident reveals about organizational reliability. A technically successful correction may
therefore produce weak relational recovery when the customer receives no explanation, cannot
determine whether preventive changes were made, or suspects that the same failure will recur.

The finding is consistent with established service-recovery research emphasizing that post-failure
responses are multidimensional. Recovery design should therefore include relational performance
indicators alongside operational metrics. Resolution time remains important, but organizations should
also examine restored confidence, perceived fairness, willingness to continue the relationship, complaint
escalation, repeated contact, and customer forgiveness.

6.2 Human Escalation Functions as a Form of Restored Agency

Perceived control was positively associated with forgiveness within the simulated model. This result has
particular significance for automated service environments because customers frequently choose
automated services for convenience but may become frustrated when automation becomes compulsory
after failure.

The option to reach human assistance can function as a form of procedural fairness even when
relatively few customers ultimately use it. Its presence communicates that automation has boundaries
and that customers are not permanently constrained by system classifications. Human escalation
becomes especially important when the failure involves unusual circumstances, contested automated
decisions, vulnerability, financial consequences, or other situations requiring contextual judgment.

Organizations should therefore distinguish automation-first from automation-only recovery.
Automation-first systems can resolve routine problems efficiently while preserving a meaningful path to
human intervention. Automation-only systems risk turning a manageable technical failure into a more
serious relational failure when customers repeatedly encounter the same incapable process.

6.3 Forgiveness Requires Proportional and Credible Accountability
The negative association between failure severity and forgiveness indicates that recovery should be
proportionate to the harm experienced. Organizations should not assume that identical apologies,
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compensation rules, or automated scripts are appropriate across all failure types. A minor delay and an
erroneous high-impact automated decision differ substantially in their implications for customer trust.

Credible accountability also requires avoiding what may be described as empty automation of
empathy. Automated systems can generate polite language easily, but customers may become skeptical
when empathic expressions are disconnected from meaningful action. An apology becomes more
credible when it is accompanied by an accurate recognition of the problem, a realistic explanation,
appropriate remedy, and an indication that the organization has learned from the failure.

This point is especially important as generative Al enables increasingly natural customer-service
language. Linguistic sophistication should not be mistaken for responsible recovery. An Al system
capable of producing highly empathetic text can still generate a poor recovery experience if it lacks
authority to solve the problem or if the organization's processes prevent meaningful corrective action.
Ethical automated recovery therefore requires alignment between what the system communicates and
what the organization is actually prepared to do.

7. Conclusion

The present study developed a simulation-based framework for examining customer forgiveness after
automated service failure. The model integrates apology quality, recovery transparency, response speed,
perceived control, failure severity, and trust repair to explain why customers may respond differently
even when the immediate technical problem has eventually been corrected. The simulated results
indicate a substantial increase in forgiveness as overall recovery quality improves, rising from 2.41
under very low recovery quality to 5.84 under very high recovery quality.

Trust repair emerged as the strongest positive predictor in the synthetic analysis, followed by
apology quality, transparency, and perceived control. Failure severity reduced forgiveness,
demonstrating that recovery expectations are likely to increase as customer harm becomes more serious.
Response speed remained positive but contributed less independently after other dimensions were
controlled. This pattern suggests that speed is valuable when it accompanies meaningful resolution but
cannot substitute for accountability, explanation, or restored agency.

For service organizations, the findings imply that automated recovery should be designed as a
relational process rather than merely a technical exception-handling routine. Customers should receive
clear acknowledgment of failure, understandable information concerning corrective action, reasonable
recovery options, and an accessible route to human assistance when automation cannot adequately
resolve the case. Trust repair should also extend beyond the individual interaction through preventive
system improvement, monitoring, and responsible governance of automated decisions.

The study is deliberately limited by its synthetic design, and the reported numerical results
should not be generalized to actual customer populations. Future research should test the framework
through controlled experiments, verified complaint datasets, longitudinal customer panels, behavioral
service records, and comparisons between chatbot, self-service, algorithmic decision, and service-robot
failures. Empirical research should also investigate whether forgiveness differs according to failure
attribution, technology anthropomorphism, prior relationship quality, customer technology readiness,
financial consequences, and availability of human escalation. Such research would help establish when
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automation can recover effectively on its own and when responsible service management requires
immediate human intervention.
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