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Abstract

Robots operating in shared human environments will inevitably
make mistakes. These errors can negatively affect users’ attitudes
toward robots, making effective recovery strategies essential. While
prior work has focused on human-like repair behaviors, these may
be mismatched with a robot’s capabilities and increase perceptions
of its social intelligence. It remains unclear whether robot-like re-
covery strategies can restore trust without increasing perceived
social intelligence. We conducted an online animated video study
(N = 219) in which participants observed a healthcare robot mak-
ing a navigation error followed by one of four recovery strategies:
none, robot-like (functional), human-like (socio-emotional), or com-
bined. Trust and perceived social intelligence (PSI) were measured
before and after the error. Both trust and PSI decreased significantly
following the error. Recovery strategies restored both measures,
although their effects differed. Robot-like recovery restored trust
more effectively than human-like recovery while avoiding increases
in PSI, whereas human-like recovery elevated PSI beyond baseline
levels. The combined strategy produced the strongest overall recov-
ery. These findings suggest that robot-like recovery are an effective
approach to trust repair while avoiding the increases in perceived
social intelligence associated with human-like recovery behaviors.
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1 Introduction

Advances in robotics have enabled robots to operate in shared hu-
man environments, where they must navigate complex and unpre-
dictable situations where errors are inevitable. These errors require
robots to communicate with users in a responsive manner [29, 44].
Prior research in Human—-Robot Interaction (HRI) shows that robot
errors influence users’ attitudes, affecting trust and acceptance of
the robot [24, 41]. These effects depend not only on the error itself
but also on how users perceive it. Performance errors (caused by
technical malfunctions) can reduce perceived competence, while
social errors (arising from inappropriate social behavior) can nega-
tively affect perceptions of a robot’s socio-affective abilities [40].
However, this distinction is often unclear, as users may interpret
performance failures as social mistakes and vice versa.

To mitigate the negative impact of errors, most HRI research
adapts human repair strategies such as apologies, explanations, hu-
mor, or promises to robotic systems [5, 15, 23, 25, 37, 41, 46, 48, 49].
While human-inspired responses can support trust recovery [23,
31, 46], their effectiveness is inconsistent [7, 8, 13, 28]. Moreover,
such strategies may inflate perceptions of a robot’s social intelli-
gence (especially for service robots whose role is not inherently
social), shaping users’ expectations of its capabilities [42]. Robot
apologies have also been shown to influence how responsibility for
errors is attributed, potentially shifting responsibility away from
designers or operators [27]. Together, these limitations motivate
the exploration of alternative robot-like recovery approaches.

Alternative approaches that leverage robot-specific communi-
cation, such as system-style error messages or signals through
lights and sounds, remain comparatively underexplored in HRI [17,
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22, 37, 38]. Beyond aligning with ethical guidelines that recom-
mend avoiding unnecessary anthropomorphism [3, 32], robot-like
recovery strategies may better communicate a robot’s actual ca-
pabilities while avoiding inflated social expectations [42]. Despite
these potential advantages, little is known about how robot-like
and human-like recovery strategies differentially influence trust
and perceived social intelligence. Understanding both outcomes
is important because recovery behaviors may restore trust while
simultaneously shaping how socially capable users perceive the
robot to be.

To address this gap, we examine how navigation errors made by
a healthcare delivery robot (see Figure 2) affect trust and perceived
social intelligence, and whether different responses following an
error can mitigate these effects. Using an online video-based study
with animated interactions between a virtual robot and a virtual hu-
man, we compare a human-like response (a non-verbal expression
of regret), a robot-like response (communicating the robot’s ability
to learn from the error), their combination, and a no-recovery con-
dition. A short version of this work has previously been published
as a late-breaking work focusing only on trust outcomes [18].

This work makes two key contributions. First, it examines both
trust and perceived social intelligence, providing a broader under-
standing of users’ responses to robot navigation errors. Second, it
reveals how robot-like and human-like recovery strategies differ-
entially influence trust and perceived social intelligence, informing
the design of recovery behaviors for service robots.

2 Background
2.1 To err is robot

Prior work shows that robot errors generally have negative effects
on user attitudes across different domains [12]. For example, service
robots delivering incorrect food orders reduced participants’ sat-
isfaction [47], while errors in restaurant service robots negatively
affected perceptions of politeness, competence, trust, and likabil-
ity [28]. Similarly, navigation failures in home companion robots
reduced perceived reliability and trustworthiness [36]. However,
some studies report positive effects of robot errors [2, 23, 30]. These
positive effects are typically observed in controlled or low-stakes
settings, where imperfect behaviors can increase anthropomor-
phism and, in turn, perceived relatability and likability, consistent
with the Pratfall Effect. [30, 35].

The impact of robot errors is not uniform. Severe failures typi-
cally produce stronger reactions and larger decreases in trust [34,
39]. Over longer interactions, repeated unmet expectations can cre-
ate an “expectation gap,” which has been identified as a key reason
why people reject robots altogether [41]. Prior work also shows
that the effects of robot errors depend on factors such as perceived
anthropomorphism and violation type [8, 15].

Researchers have proposed taxonomies that distinguish between
performance errors, where the robot fails to complete a task, and
social errors, where it violates social norms [20, 21, 40, 41]. Per-
formance errors tend to reduce perceptions of competence and
trust, while social errors diminish perceived social intelligence [40].
However, these distinctions are not always clear from the user’s
perspective: technical failures can result in socially inappropriate
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behavior (e.g., invading personal space), leading users to interpret
performance failures as social errors.

Taken together, these considerations suggest that common robot
errors, such as navigation failures, may simultaneously affecting
functional evaluations (e.g., trust) and social perceptions (e.g., per-
ceived social intelligence).

2.2 To recover is design

Robot errors are commonly understood as violations of user trust,
making trust recovery a central challenge in human-robot interac-
tion. Trust develops when a robot behaves reliably and according
to user expectations; when it makes a mistake or behaves unexpect-
edly, this trust can be violated [15].

To address these violations, prior work has explored a wide
range of mitigation or recovery strategies aimed at restoring trust
after robot failures. Common approaches include apologies, denials,
explanations, and promises [15, 16, 24, 40, 41], although effective-
ness varies depending on factors such as error severity, perceived
anthropomorphism, and timing [4, 9, 10, 33], with no single strat-
egy consistently outperforming others [4, 7, 9, 13, 23, 28, 33, 38].
Moreover, recovery strategies may not fully restore trust, as some
strategies have not been shown to outperform a condition in which
errors are avoided [11].

Most of these recovery strategies rely on human-like commu-
nication, raising both practical and ethical concerns. Although
human-like strategies can effectively restore trust and anthropo-
morphic cues can benefit HRI [45, 47], previous research has shown
the importance of aligning anthropomorphic cues with the robot’s
actual capabilities [42] to avoid misleading users on the robot’s
socio-affective abilities and functional capabilities. Also, the use
of apologies as a recovery strategy has raised ethical concerns by
potentially shifting perceived accountability away from developers
or operators [27]. These limitations motivate the need to investigate
recovery strategies that align more closely with robots’ functional
capabilities rather than relying solely on human-like responses.

3 Problem Statement

Despite growing research on robot error recovery, most work fo-
cuses on anthropomorphic responses such as apologies, expressions
of regret, and promises. However, many service and assistive robots
are not designed to simulate rich socio-affective behavior, and such
strategies may inflate users’ expectations or misrepresent the ro-
bot’s capabilities. It therefore remains unclear whether recovery
strategies that communicate a robot’s functional capabilities (robot-
like), rather than relying on anthropomorphic cues, can effectively
restore trust while avoiding increases in perceived social intelli-
gence. To address this gap, we examine how navigation errors
affect trust and perceived social intelligence, and compare robot-
like and human-like recovery strategies following such errors. We
investigate whether robot-like recovery can restore trust without
increasing perceived social intelligence, thereby providing guidance
for designing recovery behaviors that align with a robot’s intended
capabilities.

RQ1: To what extent do navigation errors affect people’s attitudes
toward a healthcare delivery robot?
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Prior work shows that robot errors reduce trust, competence, and
reliability across service contexts [28, 36, 47]. Moreover, because
navigation errors can be interpreted as both performance and social
failures, they are expected to reduce both trust and perceived so-
cial intelligence [40]. H1a: Participants’ trust and perceived social
intelligence will decrease following a navigation error.

Previous work suggests that more severe robot failures elicit
stronger negative user reactions and larger decreases in trust [34,
39]. H1b: Greater perceived error severity will be associated with
larger decreases in trust and perceived social intelligence.

RQ2: To what extent can a healthcare delivery robot recover from
navigation errors using different recovery strategies?

Prior work demonstrates that recovery strategies influence trust
following robot failures, although no single strategy consistently
outperforms others across contexts [16, 26, 41]. At the same time,
anthropomorphic behaviors can improve users’ perceptions of
robots [45], but have also been argued to increase ethical risks
when they imply capabilities the robot does not possess [42]. These
findings suggest that robot-like and human-like recovery strate-
gies may affect different aspects of users’ evaluations on trust and
perceived social intelligence. H2a: The type of recovery strategy
will influence recovery, such that robot-like strategies will lead to
greater recovery of trust, whereas human-like strategies will lead
to higher perceived social intelligence.

Previous work has shown that more severe robot failures lead
to larger decreases in trust [4, 20]. Failure severity has also been
found to influence the effectiveness of recovery strategies, with
users responding differently to recovery attempts following more
versus less severe failures [4, 48]. Together, these findings suggest
that larger initial declines in trust and perceived social intelligence
may be more difficult to recover from. H2b: Larger initial decreases
in trust and perceived social intelligence will be associated with
less recovery following mitigation.

RQ3: To what extent is the effectiveness of mitigation strategies
influenced by user and error characteristics?

User characteristics and interaction context can influence re-
sponses to robot behavior [6, 23]. H3a: Participant characteristics
(e.g., gender, age, experience with robots, healthcare background)
will influence the effectiveness of recovery strategies.

Previous research also shows that error severity can affect the
effectiveness of mitigation strategies [4, 9, 48]. H3b: Manipulated
error severity (i.e., error condition) will influence the effectiveness
of recovery strategies.

These hypotheses are tested in an online video-based study in
which participants observe navigation errors of varying severity
and mitigation strategies, with repeated measures of trust and per-
ceived social intelligence.

4 Method
4.1 Participants

Participants were recruited through Prolific, a crowd-sourcing plat-
form, and were compensated €8 for their participation. The survey
took an average of 20.38 minutes (SD = 12.91). Additional inclusion
criteria required participants to be proficient in English and to have
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access to a computer with audio capabilities. This study was ap-
proved by the Ethics Committee Computer & Information Sciences
of the University of Twente (reference number: #230698).

The study included 219 participants (58.0% male, 39.7% female,
1.8% non-binary, 0.5% preferred not to say) with a mean age of 28.7
years (SD = 9.28). Participants reported moderate familiarity with
robots (M = 5.05, SD = 1.54; 1 = work/study robots daily, 7 = only
know robots from popular culture) and limited healthcare-related
experience (M = 5.19, SD = 2.02; 1 = very related, 7 = not related at
all). Participants came from several European countries, primarily
Portugal (24.7%) and Poland (23.7%), followed by Spain (8.2%), Italy
(6.8%), Greece (5.5%), Hungary (3.2%), Germany (2.7%), the Czech
Republic (2.7%), Estonia (1.4%), and Sweden (1.4%). Additional par-
ticipants (less than 2 per country) were from other countries within
Europe (19.6%), and one participant (0.5%) preferred not to disclose
their country.

4.2 Study Design

The study followed a 4 x 3 mixed design. Mitigation Strategy was
manipulated within subjects with four levels: human-like, robot-
like, combined, and no recovery. Error Condition was manipulated
between subjects with three levels: abrupt stop, corner naviga-
tion error, and close-distance navigation error, chosen to represent
different navigation failures and levels of perceived severity (see
Section 4.6). Participants were randomly assigned to one Error
Condition (abrupt: n = 74, corner: n = 73, distance: n = 72) and
evaluated the Baseline Condition and all four Recovery Strategies
in randomized order. The primary dependent variables were Trust
and Perceived Social Intelligence (PSI) (see Section 4.4).

4.3 Stimuli

We used Unity to create animations depicting robot navigation

scenarios and error mitigation strategies!.

4.3.1 Baseline Videos. Participants first viewed two baseline ani-
mations showing the robot behaving correctly. The first introduced
the healthcare delivery robot’s typical behavior and social capabili-
ties. The second depicted one of three correct navigation scenarios
(avoiding abrupt stops, corner surprises, or close proximity to a
VH). These videos established expected robot behavior before intro-
ducing errors. A brief description of the robot’s role in the hospital
was shown before each video.

Social Baseline Video (14 s): The robot approaches a VH, acknowl-
edges a greeting through movement, sound, and LED cues, and
continues along its path.

Correct Navigation Videos (13 s): Correct Abrupt Stop: The robot
moves aside to allow a VH to pass. Correct Corner Navigation: The
robot turns a corner with a wide arc to avoid a VH. Correct Distance:
The robot navigates around a VH taking a phone call.

4.3.2  Error Videos. Three videos (8 s) depicted navigation errors
(Figure 1). Before each video, participants were informed that the
robot would make an error. Abrupt Stop Error: The robot abruptly
stops due to an obstacle, nearly causing a collision with a VH behind
it. Corner Error: The robot turns a corner and nearly collides with a

The complete set of video stimuli used in this study is publicly available on the Open
Science Framework (OSF): https://doi.org/10.17605/OSF.IO/BA9K5
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Figure 2: Screen capture of animated video showcasing the
human-like recovery strategy.

VH. Distance Error: The robot drives too closely past a VH talking
on the phone.

4.3.3  Error and Recovery Videos. These videos began with one of
the error scenarios, after which the camera focused on the robot
demonstrating a mitigation strategy. Video length varied depending
on the strategy. Human-like recovery (23 s): This response consti-
tutes a non-verbal expression of regret, without explicit verbal or
textual content. The robot turns toward the VH, displays sad eyes,
changes its LED color to purple, emits an apologetic sound, and
then resumes its path (Figure 2). Robot-like recovery (31 s): The robot
turns toward the VH, changes LEDs to yellow, and displays an error
message followed by a message indicating that a report has been
generated to prevent the issue from recurring (Figure 3). Human-
like + Robot-like recovery (33 s): The robot first performs the apology
behavior and then displays the error and learning messages. None
(14 s): The robot makes the error but does not acknowledge it and
continues its path.

4.4 Measures

Multi-Dimensional Measure of Trust (MDMT): We used an adapted
version of the MDMT capability subscale (capable, skilled, compe-
tent), which measures perceived capability and trustworthiness [43].
To improve comprehension among our multilingual sample, the
item meticulous was replaced with intelligent, and trustworthy
was added to capture participants’ direct assessment of the robot’s
trustworthiness.

Perceived Social Intelligence (PSI): We used the Social Competence
subscale of the PSI scale [1], which assesses perceived social com-
petence (e.g., socially competent, socially aware, socially clueless,
and having strong social skills).
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All items were rated on 7-point Likert-type scales ranging from
1 (strongly disagree) to 7 (strongly agree). Items from both scales
were presented in a single randomized list to minimize order effects.

4.5 Procedure

The study was conducted online using Qualtrics and distributed
through Prolific. After providing informed consent, participants
watched two baseline videos showing a healthcare delivery robot
interacting with a virtual human (VH) in a hospital corridor: one
demonstrating the robot’s social behavior and one showing correct
navigation. Participants then described what they observed and
completed measures of Trust (MDMT) and PSI Participants next
watched a video depicting a navigation error, described the event,
rated its severity on a 7-point scale, and again completed the Trust
and PSI measures. Finally, participants viewed four videos showing
the error followed by different mitigation strategies. The order
of these videos was randomized. After each video, participants
described the scenario and completed the same measures.

At the end of the study, participants provided demographic infor-
mation including age, gender, country of residence, and familiarity
with robots.

4.6 Analysis

Analyses were conducted in R using linear mixed-effects models
(LMMs) fitted with the 1me4 and 1merTest packages. Separate mod-
els were fitted for Trust and PSI recovery. Error condition and re-
covery strategy were included as fixed effects and participant ID
as a random effect. Additional predictors included initial loss, age,
gender, healthcare experience, and robot familiarity. Initial loss was
calculated as the difference between pre- and post-error ratings
and included to account for variation in the magnitude of the initial
decline. Model selection followed a hierarchical BIC-based proce-
dure, progressively adding predictors and interaction terms [19].
Internal consistency was high for both the Trust (¢ = .94) and PSI
(a = .88) scales.

A pilot study confirmed that the three navigation errors differed
in perceived severity (F(2, 216) = 18.57, p < .001, n? = .147). Error
condition therefore served as the operationalization of perceived
severity and perceived severity was not included separately in the
models.
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An error report has been
generated to prevent
this issue from recurring.

-

Figure 3: Screen capture of video animations showcasing the robot-like recovery strategy.

5 Results
5.1 Effects of Errors on Trust and PSI

To assess whether participants’ trust and perceptions of the robot
decreased after a navigation error (H1a), we conducted paired-
samples t-tests comparing ratings in the baseline condition with
ratings after the robot made an error. The results showed that both
Trust and Perceived Social Intelligence (PSI) were significantly lower
after the robot made an error than in the baseline condition. Trust
decreased by 1.55 points, £(218) = —19.07, p < .001, 95% CI [-1.71,
—1.39]. Similarly, PSI decreased by 1.14 points, £(218) = —13.51,p <
.001, 95% CI [-1.30, —0.97]. A paired-samples t-test comparing the
magnitude of the decreases showed that Trust dropped significantly
more than PSI, £(218) = 4.64, p < .001.

To examine whether the perceived Severity of an error was asso-
ciated with the loss of Trust and PSI (H1b), we conducted Pearson
correlation analyses. The results revealed a moderate positive cor-
relation between perceived error Severity and the loss of Trust,
r(217) = .35, p < .001, 95% CI [0.23, 0.46], indicating that more
severe errors were associated with larger decreases in trust. In con-
trast, the relationship between perceived error Severity and the loss
of Perceived Social Intelligence was weak, r(217) = .14, p = .035,
95% CI [0.01, 0.27], suggesting that severity had only a small ef-
fect on participants’ perceptions of the robot’s perceived social
intelligence.

5.2 Linear Mixed-Effects Models

Linear mixed-effects models were used to examine how recovery
strategies, error conditions, and initial loss of Trust and PSI (i.e., the
change from baseline to post-error) influenced post-error changes
in Trust and PSL These analyses address H2a, which predicts that
recovery strategies influence outcomes, H2b, which predicts that
larger initial losses affect these outcomes, and H3a, which predicts
that participant characteristics play a role. Because the three navi-
gation errors differed significantly in perceived severity, error type

was used as an operationalization of severity when testing whether
recovery effectiveness varied across errors (H3b).

5.2.1 Trust. Descriptive statistics (Table 6 in Appendix B) provide
an overview of differences in Trust across error types and recovery
strategies (see Figure 4).

Model fit statistics for the linear mixed-effects models are pre-
sented in Table 3 in Appendix A. Models were built hierarchically by
adding predictors and interactions. Additional co-variates (gender,
healthcare experience, and robot familiarity) did not improve model
fit. Although age showed a marginal improvement (y?(1) = 3.90,
p = .048), the increase in model complexity was not supported by
the BIC. Model 7, which included interactions between recovery
strategy, error condition, and initial loss of Trust, provided the best
fit (y? = 88.67, p < .001) and was therefore selected for further
analysis.

The results of the linear mixed-effects model (Model 7 in Table
3) analyzing trust as an outcome are presented in Table 1.

Effect of Recovery Strategy. Compared to the reference con-
dition (apology and learning combined), Trust was significantly
lower when no recovery was provided (f = —0.81, SE = 0.14,
t(645) = —5.78, p < .001). Learning alone also reduced significantly
Trust (f = —0.30, SE = 0.14, p = .032), while apology alone showed
no significant effect (p = .061).

Effect of Error Condition. Error type did not significantly
influence Trust, as neither corner nor distance errors differed sig-
nificantly from abrupt errors.

Effect of Initial Loss of Trust. Initial loss of Trust strongly
predicted Trust recovery (f = 0.77, SE = 0.05, t = 14.58, p < .001).

Interaction Effects. Interactions between recovery strategy
and error condition were not significant. However, the interaction
between recovery strategy and initial loss of Trust was significant
for apology (f = —0.15, p = .008) and for no recovery (f = —0.51,
p < .001), indicating reduced recovery when trust loss was larger.



IVA 2026, September 07-11, 2026, Puebla, Mexico

Mean Trust Values

Error Type

< abrupt
© corner
< distance

Mean Trust Value

Human-like Both

Recovery Strategy

Baseline Error Robot-like None
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Mean PSI Values

Error Type

< abrupt
© corner
< distance

Mean PSI Value

Human-like Both Robot-like None

Recovery Strategy

Baseline Error

Figure 4: Averaged Trust (left) and Perceived Social Intelligence (PSI) (right) before and after the error, and across recovery
strategies. Trust decreases after the error, remains lowest without recovery, and recovers most in the combined condition. PSI
shows a similar pattern, with human-like recovery elevating ratings above baseline and robot-like recovery remaining below

baseline.

Table 1: Trust: Recovery Strategy, Error Condition, and Their Interaction. Significance levels: * p <.05, ** p <.01, *** p <.001

Effect Estimate (b) Std. Error (SE) t-value p-value 95% CI

Intercept 0.14 0.13 1.04 297 [-0.38, 0.13]
Recovery: Human-like -0.26 0.14 -1.87 .061 [-0.31, 0.23]
Recovery: Robot-like -0.30 0.14 -2.16 .032* [-0.81, -0.27]
Recovery: None -0.81 0.14 -5.78  <.001***  [-0.82,-0.27]
Error: Corner 0.27 0.15 1.78 .075 [0.03, 0.63]
Error: Distance 0.24 0.15 1.55 123 [-0.13, 0.47]
Initial Loss of Trust 0.77 0.05 14.58  <.001***  [0.52,0.72]
Recovery: Human-like x Error: Corner 0.06 0.16 0.34 731 [-0.37, 0.26]
Recovery: Robot-like x Error: Corner 0.18 0.16 1.08 279 [-0.20, 0.44]
Recovery: None x Error: Corner -0.22 0.16 -1.34 .180 [-0.59, 0.04]
Recovery: Human-like x Error: Distance -0.07 0.17 -0.41 .685 [-0.25, 0.39]
Recovery: Robot-like x Error: Distance 0.16 0.17 0.94 .348 [-0.10, 0.54]
Recovery: None x Error: Distance -0.31 0.17 -1.88 .060 [-0.57, 0.08]
Recovery: Human-like x Initial Loss of Trust -0.15 0.06 -2.68 .008** [0.04, 0.26]
Recovery: Robot-like x Initial Loss of Trust -0.08 0.06 -1.50 134 [-0.04, 0.18]
Recovery: None x Initial Loss of Trust -0.51 0.06 -8.97  <.001*** [-0.46, -0.24]

Note. R?

‘marg.

=.544; R* . =.740.

cond.

Post-hoc Comparisons. Tukey-adjusted post-hoc comparisons
within each error condition showed that the combined human-
like and robot-like strategy resulted in significantly higher Trust
than the human-like strategy across all error types (all p < .001),
and higher than the robot-like strategy in the abrupt condition
(p = .0011), but not in the corner (p = .1248) or distance condi-
tions (p = .0876). The human-like and robot-like strategies did not
significantly differ in any condition. Across all error types, both
strategies yielded significantly higher Trust than the no-recovery
condition (all p < .001).

5.2.2  Perceived Social Intelligence. Model fit statistics for the PSI
models are presented in Table 4 in Appendix A. Models were built
hierarchically by adding predictors and interactions. Adding error
condition significantly improved model fit (y* = 18.31, p < .001),

and including initial loss of PSI further improved the model (y? =
70.39, p < .001). Additional co-variates (gender, healthcare experi-
ence, and robot familiarity) and interaction terms did not improve
model fit and increased AIC/BIC values. Therefore, Model 3, which
included recovery strategy, error condition, and initial loss of PSI,
was selected as the final model.

The results of the linear mixed-effects model analyzing PSI as
an outcome are presented in Table 2.

Effect of Recovery Strategy. Compared to the reference condi-
tion (apology and learning combined), PSI was significantly lower
when only apology was provided (f = —0.19, SE = 0.09, p = .041).
Learning alone led to a larger decrease in PSI (f = —1.23, SE = 0.09,
p < .001), while no recovery produced the strongest reduction
(B = —2.40, SE = 0.09, p < .001).
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Table 2: PSI: Recovery Strategy, Error Condition, and PSI Delta. Significance levels: * p <.05, ** p <.01, *** p <.001

Effect Estimate (b) Std. Error (SE) t-value p-value 95% CI
Intercept 1.185 0.1218 9.74 <.001*** [0.88, 1.49]
Recovery: Human-like -0.189 0.0925 -2.05 .041* [-0.38,-0.01]
Recovery: Robot-like -1.232 0.0925 -13.32  <.001***  [-1.42,-1.05]
Recovery: None -2.397 0.0925 -25.93 <.001*** [-2.58,-2.16]
Error: Corner 0.335 0.1394 2.41 .017* [0.03, 0.63]
Error: Distance 0.556 0.1407 3.95 <.001***  [0.28, 0.83]
Initial Loss of PSI 0.417 0.0462 9.03 <.001*** [0.33, 0.51]
Note. RYpp = 472, R | = .650.

Effect of Error Condition. Error type significantly influenced
PSI. Compared to abrupt errors, both corner errors (f = 0.34, SE =
0.14, p = .017) and distance errors (f = 0.56, SE = 0.14, p < .001)
were associated with higher PSI ratings.

Effect of Initial Loss of PSI. Initial loss of PSI significantly pre-
dicted recovery in PSI (f = 0.42, SE = 0.046, p < .001), indicating
that larger initial declines were associated with stronger recovery
after recovery.

Post-hoc Comparisons. Tukey-adjusted comparisons showed
that PSI was higher for the combined human-like and robot-like
strategy and the human-like strategy, which did not differ from
each other (p = .171), but both exceeded the robot-like strategy and
no recovery (all p < .001). The robot-like strategy also resulted in
higher PSI than no recovery (p < .001).

6 Discussion

This study examined how navigation errors and different recovery
strategies (human-like, robot-like, their combination, and no re-
covery strategy) influence users’ trust and perceptions of a robot’s
social intelligence. In this section, we will discuss the results, hy-
potheses, and implications for the field of human-robot interaction.

6.1 Effects on Trust

As expected, trust in the robot decreased significantly following a
navigation error (H1a). This aligns with prior work showing that
robot errors undermine perceived reliability and competence [25,
28, 34, 36, 41]. Notably, the decrease in trust was larger than the
decrease in perceived social intelligence, suggesting that naviga-
tion errors are primarily interpreted as competence-related failures
rather than social ones [40]. One possible explanation is that in a
healthcare context, users prioritize safety and reliability, making
functional failures more salient than social ones.

We further expected that more severe errors would lead to larger
decreases in trust (H1b), which was supported. Perceived severity
was moderately correlated with trust loss, indicating that more severe
navigation failures produce stronger negative reactions. This finding
aligns with prior work showing that the perceived severity of ro-
bot errors can influence users’ responses and evaluations of robot
performance [9, 20]

Recovery strategies played a central role in restoring trust. While
we expected robot-like strategies to be most effective (H2a), results
indicate that the robot-like strategy was at least as effective as the
human-like strategy, highlighting the importance of competence-
based signals. The strongest trust recovery was observed when both

strategies were combined. This aligns with prior work showing that
combining expressive and informative behaviors supports effective
recovery [25]. It also suggests that addressing the functional conse-
quences of an error may be sufficient to restore trust in contexts
where social expectations toward the robot are relatively low [16].
However, integrating social cues appears to provide a more com-
plete response.

Contrary to expectations (H2b) and prior work suggesting that
the effectiveness of recovery strategies depends on the severity of
the failure [4], larger initial decreases in trust were associated with
greater recovery following recovery. However, this pattern depended
on the type of recovery. Human-like responses alone became less
effective at higher levels of trust loss, and the absence of mitigation
strategy was particularly detrimental when initial trust loss was
substantial. In contrast, the combined human-like and robot-like
strategy remained effective across levels of trust loss. Because both
variables are derived from related difference scores, this relationship
should be interpreted cautiously.

6.2 Effects on Social Intelligence

Perceived social intelligence also decreased following an error (H1a),
although less than trust. This suggests that navigation failures
have a more limited effect on users’ perceptions of a robot’s social
abilities than on evaluations of its competence[40]. One possible
explanation is that users may maintain relatively stable expecta-
tions about a robot’s social capabilities, even when its performance
fails. Consistent with this interpretation, perceived error severity
was only weakly correlated with changes in PSI (H1b), one possible
explanation is that severity had only a limited influence on percep-
tions of the robot’s social intelligence. This contrasts with trust,
where severity played a clearer role, further supporting the idea
that functional and social evaluations are reshaped differently.
Although we expected human-like strategies to have the strongest
effect on PSI (H2a), PSI ratings were highest when human-like and
robot-like responses were combined, followed by human-like responses
alone, and lowest for robot-like responses. These results are consistent
with prior work showing that anthropomorphic behaviors enhance
perceived social capability [36] and that combining expressive and
informative behaviors supports effective recovery [25]. Notably,
human-like responses increased PSI beyond baseline levels (see Fig-
ure 4). This pattern may indicate that such behaviors lead users
to perceive the robot as more socially capable than before the er-
ror occurred. One possible interpretation is that anthropomorphic
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cues signal social awareness and intentionality, leading users to at-
tribute broader socio-affective abilities to the robot. While this may
support user acceptance [23, 45], it also raises important design
considerations. PSI reflects perceived social capability, but not nec-
essarily the robot’s actual abilities. Such increases may contribute
to mismatches between what users expect and what the robot can
deliver [27, 42].

Finally, similar to trust and contrary to expectations based on
prior work [4], larger initial decreases in PSI were associated with
greater recovery (H2b), suggesting that more noticeable errors cre-
ate stronger opportunities for recovery strategies to influence user
perceptions. This drop allows social evaluations to be not only
restored but, in some cases, enhanced. At the same time, this rela-
tionship should be interpreted with caution, as both the initial loss
and recovery measures are derived from related difference scores.

6.3 Role of User and Error Characteristics

We expected that participant characteristics would influence the ef-
fectiveness of recovery strategies for trust and PSI (H3a), in line with
prior work suggesting that user characteristics can shape percep-
tions of robots and human-robot interaction [6, 14, 26]. However,
the results did not support this hypothesis. None of the examined
participant characteristics significantly improved the models predict-
ing trust or perceived social intelligence, indicating that participants
responded to the robot’s error recovery strategies in relatively simi-
lar ways regardless of their background (i.e., gender and age), prior
experience with robots, or experience in the field of healthcare. This
suggests that the observed effects may be relatively robust across
different user groups.

We also expected that error severity would influence recovery
effectiveness (H3b). Contrary to expectations [4, 9, 48], the results
provided limited support for this hypothesis. Although the three
navigation errors differed in perceived severity, and higher sever-
ity was associated with greater initial loss of trust, the interaction
between error type and recovery strategy was not significant in
the trust model, and mitigation effectiveness did not substantially
vary across error types for perceived social intelligence. Some dif-
ferences in trust across error conditions were observed in post-hoc
comparisons; however, these exploratory patterns were not sup-
ported by significant interaction effects in the model. Overall, the
choice of recovery strategy appeared to play a more influential role
than the severity of the error itself.

6.4 Design Implications

These findings suggest that recovery strategies should be selected
according to the desired outcome. Robot-like responses effectively
restore trust while avoiding increases in perceived social intel-
ligence. Human-like responses enhance perceptions of social in-
telligence but may also elevate users’ expectations of the robot’s
capabilities. When both outcomes are desirable, combining func-
tional and socio-emotional responses appears to provide the most
effective recovery. For service robots, particularly in healthcare
where reliability is critical, recovery strategies should be carefully
calibrated [42]. Rather than relying solely on anthropomorphic
behaviors, designers should use competence-based signals as the
foundation of recovery and incorporate social cues only where
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appropriate. Recovery behaviors should remain aligned with the ro-
bot’s actual capabilities to support ethical design and avoid creating
unrealistic user expectations [27, 32].

7 Limitations and Future Work

This study has several limitations. First, the experiment was con-
ducted using an online video-based methodology with animated
virtual interactions, meaning participants observed robot behavior
rather than interacting with the robot directly. Consequently, the
findings may not fully generalize to in-person interactions with
physical robots, where embodiment, motion, and other contex-
tual factors may influence users’ perceptions. Second, the recov-
ery strategies differed in duration and presentation, which may
have influenced participants’ evaluations independently of the in-
tended recovery behavior. Furthermore, we did not explicitly val-
idate whether participants perceived the recovery behaviors as
intended (i.e., as robot-like or human-like). Future work should
control for these factors and validate the intended manipulation of
recovery strategy. Third, the findings are based on a single robot
platform, healthcare scenario, navigation task, and set of recovery
behaviors, as well as a participant sample primarily from Europe.
These factors may limit generalizability across robot embodiments,
application domains, and cultural contexts. Future work should
therefore validate these findings with physical robots in real-world
deployments and over longer interactions to better understand how
trust and perceived social intelligence evolve over time. Replicating
the study with different robots, tasks, and environments would also
help assess the robustness of the findings. Finally, future research
should further investigate how the magnitude of initial trust and
perceived social intelligence loss influences the effectiveness of
recovery strategies.

8 Conclusion

This study examined how robots can recover from navigation er-
rors in human-robot interaction, particularly in sensitive settings
such as hospitals. We found that while errors reduce both Trust
and Perceived Social Intelligence (PSI), these effects can be miti-
gated through appropriate recovery strategies. Both human-like
and robot-like responses supported trust recovery, but shaped social
perceptions in different ways. Human-like responses elevated per-
ceived social intelligence beyond baseline levels, whereas robot-like
responses restored trust without substantially altering social expec-
tations. The strongest recovery was observed when both strategies
were combined. These findings suggest a key design implication for
service robots: recovery strategies should be carefully calibrated to
the robot’s role, combining functional signals of competence with
social cues where appropriate, while avoiding over-reliance on an-
thropomorphic behaviors that may create mismatches between
perceived and actual capabilities.
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A Model Building

A.1 Trust Model Building
Shown in Table 3.

Table 3: ANOVA sequential comparisons for Trust model building. Significance levels: * p <.05, ** p <.01, *** p <.001

Model df AIC BIC  Log-Likelihood  x? P
Basic models

(1) Recovery Only 6 242230 2451.00 -1205.20 - -

(2) Recovery + Error 8  2419.30 2457.60 -1201.70 6.96 .030%
(3) Recovery + Error + Initial Loss of Trust 9 2270.10 2313.10 -1126.00 151.27  <.001***
(4) Recovery + Error + I Loss of Trust + Age 10 2268.20 2315.90 -1124.10 3.90 .048”
Interaction models

(5) Recovery X Error 14 241550 2482.40 -1193.80 - -

(6) Recovery X Error + Initial Loss of Trust 15  2266.20 2337.90 -1118.10 151.27 <.001***
(7) Mit. X Error + Init. Loss of Trust X Mit. 18 2183.60 2269.50 -1073.80 88.67 <.001"**

A.2 PSI Model Building
Shown in Table 4.

Table 4: ANOVA sequential comparisons for PSI model building. Significance levels: * p <.05, ** p <.01, *** p <.001

Model df AIC BIC Log-Likelihood  x? p
Basic models

(1) Recovery Only 6  2765.60 2794.20 —1376.80 - -

(2) Recovery + Error 8 2751.30 2789.50 —1367.60 18.31 < .001***
(3) Recovery + Error + Initial Loss of PSI 9 2682.90 2725.90 —1332.50 70.39 < .001***

B Descriptive statistics

B.1 Severity Values for Errors
Shown in Table 5.

Table 5: Summary Severity statistics of Recovery and Error types.

Recovery  Error Count Mean Median SD Min Max
Error Abrupt 74 3.76 3.00 1.70 1 7
Error Corner 73 4.37 5.00 1.65 1 7
Error Distance 72 5.36 6.00 1.45 2 7
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B.2 Trust
Shown in Table 6.

B.3 PSI
Shown in Table 7.

Table 6: Summary statistics of Trust, ordered by Good, Error, and others on Trust.

Recovery Error Count Mean Median SD Min Max
Good Abrupt 74 4.99 5.20 1.04 1.00 6.80
Good Corner 73 4.92 5.00 1.08 1.20 6.80
Good Distance 72 5.04 5.00 0.84 280 7.00
Error Abrupt 74 3.59 3.60 1.18 1.00 6.20
Error Corner 73 3.47 3.60 1.16 1.00 6.00
Error Distance 72 3.24 3.20 1.19 1.00 6.00
Apology Abrupt 74 4.34 460 136 1.00 6.60
Apology Corner 73 4.57 4.80 1.27  1.00 7.00
Apology Distance 72 4.40 4.60 1.14 2.00 6.20
Both Apology Learning  Abrupt 74 4.81 5.00 1.25 1.00 7.00
Both Apology Learning  Corner 73 5.00 5.40 134 1.00 7.00
Both Apology Learning Distance 72 5.00 5.00 115 2.00 7.00
Learning Abrupt 74 4.39 4.80 1.29 1.00 6.40
Learning Corner 73 4.75 5.00 1.34 1.00 7.00
Learning Distance 72 4.70 5.00 117 1.80 7.00
None Abrupt 74 3.29 3.40 132 1.00 6.20
None Corner 73 3.24 3.20 131 1.00 5.80
None Distance 72 2.97 3.00 1.22  1.00 6.00

Garcia Goo et al.

Table 7: Summary statistics of Recovery Strategies and Error types, ordered by Good, Error, and others on PSI values.

Recovery Error Count Mean Median SD Min Max
Good Abrupt 74 4.12 4.25 1.16 1 6.75
Good Corner 73 3.92 4.00 1.32 1 7
Good Distance 72 3.75 3.75 1.32 1 6.5
Error Abrupt 74 3.15 3.25 0.89 1 5.5
Error Corner 73 2.80 2.75 1.13 1 6.25
Error Distance 72 2.42 2.50 0.93 1 5
Apology Abrupt 74 4.49 4.75 117 125 7
Apology Corner 73 4.58 4.75 1.32 1 7
Apology Distance 72 4.61 4.75 1.27 1 7
Both Apology Learning ~ Abrupt 74 4.74 5 1.24 1 7
Both Apology Learning  Corner 73 4.70 5 1.44 1 7
Both Apology Learning Distance 72 4.80 5 1.23 1 7
Learning Abrupt 74 3.42 3.75 1.09 1 5.75
Learning Corner 73 3.62 3.75 1.35 1 6.25
Learning Distance 72 3.51 3.75 1.37 1 6.25
None Abrupt 74 2.49 2.50 1.05 1 5.25
None Corner 73 2.45 2.50 1.04 1 5.5
None Distance 72 2.11 2.00 0.84 1 4
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