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Abstract
Trust is the foundation of successful human-robot cooperation. However, in-
dividuals in human-robot interaction do not always maintain appropriate trust
levels, and trust biases may emerge: over-trust and under-trust. Trust biases can
impede human-robot cooperation, thus necessitating trust calibration. Trust cal-
ibration is often achieved through two pathways: trust suppression and trust
enhancement. Trust suppression focuses on reducing individuals’ excessively
high trust levels in robots, whereas trust enhancement emphasizes increasing
individuals’ low trust levels in robots. Future research could further optimize
measurement methods for evaluating calibration effectiveness, reveal the mech-
anisms of cognitive changes in individuals during and after trust calibration,
explore the boundary conditions of trust calibration, and examine personalized
and refined trust calibration strategies, with the aim of facilitating human-robot
collaboration.
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Abstract: Trust forms the foundation of successful human-robot collaboration.
However, individuals do not always maintain appropriate trust levels in human-
robot interaction and may instead exhibit trust bias—encompassing both over-

chinarxiv.org/items/chinaxiv-202312.00309 Machine Translation

https://chinarxiv.org/items/chinaxiv-202312.00309
https://chinarxiv.org/items/chinaxiv-202312.00309


trust and under-trust. Such bias impedes effective collaboration, necessitating
trust calibration. This process is typically achieved through two pathways: trust
dampening, which focuses on reducing excessively high trust in robots, and
trust promoting, which aims to elevate insufficient trust levels. Future research
should optimize measurement methods for evaluating calibration effectiveness,
uncover the cognitive mechanisms underlying trust calibration processes and
their aftermath, explore boundary conditions for trust calibration, and develop
personalized and refined trust calibration strategies to enhance human-robot
cooperation.

Keywords: trust calibration, trust bias, trust dampening, trust promoting,
human-robot interaction

Trust permeates the establishment and development of all relationships, includ-
ing intimate relationships (Rempel et al., 1985), consumer relationships (Kwon
et al., 2021), organizational relationships (Meng & Berger, 2019), and doctor-
patient relationships (Petrocchi et al., 2019). It serves not only as a crucial
factor in interpersonal communication but also as a lubricant for social devel-
opment (乐国安, 韩振华, 2009). As robots increasingly integrate into daily life,
researchers have discovered that trust also exists in human-robot interaction
(Hoff & Bashir, 2015; Khavas, 2021). Drawing on previous research (高在峰 et
al., 2021; Lee & See, 2004; Mayer et al., 1995), this paper defines human-robot
trust as an individual’s confidence and psychological expectation that a robot
will help achieve their goals or will not exploit their vulnerabilities under condi-
tions of uncertainty or risk. Trust is vital for human-robot interaction, serving
as both a prerequisite for human acceptance of algorithms (Sanders et al., 2019)
and the foundation for human-robot collaboration (Esterwood & Robert, 2021).

This paper focuses primarily on interactions between humans and intelligent
robots, algorithms, and artificial intelligence, with particular emphasis on
human-robot interaction. Using intelligent robots as an example, individuals in
human-robot interaction may exhibit either excessively high trust (over-trust)
or insufficient trust (under-trust). Over-trust leads to inappropriate reliance
and misuse of intelligent robots, while under-trust results in disuse. Both
undermine the value of human-robot interaction systems (Hancock et al., 2011),
necessitating accurate calibration between perceived and actual reliability to
maintain appropriate trust levels (Madhavan & Wiegmann, 2007). Well-
calibrated trust enables individuals to know when to trust robots and when
not to (Ali et al., 2022). Human-robot trust is typically calibrated through two
pathways: trust dampening, which reduces unrealistic high trust levels, and
trust promoting, which elevates low trust levels. Notably, we term the pathway
for elevating low trust “trust promoting” rather than the commonly used “trust
repair.” While trust repair emphasizes restoring trust after a robot commits a
trust violation, it does not address initially low trust levels. In contrast, trust
promoting better captures the full scope of this calibration pathway.

Foreign researchers have conducted extensive studies on human-robot trust cal-
ibration (Alarcon et al., 2020; de Visser et al., 2020; Ososky et al., 2013), ex-
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amining the causes of trust bias and proposing corresponding calibration strate-
gies. However, these studies remain fragmented, lacking systematic integration
of empirical research in this field. Moreover, controversies persist regarding
the effectiveness of trust calibration strategies, and most previous research has
focused on only one aspect of trust bias (either under-trust or over-trust), ne-
glecting the necessity and importance of integrating trust bias and calibration
research from a holistic perspective. Therefore, this paper examines the causes
of trust bias in human-robot interaction, exploring how robots, individuals, and
contextual factors influence trust bias and how trust can be calibrated through
dampening and promoting pathways to correct deviations (see Figure 1 [Figure
1: see original paper]). We also aim to clarify the boundary conditions of trust
calibration strategies and propose future research directions.

2 Human-Robot Trust Bias
In this paper, we define human-robot trust bias as the deviation of trust from its
calibrated value due to individuals’ misestimation of robot capabilities, encom-
passing both over-trust and under-trust. Trust bias causes individuals to trust
algorithms that are less reliable than humans or to distrust algorithms that are
more reliable than humans (Dzindolet et al., 2003).

2.1 Harms of Human-Robot Trust Bias

Over-trust typically emerges when individuals believe robots possess functions
that humans lack or expect robots to help reduce risks (Borenstein et al., 2018;
Parasuraman & Riley, 1997). It directly leads to overestimation of robot ca-
pabilities and often carries the risk of decision-making errors, such as blindly
accepting all decisions proposed by robotic agents without considering their rea-
sonableness (Khavas, 2021; Khavas et al., 2020). In extreme cases, over-trust
can threaten human lives. Borenstein et al. (2018) found that although state-
of-the-art robotic exoskeletons can only provide limited assistance for children
with mobility disabilities under low-speed walking conditions, many parents be-
lieved the exoskeletons would protect their children from injury during risky
activities like climbing. Similar dangers from over-trusting machines appear in
transportation: drivers with high trust in autonomous vehicles are more likely
to fall asleep while driving (Kundinger et al., 2019), increasing accident risk.

While less harmful than over-trust, under-trust causes individuals to underes-
timate algorithmic capabilities (Parasuraman & Riley, 1997), preventing them
from leveraging algorithms effectively and enjoying their benefits (Ali et al.,
2022), ultimately degrading overall performance and reducing human-robot
team efficiency (Okamura & Yamada, 2020).

2.2.1 Robot-Related Factors

Reliability. Performance-related robot characteristics significantly influence
initial trust in human-robot interaction (Robinette et al., 2017b). Reliability
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refers to the consistency of robot performance (Hancock et al., 2021). A reliable
robot should be predictable and stable. However, reliability can induce either
over-trust or under-trust (Shi et al., 2020). When people perceive robots as re-
liable, stable, and predictable, they may relax real-time monitoring and exhibit
over-trust; conversely, they may show under-trust. Robot errors trigger trust vi-
olations, reducing the trustor’s trust intentions or beliefs toward the trustee (严
瑜, 吴霞, 2016; Kim et al., 2009). Errors undermine trust primarily because they
raise doubts about algorithmic reliability (Alarcon et al., 2020; Correia et al.,
2018; Lee & Moray, 1992) and because people are highly sensitive to algorithmic
errors, often abandoning them after a single mistake (Dietvorst et al., 2015). Er-
ror frequency, severity, and quantity also affect trust dynamics—more frequent,
severe, and numerous errors cause faster and greater trust declines (Rossi et al.,
2017). Additionally, unexpected, unanticipated behaviors can also violate trust.
Lyons et al. (2023) found that when robots deviated from participants’ preset
routes, both trust perceptions and perceived trustworthiness decreased.

Interestingly, some researchers argue that errors do not necessarily reduce trust.
Sarkar et al. (2017) found that errors did not affect perceived robot trustworthi-
ness or subsequent task performance, though they acknowledged influences from
task difficulty and error type (cognitive errors that provided incorrect guidance
but did not prevent task completion). Fascinatingly, robot errors are sometimes
perceived as endearing. After errors, people may find robots more human-like
and likable (Mirnig et al., 2017; Salem et al., 2013), while perfect robots may
seem unnatural (Biswas & Murray, 2015). This reflects the “pratfall effect” in
human-robot interaction. In a rock-paper-scissors game, when robots cheated
verbally (claiming victory when they lost) or behaviorally (changing their answer
after seeing the human’s move), participants showed increased social interaction
with the robot and were more amused by its cheating behavior compared to a
control group with no cheating, despite subjectively considering cheating unfair
(Short et al., 2010).

Embodiment. Embodiment—whether a robot has a physical or virtual form
(van Maris et al., 2017)—significantly impacts trust. Physical embodiment refers
to robots with tangible, three-dimensional bodies that can move and manipulate
the environment (Haring et al., 2021), while virtual embodiment (e.g., virtual
robots) appears only on screens with limited mobility. People prefer interact-
ing with physically present robots over virtual agents. Physical embodiment
influences trust through social presence, evoking positive attitudes and prompt-
ing individuals to treat robots as social actors (Jung & Lee, 2004). Prominently
positioned robots increase dependency likelihood (Robinette et al., 2017a). Bain-
bridge et al. (2011) found that participants were more likely to obey unusual
commands from physically present robots than from telepresence robots. In
the physical condition, 12 of 22 participants hesitantly but ultimately obeyed
instructions to throw books in the trash, compared to only 2-3 participants in
the telepresence condition. In this study, obedience was interpreted as trust.
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2.2.2 Individual-Related Factors

Motivation. Over-trust may stem from social loafing—individuals exert less
effort in human-robot teams than when working alone (Onnasch & Panayotidis,
2020; Parasuraman & Manzey, 2010). Responsibility diffusion in human-robot
collaboration can create “free-riding” effects (Dzindolet et al., 2002). Cymek et
al. (2023) found that although participants in both solo and human-robot teams
self-reported high effort, solo workers demonstrated significantly better perfor-
mance, suggesting that robot team members relaxed vigilance after observing
high robot reliability during the first three-quarters of the task, failing to detect
subsequent robot errors.

Self-confidence. When self-confidence exceeds trust in automation, individu-
als rely on themselves; when self-confidence is low, they depend on automation
(Lee & Moray, 1994). The latter situation readily induces over-trust, not only
because algorithms are perceived as more authoritative while human agency
is weaker (Shank et al., 2021), but also because algorithmic decisions are seen
as more reliable and accurate than human decisions (Mosier & Skitka, 1996).
In Dijkstra’s (1999) study, an algorithmic expert system consistently ruled de-
fendants guilty regardless of case specifics. Despite having better alternatives
(e.g., listening to human lawyers), participants ultimately preferred following the
algorithmic system’s advice, even when incorrect. Participants who complied
with the algorithmic system evaluated it more positively and scored higher on
authority compliance. Xu et al. (2018) similarly found that people trust robot
therapists more than human therapists, with associated over-trust risks.

Algorithmic attitudes. Algorithmic attitudes encompass individuals’ cog-
nitive, affective, and behavioral tendencies toward algorithms. Algorithm ap-
preciation and algorithm aversion represent two typical attitudes. Algorithm
appreciation prompts individuals to approach algorithmic decisions, leading to
over-trust. Logg et al. (2019) found that even when unable to judge decision
correctness, participants more readily depended on algorithms than humans
when they believed decisions came from algorithms—even when content was
identical. This algorithm appreciation effect is consistent across subjective and
objective tasks. Excessive trust in robots also implies high performance expec-
tations (Lyons et al., 2020; Shin et al., 2020), which may relate to algorithm
appreciation. High expectations lead to higher initial trust, stemming from both
appearance-based cognition (e.g., anthropomorphism enhances trust; van Pinx-
teren et al., 2019) and lack of real interaction experience. In one study, when
robots reported “Q-values” (numerical codes) during task completion, partici-
pants with and without AI knowledge perceived AI as more reliable, believing
that more incomprehensible AI was smarter (Ehsan et al., 2021).

Low trust levels relate to algorithm aversion. Chiarella et al. (2022) found that
two paintings by the same artist using different colors received lower aesthetic
ratings when attributed to AI rather than humans. Algorithm aversion may re-
sult from limited real-world robot exposure combined with sensationalist media
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reports about AI threats (e.g., AI world domination, future human-robot wars)
that intensify negative attitudes (Demir et al., 2019). It may also stem from
negative trust transfer—if individuals have poor experiences with computers or
phones, this negative attitude migrates to new algorithm-related products (Lee
& Kolodge, 2020; Okuoka et al., 2022).

Mental models. Mental models are organized knowledge structures and cog-
nitive representations of the work environment that people use to predict, ex-
plain, and construct expectations about their surroundings (杨正宇 et al., 2003).
In human-robot interaction, mental models help individuals infer robots’ inter-
nal states and predict their capabilities through cues. However, because mental
models are based on personal experience and change with new experiences, they
vary across individuals (Müller et al., 2023). Trust calibration requires individu-
als to correctly, comprehensively, and objectively understand robots’ strengths
and weaknesses—in other words, to possess appropriate mental models for rep-
resenting and understanding robot capabilities. For example, trust calibration
depends on humans appropriately interpreting signals from robots to predict
and understand their behavior (Breazeal, 2003). Without appropriate mental
models, individuals misestimate robot capabilities, leading to trust bias (Ososky
et al., 2013).

2.2.3 Situation-Related Factors

Risk and time pressure. High-risk conditions may increase trust in robots.
In Robinette et al.’s (2016) study, participants followed a robot to a confer-
ence room via either an inefficient, circuitous route (low-ability robot) or a
direct route. After arriving, an alarm sounded, requiring immediate evacuation
within one minute. All participants followed the robot, ignoring its previously
demonstrated low ability. Time pressure also exacerbates over-trust—when par-
ticipants perceive time constraints, they are more likely to seek robot assistance
despite previously observed errors (Xu & Howard, 2018).

Decision domain characteristics. Researchers suggest that algorithm aver-
sion or appreciation depends on the expertise underlying the intelligent agent
(Hou & Jung, 2021). If individuals perceive algorithms as less professionally
capable than humans in a domain, algorithm aversion may emerge. In medical
diagnosis, for instance, people generally prefer human decisions, partly because
human decisions preserve dignity while algorithmic decisions create dehumaniz-
ing experiences (Formosa et al., 2022), and partly because people trust humans
more for self-disclosure tasks (Barfield, 2021). Decision domain certainty also
influences algorithm use. As uncertainty increases, performance differences be-
tween humans and algorithms narrow, and people become less tolerant of “per-
fect” algorithm errors than “imperfect” human errors, leading them to rely on
riskier, more error-prone human judgments (Dietvorst & Bharti, 2020). This
algorithm bias may also stem from perceptions that algorithmic decisions are
less fair, trustworthy, and provoke stronger negative emotions when errors occur
(Lee, 2018).
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3 Pathways for Human-Robot Trust Calibration
Human-robot trust calibration involves two pathways: trust dampening and
trust promoting (see Table 1 ). Trust dampening refers to activities that reduce
unrealistic high trust levels when robots make undetected errors or unexpect-
edly correct decisions (de Visser et al., 2020). Trust promoting involves activities
that positively adjust the trustor’s low trust beliefs and intentions, either during
initial interaction or after trust violations (Kim et al., 2004). Below, we intro-
duce specific calibration strategies from robot, individual, and environmental
perspectives.

3.1 Robot-Related Trust Calibration Strategies

Transparency enhancement. Increasing robot transparency can both re-
duce over-trust (de Visser et al., 2020) and elevate under-trust (Lyons et al.,
2017), though it is more commonly used to correct over-trust. Transparency
involves providing users with information about how models work to aid system
understanding (Seong & Bisantz, 2008). Algorithms must be understandable,
enabling users to comprehend underlying mechanisms and use systems correctly.
Transparency also includes revealing robots’ inner speech—displaying their rea-
soning, motivational processes, goals, and action plans to users (Chen et al.,
2018; Geraci et al., 2021), thereby dampening trust. Robots can also provide
performance feedback, such as verbally communicating uncertainty about deci-
sion correctness (Okamura & Yamada, 2020). As noted earlier, predictability
is a key component of reliability. When robot performance is unstable or un-
predictable, individuals cannot accurately assess reliability. Communicating
performance uncertainty—implying potential future performance degradation—
helps dampen excessive trust. Beller et al. (2013) used a driving simulation task
to test uncertainty effects (an autonomous vehicle displaying a hesitant emoji
under uncertain performance). Compared to a control group, the uncertainty
group reduced dependence on the autonomous vehicle, prepared users for au-
tomation failures, and prompted more active, faster fault handling. Uncertainty
group participants also maintained better focus and were less distracted. These
results align with Kunze et al. (2019), showing that uncertainty feedback helps
users allocate attention and calibrate trust. However, designers must carefully
consider uncertainty presentation methods, as while beneficial for trust calibra-
tion, they may increase workload and reduce task performance (Kunze et al.,
2019).

Displaying confidence indices is another transparency strategy (de Visser et
al., 2020). Confidence indices represent the probability of AI making correct
decisions—theoretically, people should rely on AI when confidence is high and
rely on themselves when it is low. McGuirl and Sarter (2006) found that dy-
namic confidence indices helped pilots make better decisions about task allo-
cation and compliance with automation, leading to more accurate system ac-
curacy estimates. Similarly, if robots frequently provide confidence indices for
task completion, individuals can allocate tasks appropriately.
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Explanation. Explainable AI (XAI) is essential for proper trust calibration
(Adadi & Berrada, 2018) and a primary trust dampening strategy (Buçinca
et al., 2021). XAI provides meaningful explanations and can solicit explana-
tions from users (de Visser et al., 2020), helping users understand AI decision
processes so they can identify and reject erroneous decisions. Excessively high
expectations of robots may stem from their “black box” nature. Opening this
black box before interaction may reduce unrealistic trust and help build appro-
priate mental models. Wang et al. (2018) found that explanations helped cal-
ibrate trust and improve decision-making. Without explanations, participants
over-trusted robots and made decision errors; with explanations, compliance
decreased. Additionally, communicating robot limitations can correct high reli-
ability expectations, such as explicitly informing users about task and functional
capabilities to prevent misuse (de Visser et al., 2020).

When robots make errors, appropriate explanations help individuals understand
error mechanisms, strengthen persuasiveness with evidence, and enhance trust.
Explanations include describing error causes (Correia et al., 2018), acknowledg-
ing errors and providing causal reasoning (Bhatt et al., 2020; Lyons et al., 2023),
and proposing solutions (Hald et al., 2021). Explanations must match users’
knowledge backgrounds (Adadi & Berrada, 2018; Kim & Hinds, 2006)—overly
technical explanations confuse users and reduce transparency. However, expla-
nations can backfire (Papenmeier et al., 2019), with effectiveness depending on
error severity. In Correia et al.’s (2018) tangram puzzle task, robot voice fail-
ures paused the game. Explanations were only effective when participants could
continue the task; when game restart was required, explanations were useless
and even decreased trust.

Commitment. Commitment applies to integrity-based or competence-based
violations—the former involves honesty issues reducing trust, while latter in-
volves capability failures (严瑜, 吴霞, 2016). Commitment includes both post-
violation robot promises to humans and pre-interaction human promises to
robots. Esterwood and Robert (2022) found that commitment most effectively
repaired trust when individuals held high prior positive attitudes toward robots.
By validating individuals’ attitudes, commitment reduced cognitive dissonance
and facilitated trust repair. Sebo et al. (2019) found that pre-interaction recip-
rocal commitments—agreeing to fair competition without harming each other—
maintained higher trust even when robots cheated during tasks.

Apology. Apology is the most common trust repair method in human-robot
interaction, suitable for competence-based violations (Quinn, 2018). Defined as
acknowledging responsibility for trust violations and expressing regret (Kim et
al., 2004), apology often involves attribution. Kim and Song (2021) found that
post-violation, human-like virtual agents using internal attribution apologies re-
paired trust better than external attribution, while the opposite pattern emerged
for machine-like agents. When robots expressed human-like emotions such as re-
gret, trust increased dramatically compared to robots showing no regret; trust
increased most when apologies combined regret expression with explanation
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(Kox et al., 2021). Timing also matters—Robinette et al. (2015) found that im-
mediate post-violation apologies and explanations were ineffective in simulated
fire emergencies, but apologies combined with promises during crises led most
participants to follow robots to emergency exits. However, Quinn (2018) ques-
tions apology effectiveness, suggesting repeated guilt expression and perceived
low sincerity may reduce trust repair efficacy.

Denial. Denial effectively repairs integrity-based violations (Sebo et al., 2019),
involving rejection of external causality without admitting responsibility or ex-
pressing regret (Kim et al., 2004). Denial gives violators opportunities to refute
and question rather than simply admit fault, though it may signal unwillingness
to change behavior, raising concerns about future trustworthiness (Kim et al.,
2004). However, denial may be safer than apology under high workload when
individuals cannot verify robot integrity or clarify fault causes (Quinn, 2018).
Interestingly, when robots denied integrity violations, subsequent trust reports
showed no differences from other conditions, yet 60% of participants retaliated
against the robot (Sebo et al., 2019).

Blame attribution. Blame is a high-risk trust repair strategy. Like apology, it
involves attribution, with internal blame (attributing failure to robot-internal
causes) preferred over external blame (algorithm designers, third-party algo-
rithms, human partners) (Groom et al., 2010). Post-violation internal blame
increases perceived integrity and benevolence compared to external blame, de-
spite no behavioral trust differences (Jensen et al., 2019). However, not all
blame is effective—blame emphasizing only errors without explaining causes
decreases trust (Kaniarasu & Steinfeld, 2014), as robots blaming participants
cause anger, while self-pitying robots seem untrustworthy despite honest error
admission.

Anthropomorphism. Anthropomorphism is the psychological process or indi-
vidual difference of attributing human characteristics, motivations, intentions,
or mental states to non-human objects (许丽颖 et al., 2017; Epley et al., 2007),
and can promote trust. Since algorithms are perceived as cold and lacking
warmth, adding human-like emotional features—such as female robots repre-
senting high warmth—may reduce dehumanization perceptions (Borau et al.,
2021). Toader et al. (2019) confirmed that participants interacting with female
chatbots showed stronger personal information disclosure intentions and higher
social perception and service satisfaction than those interacting with male chat-
bots. Anthropomorphism may increase trust resilience by creating “robots are
as fallible as humans” cognition (Aroyo et al., 2021), helping form mental mod-
els (Ososky et al., 2013) and slowing trust decline after errors (de Visser et al.,
2016). In one study, a communicative robot expressing emotions (e.g., looking
委屈 after dropping an egg) and occasionally making mistakes (dropping one
egg during transport) was more favored than silent, efficient robots. Even af-
ter errors, participants trusted this robot as much as the efficient, silent robot
(Hamacher et al., 2016).

However, anthropomorphism can also induce over-trust. Users may over-trust
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highly anthropomorphized robots because they are perceived as more reliable,
benevolent, and honest, creating a false sense of familiarity and human-like ex-
pectations (Wagner et al., 2018). Therefore, reducing anthropomorphic features
can dampen trust in individuals with initially high trust levels.

3.2 Individual-Related Trust Calibration Strategies

Increased contact. Contact can change attitudes toward robots. In trust
promotion, the exposure effect exists in human-robot interaction (Jessup et al.,
2020; Wullenkord et al., 2016). Face-to-face robot interaction reduces vigilance
(Haring et al., 2013), decreases uncertainty and risk perception (Kraus, Scholz,
Messner, et al., 2020), and enhances liking and initial trust. Interestingly, sim-
ply helping a robot press a button increases trust compared to no-button con-
ditions (Ullman & Malle, 2017). Overall, actual robot contact reduces negative
bias and anxiety, corrects inappropriate threat perceptions, and increases future
interaction intentions (Wullenkord et al., 2016).

Contact can also reduce inappropriate algorithm appreciation and dampen over-
trust. Human-robot interaction experience correlates with automation reliance
(Goddard et al., 2012). Haring et al. (2013) found that pre-interaction per-
ceptions of robot intelligence decreased after actual interaction. Wullenkord et
al. (2016) replicated this: pre-interaction beliefs about robots’ emotional expe-
rience decreased after interaction as participants realized robots were less ad-
vanced and emotional than imagined, while control groups maintained high ca-
pability beliefs. Actual robot contact normalizes capability perceptions (Sanders
et al., 2017), achieving trust calibration.

Expectation reduction. Reducing expectations is a trust dampening method.
Trust’s dynamic nature prompts continuous expectation calibration during inter-
action, updating robot cognition (Kraus, Scholz, Stiegemeier, et al., 2020). Pop
et al. (2015) found that high-expectation users were more sensitive to automa-
tion reliability changes but did not necessarily show better trust calibration—
calibration was good when automation capability improved but poor when it
declined. Therefore, forewarning is effective for high-expectation individuals.
Pre-warning about task difficulty and potential poor performance helps reset
expectations (de Visser et al., 2020; Lee et al., 2010).

Enhanced algorithmic literacy. Algorithmic literacy comprises four aspects:
(1) understanding how apps and platform algorithms are used, (2) knowing how
algorithms operate, (3) critically evaluating algorithmic decisions, and (4) ef-
fectively handling algorithmic problems (Dogruel et al., 2022). Good algorith-
mic literacy enables smooth robot interaction, knowledge extraction from ex-
planations, and mental model improvement (Naiseh et al., 2021). Literacy can
be enhanced through learning—e.g., user manuals highlighting over-trust risks,
robot operators developing training courses (Aroyo et al., 2021)—and through
self-learning to update AI knowledge and calibrate trust most effectively.
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3.3 Situation-Related Trust Calibration Strategies

Cognitive intervention and resource enhancement. Situational charac-
teristics affect cognitive load. High-risk and time-pressure conditions often cause
cognitive overload. According to cognitive load theory, working memory is lim-
ited, with intrinsic load from learning tasks and extraneous load from environ-
mental sources (Sweller, 2011). High cognitive load during human-robot interac-
tion prevents accurate automation error detection, while continuous monitoring
creates task-unrelated intrinsic load (Lyell & Coira, 2017). Fewer cognitive
resources increase algorithm over-trust tendencies (Chien et al., 2016). Opti-
mizing interaction environments may improve resource utilization and dampen
trust, such as simplifying user interfaces (Naiseh et al., 2023) and providing
clear, understandable instructions (Wickens, 1995).

Fast decision-making contexts are also vulnerable to cognitive heuristics.
Buçinca et al. (2021) proposed cognitive intervention strategies based on dual-
process theory, which posits two cognitive systems: heuristic thinking (using
heuristics and mental shortcuts to reduce cognitive resource consumption) and
analytical thinking (slow, resource-intensive, rarely activated). They trained
participants in cognitive forcing by requiring them to (1) decide before AI, (2)
slow decision-making by increasing AI response time, and (3) choose whether
and when to view AI advice. Results showed cognitive intervention increased
analytical thinking motivation and reduced AI over-reliance.

Enhancing robot (algorithm) advantages in decision domains. Hou and
Jung (2021) argue that humans do not uniformly prefer algorithms or humans
but rather the expertise behind them. Injecting expert power behind algorith-
mic decisions can improve negative trust attitudes. Matching robot appearances
to task domains also aids acceptance—e.g., child-like, high-warmth robots are
preferred in hedonic service contexts, while adult-like, high-competence robots
are preferred in utilitarian contexts (Liu et al., 2022). People generally dislike al-
gorithms for subjective tasks, but emphasizing objective, fact-based components
can reduce subjectivity and increase trust. For instance, informing participants
that music recommendations (a subjective task) can be determined by person-
ality traits (objective factors) enhances trust in algorithmic decisions (Castelo
et al., 2019).

4 Future Research Directions
Human-robot interaction has permeated daily life, and trust is crucial for team
cohesion (Perkins et al., 2021). However, only appropriately calibrated trust
promotes effective collaboration—excessive or insufficient trust threatens coop-
eration, necessitating calibration. Despite substantial research progress, current
work has limitations and improvement opportunities.
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4.1 Optimizing Measurement Methods for Calibration Effectiveness

First, regarding measurement, researchers have begun using implicit methods
to examine trust in automation (Merritt et al., 2013), but these remain limited
to pre-calibration trust measurement, not addressing post-calibration implicit
trust after bias correction. Second, post-calibration evaluation relies primarily
on explicit trust indicators like scale scores or trust behaviors. We argue that
both explicit and implicit trust attitudes should be examined to better test
calibration strategy effectiveness. For trust dampening, future research could
use implicit association tests to examine whether dampening strategies reduce
implicit trust levels and compare differences between explicit and implicit trust
reduction.

4.2 Revealing Cognitive-Neural Processes in Trust Calibration

Most human-robot trust research has focused on behavioral experiments, though
some have begun examining cognitive-neural perspectives (Eloy et al., 2022;
Oh et al., 2020; Walker et al., 2019; Yen & Chiang, 2021). For example, in-
creased neural activation in medial and right dorsolateral prefrontal cortex and
decreased functional connectivity were observed after robot errors (Hopko &
Mehta, 2022), with increased negative waves in anterior cingulate cortex (de
Visser et al., 2018). Trust is a continuous process where establishment, growth,
damage, and dissolution powerfully and persistently affect all members’ cur-
rent and future behaviors (Hancock et al., 2011). Complete trust calibration
cycles involve trust establishment-growth/damage-calibration stages. Previous
cognitive-neural research has focused on the first two stages, but the cognitive-
neural processes involved during and after calibration—particularly after trust
promotion or dampening—remain underexplored. This is crucial for reveal-
ing physiological mechanisms and optimizing calibration strategies. Future
research could use physiological indicators for real-time, continuous monitor-
ing of cognitive-neural activity from initial trust establishment through post-
calibration, revealing trust dynamics at the physiological level.

4.3 Fine-Grained Research by Trust Development Stage

Trust exhibits dynamic development, yet most calibration research uses static
cross-sectional designs examining only current-stage trust elevation or damp-
ening, not dynamic trust development factors. For example, pre-interaction
negative algorithm attitudes and low capability expectations may be disrupted
when individuals perceive algorithmic reliability during interaction, creating ex-
pectation gaps that increase trust (Washburn et al., 2020). Filiz et al. (2021)
found that in 40 rounds of stock price prediction, participants initially trusting
themselves gradually shifted to trusting algorithms as they observed higher al-
gorithmic accuracy. This was replicated when robot journalists’ article quality
exceeded expectations—positive disconfirmation increased acceptance and sat-
isfaction (Kim & Kim, 2021). High trust from such positive disconfirmation
may differ from gradually accumulated high trust during interaction, warrant-
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ing different dampening strategies that previous research has not distinguished.
Future work should compare calibration strategy effectiveness for different bias
causes and identify optimal strategies for specific trust biases.

4.4 Exploring Boundary Conditions of Trust Calibration

First, most research examines trust changes with humanoid or mechanized
robots, rarely addressing animal-like robots, especially “cute” ones that may
automatically evoke naive, kind trait inferences and positive emotions (许丽颖
et al., 2019). Baby-faced robots with large, round eyes may also seem more
trustworthy (Song & Luximon, 2020). Animal-like robots are more likable than
mechanized robots (Li et al., 2010). Since human uniqueness may contribute
to low initial trust, cute animal-like robots might reduce threat perception and
increase initial trust; after trust violations, they may also slow trust decline and
facilitate repair. For trust dampening, animal-like robots may reduce expecta-
tions through familiarity while avoiding racial bias issues in humanoid design
(Löffler et al., 2020), thus dampening over-trust. They may also reduce mental
model inferences and dampen trust. Future research should compare humanoid
and animal-like robots in trust calibration, though animal-like robots should
have high or low animal similarity to avoid the uncanny valley effect (Löffler et
al., 2020).

Second, research has begun examining trust development in groups rather than
individual interactions (Montague & Xu, 2012; Montague et al., 2014; Xu &
Montague, 2013). Martinez et al. (2023) found that while individual trust in
food delivery robots increased with contact, group trust showed more variation
without consistent growth. Volante et al. (2019) found people prefer following
others’ robot evaluations rather than direct interaction. These studies explore
group trust changes but not group trust calibration. Future cross-cultural re-
search could compare Chinese and Western participants’ group trust differences,
examine group trust calibration, and compare individual versus group trust bias
to identify appropriate group calibration strategies.

Finally, calibration success depends on individual factors, with strategy effec-
tiveness showing individual differences. Lee et al. (2010) found that relationship-
oriented participants preferred apology strategies, while utilitarian-oriented par-
ticipants preferred compensation strategies. Future research could model trust-
related behaviors during interaction (Pynadath et al., 2019) to calibrate trust
personalized to user characteristics.
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