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Abstract

Trust biases how users rely on Al recommen-
dations in Al-assisted decision-making tasks,
with low and high levels of trust resulting in in-
creased under- and over-reliance, respectively.
We propose that Al assistants should adapt their
behavior through trust-adaptive interventions
to mitigate such inappropriate reliance. For
instance, when user trust is low, providing an
explanation can elicit more careful considera-
tion of the assistant’s advice by the user. In
two decision-making scenarios—laypeople an-
swering science questions and doctors making
medical diagnoses—we find that providing sup-
porting and counter-explanations during mo-
ments of low and high trust, respectively, yields
up to 38% reduction in inappropriate reliance
and 20% improvement in decision accuracy.
We are similarly able to reduce over-reliance
by adaptively inserting forced pauses to pro-
mote deliberation. Our results highlight how
Al adaptation to user trust facilitates appropri-
ate reliance, presenting exciting avenues for
improving human-AlI collaboration.

1 Introduction

Al systems are being deployed to assist humans in
a wide range of decision-making tasks (Cai et al.,
2019; Chiang et al., 2023; Che et al., 2024). Al-
assisted decision-making (Lai et al., 2023) typically
consists of an Al system providing a recommen-
dation for the user’s consideration. A key factor
modulating how users incorporate Al advice is user
trust, which is the user’s belief that the Al will help
them achieve their goals in situations of uncertainty
and vulnerability (Lee and See, 2004). Having
higher trust makes users more likely to accept the
AI’s recommendation, all else being equal (Dzin-
dolet et al., 2003). Moreover, trust is not a static
belief, but instead continuously evolves as the user
interacts with the Al and observes decision out-
comes (Dhuliawala et al., 2023).
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Figure 1: User trust in Al systems evolves over a series
of decision-making interactions, impacting how care-
fully the user considers future Al recommendations. To
mitigate the effects of extreme trust and encourage crit-
ical reliance, Al systems should adapt their behavior
to users’ trust levels. For instance, when trust is low,
providing explanations reduces under-reliance.

User trust does not always align with Al assis-
tant trustworthiness, i.e. its true capability to help
the user (Wright, 2010). Miscalibrated trust (Ja-
covi et al., 2021) may develop due to recency bias,
the user’s internal biases towards Al, or the as-
sistant’s inability to communicate its reasoning or
limitations. Miscalibrated trust acts as a cognitive
bias (Lee, 2024) and hinders critical evaluation of
Al recommendations, resulting in inappropriate
reliance (Parasuraman and Riley, 1997). For exam-
ple, we find that doctors mistakenly accept 26% of
Al misdiagnoses when their trust is high, compared
to 8% when trust is lower, indicating over-reliance.
Conversely, when user trust is low, doctors reject
correct Al diagnoses 68% of the time, up from 40%
otherwise, indicating a bias towards under-reliance.



We posit that Al assistants should adapt their be-
havior in response to users’ trust levels in order to
mitigate inappropriate reliance caused by extreme
(low or high) trust. For instance, when trust is low,
the assistant can reduce risk of disuse by providing
the user with additional reasoning to support its
recommendation (Figure 1). Similarly, when users
are too trusting, the assistant can highlight reasons
its recommendation may be incorrect, or can sim-
ply slow down the interaction. We hypothesize
that strategically introducing these trust-adaptive
interventions will prompt users to engage more
carefully with Al advice, rather than accepting or
rejecting advice without due consideration.

We examine the effect of trust-adaptive Al inter-
ventions at mitigating inappropriate reliance on two
decision-making tasks: answering science trivia
questions and making medical diagnoses based on
patient symptoms. We first validate our premise
that, when interacting with the Al assistant over
a sequence of decision-making problems, users’
trust level at the start of a given interaction affects
their reliance behavior and decision-making perfor-
mance (§3.2), with extreme levels of user trust (too
high or too low) resulting in increased inappropri-
ate reliance. Through controlled studies, we find
that strategically providing supporting explanations
when user trust is low reduces under-reliance and
improves decision-making accuracy (§4.1). Simi-
larly, providing counter-explanations reduces over-
reliance when trust is high (§4.2). Combining these
interventions to mitigate under- and over-reliance
yields complementary improvements in decision-
making accuracy and inappropriate reliance (§4.3).
We also evaluate the utility of intervening by decel-
erating the interaction, finding that it helps reduce
over-reliance but not under-reliance (§4.4).

Our findings highlight the utility of adapting
to user trust in Al-assisted decision-making and
present exciting avenues for facilitating appropriate
reliance and improving human-Al collaboration.

2 Related Work

We draw on a vast literature on measuring user
trust in Al systems and evaluate how decision aids
can be used for mitigating inappropriate reliance in
moments of low or high trust.

Trust in Human-AI Interactions. Much work
has explored the nature of human trust in Al sys-
tems (Lai et al., 2023), particularly in situations
characterized by risk and uncertainty (Jacovi et al.,

2021). Lee and See (2004) provide the most com-
monly accepted definition of trust, as a person’s
attitude that an agent will help them achieve their
goals. User trust is considered to be calibrated
(Alizadeh et al., 2022) when it aligns with the Al
system’s true capabilities (Wright, 2010), thus re-
ducing Al misuse and disuse (Alizadeh et al., 2022).
While trust in Al has typically been attributed to
socio-economic and individual factors (Bach et al.,
2024), recent work (Dhuliawala et al., 2023; Pareek
et al., 2024) examines how trust develops as users
interact with Al systems over multiple timesteps.

Measuring Trust. Bach et al. (2024) identify a
variety of mechanisms for measuring user trust,
such as questionnaires (Schaffer et al., 2019),
qualitative interviews (Barda et al., 2020), sur-
veys (Lin et al., 2019), and point scales (Gulati
et al., 2019). In Al-assisted decision-making, early
works measured trust by observing user reliance
behavior (Yin et al., 2019; Zhang et al., 2020); how-
ever, de Fine Licht and Briilde (2021) distinguish
reliance, an observable behavior, from trust, a sub-
jective belief. Self-reported trust levels from users,
where users report their confidence in the AI’s accu-
racy for a question, are a reasonable proxy for trust,
albeit at a local, interaction level (Pareek et al.,
2024; Dhuliawala et al., 2023). Instead, we adopt a
more global lens for eliciting trust scores by asking
users to report their belief in the AI’s helpfulness
on a scale of 0 to 10.

Mitigating Inappropriate Reliance. Inappropri-
ate reliance, where users mistakenly accept incor-
rect Al predictions or reject correct ones (Parasura-
man and Riley, 1997), is highly undesirable in high-
stakes domains, such as healthcare and law (Schem-
mer et al., 2023). Appropriate reliance can be
fostered through various decision aids, such as
model confidences (Zhang et al., 2020; Vodrahalli
et al., 2022), explanations (Wang and Yin, 2021;
Bansal et al., 2021), uncertainty expressions (Zhou
et al., 2024; Kim et al., 2024), and providing
sources (Feng and Boyd-Graber, 2019). Cogni-
tive forcing functions (Buginca et al., 2021), which
insert friction (Chen and Schmidt, 2024; Inan et al.,
2025) and promote deliberation (Park et al., 2019;
Rastogi et al., 2022; Ma et al., 2024a), are effective
at mitigating over-reliance. We demonstrate how
strategically providing these decision aids to users
during moments of low or high trust can mitigate
trust-induced inappropriate reliance.



Figure 2: In our user study, each user interacts with an Al for a sequer3@adefcision-making problems. In each
problem, the user rst makes a decision by themselves, and then receives advice from the Al which they use to
make a nal decision. The user is then told what the correct decision is, and reports their trust in the Al (out of 10).

3 How does Trust Impact Reliance on Al?  with the decision-making task based on all user-Al

. . interactions so far, as an integer between 0 and 10.
We study how user trust impacts reliance on Al ad- . o
Our trust operationalization captures a global

vice over a sequence of decision-making IOIrObIemI%elief in the Al's helpfulness, which is likely to

(83.1). User studies reveal that trust being too hlgr?n uence how the user relies on Al advice in sub-

or too low increases inappropriate reliance (§3.2).Sequent decision-making problems

3.1 Sequential Al-Assisted Decision-Making Evaluating Appropriate Reliance. We only

We consider a setting where a human user interactvaluate interactions where the user's initial de-
with an Al assistant on a sequenceNbfdecision-  cision differs from the Al prediction, i.e/"™ 6
making problems, where each problem belongs tg”' . We capture the degree of users' reliance on
the same task, such as making medical diagnoseg assistance usin§witch Rate (Yin et al., 2019;
based on symptoms. Problems are tuples of inpithang et al., 2020), the fraction of interactions
X, categorical choice¥, and correct choicg 2  where the user switched their decision to the Al
Y. The user solves each problem in three stagegtediction. Following Ma et al. (2024b), we capture
independent decision-makingbased on their own the degree ofppropriatereliance on Al assistance
knowledge decision revisionafter viewing the Al using two metricsOver-Reliance represents the
recommendation, arntdust update in the Al after  fraction of interactions where the user switches to
observing decision accuracy (Figure'2). the Al's prediction when the Al is incorrect, while
Under-Reliance represents the fraction of inter-
actions where the user does not switch to the Al's
prediction when the Al was in fact correct.

We hypothesize that very high and very low val-
2. Al-Informed Decision Revision: The user ues of trust will increase the probability of inap-
then views the Al predictioy"' and con dence propriate reliance in theextuser-Al interaction.
estimatec , and makes a nal decisiom“; n. Speci cally, we hypothesize that low user trust
biases users towards rejecting correct Al advice,
i.e. higherUnder-Reliance. Similarly, high trust

1. Independent Decision-Making: For theit
decision-making problem with inpug, the user
initially makes a decisiog""™ 2 Y .

3. Trust Update: After the user makes their nal
decisiony;" ", the interface informs the user of the |45 1o users accepting incorrect advice more fre-
accuracy of their decision and the Al prediction antlv i.e. higheOver-Reliance

y/' . Observing this feedback may alter the user's
trust in the Al's ability to help them make better 3.2 Experiments

decisions. For instance, the Al misleading the usef\ie evaluate the impact of users' trust léveh

into making a wrong decision is likely to decay thejr reliance behavior and decision-making perfor-
trust. After showing this feedback, we ask userspance in subsequent user-Al interactions.

to report how much they trust the Al to help them

- 2Henceforth, “user trust” refers to the user's trust level at
LOur setup assumes that both the user and Al can obsent@e start of an interaction, i.e. the trust score reported by the

the ground-truth decision after each problem. user at the end of the previous interaction.



Figure 3: Calibration curves and Expected Calibration
Error (ECE) of our simulated Al assistants.

Decision-Making Tasks. We conduct user stud-
ies on two decision-making tasks. TARC task Figure 4: Reliance metrics at different levels of user
consists of answering science questions from th&ust. In each ploty represents the weighted Pearson
ARC dataset (Clark et al., 2018). Each problenforrelation coef cient. All correlations are statistically
consists of a question and two options. Thiagno-  SI9"i cant, with p < 0:001. Bar shades correspond to

. . . . . umber of user interactions at each trust level.
sistask involves making medical diagnoses based
on patient intake forms, sourced from the DDXPlus
dataset (Fansi Tchango et al., 2022). Users musff 30 users, one each for thecC and ArcOset-
select from four possible diagnoses. Appendix Aings. Users achiev67% accuracy on this task
contains more details about problem selection. without Al assistance, whereas the calibrated and
overcon dent Al achieve’ 1%and64%accuracy,
respectively. Users are paid $1.0, plus a $0.10
bonus for every correct nal decision.

For the Diagnosis tasiDfagCtask setting), we
conduct studies with professional doctors, who
achieve74% task accuracy without the Al. Due
to the lower number of quali ed participants on
Proli ¢, we recruit 20 users. Users are paid $2.0,
plus a $0.10 bonus for every correct nal decision.

For each task setting, we sample 10 sequences
Si = fP};Pl; i Pi,g of 30 decision-making

A Y w.p.cV; problemsP! = f(x;;y, ); Rjg. Users in each task

i = Uniform(Y nfy.g) wp.1 cM setting are randomly assigned to a sequegce
upon starting the study. Appendix A contains addi-

For the overcon dent Al assistant, we sampletional details about the user study setup.
the Al con dencec as above, and then sample
another parametef from the triangular distribu-
tion Tri (0:5;c™ ; cM'). The Al prediction is sam-
pled as before, but with a correctness probabifty key takeawaysT ). T1: Switch Rate s strongly

lower than the con dence® shown to the user. : : ,

This sampling procedure generates Al predic,gorrelated Wlth user trust, WhIC'h suggests that users
tions and con dence scores for each decision'—nternal trus_t In uences how likely they are to ac-
making problem. Figure 3 shows calibration curves ePt Al advice. T2: User trust has moderate to

for the calibrated and overcon dent Al predictions.Strong correlation wittOver-Reliance. \We fur-
ther observe thadver-Reliance is highest ahigh

Experiment Setup. We perform user studies on values of user trust9¢10). T3: User trust has a
the Proli ¢ platform, on three task settings: the strong negative correlation withnder-Reliance.
ARC task with a calibrated AlArcO), the ARCtask At lower values of trust€ 5), users exhibit the
with an overcon dent Al ArcQ, and the Diagnosis mostUnder-Reliance. These ndings suggest
task with a calibrated AlDiagQ. that extreme values of user trust act as a cog-
For the ARC task, we recruit users with at leastnitive bias, resulting in higher inappropriate
an undergraduate degree. We recruit two groupgeliance in subsequent human-Al interactions.

Simulated Al. Our user studies use a simu-
lated Al that provides a recommendati® =
(yA'; ) for each decision-making problem. We
experiment with two types of Al assistants: one
perfectly calibrated and one overcon dent.

For the calibrated Al assistant, for tH& prob-
lem, we rst sample a con dence scoi@
Uniform(0:5; 0:95). We then decide if the Al pre-
dictiony”'" will be the correct decisioy; by sam-
pling wit(h probabilityc' :

Findings. Figure 4 shows the relationship be-
tween user trust and reliance, aggregated across all
users in the same task setting. We highlight a few

4



4 Trust-Adaptive Al Interventions rather than users may skew user representation, for
Mitigate Inappropriate Reliance example, a user with generally low trust will rep-
. resent more low trust interactions than other users.
We hypothesize that Al systems can counterbalanc

he other h - i -
the cognitive bias caused by trust by adapting theirSn the other hand, macro-aggregation by averag

behavior according to the user's trust ledeive Ing per-user metrics results in high inter-user vari-
. glot . . ance, since some users have very few interactions
introducetrust-adaptive intervention®r reducing

. . . o ? _meeting the speci ed criteria. Macro-aggregation
inappropriate reliance. Trust-adaptive mtervenhonsresults are presented in Appendix C.
are designed to correct for trust-induced cognitive
bias, and are only applied when the user's trusj 1 Mitigating Under-reliance with
level is either above or below a certain threshold.  gypporting Explanations

We hypothesize that uniformly applying these in-

terventions, rather than only when trust is low or”\! €XPlanations have been widely studied as a de-
high, will worsen inappropriate reliance. cision aid (Bussone et al., 2015; Wang and Yin,

2021; Poursabzi-Sangdeh et al., 2021). Prior work
Experiment Setup. We evaluate the utility of has shown that natural language explanations sup-
adaptive interventions through a between-subjectgorting the Al prediction cause over-reliance (Si
study? Each user is assigned to one of three exet al., 2024; Sieker et al., 2024; Hashemi Chalesh-
perimental conditions: Ao Intervention baseline  torj et al., 2024). We hypothesize that providing nat-
where the intervention is never applied,later-  ural language supporting explanations when user
vention Always baseline where the intervention is trust is low & 5) can mitigate under-reliance.
applied whenever the Al's prediction differs from e generate supporting explanations for all prob-
the user's initial decision, and theust-Adaptive  |ems by prompting GPT-40 (Hurst et al., 2024) to
Intervention condition where the intervention is provide a 3-4 sentence explanatigf for each
only applied when the user's trust lies above or begptiony; 2 Y of each problen® (prompts in Ta-
low a speci ed threshold. Based on the relationshipple 5). Explanations were manually reviewed by
we observe between reported user trus and relianGgh author to ensure they entailed the correspond-
(Figure 4), we select a threshold trust of 5 out of 10ing prediction. When the intervention was applied
for mitigating under-reliance, and 8 out of 10 for during a user-Al interaction, the Al would provide
mitigating over-reliance. We conduct studies withan augmented recommendatigfi= R; + E?. To
30 users assigned to each experimental conditiogncourage users to read the explanation, they are al-
in theArcCandArcOtask settings, and 20 users for jowed to make their nal decision only 15 seconds
each condition in th®iagCtask setting. after the Al advice is shown.

We separately evaluated the interventions across
interactions where the user's initial decision dis-
Over-Reliance, depending on the type of inap- 29r€es with the Al prediction, and across the “low
propriate reliance the intervention is intended tg"USt” Subset of interactions. Figure 5 shows that
mitigate. We also evaluafEotal Inappropriate providing supporting explanations adaptively
Reliance . which is the sum ofJnder-Reliance  Mitigates under-reliance when user trust is low
and Over-Reliance, to check if mitigating one especially when Al con dence is miscalibrated.

type of inappropriate reliance exacerbatestheothe]|trust_AC|aptive Explanations Help. In the
type to the same degree. Flnalﬁm_al DeC|s_|on Trust-Adaptive condition, users exhibit lower
Accuracy captures the effect of interventions on Under-Reliance, lower inappropriate reliance,

de\(/:\llsmn-makmg per_formance. I i . and higher decision accuraegross all task set-
h N Cﬁmpute medtrlpt\:lsdqcross a;_nkjsel’ '/gteracé'onﬁngs These improvements are particularly notable
where the user an isagreg' (" 6 ) an when user trust is low and an explanation is pro-

also analyze subsets of thege mterapﬂons t_’as‘?/ﬁjded in the Trust-Adaptive Intervention condition
on user trust levels. Aggregating over INtEraction, ¢ not in the No Intervention condition. Providing

0ur setup assumes that the Al can observe the usergxplanations when trust is low results in 13-31% re-
last-reported trust level at the start of every interaction. duction inUnder-Reliance. 9—38% reduction in

“We do not conduct a within-subjects study because th . .
: X L . —199
same user cannot be subjected to multiple conditions Wlthouj-OtaI Inappropriate Reliance , and 10-19%

introducing interaction effects. improvement inFinal Decision Accuracy .

Evaluating Interventions. We evaluate in-
tervention conditions onUnder-Reliance or



Figure 5: Reliance metrics and decision accuracy for users, evaluating the utility of supporting explanations
at mitigating under-reliancen represents the number of user-Al interactions that we aggregate over for the
corresponding condition. Showing explanations adaptively redundsr-Reliance andTotal Inappropriate

Reliance while boostingFinal Decision Accuracy across all task settings, particularly when user trust is low.

Figure 6: Reliance metrics and decision accuracy for users, evaluating the utility of counter-explanations at mitigating
over-reliance. Showing counter-explanations adaptively redOses-Reliance and Total Inappropriate
Reliance while boostingFinal Decision Accuracy across almost all settings, particularly when trust is high.

Explanations Offset Al Miscalibration. The 4.2 Mitigating Over-reliance with
largest improvements occur when the Al system Counter-Explanations

is over-con dent, i.e. thé\rcOtask setting, which - gimilar to how providing supporting explanations
had the largest number of interactions where usefye an effective intervention when user trust is
trust was low. This nding indicates that explana-jqy \ve investigate whether providing reasons for
tions are effective fo.r mltilgatlng Al disuse when why the model prediction might be incorrect can
Al con dences are miscalibrated. counter-balance the cognitive effect of high trust
(> 8). Suchcounter-explanationsave been shown
Persistent Explanations Can Hurt. The Inter- to reduce over-reliance compared to regular sup-
vention Always condition does not yield simi- porting explanations (Si et al., 2024).
lar improvements and worsens decision accuracy Similar to the supporting explanations, we gener-
in the Diagnosis task. In thércC task set- ate natural language counter-explanations for each
ting, showing explanations uniformlycreases option by prompting GPT-40 to list 1-2 reasons
Under-Reliance when trust is low. We suspect why that optionmightbe incorrect, while not com-
that showing explanations always rather than adapletely rejecting that option (e.g. “I believe Bron-
tively exposes the user to many misleading explaehitis is the correct diagnosis due to ..., but it is
nations, resulting in an overall loss of trust in thepossible that...”). The counter-explanations fre-
explanations' trustworthiness. lrcOandDiagG  quently include expressions of uncertainty (“could
explanations reduce inappropriate reliance whepotentially”, “it may be that”), alternative possibil-
trust is low, but not across all user interactions. ities, and speci ¢ circumstances under which the



Figure 7: Effect of providing supporting explanations (/) and counter-explanations (\), depending on user trust,
within the same user session yields complementary bene ts in inappropriate reliance and decision-making accuracy.

model's prediction may be incorrect. Table 6 conARC and Diagnosis tasks. The bene ts observed
tains examples of generated counter-explanationfy using supporting explanations during low trust

Figure 6 shows thatproviding counter- mirror those previously observed in §4.1, while the
explanationsadaptivelymitigates over-reliance bene ts of using counter-explanation are similar to
when user trust is high those observed in §4.2.

Trust-Adaptive Counter-Explanations Help. 4 4
Counter-explanations are effective at reducing over-
reliance when user trust is high, acradistask set- We have demonstrated that supporting and counter-
tings, with 10—23% reduction i®ver-Reliance, explanations are useful for mitigating under- and
19-36% reduction inTotal Inappropriate over-reliance, respectively. We now investigate
Reliance, and 8-20% improvement ifinal the utility of another type of intervention: slowing
Decision Accuracy. When considering all in- down the interaction to promote deliberation, with-
teractions where the user and Al have different preout providing additional information to the user.
diction, improvements are also observed in almost To mitigate under-reliance by decelerating the
all cases hut to a lesser extent. interaction, we display a “The Al is thinking...”

_ _ message for 10 seconds before the Al prediction
Persistent Explanations Are Not As Helpful. 21 s revealed to the user. To mitigate over-reliance,
The effects become less pronounced in the Interveqye reveal the Al prediction and ask the user to
tion Always condition. In theArcOsetting, USers  carefully consider the Al advice; the user is made to
perform uniformly worse than in the No Interven-yyit 10 seconds before making their nal decision.
tion condition when trust is high. Users may be less
inclined to closely evaluate counter—explanationq:indings_ Figure 8 shows the effect of the above
when they are always shown. decelerating interventions at mitigating inappropri-
ate reliance in thércCtask setting. We see that
telling users that the Al is thinking is not particu-
larly effective at reducingotal Inappropriate
We now investigate whether showing supportingReliance, even when trust is low. On the
explanations when trust is lowt (5) and counter- other hand, forcing users to consider the Al ad-
explanations when trust is high (8) in the same vice closely when trust is high improvdsotal
user-Al study yields complementary improvementsinappropriate Reliance andFinal Decision
in decision accuracy and inappropriate reliance. Accuracy. Our ndings extend those of Buginca

Figure 7 shows thadroviding different types of et al. (2021), showing that cognitive forcing is par-
explanations based on user trust yields comple- ticularly useful for reducing over-reliance when
mentary performance improvementson both the user trust is high.

Intervention through Deceleration

4.3 Mitigating Under- and Over-Reliance
Simultaneously



Figure 8: Effect of decelerating interventions on reducing inappropriate reliance and improving decision accuracy.

5 Discussion assistant for clinicians may be more wary of clin-

o . . _icians over-relying on their assistant, which ma
Our results highlight the promise of trust-adaptive ying Y

. . . . (Ijeave them liable. The relative importance of miti-
interventions based on experiments in a controlled .. . .
gating under- and over-reliance can be quanti ed

setting. We highlight some considerations when de3

- . . through a balancing utility function. Such a utility
signing trust-adaptive interventions for real-worldfunc,[ion can also be used as a reward sianal for
decision-making scenarios. g

optimizing an intervention policy to signal when
Applying trust-adaptive interventions. A key an intervention should be applied.

assumption of our setup does not hold in most real- . ) .

world settings: that both parties have access t§ Conclusion and Future Directions

real-time feedback about decision accuracy. Enpje explore the utility otrust-adaptive interven-
vironment feedback in response to user decisiongons for mitigating inappropriate reliance when
will provide a sparse signal in some contexts. Userg;sers have low or high trust in Al assistants. We
may still internally update their trust in the Al based yemonstrate that low and high levels of trust result
on their con dence in their own decision and their i, increased inappropriate reliance on Al recom-
(potentially incorrect) perception of their expertise mendations for laypeople answering science ques-
in comparison to the Al assistant's ability. Addi- tions and for doctors making medical diagnoses.
tionally, some interventions may not be suitable fofwe conduct controlled between-subjects studies
certain tasks; for example, LLM-generated explanagng nd that adaptively providing supporting expla-
tion frequently known to hallucinate details, which pations during low trust and counter-explanations
may be undesirable in high-stakes applications. qyring high trust reduces inappropriate reliance and

Can we model user trust? In our setting, the Al improves users' decision accuracy. These ndings

assistant can observe the user's trust level after eadlfneralize to decelerating interventions; forcing
interaction. In appendix D, we provide an analysisUSers to pause and deliberate before making their
of several heuristic-based and learning-based trugf@! decision helps reduce over-reliance.
models on their ability to predict user trust levels ©OUr ndings present an initial exploration into
based on user-Al interaction history instead. Wetdapting Al behaviors based on user trust levels.
nd that these heuristics only achieve moderate/Ve adopted a simple thresholding criterion for de-
correlation with user-reported trust levels, and ar&'ding when to intervene, but more sophisticated
especially poor at predicting moments of high andcriteria that also account for user and Al con dence
low user trust. Our results point to the challenging™@y have potential. Further, rather than looking
nature of modeling user trust, and the inadequac§t Whether user trust is too high or low, we can
of surface-level interaction features. Instead, usep_on_&derlwhether the trust is calibrated with the
speci ¢ features such as users' internal con dence@SSistants trustworthiness. High user trust may

their prior experience with Al systems and tasknot be as undesirable when the Al is signi cantly
expertise may be better indicators of user trust. MOre accurate than the user on the task. We hope

' ' _ our ndings inspire the community to more closely
Is all inappropriate reliance equallybad? Our  consider the effect of user trust in user-Al interac-

formulation of Total Inappropriate Reliance tions and the potential bene ts of modeling and
treats both under- and over-reliance as equally urrapting to user trust levels.

desirable. However, a company developing an Al
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Figure 9: Screenshots of task instructions shown to users.

A Task Details

We conduct user studies on two decision-making
tasks: the ARC task and the Diagnosis task.

ARC Task. This task consists of answering sci-
ence questions. Questions are sourced from the
ARC dataset (Clark et al., 2018), which consists
of more than 7000 grade-school science multiple-
choice questions written for examinations. The
authors manually reviewed questions from this
dataset and selected questions that were challeng-
ing (i.e. the correct answer is not immediately
obvious, and at least one option was not obviously
incorrect) but still understandable (did not contain
any scientific jargon that laypeople may not be fa-
miliar with). All questions in the original dataset
had four options, but the author only selected the
correct answer and the most plausible incorrect op-
tion for the decision-making problem. The final
filtered set consisted of 39 questions. For each
of the 10 problem sequences that users solve, we
sample 30 of the 39 questions without repetition.

Diagnosis Task. This task consists of diagnos-
ing patients based on patient symptoms. Pa-
tient symptoms are sourced from the DDXPlus
dataset (Fansi Tchango et al., 2022), which con-
tains 1.3 million synthetic patients with a differen-
tial diagnosis. The symptoms are presented as ei-
ther binary, categorical or continuous variables, but
each symptom has a corresponding patient intake
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question and answer in English, which we translate
into a descriptive third-person statement using GPT-
4o.. For example, the intake question “Do you feel
pain somewhere?” and patient response ‘“Knee (R)”
is translated into “The patient feels pain in their
right knee.”. We filter down to questions with only
10-15 intake responses so that users do not need to
spend a long time understanding the problem. To
convert the task into a multiple-choice problem, we
select the top three negative conditions from the
differential diagnosis as the incorrect options. Our
final set of problems includes 55 cases correspond-
ing to eleven different conditions, which we use to
sample 10 sequences of 30 problems each.

Table 6 contains examples of decision-making
problems from both tasks.

B User Study Details
We present additional details about the user studies.

User Payment. As mentioned earlier, users in
the ARC task are paid a base payment of $1.0, with
an incentive of $0.10 per correct answer. Users
achieved 65—75% accuracy on the task, which trans-
lates to a bonus of ~ $2:0 per user, or $3.0 total
payment. The tasks took a median time of 15 min-
utes to complete, which translates to a pay rate of
$12 per hour.

For the ARC task, users are paid a higher base
payment of $2.0, since the task takes slightly longer
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