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Abstract

Human-AI collaboration is common, yet Al-assisted decision-
making processes among experts in cognitively demanding
tasks remain understudied. We investigated how railway plan-
ners evaluate advice attributed to either an Al algorithm or a hu-
man colleague, and whether witnessing poor advice influences
advice acceptance. Seventy-nine railway planners completed an
abstract scheduling task. Bayesian hierarchical models showed
similar acceptance of Al and human advice, both before and
after witnessing poor advice, at the group level. Despite similar
average acceptance across groups, models that explicitly capture
individual differences indicate heterogeneity only in the Al con-
dition. Some participants discounted the advice after witnessing
poor advice, whereas others did not show this discounting. No
comparable pattern was evident in the human advice condition.
Our results suggest that inconsistent findings in the literature
may reflect individual differences in how people respond to
algorithmic advice. Future research should therefore focus on
identifying and explaining these individual differences.

Keywords: Al-assisted decision-making; algorithm aversion;
expert decision-making; Al failure; hierarchical modeling; in-
dividual differences

Introduction

Imagine a railway planner tasked with creating a schedule
for a fleet of trains while balancing maintenance windows,
crew availability, and passenger demand. Years of experience
inform her judgments, yet the Al-assisted decision support
system now proposes an alternative schedule that optimizes
resources in ways the planner might not immediately recog-
nize. Faced with this recommendation, should she rely on the
AT’s advice, her own expertise, or consult another experienced
colleague? And in the event that she previously found the sys-
tem’s advice to be poor, should she be even more cautious
about trusting its recommendation now?

The railway planner’s dilemma is a special case of a broader
problem: people rarely incorporate advice without bias toward
the advice source (Boonprakong et al., 2025), even when ac-
cepting it could improve their decisions (Bailey et al., 2023).
This pattern appears across studies: advice can improve judg-
ment and performance on average, yet people often fail to
use it optimally (see Bonaccio & Dalal, 2006; Feng & Gao,
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2020; Himmelstein, 2022; Longoni et al., 2019; Soll & Lar-
rick, 2009; Soll & Mannes, 2011). Advice taking also shows
substantial individual variability, with participants differing in
whether they ignore advice, partially adjust their confidence,
or change their decision entirely in response to it (Pescetelli
et al., 2021).

Beyond human—human advice taking, research has increas-
ingly examined how people respond to algorithmic advice.
This work is often framed in terms of generalized tendencies,
referred to as algorithm aversion versus algorithm apprecia-
tion (Dietvorst et al., 2015; Logg et al., 2019). Here, algorithm
aversion refers to resisting algorithmic recommendations in
favor of human judgment or being less forgiving of algo-
rithmic mistakes than comparable human mistakes, whereas
algorithm appreciation refers to the opposite pattern, placing
relatively more weight on algorithmic advice than on human
judgment. However, the broader literature is inconsistent, with
effects ranging from aversion to appreciation to null results;
accordingly, multiple studies find no consistent overall pref-
erence for advice from humans versus algorithms (Berger et
al., 2021; Daschner & Obermaier, 2022; Prahl & Van Swol,
2017; Schaap et al., 2024). Moreover, this body of work has
primarily examined algorithmic advice using lay participants
and typically reduces decision-making to binary-choice tasks
with an identifiable ground truth (for reviews, see Baines et al.,
2024; Burton et al., 2020; Kaufmann et al., 2023; Mahmud
et al., 2022).

These experimental design choices limit what can be con-
cluded about advice use in real-world relevant settings such
as planning and scheduling, which often involve more than
two options and lack a singular, objectively correct answer.
In such settings, people typically rely on heuristics and lo-
cal evaluations rather than exhaustive computation (see e.g.
Alvarado-Valencia & Barrero, 2014; Chen et al., 2023; Pinedo,
2016). This stands in contrast to experimental binary choice
paradigms, where evaluating all information is feasible and a
direct comparison between two alternatives is straightforward.

Problem complexity also introduces variation in decision-
making strategies. For instance, in planning, experts may use
a combination of multidirectional, opportunistic, and incre-
mental approaches (Hayes-Roth & Hayes-Roth, 1979; Van
Wezel & Jorna, 2009). Preferred decision-making strategies
likely contribute to individual variation in how advice is uti-
lized. Yet decision support systems are primarily deployed
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to support expert users, and few studies examine algorithmic
advice taking in expert populations or tasks requiring exper-
tise (Aickelin et al., 2022). Consequently, existing research on
algorithm aversion and appreciation may fall short in general-
izing to decision settings where advice must be integrated with
adaptive, strategy-dependent reasoning under uncertainty and
competing constraints.

At the same time, experts remain underrepresented in the
Al-assisted decision-making literature, with only 8.2% of
studies in a recent review including participants with domain
expertise (Kaufmann et al., 2023). This gap matters because
real-world deployments of decision support systems place al-
gorithmic recommendations in the hands of experts, and the
limited evidence from expert settings often points to a re-
duced willingness to defer to algorithmic decision aids (e.g.,
Al supported decisions, robo advisors, digital agents, statisti-
cal advice) (Elkins et al., 2013; Mahmud et al., 2022; Selten et
al., 2023). One possible explanation is that increasing exper-
tise may amplify self-reliance and the tendency to discount
external input, placing greater weight on one’s own initial
judgment (Yaniv, 2004). In line with this, domain expertise
is often negatively associated with the use of decision sup-
port systems, suggesting lower reliance on algorithmic advice
among experts than among less knowledgeable users (Bayer
et al., 2022; Burton et al., 2020; Elkins et al., 2013; Logg et
al., 2019). Similarly, experts appear more willing to accept Al
advice when it confirms their existing judgment but discount
or reject it when it is incongruent, even if it is objectively
accurate (Selten et al., 2023).

In the present study, we studied advice taking by experts us-
ing a bin-packing game, a combinatorial optimization problem
that abstractly represents part of railway planners’ scheduling
task (explained in Materials). Using an experimental design,
we compared acceptance of advice related to different advisors
(Al algorithm and human colleague). Crucially, participants in
the experiment are railway planners, for whom combinatorial
optimization problems such as bin-packing are part of their
day-to-day work (Van Den Broek et al., 2022). Although di-
rect comparisons are not possible because, to our knowledge,
this is the first study in this domain to recruit professionals, the
small number of studies on other expert decision makers of-
ten reports algorithm aversion (see Bankuoru Egala & Liang,
2024; Kaufmann et al., 2023; Logg et al., 2019). Accordingly,
we expect to observe algorithm aversion; namely, we hypoth-
esize that the effect of witnessing poor advice on subsequent
advice acceptance will depend on the advisor. Specifically,
participants who purportedly received advice from humans
should show no change in advice acceptance after witnessing
poor advice, whereas participants who purportedly received
advice from an Al algorithm should be less willing to ac-
cept advice after witnessing poor advice. As alluded to above,
both problem complexity and varying expertise are believed to
introduce variation in decision-making strategies. Therefore,
in addition to testing our hypothesis, we conduct exploratory
analyses using individual difference models to test whether

responses to algorithmic advice are broadly similar across
participants or vary among individuals.

Methods

Participants

We recruited 102 professional railway planners from two rail-
way companies. After excluding those who failed more than
two attention checks, our final sample was 79 participants.
We did not collect information about participants’ age and
gender to maintain full anonymity. However, we observed that
the vast majority of participants were male. Participants took
part voluntarily and participated as part of their regular work.
As an extra incentive, participation qualified them for entry
into a raffle to win 20 euros. The study was approved by the
Ethics Review Board of the Faculty of Social and Behavioral
Sciences, Utrecht University (FETC 24-0001).

Materials

Participants performed an online 2-D bin-packing game. The
bin-packing game is a combinatorial optimization problem:
players fit items (rectangles of different sizes and colors) from
a repository (the leftmost rectangular space in Figure 1a) to
one or more bins that have a smaller area than the repository.
The goal of the game is to pack all items into as few bins'
as possible, ensuring that items do not overlap. We initially
developed this task in Oziidogru et al. (2025), as it is an
abstract representation of some of the scheduling tasks our
railway planner participants perform as part of their job (e.g.,
finding empty tracks for trains of different lengths).
Participants were asked to judge the quality of proposed
solutions for three different bin-packing problem sets (i.e.,
three different problem repositories). For all three problem
sets, a one-bin solution was technically possible. However,
this was never shown to the participants. Instead, all proposed
“regular” solutions (see “regular” definition below) used two
bins, and the majority of items were always placed in the first
bin. We evaluate the quality of solutions by considering the
percentage of space occupied in the first bin. We will hereafter
refer to this percentage of space as a solution’s “efficiency”.
A total of 75 solutions were presented: 24 regular solutions
(e.g., Figure 1b) and 1 poor solution (e.g., Figure 1¢) per prob-
lem set. We manually constructed all solutions in Oziidogru
et al. (2025) and ensured that mean efficiency and standard
deviation were matched before and after the poor solution.

Design and Procedure

Participants were randomly assigned to one of two groups
that differed in who, purportedly, generated the proposed
solutions: an Al algorithm or a human colleague (Advisor;
between-subjects). Going forward, we refer to these proposed
solutions as advice. Unknown to the participant, both groups
received identical advice, but with different labels (“solution

The square with the green outline is bin 1, and the square to its
right is bin 2. The repository is visible to the participant only during
gameplay; later, only the solution parts (bin 1 and bin 2) are shown.
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from your colleague” vs. “solution from an Al algorithm”; see
Figure 1b).

I
peated]

Solution from Al algorithm

How likely are you to adopt this solution proposed by the Al algorithm?

Very uniikely 1 2 3 4 s Very iikely

Solution from Al algorithm

How likely are you to adopt this solution proposed by the Al algorithm?

2 3 a

Figure 1: a. Illustration of the bin-packing game; b. an example
from experimental trials; c. an example of a poor proposed
solution.

After providing informed consent, participants received in-
structions about the study and were asked to imagine working
in a company collaboratively with their assigned (Al or hu-
man) advisor. Their role was to deliver the best possible solu-
tions to bin-packing problem sets under time pressure. They
could choose to adopt the advisor’s suggestion or reject it in
search of a better one, but the latter would cost extra time.

We counterbalanced the starting order of three different
bin-packing problem sets using a Latin square design. Before
evaluating the advice, participants first attempted to solve a
problem themselves within 90 seconds (Figure 1a). They then
received and evaluated advice from their assigned advisor
across 25 trials per problem set. Each problem set consisted

of 12 regular trials, followed by one trial containing poor
advice, and then another 12 regular trials. For the poor advice
trials, each item from bin 2 could be moved to bin 1 without
mentally rearranging any items in bin 1 (see Figure 1c). For
regular trials, on the other hand, integrating items from bin
2 would require mental rearranging (see Figure 1b); better
solutions are not obvious. We define witnessing failure as
exposure to the poor advice trial; thus, the first 12 regular
trials constituted the before witnessing the poor advice block
and the last 12 regular trials constituted the after witnessing
the poor advice block (i.e., before vs. after witnessing the
poor advice). This process was repeated for each problem set.
Overall, the experiment followed a 2 (Advisor: Human vs. Al)
between-subjects X 2 (Witnessing Failure: Before vs. After)
within-subjects mixed design.

We designed and hosted the experiment on gorilla.sc. The
experiment was conducted in Dutch (see https://osf.io/sfgur
for the original Dutch materials); in this manuscript and all
figures, we report English translations. We collected data at
the workplace of the railway planners at six different locations
throughout the Netherlands, with one session per location. All
sessions were conducted in person under the experimenter’s
supervision in an office setting. Participants were instructed
not to interact with their colleagues; nonetheless, minor pro-
tocol deviations (e.g., brief conversations) occurred occasion-
ally.

Measurements

Acceptance of the proposed solution On each trial, we
asked participants how likely they were to adopt a proposed
solution (e.g., for the AI condition: “How likely are you to
adopt this solution proposed by the Al algorithm?”) using a
5-point Likert scale with anchors at “1 — Very Unlikely” and
“5 — Very Likely” (see Figure 1b).

Results

Manipulation and Believability Checks

As the present study used the same paradigm as Experiment
1 of Oziidogru et al. (2025), where 91.7% of participants in
the Al advice group believed the advisor label, we did not ad-
minister an advisor believability check. The poor advice trial
manipulation was effective: mean acceptance across regular
trials was M = 2.81 (SD = 1.32); poor advice trials were
rated considerably lower (M = 1.41, SD = 0.82), with this
pattern holding across all three problem sets.

Effects of Advisor Type and Witnessed Failure

To test whether advice acceptance differed by advisor type and
by witnessing failure, we analyzed acceptance of advice across
trials. We excluded poor-advice trials because they served only
to define the before and after blocks, leaving 5,688 observa-
tions from 79 participants. We fit a Bayesian multilevel model
(brms; Biirkner, 2017) with a Gaussian likelihood, effect-
coded predictors (+0.5), random intercepts for participants
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and stimuli, and default priors as specified by the brms pack-
age. Witnessing failure was coded as trials occurring before
versus after the poor-advice trial. Convergence was satisfac-
tory, with R = 1.00, and effective sample sizes were adequate.

The intercept was estimated at 2.81 on the 5-point scale
(95% CI [2.60, 3.02]). Posterior mean estimates for advisor
type (—0.01, 95% CI [-0.31, 0.29]), witnessing failure (0.08,
95% CI [-0.20, 0.35]), and their interaction (0.02, 95% CI
[-0.08, 0.13]) were all close to zero. The estimates for the
main effects and their interaction clustered around zero with
wide credible intervals. This suggests that, at the group level,
acceptance of advice did not differ by advisor type, nor did
witnessing failure interact with advisor type. An equivalent
Imer model including problem set order confirmed that the
Latin square counterbalancing was effective, with order show-
ing no significant effect on acceptance ratings.

Model Comparison

As the inclusion of zero in a 95% CI of the posterior does
not offer clear evidence in favor of the absence of an effect,
we further evaluated competing models via Bayes factor com-
parisons. The initial model included two main effects and one
interaction; we refer to this model as M1. We subsequently
tested simplifications of that model by systematically remov-
ing experimental factors (see Table 1).

Table 1: Bayesian Multilevel Model Specifications.
Regression Formula (brms R)
M1: Acceptance ~ Advisor * Failure + RE
M2: Acceptance ~ Advisor + Failure + RE
M3A: Acceptance ~ Failure + RE
M3B: Acceptance ~ Advisor + RE
M4: Acceptance ~ Intercept(1) + RE
Note: RE (Random Effects) = (1|Stimuli) + (1|gr(ID,
by = Advisor)), where Stimuli denotes the proposed solu-
tion and ID denotes the participant.

Bayes factors quantify the relative evidence for one model
compared to another by expressing the ratio of their marginal
likelihoods. A Bayes factor close to 1 indicates that the data
are about equally likely under both models, whereas values
substantially greater or less than 1 indicate stronger evidence
for one model over the other.

In this analysis (see Figure 2), Bayes factors favored simpler
models that excluded advisor, witnessing failure, and their in-
teraction. More specifically, removing the interaction between
advisor and witnessing failure (M2 vs M1) and removing the
main effect of advisor (M3A vs M2) provided anecdotal to
moderate evidence for the models without these predictors,
with the data being 7.05 and 2.57 times more likely under
those models, respectively. This suggests that excluding these
predictors improves model fit. Evidence favored models ex-
cluding advisor and its interaction with witnessing failure.
We further compared the two main-effect-only models (M3A:
witnessing failure; M3B: advisor) against the intercept-only
model (M4). The intercept-only model was favored over both

main-effect models (M4 vs M3A: BF = 5.22; M4 vs M3B:
BF =4.96), with moderate evidence. This suggests that on the
group-level, models excluding advisor and witnessing failure
were favored, providing evidence against the inclusion of these
predictors (see Figure 2).

Strong (10-13)

=
o

Moderate (3—10)

5
ne| -3)
1
0
%/\\\7’ \\’BP‘ N\'?;%

Al
A A
W \N?JP“ N W W
Model comparison

Bayes factor (simple vs complex)
w

Figure 2: Model Comparison with Bayes Factor.

Modeling Individual Differences

Our initial analysis revealed no group-level differences in ad-
vice acceptance between Al and human advisors, nor an effect
of witnessing failure. We considered whether this discrep-
ancy might reflect qualitative individual differences that are
masked in group-level analyses. To address this, we applied
the Bayesian hierarchical model comparison framework de-
veloped by Haaf and Rouder (2019) that explicitly tests for the
presence of qualitative individual differences.

Model Specification Models were examined separately for
the Al advice and human advice groups by modeling within-
subject differences in acceptance ratings before versus after the
witnessing poor advice trial. For each participant, we defined a
latent within subject witnessing failure effect as the difference
in expected acceptance before versus after witnessing failure
(before minus after). With this coding, positive values indicate
aversion (lower acceptance after witnessing failure), whereas
values near zero indicate little or no change. Following Haaf
and Rouder (2019), we compared five candidate models that
reflect different theoretical positions about individual differ-
ences in the witnessing failure effect on advice acceptance.
The null model (My) concentrates effects at zero (no system-
atic change). The common-effect model (M) assumes a single
shared positive effect (aversion) with no between-participant
variability. The positive-effects model (M.) allows partici-
pants to vary in the magnitude of the witnessing failure effect
but constrains all effects to be positive. The spike-and-slab
model (Mgs) captures the “some do and some don’t” account
by mixing a spike near zero (little or no change) with a slab
of positive effects (aversion) (Haaf & Rouder, 2019).
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Figure 3: Bayesian hierarchical model estimates and model comparisons for advice acceptance before versus after witnessing
poor advice. Left panels show individual observed effects (crosses) and posterior estimates of individual effects (circles; lighter
color indicates higher "slab probability") with 95% CI (gray regions). Right panels display Bayes factors comparing five
candidate models. Numbers indicate evidence ratios; red borders indicate the best-fitting model.

Finally, the unconstrained model (M,,) allows witnessing
failure effects to vary continuously without directional con-
straints, so participants may show aversion, little change, or
the opposite pattern (appreciation).

The null, common-effect, positive-effects, and uncon-
strained models were estimated using MCMC with 10,000
iterations, discarding the first 5,000 as warm-up. The spike-
and-slab model required more extensive sampling and was es-
timated using 100,000 iterations, discarding the first 10,000 as
warm-up. Bayes factors were computed using the encompass-
ing approach for the spike-and-slab and positivity-constrained
models (posterior-to-prior mass ratio in the constrained re-
gion), with remaining model comparisons derived by transi-
tivity (Haaf & Rouder, 2019).

Model Comparisons for Individual Differences Model
comparisons indicated that in the Human advice condition,
there was moderate evidence for the null model (BF = 3.0 over
the unconstrained model), suggesting no systematic change in
advice acceptance after the poor advice trial. In contrast, in
the Al advice group, model comparisons provided moder-
ate evidence (see Kinney et al., 2021) for the spike-and-slab
model (BF = 3.3 over the unconstrained model), which sug-
gests that some participants showed no systematic change in
advice acceptance after the poor advice trial (spike) while
others showed a positive effect (slab), representing algorithm
aversion (see Figure 3).

Discussion

The present study examined whether witnessing poor advice
affects advice acceptance, and whether this differs when the
advisor is an Al system versus a human colleague, using an
abstract scheduling task relevant to the day-to-day work of
railway planners. Building on the initial analyses, we modeled
individual differences to test whether the impact of witness-
ing poor advice varies qualitatively across participants within
each advisor condition. In the sections that follow, we first con-
textualize the absence of an advisor effect within the mixed
findings of the algorithmic advice taking literature. We then
discuss the implications of individual differences in advice
taking following witnessing failure, offer a strategy-based ex-
planation, and summarize key methodological, practical, and
interpretive limitations.

Our initial analyses showed that, at the group level, advice
acceptance was similar across advisors, and witnessing failure
did not differently influence acceptance depending on advi-
sor type. In the broader literature spanning novice and expert
samples and a wide range of tasks, evidence is mixed, with
reports of algorithm aversion (Alvarado-Valencia & Barrero,
2014; Dietvorst et al., 2015; Hertz & Wiese, 2019; Longoni
et al., 2019; Yeomans et al., 2019), algorithm appreciation
(Araujo et al., 2020; Chacon et al., 2022; Logg et al., 2019;
Mesbah et al., 2021), and no reliable differences in accep-
tance across advisor types (Berger et al., 2021; Daschner &
Obermaier, 2022; Prahl & Van Swol, 2017; Schaap et al.,
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2024). Such mixed evidence is broadly consistent with exist-
ing heterogeneity. However, relative to our hypothesis and to
prior studies examining algorithmic advice taking among ex-
pert decision makers, our results diverge from the expectation
of group-level differences by advisor type. Specifically, we
expected witnessing poor advice to reduce acceptance of Al
advice more than human advice, which was not observed at
the group level.

To examine whether absence of a group-level advisor ef-
fect concealed meaningful heterogeneity, we next examined
individual differences in how witnessing failure affects advice
acceptance from Al versus human advisors, using Bayesian
models that explicitly test for qualitative differences between
individuals. These analyses revealed a qualitative difference
in individual-level heterogeneity across advisor conditions.
In the human advice group, the best-fitting model provided
moderate evidence for a null effect, suggesting that responses
were largely unchanged after witnessing failure. In contrast,
in the Al advice group the best-fitting model showed moder-
ate evidence favoring a spike-and-slab model that allowed for
qualitative individual differences: some participants exhibited
reduced acceptance after witnessing failure, whereas others
showed little to no change. This pattern suggests that no clear
group-level difference for Al versus human advice may have
arisen because participants are a mixture of those who show
aversion after failure and those who show little to no change.
When the subgroup showing aversion is relatively small or the
magnitude of this effect is modest, the resulting average effect
may be difficult to detect with group-level analyses.

One plausible explanation for why individual differences
emerged primarily in responses to Al advice is that the task
permits more than one reasonable way to evaluate solutions,
and Al advice may be evaluated more strongly through the
lens of these pre-existing strategies. Prior work suggests that,
due to the complexity of planning tasks (Hayes-Roth & Hayes-
Roth, 1979; Van Wezel & Jorna, 2009), planners use different
heuristics, which could be one source of individual variation
in how advice is utilized. In scheduling problems, solutions
are rarely uniquely correct; instead, they are often assessed
relative to constraints, operational preferences, and trade-offs.
Under such conditions, the same advice may appear more or
less compelling, depending on the evaluator’s strategy, and
witnessing failure could selectively reduce acceptance among
participants who already treat the Al advisor as less reliable
or less aligned with their initial strategy. This interpretation
is also consistent with the observed variation in witnessing-
failure responses within the Al condition.

Strategy-dependent evaluation of advice helps explain why
findings in the algorithmic advice acceptance literature differ
across studies. If samples differ in the proportion of individu-
als who penalize algorithm mistakes heavily, group-level com-
parisons will vary accordingly. Moreover, even when tasks
provide objective accuracy feedback, changes in advice ac-
ceptance after observing advisor performance may be more
uniform when there is less room for strategy-dependent eval-

uation. Differences in task structure and sample composition
may therefore shift findings between apparent algorithm aver-
sion, appreciation, and indifferent acceptance across advisors
even when underlying individual-level processes vary.

Methodologically, our findings suggest that group-level sta-
tistical models can miss theoretically important heterogeneity
in advice acceptance and that hierarchical models that al-
low for the detection of qualitative individual differences can
provide a more nuanced account. Practically, designers and
organizations implementing algorithmic decision aids for ex-
pert users may benefit from (1) anticipating variability in how
algorithmic recommendations are evaluated and updated after
failures, (2) testing whether certain evaluation strategies are
less susceptible to algorithm aversion and gently guiding users
toward them where appropriate, and (3) providing interface
designs for presenting and interacting with algorithmic ad-
vice that support different evaluation preferences rather than
relying on one-size-fits-all solutions.

Several limitations constrain the interpretation of our re-
sults. Firstly, our study focuses on railway planners and a
specific scheduling task, so generalization to other expert do-
mains and task types remains uncertain. Secondly, although
the task was designed to reflect key aspects of railway plan-
ning, the experimental setting cannot fully reproduce opera-
tional constraints (for example, real-time pressure, account-
ability), reflecting a common trade-off between ecological
validity and experimental control. Thirdly, individual differ-
ences modeling was conducted separately within the Al and
human advice conditions. Yet, an ideal implementation of
this approach would use a fully within-subject design to esti-
mate and compare heterogeneity across advisor types within
the same participants. Fourthly, our proposed explanation that
planners may rely on different heuristics or decision-making
strategies is plausible given the task structure, but could not
be validated in our present study; future work should mea-
sure or manipulate strategy use directly to evaluate this ac-
count. Lastly, sample size was constrained by the practical
difficulty of recruiting experts, limiting statistical precision;
consequently, evidence regarding advisor-related effects was
anecdotal to moderate at both the group and individual levels.

In conclusion, railway planners accepted Al and human ad-
vice at comparable rates, and we found no clear evidence that
witnessing failure differentially affected advice acceptance
across advisor conditions at the group level. However, only in
the Al advice condition did witnessing poor advice lead to het-
erogeneous changes in advice acceptance across individuals.
Taken together, these results suggest that expert responses to
algorithmic advice are better characterized as conditional and
participant-specific rather than as a uniform tendency toward
algorithm aversion, underscoring the importance of model-
ing individual differences in Al-supported decision-making
contexts.
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