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Abstract

AI systems are widely proposed as second-opinion advi-
sors in clinical diagnosis, offering the promise of enhanc-
ing decision accuracy and clinician confidence while pre-
serving human oversight. However, successful deployment
in real-world practice faces a critical barrier: clinicians’ re-
liance on AI is often miscalibrated, manifesting as misuse
(over-reliance driven by automation bias) and disuse (under-
utilization driven by self-anchoring bias). This paper ad-
dresses these deployment challenges by systematically an-
alyzing how such reliance patterns affect diagnostic accu-
racy, confidence, and decision-making across diverse medi-
cal specialties. We report results from controlled simulations
involving over 300 medical professionals across six diagnos-
tic settings—including knee MRI analysis, spinal X-rays, car-
diac ECG evaluation, and gastrointestinal endoscopy—using
a human-first, AI-second workflow. Although AI advice im-
proved average diagnostic accuracy (+2 percentage points)
and clinician confidence (+3 points on a normalized scale),
overall levels of appropriate reliance remained well below
50%, with disuse emerging as the more prevalent and conse-
quential barrier. We introduce and validate Appropriate Re-
liance as an actionable metric for assessing and improving
human-AI collaboration, providing practical guidance for de-
velopers, healthcare institutions, and policymakers seeking to
deploy second-opinion AI systems safely and effectively. By
identifying the sociotechnical barriers and offering evidence-
based design insights, this work supports the emerging appli-
cation of AI as a collaborative advisor in clinical workflows,
charting a clear path toward deployment that enhances diag-
nostic safety, accountability, and patient care. Specifically, we
propose integrating the Appropriate Reliance metric into sys-
tem development workflows, clinician training, and regula-
tory evaluations to enable safe and effective deployment of
second-opinion AI systems.

Software —
https://www.entechne.com/metimeter/haiassessment

Introduction
This contribution addresses an emerging application of AI
in medicine: the use of computational systems as second-
opinion advisors in complex diagnostic contexts. While fully
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autonomous AI diagnosis remains ethically problematic and
is subject to stringent regulatory constraints (Iniesta 2023),
AI-based second opinions are widely regarded as a promis-
ing and feasible mode of deployment. Such systems can
augment clinical decision-making while preserving human
oversight, aligning with regulatory requirements and ethical
expectations, and offering a feasible path for near-term de-
ployment in routine practice (Buçinca, Malaya, and Gajos
2021; Brodeur et al. 2024).

However, deploying these systems in real-world clinical
practice faces persistent challenges. Notably, clinicians’ re-
liance on AI is often miscalibrated, manifesting as either
over-reliance (misuse) or under-utilization (disuse). These
forms of inappropriate use can undermine the potential ben-
efits of AI integration, complicate accountability, and limit
adoption (Parasuraman and Riley 1997).

Over the past four years (2021-2025), we have conducted
a series of simulation-based studies to systematically inves-
tigate these barriers to effective deployment. In controlled
experiments involving more than 300 medical professionals
across diverse diagnostic specialties, participants engaged
with AI systems of varying accuracy to replicate realistic
second-opinion workflows. These studies generated a rich
dataset capturing decision-making accuracy, confidence, and
nuanced patterns of human-AI interaction.

While some results from these comparative studies have
been published previously (Cabitza et al. 2022, 2023b,a),
this paper takes a new step by offering a consolidated,
cross-study analysis focused specifically on quantifying
misuse and disuse in medical second-opinion contexts. We
also introduce and validate Appropriate Reliance as an
engineering-oriented metric that can be integrated into sys-
tem design, interface evaluation, clinician training, and reg-
ulatory assessment to guide deployment of AI systems.

By addressing these questions, this work aims to reduce
the gap between promising laboratory demonstrations and
sustainable, safe clinical adoption. We also outline concrete
next steps for deployment, including validating the Appro-
priate Reliance metric in real-world settings and embedding
it into iterative design cycles for AI decision support tools.
Our findings provide evidence-based insights for designing
AI advisory systems that promote calibrated trust and max-
imize clinical benefit—essential prerequisites for the suc-
cessful deployment of AI systems in routine healthcare.
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Methods
To operationalize the concepts of misuse (overreliance on
automation) and disuse (underutilization of automation), it is
necessary to define corresponding appropriate metrics. For
this purpose, we adopt the framework proposed in (Cabitza
et al. 2023b), which conceptualizes second opinion settings
as consisting of three interpretive or decision-making mo-
ments (see Figure 1): the initial human decision (HD1), the
advice or opinion provided by the machine (AI), and the fi-
nal decision made by the human after considering the ma-
chine’s suggestion (FHD).

These three decision-making interactions define eight
distinct conditions, hereafter referred to as reliance pat-
terns, determined by whether each individual interpreta-
tion is correct (1) or not (0). We represent these pat-
terns as the set of all ordered 3-tuples over {1,0} (i.e.,
000, 001, 010, 011, 100, 101, 110, 111), where each digit in-
dicates the correctness of one interpretation. Identifying
and classifying reliance patterns across instances of hu-
man–machine interaction enables systematic quantification
of phenomena typical of second-opinion settings. For exam-
ple, one can count the frequency with which each pattern
occurs (denoted, e.g., N001 for pattern 001); the total num-
ber of such interactions is denoted as N∗∗∗.

That said, we define appropriate reliance (AR) as the pro-
portion of cases in which humans trust the machine and fol-
low its advice when it is correct, and distrust the machine
and disregard its advice when this is incorrect. Referring to
the reliance patterns outlined above, appropriate reliance is
calculated as the rate of successful acts of reliance:1)

AR =
N011 +N101 +N001 +N000 ↓ +N111 ↑

N∗∗∗
(1)

Likewise, deference is defined as the proportion of in-
stances in which humans revise their decisions to align
with the machine’s opposing advice, expressed as (N100 +
N011)/NXY ∗. Conversely, determination denotes the pro-
portion of cases in which humans retain their initial deci-

1We adopt the metrics proposed in (Cabitza et al. 2025), which
also considers the patterns 000 and 111 by counting the number of
times the former one is associated with a decrease in confidence (↓)
and the latter one with an increase of confidence (↑).

Figure 1: Protocol for collecting reliance patterns, where
HD1 denotes the initial human decision or interpretation, AI
represents the machine’s advice, and FHD signifies the fi-
nal human decision after consulting the AI’s second opinion.
Each of these elements can independently be either correct
(1) or incorrect (0). The patterns of these temporal sequence
can be represented by eight ordered 3-tuples over {0,1}.

sion despite the machine’s contradictory advice, expressed
as (N101 +N010)//NXY ∗.

These two latter cases can further be categorized based on
whether the final decision was correct or incorrect (i.e., ∗ ∗1
or ∗ ∗ 0). More in particular, misuse occurs when deference
results in an error that would not have occurred had the hu-
man decision makers adhered to their initial opinion and ig-
nored the machine’s advice (that is, N100 corresponds to the
number of misuse cases). Conversely, disuse occurs when
determination leads to an error that could have been avoided
by following the machine’s advice (that is, N010 corresponds
to number of disuse cases).

Misuse is often linked to automation bias, the tendency
to defer to machine-generated advice, which has been ex-
tensively studied in the literature. In this context, we oper-
ationalize automation bias using Formula 2.a, which calcu-
lates the log-odds ratio between the 100 and 101 patterns.
A higher value of this log-odds indicates a greater degree of
automation bias.

a) AB = log

(
N100

N∗∗∗−N100

N101

N∗∗∗−N101

)

b) SAB = log

(
N010

N∗∗∗−N010

N011

N∗∗∗−N011

) (2)

Disuse, on the other hand, arises from an opposite bias,
similar to systematic tendencies observed in Judge-Advisor
Systems (Harvey and Fischer 1997). In such cases, decision
makers (acting as judges) fail to integrate the input of ex-
ternal advisors into their final decisions. While this bias is
less frequently studied in human-computer interaction con-
texts, it has been referred to as conservatism bias in (Cab-
itza et al. 2023a) or fixation in (Klein 2022). In the cogni-
tive sciences literature, this phenomenon has also been de-
scribed using various terms, including egocentric advice dis-
counting (Bonaccio and Dalal 2006), self/other effect (Yaniv
2004), cognitive rigidity (Schmitt et al. 2021), cognitive in-
ertia (Alós-Ferrer, Hügelschäfer, and Li 2016), belief per-
severance (Soper 2020), and self-generated anchoring ef-
fect (Li et al. 2010; Fogliato et al. 2022). Here, we refer to
this phenomenon as self-anchoring bias and operationalize
it using Formula 2.b, which calculates the log-odds ratio be-
tween the rates the 010 and 011 patterns occur. A higher
value of this log-odds indicates a greater degree of self-
anchoring bias. The variances of the log-odds (in the form
log((a/b)/(c/d)), and equivalently log(ad/bc)) were calcu-
lated using the approximation 1/a+ 1/b+ 1/c+ 1/d.

In what follows, we outline the main characteristics of
the studies in which patterns of misuse and disuse were ob-
served in simulations of medical second-opinion settings.
The common element in all studies is the adoption of the
second-opinion protocol, whereby participants first recorded
their initial diagnosis (HD1), then reviewed the AI’s recom-
mendation before making their final determination (FHD).
Diagnostic confidence was assessed using a 6-point ordinal
scale (1: no confidence; 6: complete confidence) for both
the initial (C1) and final (FC) decisions and collected along
the case interpretations HD1 and FHD through a multi-page
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LimeSurvey questionnaire.
In the Knee MRI Analysis Study (MRI) study, a cohort

of 12 board-certified radiologists was recruited from IRCCS
Ospedale Galeazzi Sant’Ambrogio in Milan and other Ital-
ian medical centers to participate in AI-assisted knee lesion
classification. The investigation utilized 120 cases from the
MRNet dataset selected by a board-certified radiologist for
their representativeness of challenging cases. The AI was
simulated to be 80% accurate. Additional methodological
details are provided in Cabitza et al. (2023).

The Spinal X-Ray Diagnosis Study (XRAYS) inves-
tigated traumatic thoraco-lumbar fracture detection with
seven orthopedic specialists of varying expertise levels
called to evaluate 12 X-ray images. The AI was simulated to
be 78% accurate. Further procedural details are documented
in Cabitza et al. (2022).

In the Cardiac ECG Evaluation Study (ECG) study,
twenty-one medical professionals affiliated with the Univer-
sity Hospital of Siena’s Medical School in Italy participated
in a study analyzing cardiac rhythm patterns. The research
protocol involved the classification of 20 ECG recordings,
carefully selected by a cardiologist from the ECG Wave-
Maven repository. Complete methodological details are pro-
vided in Cabitza et al. (2023).

The Gastrointestinal Endoscopy Assessment Study
(ENDO) study is a large-scale endoscopic evaluation that
engaged 274 medical professionals all over Europe across
three studies: ENDO-HP, ENDO-IL, and ENDO-UCEIS. In
the ENDO-HP study, participants assessed 30 cases of po-
tential gastrointestinal bleeding (Hemorrhagic Potential) in
short (15–20 second) endoscopic colonoscopy videos. In
ENDO-IL, participants evaluated 30 cases of potential in-
flammatory lesions in small bowel capsule endoscopy. In
ENDO-UCEIS, participants assessed and graded 30 cases
of ulcerative colitis activity using proctosigmoidoscopy. In
all studies the AI was 80% accurate. Methodological details
are provided in Tontini et al. (under review).

In the next section, we will present the findings from the
studies described above, with a focus on the phenomena
of misuse and disuse. The AR, AB and SAB scores have
been computed with an online tool that we had developed to
assess several dimensions of human-AI interaction (Natali,
Campagner, and Cabitza 2024). These findings will be ana-
lyzed both at the level of individual studies (as reported in
the cited articles) and at an aggregated level, using variance-
and sample size-weighted analysis, as is customary in meta-
analytic approaches (Borenstein et al. 2021).

To quantitatively synthesize the results across studies, we
performed a meta-analysis for each metric, using either the
observed rate (e.g., accuracy, appropriate reliance) or the
log odds ratio, as appropriate. For each study, the point es-
timate and its variance were calculated under the assump-
tion of a within-subjects design. In order to account for
the dependence among repeated measurements within the
same rater or subject, the variance of each proportion was
corrected by the intra-rater correlation coefficient, set at
0.75 in accordance with the structure of the data. Specifi-
cally, the variance for each proportion p was estimated as
Var(p) = p(1 − p)/[N(1 − ρ)], where N is the number of

Figure 2: Forest plots summarizing user study results. The
top panel shows differences in diagnostic accuracy between
post-AI and baseline (pre-AI) conditions for each study and
the random-effects aggregate. Orange circles represent the
accuracy difference between the simulated AI and the aver-
age baseline human reader (positive values favor AI). The
bottom panel shows corresponding differences in diagnostic
confidence.

subjects and ρ is the intra-rater correlation.
For each metric, we pooled the study-specific estimates

using a random-effects meta-analytic model (DerSimonian-
Laird method), which incorporates both within-study and
between-study variance. The choice between a fixed-effect
and a random-effects model was informed by the observed
heterogeneity, as quantified by the I2 statistic. When sub-
stantial heterogeneity was present (I2 > 50%), the random-
effects model was preferred, as it provides a more conser-
vative and generalizable estimate by allowing for genuine
differences in effect size across studies. The pooled effect
and its 95% confidence interval are reported for each met-
ric. In the case of rate-based metrics, the analysis was con-
ducted directly on the proportions, while for odds ratios, the
analysis was performed on the logarithm scale to stabilize
variance and normalize the sampling distribution.

This approach ensures that the meta-analytic estimates ac-

40212



Figure 3: Forest plot illustrating deference (red, bottom) to
AI advice and determination (blue, top) in affirming the ini-
tial decision.

curately reflect both the within-study precision and the het-
erogeneity observed in the underlying evidence, and that the
statistical inference remains valid despite the correlated na-
ture of the within-subject data.

Results
The results of the meta-analyses are represented in tabular
and visual format, respectively in Table 1, Figure 2, Figure 3,
Figure 4 and Figure 5.

In particular, the meta-analyses evaluating the effect of
AI assistance on diagnostic accuracy and confidence are
summarized in Figure 2. For diagnostic accuracy (six stud-
ies), the difference (AI minus No-AI) was computed us-
ing a within-subject design with intra-subject correlation set
at 0.75. Observed accuracy differences ranged from 0.0097
(MRI) to 0.0937 (XRAYS), with significant improvements
in four studies. Between-study heterogeneity was substan-
tial (I2 = 90.1%); thus, a random-effects model was used,
yielding a statistically significant pooled effect (mean differ-
ence = 0.035, 95% CI: 0.019–0.051).

For diagnostic confidence (five studies), the mean dif-
ference was estimated using an intra-rater correlation of
0.89. Observed differences ranged from 0.0069 (XRAYS) to
0.0359 (ENDO-IL), with significant positive effects in four
out of five studies. Heterogeneity was high (I2 = 97.6%),
and the pooled estimate indicated a small but significant in-
crease (mean difference = 0.0283, 95% CI: 0.0204–0.0361).

In both analyses, forest plots display individual study
effects and confidence intervals in order, with the overall
pooled effect as a diamond at the bottom.

Meta-analyses of automation bias and self-anchoring
bias, shown in Figure 5, used log-odds ratios with standard
variance approximations. Automation bias showed consis-
tently negative log-odds ratios, with a significant pooled re-
duction (–1.83, 95% CI: –2.15 to –1.51; I2 = 79.3%). Self-
anchoring bias showed a consistently positive effect (pooled
log-odds ratio = 0.56, 95% CI: 0.18–0.95; I2 = 94.0%).
Again, forest plots display study-level and aggregate effects.

Figure 4: Forest plot illustrating the appropriate reliance
scores, across all individual studies as well as at the pooled
level.

For deference and determination (Figure 3), proportions
and 95% CIs were calculated for each study, adjusting vari-
ance for intra-rater correlation (0.75). Random-effects pool-
ing (DerSimonian-Laird method) accounted for substantial
heterogeneity (I2 = 93.7%). The pooled estimates were
0.28 (95% CI: 0.22–0.33) for deference and 0.72 (95% CI:
0.67–0.78) for determination, indicating a general tendency
toward determination over deference. Forest plots show both
metrics for each study and the pooled effects as diamonds.

The meta-analysis of appropriate reliance, also in Fig-
ure 3, was performed analogously. Proportions were calcu-
lated with variance adjusted for intra-rater correlation, and
pooled using a random-effects model (I2 = 90.0%). The
pooled estimate was 0.28 (95% CI: 0.24–0.33), reflecting
high between-study variability.

Overall, forest plots for all outcomes follow a consistent
format: individual study estimates and confidence intervals
are shown in order, with pooled effects presented as dia-
monds at the bottom of each plot. Across outcomes, substan-
tial heterogeneity highlights the variability in effect sizes,
but consistent directions of effect for AI assistance and mea-
sured biases are observed.

Discussion
Medicine is among the professional domains that have most
fully embraced simulation as a critical tool for workforce
training (Barry Issenberg et al. 2005). Simulation offers
exercises that closely replicate real-world cases, requiring
skillful and timely decision-making. This approach serves
two key purposes. First, it provides practitioners with a
controlled environment where errors have minimal conse-
quences, enabling analysis of failures and the development
of strategies to mitigate similar risks in real-world settings.
Second, it allows for a deeper exploration of phenomena be-
fore they produce tangible effects on human health or well-
being (Cook and Triola 2009). Our study focuses on this sec-
ond function: using simulation–specifically involving real
practitioners working on real cases–as a tool to investigate
phenomena related to the impact of AI systems in decision-
making contexts, thereby supporting more informed and re-
sponsible deployment of these systems in such settings.
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Study Deference Determination Automation Bias Self-Anchoring Bias Appropriate Reliance
MRI 0.13 [0.12, 0.15] 0.87 [0.85, 0.88] -2.10 [ -3.10, -1.10 ] 1.80 [ 1.20, 2.40 ] 0.27 [0.24, 0.30]
XRAYS 0.44 [0.39, 0.50] 0.56 [0.50, 0.61] -2.00 [ -3.00, -1.00 ] -1.30 [ -2.30, -0.30 ] 0.39 [0.33, 0.45]
ECG 0.32 [0.29, 0.36] 0.68 [0.64, 0.71] -1.50 [ -2.60, -0.40 ] 0.20 [ -0.50, 0.90 ] 0.17 [0.15, 0.19]
ENDO-HP 0.30 [0.29, 0.31] 0.70 [0.69, 0.71] -1.60 [ -2.10, -1.10 ] 0.40 [ -0.20, 1.00 ] 0.30 [0.29, 0.31]
ENDO-IL 0.26 [0.25, 0.28] 0.74 [0.72, 0.75] -1.70 [ -2.20, -1.20 ] 0.70 [ 0.10, 1.30 ] 0.26 [0.24, 0.27]
ENDO-UCEIS 0.27 [0.26, 0.29] 0.73 [0.71, 0.74] -1.20 [ -1.70, -0.70 ] 0.80 [ 0.20, 1.40 ] 0.35 [0.34, 0.37]

Pooled 0.28 [0.22, 0.33] 0.72 [0.67, 0.78] -1.50 [ -1.70, -1.30 ] 0.70 [ 0.50, 0.90 ] 0.28 [0.24, 0.33]

Table 1: Meta-analytic summary of deference, determination, automation bias, self-anchoring bias, and appropriate reliance
across studies. All values are shown as point estimate [95% CI]. The bottom row shows the pooled effect for each metric.

In our pre-deployment simulation, we considered it im-
portant to look beyond accuracy differences, which are typ-
ically the focus of post-deployment studies. Our analysis
consistently showed an increase in accuracy, although in
one study (MRI) this increase was not statistically signifi-
cant. Notably, this also occurred when the AI was less ac-
curate than the average rater, as in the XRAYS and ENDO-
UCEIS studies. These are examples of the so-called spur ef-
fect (Cabitza 2025), which occurs when users improve their
accuracy despite the AI being less accurate–a sign of support
effectiveness that is decoupled from mere accuracy.

Moreover, our analysis highlighted another important as-
pect related to the third pillar of usability (in addition to ef-
fectiveness and efficiency), i.e., satisfaction. A proxy for this
often-neglected dimension is users’ confidence in their own
decisions. In this case, the decision support—while it con-
tradicted the initial human opinion in 27% of cases—had a
significant pooled effect in increasing users’ self-confidence.

However, we also argue that pre-deployment analysis
should consider other dimensions beyond accuracy, such as
the extent to which opportunistic behaviors (e.g., deference)
or advice rejection (i.e., determination) lead to dysfunctional
outcomes. We operationalize these phenomena through met-
rics quantifying automation bias and self-anchoring bias.
Evaluations using these metrics can be complemented by
measures of appropriate reliance, which offer a more prag-
matically useful indication: whether users rely on AI as a
second-opinion advisor appropriately. In this regard, we pro-
vide the qualitative classification depicted in 2, where values
below 30% may be interpreted as poor agreement and val-
ues below 20% as indicating the need for corrective mea-
sures. This includes considering what information the sys-
tem provides to users (e.g., advice with or without uncer-
tainty indications such as confidence scores, with or without
explanations), what vendors disclose about the system’s ca-
pabilities (shaping its reputation and transparency), and, last
but not least, the necessary training for users to help them
either learn to trust more—if self-anchoring bias is the prob-
lem—or evaluate information more critically if the opposite
problem, automation bias, is more severe.

The combined effect is poor, indicating clear room for
improvement through a combination of interventions such
as those suggested above. This result stems from studies
where appropriateness was at the margins of adequacy (i.e.,
XRAYS) and studies that were nearly significantly below

Appropriate Reliability score Classification
AR ≥ 0.6 Excellent
0.5 ≤ AR < 0.6 Very Good
0.4 ≤ AR < 0.5 Good
0.3 ≤ AR < 0.4 Fair
0.2 ≤ AR < 0.3 Poor
AR < 0.2 Insufficient

Table 2: Interpretation classification for Appropriate Re-
liance levels.

the threshold of acceptability (i.e., ECG). Whenever a pre-
deployment simulation or pilot study yields a low score, de-
velopers and deployers should collaborate to investigate the
main causal factors, including the analysis of deference, de-
termination, and the biases that foster misuse and disuse.

In particular, across all studies we conducted, automation
bias was negligible (see Figure 5), and thus misuse was min-
imal, as the log-odds were all significantly below the nil ef-
fect line, in fact even lower than -1. This means the odds of
exhibiting automation bias were less than 37% of the odds
of confirming the correct decision when exposed to incor-
rect advice. Conversely, disuse was consistently observed in
all studies except XRAYS, with especially notable effects in
the MRI study. The pooled effect is 0.7, indicating that self-
anchoring bias is associated with roughly twice the odds of
failing to change an initial incorrect decision after being ex-
posed to correct advice. As shown in Figure 3, appropriate
reliance is higher when deference and determination are bal-
anced and both biases are absent.

Although the meta-analyses revealed substantial hetero-
geneity across studies (I2 values above 80%), this variabil-
ity primarily reflects the diversity of diagnostic tasks, partic-
ipant backgrounds, and AI configurations examined, rather
than inconsistencies in methodological quality. While such
heterogeneity may limit the strict comparability of individ-
ual results and reduce the precision of pooled estimates, it
also strengthens the ecological validity of the findings by
encompassing a wide range of realistic clinical contexts.

Path Toward Deployment
In this subsection, we generalize the assessment procedure
illustrated above, based on the user studies we conducted
in six different diagnostic settings. To facilitate real-world
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Figure 5: Forest plots illustrating automation bias (left), self-anchoring bias (right), across all individual studies.

adoption, we propose the following structured roadmap
for deployment. First, integrating the Appropriate Reliance
(AR) metric into iterative design processes for AI deci-
sion support systems will enable developers to systemat-
ically evaluate and refine user interfaces, feedback mech-
anisms, and workflow integrations that promote calibrated
trust. As shown above, AR must be assessed together with
AB and SAB, as these are the main factors contributing
to low AR scores. Second, validating the predictive util-
ity of the AR metric in live clinical environments is essen-
tial to ensure its generalizability beyond controlled simu-
lations, enabling robust assessment of its impact on diag-
nostic accuracy, decision-making consistency, and clinician
confidence across diverse specialties and healthcare settings.
Third, developing targeted training interventions informed
by reliance will directly address the sociotechnical barriers
of misuse and disuse, equipping clinicians with the skills to
recognize, interpret, and appropriately integrate AI advice.
Such interventions should include scenario-based simula-
tions, decision-making exercises, and explanatory modules
on AI strengths and limitations. Fourth, close collaboration
with regulatory bodies and professional organizations will
be critical to establish reliance calibration as a recognized
criterion for the approval and certification of second-opinion
AI systems, ensuring alignment with safety, accountability,
and ethical standards. Together, these steps offer a concrete,
evidence-based pathway to translate research findings into
deployable solutions that are not only technically effective
but also socially and clinically sustainable.

Conclusion
This work set out to address a critical barrier to the success-
ful deployment of AI-based second-opinion systems in clin-
ical diagnosis: the miscalibration of clinician reliance, man-
ifesting as misuse (over-reliance from automation bias) and
disuse (under-utilization from self-anchoring bias). Through
a meta-analytic synthesis of large-scale simulation studies
across diverse diagnostic contexts, we quantified these bi-
ases and introduced Appropriate Reliance (AR) as a practi-
cal, actionable metric to guide the design and evaluation of
human-AI collaboration in healthcare. Disuse—marked by

obstinance and failure to adopt correct AI advice—emerges
as a more prevalent and consequential barrier than automa-
tion bias. This challenges the prevailing focus on over-
reliance as the main safety concern in AI-assisted decision-
making and highlights the need for a broader, evidence-
based approach to system design and training.

These insights are not merely theoretical. They offer
concrete engineering guidance for developers, providers,
and policymakers on how to design, evaluate, and deploy
second-opinion AI systems in clinical practice. Promoting
calibrated trust will require more than improving model ac-
curacy or interface transparency. It will demand investments
in explainability, robust validation, clear communication of
uncertainty, and fostering user accountability—essential for
aligning human and machine reasoning in high-stakes set-
tings. Our AR metric provides a systematic way to assess
these goals and track progress toward safe, effective integra-
tion. While our studies used controlled simulations designed
to approximate real-world workflows, validating these in-
sights in live clinical environments remains a crucial next
step. Future research should focus on deploying these met-
rics in production systems, evaluating interventions to re-
duce self-anchoring bias, and tailoring solutions for diverse
clinician groups. Future work will also include a system-
atic comparison between the Appropriate Reliance metric
and existing measures of usability, trust, and reliance in hu-
man–AI interaction—such as those derived from the ISO
9241-210 framework—to clarify their respective scopes,
overlaps, and complementarity in clinical evaluation.

Ultimately, this work supports the emerging application
of AI as a collaborative advisor in medicine—a role that
complements human expertise rather than replacing it. Fu-
ture work will integrate the AR metric into production-ready
systems, conduct in-situ clinical evaluations, and refine user
training to ensure safe, effective, and accountable deploy-
ment. By systematically improving the conditions for ap-
propriate reliance, we can help ensure that AI deployment
in healthcare delivers on its promise of more accurate, ac-
countable, and equitable diagnostic decision-making that
enhances patient care.
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