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Artificial intelligence (Al) isincreasingly permeating healthcare, from
serving as a physician assistant to powering consumer applications. The
opacity of Al algorithms makes the ability of humans to interact with Al
algorithms challenging. To overcome this limitation, explainable Al (XAI)

providesinsightinto Al decision-making, but evidence suggests that XAl can
paradoxically induce bias in the human decision-making process. Here we
present results from two large-scale experiments, involving 623 lay people
and 153 primary care physicians (PCPs), respectively, in which a fairness-based
Al model for dermatological diagnoses and different XAl-based explanations
were combined to examine how XAl assistance, particularly multimodal

large language models (LLMs), influences diagnostic performance. With
fairness-constrained model training, assistance from an Almodel that
achieved balanced performance across skin tones improved final diagnostic
accuracy and reduced skin-tone-related performance disparities among
bothlay people and PCPs. In this setting, LLM explanations yielded divergent
effects: lay users showed higher automation bias—accuracy was boosted
when the diagnoses provided by the Almodel were correct but was reduced
when the model erred—whereas experienced PCPs remained resilient,
benefitingirrespective of the Almodel’s accuracy. In addition, presenting the
Almodel’s diagnosis before human decision-making may lead to stronger
anchoring bias. These findings highlight XAI’s varying impacts based on
human expertise and the timing of when the Al-based predictionis provided,
underscoringthe concept that LLMs canact as a‘double-edged sword’in
medical Al and informing future human-Al collaborative system design.

Al has been intensively investigated as a tool to enhance clinical
decision-making. Dermatology is one area with several developed
and FDA-approved tools such as Nevisense' and DermaSensor?, as skin
conditions are primarily diagnosed through image assessment. In light
of the national shortage of dermatologists®*, effective Al assistance
couldimprove early detection and reduce unnecessary clinical visits.
The development of Al-powered interfaces has also been proposed to
assist the general publicin making informed healthcare decisions (for
example, self-diagnosis of skin diseases with Google Lens®).

XAl has been used in health generally to target Al usability and
adoption®’. In dermatology, physicians have clear features to look
for, such as the ABCDs (asymmetry, irregular borders, multiple
colors, diameter greater than a pencil eraser) of melanoma. Simi-
larly, gradient-weighted class activation mapping (GradCAM)® and
content-based image retrieval (CBIR)”', the top two most commonly
used XAltechniquesin dermatology", have been used to highlight rel-
evantimageregionsand retrieve similar cases, respectively. In addition,
with the recent surge of generative AI", multimodal LLMs operating
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Fig.1|Study design and interface components of human-Al collaborative
diagnostic system. a, Overview of the experimental workflow comprising two
studies: study 1recruited general public participants for melanoma versus nevus
classification tasks; study 2 engaged medical experts for open-set differential
diagnosis. Twelve diagnostic images were randomly drawn from a high-quality
image database with an equal skin tone split. Participants completed either
Human-First or Al-First diagnostic sequences followed by demographics,
human-Al collaboration experience and personality assessment. b, Interface
for the binary classification task showing a clinical image for melanoma versus

nevus discrimination. ¢, Interface for the differential diagnosis task with top-3
free-text entry. To assist user input, the text box has a string-matching-based
auto-completion function that covers acomprehensive set of 445 skin diseases.
d-g, Four XAl assistance examples with basic Al providing straightforward
predictions with model confidence (d), GradCAM highlighting relevantimage
regions (e), CBIR showing similar reference cases (f) and LLM providing natural
language explanations (g). Skinimages are not clinical images but are from the
authors as placeholders for illustration. GradCAM and CBIR are syntheticand do
notrepresent the real model performance.

over textual and visual modalities" have also been used to analyze
dermatological images and explain Al decisions™",

Unfortunately, previous work has shown that XAl can increase sub-
jectoverreliance on Alin decision-making'®", and human-Al collabora-
tive medical decisions do not always surpass those made by humans
or Al alone'®”, To date, there is no consensus about whether medical
experience improves human-Al collaborative diagnosis. Although some
researchindicates that medical knowledge is needed for better Al resil-
ienceand clinical decision-making®, there is also research showing that
it makes minimal difference'’,and, in dermatology, Al may even mislead
humans and lead to worse outcomes in diagnosis®*%. As dermatological
Altools expand, itis crucial tounderstand how different XAl methods,
especially with the vast spread of LLMs, affect skin disease diagnostic
accuracy across both the general public and medical experts® 2.

Inthe present study, we designed two large-scale experiments to
systematically investigate how different XAl methods and human-Al
decision paradigms impact diagnostic performance across exper-
tise levels: the general public (n = 623) and PCPs (n=153). We chose
clinical-image-based skin condition diagnosis as a plausible real-world
scenario (thatis, ecological validity) given the influx of patient-facing
and physician-facing diagnostic models in this space’*?. We inves-
tigated the overall effectiveness of XAl assistance in improving der-
matological diagnostic accuracy”*®, reducing the disparities across
skin tones® and influencing accuracy-confidence calibration (that s,

accuracy and confidence are consistent). We compared both correct
andincorrect multimodal-LLM-based explanations to traditional XAl
approaches in both scenarios. We also examined how individual dif-
ferencesin Al deference (thatis, the propensity to follow Al regardless
of accuracy, sometimes referred to as Al susceptibility>’) impact diag-
nostic performance. Finally, we explored theimpact of the human-Al
decision paradigm (that s, the order of human or Almaking decisions)
ondiagnostic outcomes®**, providing insights into optimal implemen-
tation strategies for clinical settings.

Results

Study design

We designed two complementary large-scale experiments to evalu-
ate human-Al collaborative diagnostic performance across exper-
tise levels (Fig. 1a). Study 1 engaged the general public (n =623) ina
binary classification task to distinguish melanoma fromnevus. Study 2
engaged PCPs (n=153) ina complex open-ended differential diagnosis
task, focusing on four skin conditions previously identified as having
potential diagnostic disparities across skin tones?**: atopic dermatitis,
pityriasisrosea, Lyme disease and cutaneous T cell lymphoma (CTCL).
Studies1and2are notdirectly comparable as they emphasize different
tasks. Tomeasure the impact of medical training within the same task,
forstudy 2, werecruited another cohort of medical students (n = 320)
for comparison.
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Fig.2| Overall diagnostic performance with Al assistance for the general
public. a, Accuracy of the general public (n = 335) in detecting nevus and
melanoma and the overall diagnosis in two rounds of testing: Rd. 1tested

initial human accuracy without Al assistance; Rd. 2 tested Al-assisted accuracy.
b, Diagnostic accuracy changes between Rd.2 and Rd. 1across different Al
explanations (Basic (n = 82), GradCAM (n =72), CBIR (n=91) and LLM (n=90),
samein eandf) in the Total condition of a. ¢, Diagnostic accuracy when
patients are light-skinned (Fitzpatrick labels 1-4 on a scale of 6) or dark-skinned
(Fitzpatrick labels 5-6) across two rounds in the Total condition of a. d, Overall

accuracy changes (n = 335) between Rd. 1and Rd. 2 under Al-right and Al-wrong
conditions. e,f, Diagnostic accuracy changes between Rd.1and Rd. 2 of different
Al explanations under Al-right (e) and Al-wrong (f) predictions. Each gray
transparent scatter represents one measured sample. All presented bars or data
points of a plotin this figure indicate the mean values of metrics measured. All
error bars indicate the standard error of the mean. Pvalues were calculated with
post hoc marginal comparison after aninitial analysis with a linear mixed model.
***P<0.001,*P<0.01,*P< 0.05.NS, not significant; Rd., round.

We employed a randomized between-subjects factorial design
(4 x 2) across both studies. Participants were assigned to one of four
Al assistance methods—basic (prediction and confidence), GradCAM
(heatmap), CBIR (visual similarity) or multimodal LLM (textual explana-
tion)—and one of two decision paradigms: Human-First (users make a
decision first before reviewing Al suggestions) and Al-First (users review
bothimages and Alsuggestions before making the final decision). All par-
ticipants evaluated 12 clinicalimages balanced by skin tone and pathol-
ogy, utilizing outputs fromfairness-constrained deep learning models.

Our fairness-constrained models (final architectures and hyperpa-
rameters reported in Methods) achieved strong overall performance
with substantially reduced disparities across skintones. For study1, the
binary classification model achieved aweighted areaunder thereceiver
operating characteristic (AUROC) of 0.930 (0.933/0.898 light/dark
skin, 4 = 0.035) and weighted balanced accuracy of 0.850 (0.852/0.831,
A=0.021), narrowing the empirical risk minimization (ERM) baseline’s
skintonegap (balanced accuracy 0.845,4 = 0.091) by 76.9%. For study
2,the primary five-class model achieved AUROC of 0.772 (0.782/0.691,
A=0.091), weighted AUROC of 0.753 (0.725/0.693, 4 = 0.192) and
balanced accuracy of 0.478 on the four main diseases (0.487/0.431,
A=0.056), outperforming ERM (0.457, A = 0.144). The secondary
30-class model achieved AUROC of 0.728 (0.714/0.641, A = 0.073),
weighted AUROC 0f 0.752(0.798/0.744, A = 0.053) and balanced accu-
racy of 0.141(0.157/0.092,4 = 0.064). Combined, the primary and sec-
ondary models achieved overall weighted accuracy of 0.197 and AUROC
of 0.755. Per-disease performance is in Supplementary Tables 5and 6.

Inthe study, images were intentionally sampled to have an overall
Alaccuracy of 83.3% (always 10 correct and two incorrect predictions)
instudyland79.2% (onaverage, 9.5 correctand 2.5incorrect) in study
2 (see Methods for full details on model training, dataset curation and
experimental protocol).

State-of-the-art Alimproves the general public’s
performance due to Al deference and LLM explanations
amplify such deference

Advanced Al improves the general public’s performance. We first
measured the general public’s performance (study 1) without and with
Alassistance. We found that Alimproved average accuracy of the nevus
versus melanomadetection task from 69.7 + 0.8%to 75.8% + 0.7% (effect
of Alassistance: § = 0.061, 95% confidence interval (Cl): 0.049-0.074,
P<0.001, linear mixed model on accuracy, with Al assistance, XAl
methods and their interaction as the main factor, controlling gender,
age, race, skin disease experience and the covariate of self-reported
human-Al collaboration experience; see Supplementary Table 7 for
details). Other study 1statistical models below control the same set of
confounders (unless noted differently), and most of theimprovement
came fromnevus classification (8 = 0.111,95% Cl: 0.091-0.132, P< 0.001;
Fig.2aand Supplementary Table 8), and the largestimprovement in XAl
came from multimodal LLM (see next section). Participants also had
amodest increase in diagnosis confidence by 1.5% with Al assistance
(8=0.018, 95% CI: 0.010-0.019, P< 0.001; Extended Data Fig. 1a and
Supplementary Table10). With the help of Al, model humans achieved
amore balanced diagnosis performance across patient skin tones
(round 1: $=0.033, 95% CI: 0.009-0.057, P=0.007; round 2:
£=0.017,95% CI. -0.007 to 0.041, P=0.166; =46.9%; Fig. 2c and
Supplementary Table 11). As no interactive effects across different
XAlmethods, skin tones and decision rounds were found (P> 0.05 for
all; Supplementary Table 11), the reduced diagnostic disparities were
mainly contributed by the fairness-constrained training algorithm
(conditional domain adversarial neural network (CDANN); see Model
training section). These findings demonstrate that collaboration with
well-trained Al can mitigate diagnostic biases while improving overall
accuracy.
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Performance improvement stems from Al deference and LLM-based
explanations amplify such deference. We investigated the impact of
the four XAl methods on diagnostic accuracy. The LLM explanations
provided an improvement of +7.7% (= 0.077, 95% CI: 0.053-0.101,
P<0.001), followed by CBIR (+6.3%, = 0.063, 95% CI: 0.039-0.087,
P<0.001), GradCAM (+5.5%, B = 0.054,95% Cl:0.028-0.081, P < 0.001)
andthebasic method (+4.8%, 5= 0.048,95% CI: 0.023-0.073, P< 0.001),
as shown in Fig. 2b and Supplementary Table 7. However, the general
public’s diagnostic accuracy improved when Al provided correct
predictions, whereasincorrect predictions reduced the performance
significantly (8=-0.233, 95% CI: —0.307 to -0.158, P < 0.001; Fig. 2d
and Supplementary Table 12). Correct LLM advice (+13.4%) enhanced
performance more than other Al explanations (basic method +8.6%,
GradCAM +9.5%, CBIR +10.9%; Fig. 2e), and incorrect LLM advice
decreased performance most (-21.1%, basic -14.6%, GradCAM -15.3%
and CBIR-17.0%; Fig. 2f). These findings indicate that LLM explanations
amplify the general public’s tendency to follow Al guidance, regardless
of Alaccuracy. Moreover, compared to basic explanation, LLM led to
significantly more reduction of performance when Al becomes inac-
curate (thatis, difference in differences, f = -0.048,95% Cl: -0.093 to
-0.003, P=0.035; Supplementary Table 13).

Misplaced trust in LLM explanations for the general public. When
Al predictions were correct, participants trusted LLM explanations
more than other methods (Fig. 2e), and this was more noticeable when
explanations were of low quality (post hoc pairwise estimated marginal
means (EMMs) comparisons, LLM over GradCAM: = 0.117, 95% CI:
0.041-0.192, P=0.002; LLM over CBIR: f=0.092, 95% CI: 0.021-0.163,
P=0.011; Extended Data Fig. 2c and Supplementary Table 15). When Al
predictions were incorrect, LLM explanations negatively impacted the
alignment between participants’ confidence and accuracy (z=-3.788,
P<0.001, two-sided Fisher’s r-to-ztest to compare correlation difference;
Extended DataFig.3c). Theseresults further suggest that people struggle
to assess LLM explanation reliability and can be easily misled by LLMs.

Study 1 results indicate that LLMs are a ‘double-edged sword’ in
skin disease diagnosis for the general public with amplified Al defer-
ence. When Al was correct, LLM explanations boosted diagnosis per-
formance, even when the quality of the explanation was low. However,
when Al predictions were incorrect, the general public was misled by
seemingly plausible reasons generated by LLM, whose explanations
frequently referenced ambiguous dermatologic criteria even when
these features were only partially present or visually unclear.

PCPsreliably leverage accurate Al guidance while resisting
errors with LLM-based Al explanation

Basic Al improves performance of PCPs. We conducted a similar
analysis of the PCP participants in study 2. This task was more chal-
lenging and required detailed dermatological knowledge. We found
11.5 £ 1.4% top-1accuracy and 16.1 + 1.8% top-3 accuracy in differential
diagnoses of PCP without Al, whichis aligned with previous work®. The
performance was significantly improved with Al suggestions, with a
+21.5% in top-1 accuracy (8 =0.258, 95% CI: 0.170-0.260, P < 0.001;
Fig.3a; linear mixed model on accuracy with Al assistance, XAl meth-
ods and their interaction as the main factor, controlling gender, age,
race and medical expertise in skin, year of experience and personality
traits; see Supplementary Table 16 for details). Other study 2 statistical
modelsbelow control the same set of confounders (unless noted differ-
ently) and a+43.5% in top-3 accuracy (8 = 0.450, 95% CI: 0.352-0.548,
P<0.001; Extended Data Fig. 4a and Supplementary Table 16). In
contrast to the general publicin study1, for PCPs, basic Al assistance
helped the most (top-1 accuracy = 0.258, 95% Cl:0.168-0.349,
P<0.001; Fig. 3b and Supplementary Table 16). Interestingly, we
observed significant confidence increase only when PCPs were
assisted by GradCAM (B = 0.028, 95% CI: 0.005-0.051, P=0.019)
and LLM explanations (8= 0.035, 95% Cl: 0.012-0.058, P=0.003)

(Extended Data Fig. 1b and Supplementary Table 21). Improvements
were significant in all four major diseases (+19.9-25.0%, all P< 0.001;
Fig. 3a and Supplementary Tables 17-20). PCPs had disparate per-
formance across skin tones as 4.6% (= 0.046, 95% CI: 0.013-0.078,
P=0.069; Fig.3c), whichwasreduced to 2.9% (8= 0.029,95% CI: -0.018
t00.076, P=0.248; Supplementary Table 22) after Al assistance. Simi-
lar to the general public, nointeractive effects of different XAl methods
were found (P > 0.05 for all conditions; Supplementary Table 22),
showing that the reduced disparities still resulted from CDANN.

PCPs are resilient to Al deference when Al is wrong. In contrast
to the general public, incorrect Al predictions had minimal impact
on the final decisions of PCPs across all XAl methods (Fig. 3f and
Extended Data Fig. 2d-f; f=0-0.021, P=0.328-1.000). This sug-
gests that PCPs relied on their own expertise and training rather than
erroneous Al guidance. To control the effect of task difficulty between
study 1and study 2, we further compared the results of PCPs against
theresults of medical students on the same task. Extended DataFig. 5
shows that medical students relied on Almore than PCPs, regardless
of Al correctness. We term participants who answered correctly only
when Al was correct—and, therefore, answered incorrectly when Al
was wrong—as ‘deferential participants’. We observed that the propor-
tion of deferential participants was higher among medical students
than PCPs (linear mixed model on the proportion of deferential par-
ticipants, with medical role and medical expertise in skin as the main
factor, controlling other confounders: main effect of medical role:
£ =0.067,95%Cl:0.004-0.130, P= 0.037; main effect of skin expertise:
£=0.073,95% Cl: 0.022-0.124, P= 0.005; Supplementary Table 25).
Theseresultsindicate that higher expertise levels are associated with
more careful Aladoption, which is supported by previous work™.

LLM explanations do not aid in accuracy but in confidence calibra-
tion. Interestingly, for PCPs, LLM explanations were the least help-
ful method (+17.7%) and were 8.1% lower than the best improvement
from the basic explanations (8=-0.081, 95% CI: —0.207 to 0.044,
P=0.268; Fig. 3b and Supplementary Table 16). This finding was
consistent across explanation quality (Extended Data Fig. 2e,g and
Supplementary Table 27) and top-3 accuracy (Extended DataFig. 4c—f).
These are opposite to the results of LLM’s best improvement for the
general publicinstudy 1. Medical student data confirmed that the task
was not biased toward certain explanations (Extended Data Fig. 5¢c),
implying thatexpertise drove interactions: the general public overrelies
onLLMs, whereas PCPsare moreresilienttoincorrect LLM suggestions.

However, LLM explanations did help improve the alignment
between PCP participants’ confidence and accuracy (correlation
r=0.494, P=0.010; Extended Data Fig. 3d; similar findings in top-3
performance; Extended Data Fig. 6d) over No Al (correlationr = 0.084,
P=0.415, two-sided Fisher’s r-to-z test comparing the two correla-
tions: z=2.368, P=0.018; Extended Data Fig. 3d). This calibration
benefit held even withincorrect Al predictions, where non-LLM expla-
nations impaired alignment (Fisher’s r-to-z test z=2.572, P= 0.010;
Extended Data Fig. 3f; similar in top-3 performance, P=0.059;
Extended Data Fig. 6f). PCP caution toward LLMs likely enforces cog-
nitive engagement, thus enhancing diagnostic accuracy-confidence
calibration regardless of correctness***.

Overall, in contrast to the general public in study 1, PCPs main-
tained their performance underincorrect Al predictions across all XAl
methods, including LLM.

Higher Al deference correlates with lower initial performance

We inspected the relationship between participants’ deference toward
Al suggestions and initial performance’®. Among participants’ final
decisionsthatare correct (ranging fromzeroto12,12 images total), we
visualize the number of images with Al suggestions that are correct (up
to 10, shown in blue) and incorrect (up to two, shown in red) for each
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Fig. 3| Overall diagnostic performance with Al assistance for PCPs. This
figure shows similar analysis results as in Fig. 2 using the Human-Frst paradigm.
a, Accuracy of PCPs (n = 96) inidentifying atopic dermatitis, pityriasis rosea,
Lyme disease and CTCL as well as the overall performance on four main
diseases, with results presented for two rounds of testing. b, Diagnostic
accuracy changes between Rd.1and Rd. 2 across different Al explanations
(Basic (n=24),GradCAM (n =25), CBIR (n=21) and LLM (n =26), same as e and
f).c, Diagnostic accuracy when patients are light-skinned (Fitzpatrick labels 1-4
onascale of 6) or dark-skinned (Fitzpatrick labels 5-6) across the two rounds

of testing. d, Overall accuracy (n = 96) changes between Rd.1and Rd. 2 under
Al-right and Al-wrong conditions. e,f, Diagnostic accuracy changes between
Rd.1and Rd.2 of different Al explanations under Al-right (e) and Al-wrong (f)
predictions. Each gray transparent scatter represents one measured sample.
All presented bars or data points of a plot in this figure indicate the mean values
of metrics measured. All error bars indicate the standard error of the mean.
Pvalues were calculated with post hoc marginal comparison after an initial
analysis with a linear mixed model. ***P < 0.001, **P < 0.01, *P< 0.05. NS, not
significant; Rd., round.

participant (Fig. 4a). As mentioned above, ‘deferential participants’
arethose who got correctresults only when Alwas correct and always
gotincorrect results when Alwas wrong (thatis, ablue barinFig.4a,d).
Participants who got at least one correct outcome even when Al was
incorrectare considered as ‘non-deferential participants’ (thatis,ared
barontop of the blue bar in Fig. 4a,d).

Althoughthe general public had similar performance after Al assis-
tance, deferential participants had significantly lower initial diagnostic
accuracy (65.8%) compared to non-deferential participants (72.5%)
before receiving Alsuggestions (8 =0.082,95% Cl: 0.074-0.111,P < 0.001,
Cohen’sd =0.462;Fig. 4b; linear mixed model with deferential group as
the main factor, controlling the same confounders as study 1 analysis)
(Supplementary Table 28). Deferential PCPs also had a significantly
lower performance in the initial round (8 = 0.194, 95% Cl: 0.079-0.310,
P<0.001, Cohen’sd=1.578; Fig.4e and Supplementary Table 29), which
couldresult fromalower level of critical thinking (P= 0.028, measured
by critical thinking questionnaire®; see details in Methods).

LLM explanations led to the largest proportion of fully defer-
ential participants in the general public (Fig. 4c), although no sig-
nificance between LLM and others was observed (P = 0.169-0.433;
Supplementary Table 30). By contrast, LLM resulted in the low-
est proportion of deferential PCPs (Fig. 4f; P=0.268-0.587;
Supplementary Table 31). This is also aligned with our findings of the
capability of experts inmaintaining resilience against the misdirection

of wrong semantic Al explanations™.

Putting Al before human decisions amplifies deference across
expertise levels

Inaddition to XAl methods, a practical design factor for human-Al col-
laboration systems is the decision-making order, either Human-First

or Al-First paradigms. Both the general public and PCPs had signifi-
cantly better performanceinthe first round with Al-First (all P< 0.001;
Fig. 5a,d), which is not surprising due to superior Al performance.
In the second round, after humans received the same amount of
information, no difference was observed between Human-First and
Al-First in either study (round 2, general public: 8= 0.005, 95% CI:
-0.017t0 0.026, P=0.650; PCPs: f=-0.020, 95% CI: -0.091 to 0.050,
P=0.572; linear mixed models onaccuracy with human-Al collabora-
tion paradigm, decision round and their interaction as the main fac-
tors, controlling decision-making time and other confounders; see
Supplementary Tables 32 and 34 for details). This indicates that the
decisionorder may notinfluence the final performance. To exclude the
influence where participants would be biased in the second round due
to the prior exposure of the disease image, we compared Al-assisted
performance in Al-First round 1 versus performance in Human-First
round 2 and found no differences (P> 0.05 for both general publicand
PCPs; Supplementary Tables 38 and 39), indicating that the diagnosis
strategies were not driven by the carryover effect.

With the Al-First paradigm, non-deferential participants still had
better performance, especially after reviewing the examples again
without Al (general public: f=0.031,95% CI: 0.000-0.062, P= 0.049;
Supplementary Table 33; PCPs: f=0.218, 95% Cl: 0.009-0.426,
P=0.041; Supplementary Table 35). Thisis similar to theresultsinthe
Human-First paradigm in Fig. 4. By contrast, putting Al suggestions
ahead increased the proportion of deferential participants in most
cases (Fig. 5c,f). For the general public, the proportion was increased
across all XAl methods (average 4 = +8.4%, although no significance
was observed after controlling all confounders, P=0.067-0.170;
Fig. 5c and Supplementary Table 36). For PCPs, the largest deference
increase was observed from LLM explanations (4 = +19.0%; Fig. 5f,
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Fig. 4 | Deference patterns toward Alin human-Al collaboration.

a,b, Performance comparison between deferential (fully compliant with Al
suggestions) and non-deferential general populations. a, Distribution of correct
responses with Al assistance. The blue bars represent instances where both Al’s
predictions and participants’ predictions were correct; the red overlays indicate
instances where participants’ responses were correct while Al predictions were
incorrect. b, Accuracy trajectories of deferential users (n = 142) and
non-deferential users (n =193) found from a across two decision rounds.

¢, Proportion of participants who defer to the output of each type of XAl (Basic

(n=82),GradCAM (n=72),CBIR (n=91) and LLM (n = 90)). d-f, Equivalent
results for PCP participants asina-c (in e, deferential PCPs n =79, non-
deferential PCPs n=17;inf, Basic (n =24), GradCAM (n =25), CBIR (n=21) and
LLM (n =26)). All presented bars or data points of a plot in this figure indicate the
mean values of metrics measured. All error bars indicate the standard error of
the mean. Pvalues were calculated with post hoc marginal comparison after an
initial analysis with a linear mixed model. ***P < 0.001, **P < 0.01,*P< 0.05.NS,
notsignificant; Rd., round.

Extended Data Fig. 6m and Supplementary Table 37). This indicates
that putting Alahead may lead to stronger anchoring bias. It also sug-
gests that, although PCPs showed resistance against Al’s mislead in
the Human-First paradigm, providing LLM-based explanations ahead
of human choices canstill cause more bias than other XAlmethods and
introduce risks of overreliance, even for PCPs.

Human-Al collaboration to combine each side sstrength
Although Al deference risks misleading participants when Al makes
mistakes, deference may lead some humans toimproved performance.
Figure 6 visualizes cases where either humans or Al routinely outper-
form each other. We found that Al tends to outperform humans in
cases where the presentation of the disease is subtle but struggles
with atypical symptoms or unexpected features in the image (see
Supplementary Table 40 for example information). These qualita-
tive examples provide some initial directions for future work in
understanding the complementary strengths of humans and Al in
dermatological diagnosis.

Discussion
Through two large-scale experiments, our work addresses how various
XAlmethods and human-Al decision paradigms impact collaborative
diagnosis across expertise levels (general public versus PCPs). Our work
reveals both the potential and challenges of human—-Al collaboration
in dermatology.

Our study demonstrated that state-of-the-art Al suggestions can
create significant diagnosticimprovements regardless of participants’
expertise levels and task difficulty. Congruent with previous research?,

PCPs’ diagnostic top-1 accuracy and top-3 accuracy are increased
by 21.4% and 43.5% from a baseline of 11.5% and 16.1%, respectively.
The general public’s performance also increased by 6.1% from 69.7%
to 75.8%. Our fairness-constrained Al model helped humans reduce
diagnostic disparities on skintones, witharelative reduction 0of46.9%
(accuracy disparity from 3.2% to 1.7%) among the general public and
35.6% (from 4.5% to 2.7%) among PCPs. Extended Data Fig. 7 further
shows the correlationbetween the performanceimprovementonthe
subjective ratings on human-Al collaboration experience (r=0.35,
P<0.001). In line with our results, Groh et al.?* found similar dispari-
ties across skin tones without Al and similar reductions when PCPs
accessed a similarly accurate Al tool (79.2% accuracy in the present
study and 84.0% accuracy in the treatment deep learning system in
Grohetal.??). However, when the Al assistance tool exhibited moderate
performance (the 47.0% accuracy inthe control deep learning system
in Groh etal.”?), PCP diagnostic disparities across skin tones increased.
Together, these two studies reveal that the dose—response relationship
between Alaccuracy and itsimpact on diagnostic accuracy and equity
deeply matters. As Al assistance accuracy decreases, physicians may be
prone to incorporating incorrect Al predictions into their diagnoses
especially for more challenging cases, such as images of dark skin.
We found interesting nuances of different XAl methods on differ-
ent populations, especially LLMs. Although a direct comparison of the
final diagnosis performance across XAlmethods does not reveal signifi-
cance (aligned with previous findings in Chandaetal.”’), our breakdown
analysis across Al correctness and XAl quality setups provides more
nuanced insights. LLM acted as a ‘double-edged sword’ for the gen-
eral public. Although it provided the highest accuracy improvements
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Fig. 5| Influence of human-Al collaboration paradigm on diagnostic
performance. a-d, Analysis for the general public.a, Comparison between
Al-First (n =288) and Human-First (n = 335) human-Al collaboration (HAI)
systems on diagnostic accuracy across two rounds. b, Accuracy trajectories
across two decision rounds for deferential and non-deferential people in the
Al-First paradigm. ¢, Comparison of deferential user (participants who defer to
the output of each type of XAl) proportion between two HAl paradigms across
four XAl groups (Al-First: Basic (n = 62), GradCAM (n = 74), CBIR (n =76) and LLM
(n=76); Human-First: Basic (n = 82), GradCAM (n=72),CBIR (n=91) and LLM

(n=90)).d-f,Equivalent results for PCP participants (Al-First PCPs n = 57, among
which Basic (n =14), GradCAM (n=18), CBIR (n = 8) and LLM (n =17); Human-First
PCPs n=96,among which Basic (n = 24), GradCAM (n =25), CBIR (n=21) and LLM
(n=26)) asa—c. All presented bars or data points of a plot in this figure indicate
the mean values of metrics measured. All error bars indicate the standard error
ofthe mean. Pvalues were calculated with post hoc marginal comparison after an
initial analysis with a linear mixed model. ***P < 0.001, **P< 0.01, *P < 0.05. NS, not
significant; Rd., round.

(+13.4%) when its suggestions wereright, it also led to the largest perfor-
mance decrease (-21.1%) when wrong. The general public also tended
to trust LLM explanations regardless of their quality, suggesting that
readable, semantic explanations are more convincing for those without
medical backgrounds. This heightened deference to LLMs likely stems
from the cognitive ease of narrative persuasion®*’, Unlike structured
concept-based explanations such as GradCAM, which requires a user
tointerpretanabstract heatmap, or CBIR, which demands a high-effort
visual comparison, an LLM provides unstructured narrative rationales
that create a cohesive and seemingly complete diagnostic story. It con-
nects visual features to a conclusion with authoritative, human-like
prose (for example, ‘The lesion is suspicious because of its irregular
border...). These free-form narrative explanations can create an illu-
sion of understanding, making the reasoning feel more intuitive and
plausible to anonexpert. Moreover, when the LLM highlights specific
features, suchas ‘irregular border’, it can anchor the user’s perception,
causing them to reinterpret the ambiguous visual data in a way that
confirms the Al’s plausible-sounding rationale. Our work extends
previous research on nonexpert overreliance and automation bias
on AlI*****and finds greater risk of LLM-based explanations, which has
beensupported inrecent human-LLM trust work outside healthcare®.
With numerous Al-assisted medical decision support tools available
to the general public***, and the advancement of LLM in health Al
research***8, our findings highlight the importance of strong scrutiny
and careful design for Al safety.

By contrast, PCPs applied LLM assistance more carefully and
maintained their diagnostic accuracy even when Al suggestions were
wrong. This was true regardless of explanation quality. To isolate the
impact of task difficulty levels, we compared medical students to PCPs

and found that students are more easily misled by LLM than PCPs.
This suggests that the expertise of PCPs could be a mediator to help
participants override or defer incorrect suggestions*>*°. Although
this contrasts with previous findings that non-dermatology experts
are also misleading Al outcomes®**, our results are aligned with pre-
vious studies in dermatology'® that experts are better at adopting Al
thannonexperts. Our further investigation revealed that Al deference
is less common when medical students and the PCP groups were
equipped with more medical expertise. This indicates that medical
knowledge and experience could be one of the key reasons for appro-
priate Aladoption for medical experts. Compared to the general pub-
lic, experts’medical expertise acts as a crucial ‘cognitive firewall’***2,
Although a lay person uses the explanation to ‘form’ a belief, a PCP
usesit to ‘validate’ an existing hypothesis against their own structured
clinical knowledge.

These findings have major design implications for how to imple-
ment Al suggestions for both the general public and PCPs. First, our
work strongly suggests that a ‘one-size-fits-all’ approach to medical
XAlis notonly suboptimal but also potentially hazardous. Instead, sys-
tems must be carefully tailored to the user’s expertise and the specific
collaborative goal. For the general public, where the risk of overreli-
ance on persuasive LLM narratives is high, designs should prioritize
safety over persuasiveness. This may involve explicitly showing the
Al’suncertainty and fallibility on a case-by-case basis to calibrate user
trust, framing suggestions not as diagnoses but as preliminary infor-
mation that requires professional validation. This is also supported
by the recent call for medical safety disclaimer in generative Almodel
outcomes®. For clinicians, the goal shifts from simple guidance to
expertaugmentation. Systems should support adaptive explanations,
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Fig. 6 | Case study characterizing when Al or humans did better. a, Accuracy
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rightimages with the highest human error rate), and ‘Human did better than Al
(Al-wrongimages with the highest human accuracy) is shown to the right.

b, Same as afor study 2 for PCPs. Detailed examples can be found in
Supplementary Table 40. pred, prediction.

potentially offering a concise rationale for routine cases but revealing
more in-depth evidence when the clinician’s initial diagnosis differs
from the Al’s suggestion.

Furthermore, the structure of the interaction itself is a powerful
designtool for mitigating cognitive bias. Our finding shows that Al sug-
gestions first lead to stronger anchoring bias®* and higher deference,
which enriches the current understanding of the effect of human-Al
decision orders™*, This s clear evidence for a‘Human-First’ workflow
to preserve independent human reasoning and minimize the powerful
anchoring bias that an upfront Al suggestion can create.

Finally, we need to design systems that account for inevitable
disagreements and individual differences in Al deference. Our find-
ing that participants prone to Al deference often have lower baseline
performance reveals a crucial challenge: the users most in need of
help are also the most vulnerable to being misled. This extends recent
work® on Al deference among humans and points toward the future
of an adaptive system. Instead of a static information handoff, the
system should dynamically tailor its interaction style to individual
users. A highly deferential user might require an iterative explana-
tion*® or explicit prompts for the user’s confidence before finalizing
adiagnosis® or automatically trigger a workflow for a second human
opinion when the Al’s suggestion meaningfully alters aninitial assess-
ment*®. Designing these feedback loops is essential to better align Al
reliance with actual user skill and minimize the risks of misjudgment
in high-stakes medical contexts.

Our work has several key limitations. First, although we designed
ourstudy tobe close toreal-world scenarios, the ecological validity of
the study is still limited. Participants did not have access to contextual
data (for example, age, gender and socioeconomic status), which are
crucial factors in real-world diagnosis, and the task designs were also
simplified for both the general public and PCPs compared to real-world

diagnosis. Second, our online studies include only 12 images per par-
ticipant. This number may be insufficient to fully capture enough data
toanalyzeindividual patterns, potentially limiting the generalizability
of our findings. Third, our results are specific to the Almodels and XAl
methods that we implemented. The characteristics of the post hoc
explanations are inherently tied to the underlying model’s training
algorithm (that is, our model necessarily shapes the internal repre-
sentations from which explanations are derived). This is a potential
confounding factor common in studies of post hoc XAl. Although
XAl explanations were evaluated by experts to ensure their utility, the
performance of the basic modelis still at amoderate level, which could
bring potential influence on the distilled information. Moreover, to bal-
ance the samples of different diseases, we intentionally sampled test
images, which did notreflect the realistic model behavior. Similarly, the
stochasticity in LLM explanation generation, together with the specific
prompt that may elevate a confident tone, introduces a confounder
that is difficult to control. In our present study, LLM explanations
were generated in a single pass without selection, refinement or post
hoc optimization. Future work should address these limitations by
developing more advanced predicting models, incorporating richer
patient context in more authentic clinical workflows and evaluating a
larger number of cases.

In conclusion, our work shows both the potential and challenges
of using XAl, especially LLMs, in dermatology diagnosis. Al collabora-
tion canimprove diagnostic accuracy and fairness, but the substantial
differencesin how PCPs and the general public use Al assistance dem-
onstrate the need for carefully designed systems. Our findings should
be replicated in other medical domains and verified with additional
patientinformation (for example, medical history and environment)
in Al systems. More work should focus on making explanations helpful
for different users while encouraging critical thinking.
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Methods

User study design

Study populations. We designed two complementary large-scale digi-
tal studies to evaluate human-Al collaborative diagnostic performance
(Fig. 1a). Both studies were based on clinical images and designed to
resemble real-world practices: a regular lay person may take a photo
of their skinand resort to asearch engine or Al tools***°, and an expert
often needs to make a differential diagnosis based on a clinicalimage
(forexample, patient communication through electronic healthrecord
messaging systems). To ensure data quality, we provided comprehen-
sive tutorial materials for each participant group.

Study 1 engaged 623 participants (314 females, 305 males, four
nonbinary orothers, aged 33 + 9 years) from the general public without
medical backgrounds, in which participants reviewed clinical images
of skinand performed abinary classification task to distinguish mela-
noma versus nevus (Fig. 1b). The general public assessed 12 images that
were randomly sampled from a pool of 82 images. These images were
evenly distributed between light-skinned (Fitzpatrick labels 1-4) and
dark-skinned (Fitzpatrick labels 5-6) patients® and also evenly distrib-
uted between nevus and melanoma. To ensure consistent assessment
of human-Al collaboration while maintaining ecological validity, we
preserved Al model outputs while strategically sampling images to
maintain a consistent accuracy of 83.3% (always 10 correct and two
incorrect predictions per participant), which is close to the model’s
actual performance (see Al model details below). Each participant
went through12 clinicalimages and made two rounds of decisions per
image (with and without Al).

Study 2 involved 153 PCPs (66 females, 84 males, three nonbi-
nary or others, aged 34 + 10 years, years of practice experience range
1-25 years, average experience 6 years). They performed amore com-
plexopen-ended differential diagnosis with free-text entry. Participants
were asked to enter their top-3 diagnoses (Fig.1c). Instudy 2, we focused
onfour main conditions previously identified as having potential diag-
nostic disparities across skin tones (better performance on patients
with light skin than on those with dark skin)*>**: atopic dermatitis,
pityriasis rosea, Lyme disease and CTCL. To simulate real-life applica-
tions, these four conditions were mixed with the other 30 common
skin conditions. Text entry was assisted by auto-completion based on
string matching from a comprehensive list of 445 skin diseases. Each
participant evaluated 12 cases, including two images for each of the four
main conditions with correct Al predictions, two images sampled from
the four main conditions withincorrect Al predictions and two images
sampled from other conditions with amix of Al correctness (expected
1.5 correct and 0.5 incorrect), resulting in expected Al predictions to
be 9.5 correct and 2.5 incorrect (that is, expected accuracy of 79.2%).
Similar to study 1, skin tone was balanced in each condition.

We note that study 1and study 2 are not directly comparable as
they emphasize different tasks appropriate for groups with differ-
ent medical expertise. To measure the impact of medical training
experience within the same task, we additionally recruited 320 medi-
cal students (171 females, 141 males, eight nonbinary or others, aged
28 + 9 years) with less expertise in dermatology to compare to the
cohortreportedinstudy 2 (Extended DataFigs.5and 6).

We further employed validated questionnaires to collect addi-
tional data on human-Al collaboration experience®, XAl quality®
and cogpnitive traits of critical thinking®® and openmindness®*. More
details canbe foundin the experiment design sections inthe Methods.
Overall, we collected 14,952 diagnostic decisions from the general
public (study1), 3,672 diagnoses from PCPs and 7,680 diagnoses from
medical students (study 2).

Human-Al decision paradigm. For both studies, we adopted a
between-subject factorial design with 4 x 2 conditions, including four
XAl methods: basic outcomes with model prediction and confidence;
GradCAM, highlighting which areas contribute to the model prediction;

CBIR, presenting similarimages with the same label as the prediction;
and multimodal LLM, semantic explanations of the reason for the
model prediction (Fig.1d-g). For the rest of the paper, we omit ‘multi-
modal’ and use LLM for simplicity, as our studies mainly focus on the
language capability of the multimodal LLM, but do note that we used a
vision-language model, GPT-4V (see Methods for more details), as well
astwo human-Al decision paradigms (Human-First, where users make
a decision first before reviewing Al suggestions, and Al-First, where
users review both images and Al suggestions before making the final
decision). Each participant was randomly assigned to one condition
and went through 12 clinical images. Because the Human-First condi-
tion naturally required participants to make two rounds of decisions
(thefirstround without Aland the second round with Al), to control the
effect of cognitive effort, participants also made two decision rounds
in Al-First: after making the first round of decisions with Al, they were
asked toreview and reconsider their final decisions in the second round
when Alresults were hidden. Besides decisions, participants also rated
their confidence in their decisions at each round.

Model training. We used Python (specifically PyTorch1.13) and trained
adeep learning model, ViT-B/32 (ref. 65), for the binary classification
taskinstudy 1. We applied the training strategy of CDANN®® to achieve
the fairness constraint and ensure performance balance between
skintones (weighted AUROC 0f 0.930, accuracy 4 = 2.1% between skin
tones). In study 2, we trained a DenseNet-121 (ref. 67) with an AUROC
of 0.772 and accuracy 4 = 5.6% between skin tones. Post hoc explana-
tions (GradCAM, CBIR and LLM) were generated using the same trained
models’ outputs (see the Methods section for more details).

Evaluation metrics. Responses for study 1 were evaluated using stand-
ard binary outcome measures. For the free-text task in study 2, two
authors with medical expertise manually evaluated all text entered in
the ‘Diagnosis’ section to determine the top-1accuracy (based onthe
firstentry) and the top-3 accuracy (based onall three entries) compared
tothe ground truth.

All Al-generated explanations for GradCAM, CBIR and LLM were
evaluated by three dermatologists with at least 2 years of experience
and independently scored for correctness (that is, how accurate the
explanation is based on the skin image) and informativeness (that
is, how much this explanation can support diagnosis) with access to
the ground truth on a 5-point Likert scale, achieving fair to moder-
ate interrater reliability (Fleiss’ k = 0.42 and 0.37). We calculated the
average and divided explanation quality into high (informativeness
score >3 and correctness score >3) and low (informativeness score
<3 or correctness score <3). As a validation of the Al explanation,
the correctness score was higher when Al made correct predictions
(general public: Al correct 3.63 + 1.05 versus Al incorrect 2.74 +1.13,
t=5.279,P<0.001, Cohen’sd = 0.830, two-sided unpaired ¢-test; PCPs:
3.32+1.43 versus 2.19 + 0.95, ¢ =11.319, P < 0.001, Cohen’sd = 0.957) as
well as the informativeness score (general public: 3.25 +1.05 versus
2.42+0.96,t=5.087,P<0.001, Cohen’sd =0.800; PCPs:3.14 + 1.44 ver-
sus1.91+0.84.t=12.643,P<0.001, Cohen’sd =1.069). These ensured
that Al had learned useful information in diagnosing.

Image data collection

We collected a set of diverse datasets of clinical images spanning
multiple skin tones for both studies with the general public and
experts. Specifically, we combined 16 public and private datasets (see
Supplementary Table 4 for details of each dataset), resulting ina total
0f 108,585 images after removing duplicates. These images contain
human expert-annotated ground truth labels and cover a wide range
of skin conditions, including nevus (n = 24,746, 22.8%), melanoma
(n=28,686, 8.0%), atopic dermatitis (n=1,912, 1.8%), pityriasis rosea
(n=609, 0.6%), Lyme disease (n =248, 0.2%), CTCL (n =330, 0.3%)
and other skin diseases. In the study 2 differential diagnosis task, we
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mainly focused on four diseases—atopic dermatitis, pityriasis rosea,
Lyme disease and CTCL—as these four were found to have the greatest
performance disparities across skin tones in arecent study?. In total,
18,265 images (16.8%) also contain expert-annotated Fitzpatrick labels
(Fitzpatrick labels1-4:15,845 0f 18,265 images, 86.8%; Fitzpatrick labels
5-6:2,420 images, 13.2%). For the rest, we used individual typology
angle (ITA) calculated from the segmented skin pixels with the YCbCr
algorithm®®*®', Using the thresholds from Kinyanjui et al.*®, we assigned
Fitzpatrick labels to these images. Note that these images with weak
Fitzpatrick labels were only used for fair model training. For the actual
user study, we randomly sampled 82 high-quality, expert-annotated
images from the image pool for study 1 with the general public (equally
distributed between nevus and melanoma and between Fitzpatrick
labels 1-4 and 5-6) and 182 images for study 2 with medical experts
(82 atopic dermatitis, 54 pityriasis rosea, 27 Lyme disease, 27 CTCL
and 92 other diseases, equally distributed between skin tones within
each category). The sample sizes balanced the variance of the images
and adequate number of decisions perimage.

Al models and explanations

We trained fair Al models for skin disease diagnosis. For study 1, we
trained a binary classification model (nevus versus melanoma). For
study 2, we implemented a hierarchical structured multiclass model
that distinguished a total of 34 most common skin diseases (see the
totallistin Supplementary Table 4). We trained two models, including
a primary five-class classification model (four main diseases and an
‘other’ class) and a secondary 30-class classification model (30 other
common diseases). The secondary model was only used when the first
model predicted ‘other’.

Allthree models were trained following the protocolin Yang et al.*’
toachieve fair medical Almodels. Specifically, for each task, we trained
aset of models using five well-established fairness algorithms, includ-
ing ERM’°, Domain Adversarial Neural Networks (DANN)”, Condi-
tional DANN (CDANN)”?, group distributionally robust optimization
(GroupDRO)” and exponential moving average”. We performed a grid
search onthree pretrained models (DenseNet-121 (ref. 67) pretrained
on ImageNet 1k”, ViT-B/32 (ref. 65) pretrained on ImageNet 1k and
ViT-B/32 pretrained on ImageNet 21k®) and model hyperparameters
via a random search of 25 trials. Each model was fine-tuned for up
to 30,000 steps with a batch size of 64 using the Adam optimizer,
with checkpointing every1,000 steps and early stopping if the overall
validation macro AUROC does not improve for five checkpoints. For
each algorithm, we first selected the architecture and hyperparam-
eter combination that maximizes the worst-group validation AUROC.
We then selected algorithms based on the tradeoff between overall
accuracy and fairness. The final selected configurations were as fol-
lows. For study 1, the binary classification model used CDANN with
a ViT-B/32 backbone pretrained on ImageNet-21k (A = 0.218, learning
rate = 0.0005). For study 2, the primary five-class model used CDANN
with a DenseNet-121 backbone pretrained on ImageNet-1k (1=8.388,
learning rate = 0.0029), and the secondary 30-class model used CDANN
withaViT-B/32backbone pretrained onImageNet-1k (1 = 0.377, learn-
ing rate = 0.0003). All three configurations were selected against the
ERM baseline using the tradeoff procedure described above, and their
performanceis reported inthe Results section. Supplementary Tables 5
and 6 list out the specific performance details of each disease. Finally,
we intentionally sampledimages from our testing set with high-quality
disease and skintone labels (thatis, diagnosis verified through human
experts suchas biopsy and image resolution is higher than 400 x 400
pixels) to achieve the expected accuracy and fair results presented to
participants, as described in the Results section.

Building upon the model, we then generated three types of post
hoc explanations (GradCAM, CBIR and multimodal LLM). For Grad-
CAM, we adopted the algorithm in Selvaraju et al.® and picked the
last layer in the model to generate a heatmap and overlaid it on the

original image. For CBIR, we computed the cosine distance of the
embedding of the target image against the embeddings of images
in the training set and selected the top-2 images with the same skin
tone and the top-1image with the opposite skin tone, leading to three
retrieved images for each targetimage. As for multimodal LLM-based
explanations, we used multimodal GPT-4V (a vision-language model)
and constructed the prompt to generate explanations for the target
reader (the general public or medical experts; see more prompt details
inSupplementary Table 3). Note that the diagnoses were determined
by our own model (including cases when predictions were wrong) and
sent to GPT-4V using the OpenAl API, and GPT-4V was only prompted
to generate text-based explanations rather than perform diagnosis.

Ethics approval for human subject studies

This research complies with all relevant ethical regulations. The Mas-
sachusetts Institute of Technology’s Committee on the Use of Humans
as Experimental Subjects approved this study as Exempt Category
3—Benign Behavioral Intervention (COUHES no. E-5365). Participants
were informed about the potential sensitive visual content and pro-
vided consent before joining the study. They had the option to leave
the experiment at any time. Images used in the study were publicly
released by previous work. All clinical images displayed in this paper
were obtained from publicly released datasets, for which informed
consent for publication and research use was obtained by the original
dataset curators in accordance with each dataset’s release terms.

Experimental interface

We developed a reactive experiment interface based on Qualtrics for
online digital experiments. For study 1, the experiment was designed
to mimic real-life scenarios where users can self-diagnose using a
photo captured by smartphones/webcams. Prior to the study, the
general public participants were provided with educational con-
tent and common recognition guidelines about melanoma (ABCDE
rules”’; Supplementary Fig. 1), together with practice questions
(Supplementary Fig. 2) and experiment instructions of Aland its expla-
nations (Supplementary Fig. 3). They then went through 12 images
and made a diagnosis (distinguishing melanoma versus nevus as well
astheir confidence of the decision). Participants could hover oneach
image (including GradCAM or CBIR images) to use a magnifier for
closerinspection. The interface design of study 2 was similar to study
1. Expert participants were asked to do open-ended differential diag-
nosis as free-text entry tasks, in which they were asked to enter top-3
diagnoses, confidence and whether they had opinions on referral
(including no referral, a dermatologist, biopsy and both). Each text
entry box had auto-completion based on the matched string they
entered, and the corpus included 445 (Supplementary Fig. 5a). These
setups were designed to resemble real-world differential diagnosis
scenarios, such as telehealth, or patients sending images through elec-
tronic health record messaging systems. They received task-specific
instructions with examples (Supplementary Fig.4) and practice cases
(Supplementary Fig. 5), before going through 12 images.

Human subject study design and protocol

We recruited general public participants from Prolific (https:/www.
prolific.com/) and Facebook Groups for study 1 (20 March to 1 May
2024).Instudy 2 (10 June to 3 September 2024), we leveraged several
clinical networks and platforms to recruit medical experts, including
local networks at the Boston Medical Center and Stanford Univer-
sity, Centaur Lab (https://www.centaurlabs.com/), MedShr (https://
en.medshr.net/), Pathway (https://www.pathway.md/) and XPC
(https://www.xprimarycare.com/). For both studies, we embedded
attention check questions in the middle of the study (see an example
inSupplementary Fig. 5c) for quality control. We also filtered answers
with abnormal durations (that is, fewer than 10 seconds or more than
5 minutes per image on average). After filtering, we collected 623 lay
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people fromthe general public for study 1and 153 PCPs for study 2 (320
medical students in addition).

We adopted a between-subjects design. Participants were ran-
domly assigned to one of the eight experimental conditions varying
inthe four XAl types (basic confidence explanations, GradCAM, CBIR
or LLM) and two human-Al decision paradigms (Human-First versus
Al-First). In both studies, each participant evaluated 12 images and
provided two rounds of diagnoses perimage. Inthe Human-First para-
digm, participants made unassistedinitial diagnoses and reported their
confidence before receiving Al input at round 1. They then reviewed
the Al suggestions and explanations (depending on their experiment
group) and reported round 2 decision and confidence. In the Al-First
paradigm, Alsuggestions and explanations were presented alongside
theinitialimage at round 1. In round 2, Al outcomes were hidden, and
participants were asked to review their decisions again. By introducing
round2inthe Al-First condition, we controlled the number of decisions
and cognitive engagement.

Assessment of individual characteristics

Inaddition to the diagnostic tasks of 12 images, participants completed a
series of questionnaires, including demographics and established assess-
ments to measure human-Al collaboration experience®* and Al explana-
tion quality® (Supplementary Table. 2). For medical experts, we further
collected additional cognitive traits, including openmindness®* and
critical thinking®® (Supplementary Table 1). Although it is not the main
focus of our work, the relationship between these subjective aspects
and thefinal decision performanceis presented in Extended DataFig. 5.

Reporting summary
Further information on research design is available in the Nature
Portfolio Reporting Summary linked to this article.

Data availability

For machine learning model training, our datasets are organized and
availablein the figshare subfolder ‘ml-model’ (https://figshare.com/s/
eaf2110da509abbe9a6a). For the two humansubject studies, theimages
usedinthe human experiment and the study results are organized and
available in the figshare subfolder ‘human-study-results-analysis’
(https://figshare.com/s/eaf2110da509abbe9a6a). Source data are
provided with this paper.

Code availability

Thedataand code are organized together. For machine learning model
training, our model training code and explanation generation code are
organized and available in the figshare subfolder ‘ml-model’ (https://
figshare.com/s/eaf2110da509abbe9a6a). For the two human subject
studies, the code for dataanalysis visualization is organized and avail-
ableinthe figshare subfolder ‘human-study-results-analysis’ (https://
figshare.com/s/eaf2110da509abbe9a6a).
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Extended Data Fig. 1| Diagnostic Confidence of the General Public and PCPs.
a, Confidence levels of the general public (V=335) in detecting nevus, melanoma,
and the overall diagnosis in two rounds: Rd. 1 (initial, human accuracy without

Al assistance) and Rd. 2 (Al-assisted accuracy). b, Confidence levels of PCPs
(N=96) inidentifying atopic dermatitis, pityriasis rosea, Lyme disease, CTCL,
and the overall performance on four main diseases, with results presented for
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two rounds. Each gray transparent scatter represents one measured sample. All
presented bars or data points of a plot in this figure indicate the mean values of
metrics measured. All error bars indicate the standard error of the mean. P-values
are calculated with post-hoc marginal comparison after aninitial analysis with
linear mixed model. “***” means p<0.001, “**” means p<0.01, “*” means p<0.05,
“NS” means no statistical significance.
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Extended Data Fig. 2| See next page for caption.
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Extended Data Fig. 2 | Diagnostic Accuracy Under Different Al Explanation
Qualities. a, b, Changes in diagnostic accuracy between the second diagnosis
round with Al assistance and the first diagnosis round without Al assistance for
the general public under high Al explanation (XAI) quality, comparing GradCAM,
CBIR, and LLM explanations when Al is right (a) and Al is wrong (b) (Al right:
GradCAM (N=72), CBIR (N=89), LLM (N=90); Al wrong: GradCAM (N=50), CBIR
(N=65), LLM (N=71)). ¢, d, Visualization of diagnostic accuracy changes for the
general public under low XAl quality conditions, highlighting the effects of right
Alsuggestions (c) and wrong suggestions (d) for each XAl approach (Al right:
GradCAM (N=72), CBIR (N=91), LLM (N=89); Alwrong: GradCAM (N=60), CBIR

(N=82), LLM (N=68)). e-h, Equivalent results as (a)-(d), shown for topl diagnostic
accuracy of PCP participants (High XAl quality, Al right: GradCAM (N=3), CBIR
(N=21), LLM (N=26); Alwrong: GradCAM (N=2), CBIR (N=9), LLM (N=18). Low XAl
quality, Al right: GradCAM (N=25), CBIR (N=14), LLM (N=26); Al wrong: GradCAM
(N=25), CBIR (N=20), LLM (N=19)). Each gray transparent scatter represents one
measured sample. All presented bars or data points of a plotin this figure indicate
the mean values of metrics measured. All error barsindicate the standard error
of the mean. P-values are calculated with post-hoc marginal comparison after an
initial analysis with linear mixed model. “***” means p<0.001, “**” means p<0.01,
“*”means p<0.05, “NS” means no statistical significance.
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Extended Data Fig. 3| Accuracy-Confidence Consistency of the General
Public and Top1 Diagnosis of PCPs. a-c, General public’s performance
comparison between LLM and non-LLM assisted systems (LLM: N=90, Non-LLM:
N=245, No Al: N=335), in (a) overall diagnostic accuracy-confidence consistency
(A-C consistency) (b) A-C consistency with correct Al predictions, and (c) A-C
consistency with wrong Al predictions. d-f, Equivalent results for topl diagnosis

of PCP participants (LLM: N=26, Non-LLM: N=70, No Al: N=96) as (a)-(c).
Statistical significance was assessed using Pearson correlation coefficients (r)
with associated p-values. Each transparent scatter represents one measured
sample. Datais presented as predicted values by the linear regression model with
accuracy as the dependent variable and confidence as the independent variable
+/-95% confidence intervals.
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Extended Data Fig. 4 | PCP Performance - Top3 Accuracy. a, Accuracy in
identifying atopic dermatitis, pityriasis rosea, Lyme disease, CTCL, and the
overall performance on four main diseases, with results presented for two rounds
(N=96).b, Confidence levels of participants in their diagnostic decisions for
tasksin (a). ¢, Diagnostic accuracy improvement from the first diagnosis round
without Al assistance to the second diagnosis round with Al assistance across
different Al explanation (XAI) (Basic (N=24), GradCAM (N=25), CBIR (N=21), and
LLM (N=26)).d, e, Changes in diagnostic accuracy between two diagnosis rounds
under high XAl quality (d) and low XAl quality (e) when Aliis right, comparing
GradCAM, CBIR, and LLM explanations (High XAl quality, Al right: GradCAM
(N=3), CBIR (N=21), LLM (N=26); Alwrong: GradCAM (N=2), CBIR (N=9), LLM
(N=18). Low XAl quality, Al right: GradCAM (N=25), CBIR (N=14), LLM (N=26); Al
wrong: GradCAM (N=25), CBIR (N=20), LLM (N=19)). f, h Diagnostic accuracy
changes under Al-right (f) and Al-wrong (h) predictions for different XAl
approaches. g, Overall accuracy changes under Al-right and Al-wrong

conditions, integrating the effects of explanation quality and correctness.

i,j, Visualization of diagnostic accuracy changes under Al-wrong conditions,
highlighting the effects of good XAl quality (i) and low XAl quality (j).

k-1, Performance comparison between deferential and non-deferential
participants (Deferential N=74, Non-deferential N=22). (k) Distribution of correct
responses with Al assistance, (I) accuracy trajectories across two decision
rounds. m, Proportion of fully deferential participants across different XAl
approaches and human-Al collaboration (HAI) paradigms (“Al-First”: 57, “Human-
First”: 96). Each gray transparent scatter represents one measured sample. All
presented bars or data points of a plotin this figure indicate the mean values of
metrics measured. All error bars indicate the standard error of the mean. P-values
are calculated with post-hoc marginal comparison after an initial analysis with
linear mixed model. “***” means p<0.001, “**” means p<0.01, “*” means p<0.05,
“NS” means no statistical significance.
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Extended Data Fig. 5| Medical Student in Human-Al Collaboration.

a, Accuracy inidentifying atopic dermatitis, pityriasis rosea, Lyme disease,
CTCL, and the overall performance on four main diseases, with results presented
for two rounds (N=216). b, Confidence levels of participants in their diagnostic
decisions for tasks in (a). ¢, Diagnostic accuracy improvement from the first
diagnosis round without Al assistance to the second diagnosis round with Al
assistance across different Al explanation (XAI) (Basic (N=59), GradCAM (N=52),
CBIR (N=57),and LLM (N=48)).d, e, Changes in diagnostic accuracy between
two diagnosis rounds under high XAl quality (d) and low XAl quality (e) when Al
isright, comparing GradCAM, CBIR, and LLM explanations (High XAl quality, Al
right: GradCAM (N=16), CBIR (N=57), LLM (N=48); Al wrong: GradCAM (N=6),
CBIR (N=22), LLM (N=29). Low XAl quality, Al right: GradCAM (N=52), CBIR
(N=41), LLM (N=48); Alwrong: GradCAM (N=52), CBIR (N=55), LLM (N=37)).

f, h Diagnostic accuracy changes under Al-right (f) and Al-wrong (h) predictions
for different XAl approaches. g, Overall accuracy changes under Al-right and Al-

wrong conditions, integrating the effects of explanation quality and correctness.
i,j, Visualization of diagnostic accuracy changes under Al-wrong conditions,
highlighting the effects of good XAl quality (i) and low XAl quality (j).

k-1, Performance comparison between deferential and non-deferential
participants (Deferential N=195, Non-deferential N=21). (k) Distribution of
correct responses with Al assistance, (I) accuracy trajectories across two
decision rounds. m, Proportion of fully deferential participants across different
XAlapproaches and human-Al collaboration (HAI) paradigms (“Al-First”:104,
“Human-First”: 216). Each gray transparent scatter represents one measured
sample. All presented bars or data points of a plot in this figure indicate the mean
values of metrics measured. All error bars indicate the standard error of the
mean. P-values are calculated with post-hoc marginal comparison after an initial
analysis with linear mixed model. “***” means p<0.001, “**” means p<0.01, “*”
means p<0.05, “NS” means no statistical significance.
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Extended Data Fig. 6 | Accuracy-Confidence Consistency of Medical Students
and Top3 Diagnosis of PCPs. a-c, Medical students’ performance comparison
between LLM and non-LLM assisted systems (LLM: N=48, Non-LLM: N=168,

No Al: N=216), in (a) overall diagnostic accuracy-confidence consistency

(A-C consistency), (b) A-C consistency with correct Al predictions, and (c) A-C
consistency with wrong Al predictions. d-f, Equivalent results for top3 diagnosis
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of PCP participants (LLM: N=26, Non-LLM: N=70, No Al: N=96) as (a)-(c). Each
transparent scatter represents one measured sample. Statistical significance was
assessed using Pearson correlation coefficients (r) with associated p-values. Data
is presented as predicted values by the linear regression model with accuracy
asthe dependent variable and confidence as the independent variable +/- 95%
confidence intervals.
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found (p<0.05). Each gray transparent scatter represents one measured sample.
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Statistical significance was assessed using Pearson correlation coefficients (r)
withassociated p-values. Datais presented as predicted values by the linear
regression model with accuracy as the dependent variable and confidence as the
independent variable +/- 95% confidence intervals.
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Statistics

For all statistical analyses, confirm that the following items are present in the figure legend, table legend, main text, or Methods section.

Confirmed
IZ The exact sample size (n) for each experimental group/condition, given as a discrete number and unit of measurement
A statement on whether measurements were taken from distinct samples or whether the same sample was measured repeatedly

< The statistical test(s) used AND whether they are one- or two-sided
Only common tests should be described solely by name; describe more complex techniques in the Methods section.

A description of all covariates tested
A description of any assumptions or corrections, such as tests of normality and adjustment for multiple comparisons

|X’ A full description of the statistical parameters including central tendency (e.g. means) or other basic estimates (e.g. regression coefficient)
AND variation (e.g. standard deviation) or associated estimates of uncertainty (e.g. confidence intervals)

For null hypothesis testing, the test statistic (e.g. F, t, r) with confidence intervals, effect sizes, degrees of freedom and P value noted
N Gjve P values as exact values whenever suitable.

|:| For Bayesian analysis, information on the choice of priors and Markov chain Monte Carlo settings

|:| For hierarchical and complex designs, identification of the appropriate level for tests and full reporting of outcomes
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Estimates of effect sizes (e.g. Cohen's d, Pearson's r), indicating how they were calculated

Our web collection on statistics for biologists contains articles on many of the points above.

Software and code
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Data collection  For the data collection for ML model training, we merged 16 datasets (15 public access, 1 private access, see the list in Stable. 4). Using these
datasets, we trained ML models as described in the Method section.

As for the data collection for the human-Al collaboration study, we adopted Qualtrics as the platform for both human-subject studies.

Data analysis We used python (specifically PyTorch 1.13) to write custom code to train ML models. For the human subject study results, we used python
and Jupyter Notebook for data analysis.

For manuscripts utilizing custom algorithms or software that are central to the research but not yet described in published literature, software must be made available to editors and
reviewers. We strongly encourage code deposition in a community repository (e.g. GitHub). See the Nature Portfolio guidelines for submitting code & software for further information.




Data

Policy information about availability of data
All manuscripts must include a data availability statement. This statement should provide the following information, where applicable:

- Accession codes, unique identifiers, or web links for publicly available datasets
- A description of any restrictions on data availability

- For clinical datasets or third party data, please ensure that the statement adheres to our policy

For ML model training, our datasets are organized and available in this link. Its description is available in the README file in the Figshare subfolder of ml-model
(https://figshare.com/s/eaf2110da509abbeda6a). For the two human-subject studies, the images used in the human experiment and the study results are organized
and available in the Figshare subfolder of human-study-results-analysis (https://figshare.com/s/eaf2110da509abbe9a6a).

Research involving human participants, their data, or biological material

Policy information about studies with human participants or human data. See also policy information about sex, gender (identity/presentation),
and sexual orientation and race, ethnicity and racism.

Reporting on sex and gender Study 1 included 623 participants from the general public, consisting of 314 females, 305 males, and 4 who identified as non-
binary or other. Study 2 involved 153 primary care physicians (PCPs), of whom 66 were female, 84 were male, and 3
identified as non-binary or other. An additional cohort of 320 medical students was recruited, which included 171 females,
141 males, and 8 who identified as non-binary or other. While these data were collected for demographic purposes, sex- and
gender-based analyses were not the focus of this study, and therefore were not performed. The primary analyses centered
on the effects of medical expertise, XAl methods, and human-Al decision paradigms on diagnostic performance.

Reporting on race, ethnicity, or | Participant race and ethnicity were collected via self-report. The distribution of participants is as follows:

other socially relevant - Study 1 (General Public, N=623): White (402), American Indian or Alaska Native (61), Black or African American (45), Asian

groupings (35), Hispanic or Latino or Spanish Origin (26), Native Hawaiian or Other Pacific Islander (14), Middle Eastern or North African
(4), and other (10). 18 participants identified as multi-racial, and 8 preferred not to answer.
- Study 2 (PCPs, N=153): Asian (50), White (46), Black or African American (19), Middle Eastern or North African (14), Hispanic
or Latino or Spanish Origin (7), American Indian or Alaska Native (3), and other (5). 6 participants identified as multi-racial,
and 3 preferred not to answer.
- Study 2 (Medical Students, N=320): Asian (129), Black or African American (70), White (46), Middle Eastern or North African
(25), Hispanic or Latino or Spanish Origin (9), American Indian or Alaska Native (1), and other (11). 17 participants identified
as multi-racial, and 12 preferred not to answer.

The primary socially relevant variable analyzed in this study was patient skin tone within the clinical images (not the human
subjects), used to investigate diagnostic disparities and the fairness of Al assistance. Human subjects’ info was collected
solely to describe cohort diversity and to assess potential performance equity; they were not used as proxies for
socioeconomic status or other constructs.

Population characteristics See above.

Recruitment Participants in Study 1 (general public) were recruited from the online platform Prolific. Participants in Study 2 (PCPs and
medical students) were recruited from several clinical networks and platforms, including local networks at Boston Medical
Center and Stanford University, as well as Centaur Labs, MedShr, Pathway, and XPC.

This recruitment strategy may introduce a self-selection bias. Participants from online platforms like Prolific may be more
digitally literate than the general population. Similarly, clinicians who opted into the study through professional networks
may have a pre-existing interest in artificial intelligence or digital health technologies. This potential bias could mean that the
observed effects of Al collaboration might be more pronounced than in a broader, less technologically inclined population.

Ethics oversight The study protocol was reviewed and approved by the Massachusetts Institute of Technology’s (MIT) Committee on the Use
of Humans as Experimental Subjects as Exempt Category 3—Benign Behavioral Intervention. All participants were informed
about the study's procedures and the nature of the visual content, and all provided informed consent before beginning the
experiment. Participants were explicitly informed that they could withdraw from the study at any time.

Note that full information on the approval of the study protocol must also be provided in the manuscript.
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Behavioural & social sciences study design

All studies must disclose on these points even when the disclosure is negative.

Study description This was a quantitative, experimental study. It consisted of two large-scale, digital experiments that used a between-subject factorial
design (4 XAl methods x 2 decision paradigms) to assess human-Al collaborative diagnostic performance. Data collected included
guantitative measures of diagnostic accuracy (binary and free-text), decision confidence ratings, and responses to validated
psychometric questionnaires.

Research sample The study involved two primary research samples chosen to represent different levels of medical expertise: Study 1: 623 participants
from the general public with no medical background; Study 2: 153 PCPs and an additional cohort of 320 medical students. The
demographic details of these cohorts can be found in the materials above.

The samples were collected across diverse populations from online platforms and clinical networks. The rationale for choosing these
distinct groups was to systematically investigate how diagnostic performance with Al assistance varies across different levels of
expertise.
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Sampling strategy Recruitment was convenience sampling: Prolific’s pre-screened panels and professional e-mail/list-serv networks for clinicians and
students.

For Study 1, an a priori power analysis was conducted to determine a sufficient sample size for detecting differences in diagnostic
accuracy across the four XAl explanation types (Basic, GradCAM, CBIR, LLM). The analysis was based on a one-way, between-subjects
ANOVA with four groups. The significance level was set at a = 0.05, with a target power of 0.80. Based on prior literature, we
estimated a small to medium effect size, Cohen's f = 0.15, to reflect these modest expected differences in a general population. The
analysis indicated that a total sample size of at least 492 participants would be required to detect an effect of this magnitude under
the specified parameters. Therefore, our final sample of 623 participants was sufficient to detect the hypothesized differences
between XAl conditions.

We conducted a similar power analysis for Study 2. We estimated Cohen's f = 0.30 for PCPs and 0.20 for medical students -- we
hypothesized that the utility of different explanation types could lead to more pronounced differences in performance compared to
the general public. This leads to a total sample size of at least 128 for PCPs and 280 for students would be required. Our final samples
were considered sufficient.

Data collection All sessions ran in a custom Qualtrics interface. Participants reviewed 12 clinical images of human skin, entered diagnoses and
confidence, viewed Al outputs/explanations according to assignment, and repeated the decision once. Responses and timings were
recorded automatically; no experimenter was present, and researchers were blind to condition during data collection. Attention-
check items and per-image time windows (10 s — 5 min) enforced data quality.

Timing Study 1 was conducted during March 20 — May 01, 2024; Study 2 was conducted during June 10 - Sept 3, 2024.

Data exclusions Data were excluded from the final analysis based on pre-established quality control criteria. The study embedded attention check
questions, and participants who failed them were filtered out. Additionally, responses with abnormal durations (averaging less than
10 seconds or more than 5 minutes per image) were excluded.

In Study 1, 237 participants were filtered and excluded. In Study 2, 48 PCPs and 89 medical students were excluded. Moreover, 289
participants were excluded due to their medical jobs (not PCPs or students).

Non-participation Participants who didn’t complete the Qualtrics survey were not recorded.
Randomization Participants were randomly allocated to experimental groups. Upon entering the study, each participant was randomly assigned to
one of eight conditions, representing a factorial combination of four different XAl methods (Basic, GradCAM, CBIR, or LLM) and two

human-Al decision paradigms (Human-First or Al-First).

Within each participant, the 12 images were presented in random order, and Al correctness was preset but balanced across skin
tones to avoid systematic covariates.

Reporting for specific materials, systems and methods

We require information from authors about some types of materials, experimental systems and methods used in many studies. Here, indicate whether each material,
system or method listed is relevant to your study. If you are not sure if a list item applies to your research, read the appropriate section before selecting a response.




Materials & experimental systems Methods

Involved in the study n/a | Involved in the study
Antibodies |Z |:| ChiIP-seq
Eukaryotic cell lines |Z |:| Flow cytometry
Palaeontology and archaeology |Z |:| MRI-based neuroimaging
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Seed stocks Report on the source of all seed stocks or other plant material used. If applicable, state the seed stock centre and catalogue number. If
plant specimens were collected from the field, describe the collection location, date and sampling procedures.

Novel plant genotypes Describe the methods by which all novel plant genotypes were produced. This includes those generated by transgenic approaches,
gene editing, chemical/radiation-based mutagenesis and hybridization. For transgenic lines, describe the transformation method, the
number of independent lines analyzed and the generation upon which experiments were performed. For gene-edited lines, describe
the editor used, the endogenous sequence targeted for editing, the targeting guide RNA sequence (if applicable) and how the editor

was applied.
Authentication Describe-any-atithentication-procedures foreach-seed-stock-tised-ornovel-genotype-generated—Describe-any-experiments-used-to

assess the effect of a mutation and, where applicable, how potential secondary effects (e.g. second site T-DNA insertions, mosiacism,
off-target gene editing) were examined.
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