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Divergent impacts of explainable AI for 
dermatological diagnosis on clinicians 
versus lay people
 

Artificial intelligence (AI) is increasingly permeating healthcare, from 
serving as a physician assistant to powering consumer applications. The 
opacity of AI algorithms makes the ability of humans to interact with AI 
algorithms challenging. To overcome this limitation, explainable AI (XAI) 
provides insight into AI decision-making, but evidence suggests that XAI 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 
AI model for dermatological diagnoses and different XAI-based explanations 
were combined to examine how XAI assistance, particularly multimodal 
large language models (LLMs), influences diagnostic performance. With 
fairness-constrained model training, assistance from an AI model that 
achieved balanced performance across skin tones improved final diagnostic 
accuracy and reduced skin-tone-related performance disparities among 
both lay 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 AI model were correct but was reduced 
when the model erred—whereas experienced PCPs remained resilient, 
benefiting irrespective of the AI modelʼs accuracy. In addition, presenting the 
AI modelʼs diagnosis before human decision-making may lead to stronger 
anchoring bias. These findings highlight XAIʼs varying impacts based on 
human expertise and the timing of when the AI-based prediction is provided, 
underscoring the concept that LLMs can act as a ‘double-edged sword’ in 
medical AI and informing future human–AI collaborative system design.

AI 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 Nevisense1 and DermaSensor2, as skin 
conditions are primarily diagnosed through image assessment. In light 
of the national shortage of dermatologists3,4, effective AI assistance 
could improve early detection and reduce unnecessary clinical visits. 
The development of AI-powered interfaces has also been proposed to 
assist the general public in making informed healthcare decisions (for 
example, self-diagnosis of skin diseases with Google Lens5).

XAI has been used in health generally to target AI usability and 
adoption6,7. 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)8 and 
content-based image retrieval (CBIR)9,10, the top two most commonly 
used XAI techniques in dermatology11, have been used to highlight rel-
evant image regions and retrieve similar cases, respectively. In addition, 
with the recent surge of generative AI11, multimodal LLMs operating 
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accuracy and confidence are consistent). We compared both correct 
and incorrect multimodal-LLM-based explanations to traditional XAI 
approaches in both scenarios. We also examined how individual dif-
ferences in AI deference (that is, the propensity to follow AI regardless 
of accuracy, sometimes referred to as AI susceptibility30) impact diag-
nostic performance. Finally, we explored the impact of the human−AI 
decision paradigm (that is, the order of human or AI making decisions) 
on diagnostic outcomes31,32, providing insights into optimal implemen-
tation strategies for clinical settings.

Results
Study design
We designed two complementary large-scale experiments to evalu-
ate human−AI collaborative diagnostic performance across exper-
tise levels (Fig. 1a). Study 1 engaged the general public (n = 623) in a 
binary classification task to distinguish melanoma from nevus. Study 2 
engaged PCPs (n = 153) in a complex open-ended differential diagnosis 
task, focusing on four skin conditions previously identified as having 
potential diagnostic disparities across skin tones22,33: atopic dermatitis, 
pityriasis rosea, Lyme disease and cutaneous T cell lymphoma (CTCL). 
Studies 1 and 2 are not directly comparable as they emphasize different 
tasks. To measure the impact of medical training within the same task, 
for study 2, we recruited another cohort of medical students (n = 320) 
for comparison.

over textual and visual modalities12,13 have also been used to analyze 
dermatological images and explain AI decisions14,15.

Unfortunately, previous work has shown that XAI can increase sub-
ject overreliance on AI in decision-making16,17, and human−AI collabora-
tive medical decisions do not always surpass those made by humans 
or AI alone18,19. To date, there is no consensus about whether medical 
experience improves human−AI collaborative diagnosis. Although some 
research indicates that medical knowledge is needed for better AI resil-
ience and clinical decision-making20, there is also research showing that 
it makes minimal difference10, and, in dermatology, AI may even mislead 
humans and lead to worse outcomes in diagnosis21,22. As dermatological 
AI tools expand, it is crucial to understand how different XAI methods, 
especially with the vast spread of LLMs, affect skin disease diagnostic 
accuracy across both the general public and medical experts23–25.

In the present study, we designed two large-scale experiments to 
systematically investigate how different XAI methods and human−AI 
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 (that is, ecological validity) given the influx of patient-facing 
and physician-facing diagnostic models in this space22,26. We inves-
tigated the overall effectiveness of XAI assistance in improving der-
matological diagnostic accuracy27,28, reducing the disparities across 
skin tones29 and influencing accuracy−confidence calibration (that is, 
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Fig. 1 | Study design and interface components of human−AI collaborative 
diagnostic system. a, Overview of the experimental workflow comprising two 
studies: study 1 recruited 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 AI-First diagnostic sequences followed by demographics, 
human−AI collaboration experience and personality assessment. b, Interface 
for the binary classification task showing a clinical image for melanoma versus 

nevus discrimination. c, 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 a comprehensive set of 445 skin diseases. 
d−g, Four XAI assistance examples with basic AI providing straightforward 
predictions with model confidence (d), GradCAM highlighting relevant image 
regions (e), CBIR showing similar reference cases (f) and LLM providing natural 
language explanations (g). Skin images are not clinical images but are from the 
authors as placeholders for illustration. GradCAM and CBIR are synthetic and do 
not represent the real model performance.
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We employed a randomized between-subjects factorial design 
(4 × 2) across both studies. Participants were assigned to one of four 
AI 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 AI suggestions) and AI-First (users review 
both images and AI suggestions before making the final decision). All par-
ticipants evaluated 12 clinical images balanced by skin tone and pathol-
ogy, utilizing outputs from fairness-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 skin tones. For study 1, the 
binary classification model achieved a weighted area under the receiver 
operating characteristic (AUROC) of 0.930 (0.933/0.898 light/dark 
skin, Δ = 0.035) and weighted balanced accuracy of 0.850 (0.852/0.831, 
Δ = 0.021), narrowing the empirical risk minimization (ERM) baselineʼs 
skin tone gap (balanced accuracy 0.845, Δ = 0.091) by 76.9%. For study 
2, the primary five-class model achieved AUROC of 0.772 (0.782/0.691, 
Δ = 0.091), weighted AUROC of 0.753 (0.725/0.693, Δ = 0.192) and 
balanced accuracy of 0.478 on the four main diseases (0.487/0.431, 
Δ = 0.056), outperforming ERM (0.457, Δ = 0.144). The secondary 
30-class model achieved AUROC of 0.728 (0.714/0.641, Δ = 0.073), 
weighted AUROC of 0.752 (0.798/0.744, Δ = 0.053) and balanced accu-
racy of 0.141 (0.157/0.092, Δ = 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 5 and 6.

In the study, images were intentionally sampled to have an overall 
AI accuracy of 83.3% (always 10 correct and two incorrect predictions) 
in study 1 and 79.2% (on average, 9.5 correct and 2.5 incorrect) in study 
2 (see Methods for full details on model training, dataset curation and 
experimental protocol).

State-of-the-art AI improves the general public’s 
performance due to AI deference and LLM explanations 
amplify such deference
Advanced AI improves the general public’s performance. We first 
measured the general publicʼs performance (study 1) without and with 
AI assistance. We found that AI improved average accuracy of the nevus 
versus melanoma detection task from 69.7 ± 0.8% to 75.8% ± 0.7% (effect 
of AI assistance: β = 0.061, 95% confidence interval (CI): 0.049−0.074, 
P < 0.001, linear mixed model on accuracy, with AI assistance, XAI 
methods and their interaction as the main factor, controlling gender, 
age, race, skin disease experience and the covariate of self-reported 
human−AI collaboration experience; see Supplementary Table 7 for 
details). Other study 1 statistical models below control the same set of 
confounders (unless noted differently), and most of the improvement 
came from nevus classification (β = 0.111, 95% CI: 0.091−0.132, P < 0.001; 
Fig. 2a and Supplementary Table 8), and the largest improvement in XAI 
came from multimodal LLM (see next section). Participants also had 
a modest increase in diagnosis confidence by 1.5% with AI assistance 
(β = 0.018, 95% CI: 0.010−0.019, P < 0.001; Extended Data Fig. 1a and 
Supplementary Table 10). With the help of AI, model humans achieved 
a more balanced diagnosis performance across patient skin tones 
(round 1: β = 0.033, 95% CI: 0.009−0.057, P = 0.007; round 2: 
β = 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 
XAI methods, 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 AI can mitigate diagnostic biases while improving overall 
accuracy.

Nevu
s

Melan
oma

To
tal

0

0.2

0.4

0.6

0.8

1.0

Ac
cu

ra
cy

*** NS ***

a Rd. 1 Rd. 2

Basic GradCAM CBIR LLM

Explanation group

−0.2

0

0.2

0.4

0.6

Ac
cu

ra
cy

 c
ha

ng
e

b

0.66

0.68

0.70

0.72

0.74

0.76

0.78

Ac
cu

ra
cy

**

c

Skin tone
Light

Dark

Rd. 1 Rd. 2

Decision

0

AI right AI wrong

−1.0

−0.5

0

0.5

1.0

Ac
cu

ra
cy

 c
ha

ng
e

d

Basic GradCAM CBIR LLM

−0.4

−0.2

0

0.2

0.4

0.6

Ac
cu

ra
cy

 c
ha

ng
e

e

Basic GradCAM CBIR LLM

−1.0

−0.5

0

0.5

1.0

Ac
cu

ra
cy

 c
ha

ng
e

f

Fig. 2 | Overall diagnostic performance with AI 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. 1 tested 
initial human accuracy without AI assistance; Rd. 2 tested AI-assisted accuracy. 
b, Diagnostic accuracy changes between Rd. 2 and Rd. 1 across different AI 
explanations (Basic (n = 82), GradCAM (n = 72), CBIR (n = 91) and LLM (n = 90), 
same in e and f) in the Total condition of a. c, 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. 1 and Rd. 2 under AI-right and AI-wrong 
conditions. e,f, Diagnostic accuracy changes between Rd. 1 and Rd. 2 of different 
AI explanations under AI-right (e) and AI-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. P values 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.
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Performance improvement stems from AI deference and LLM-based 
explanations amplify such deference. We investigated the impact of 
the four XAI methods on diagnostic accuracy. The LLM explanations 
provided an improvement of +7.7% (β = 0.077, 95% CI: 0.053−0.101, 
P < 0.001), followed by CBIR (+6.3%, β = 0.063, 95% CI: 0.039−0.087, 
P < 0.001), GradCAM (+5.5%, β = 0.054, 95% CI: 0.028−0.081, P < 0.001) 
and the basic method (+4.8%, β = 0.048, 95% CI: 0.023−0.073, P < 0.001), 
as shown in Fig. 2b and Supplementary Table 7. However, the general 
publicʼs diagnostic accuracy improved when AI provided correct 
predictions, whereas incorrect predictions reduced the performance 
significantly (β = −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 AI 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 publicʼs tendency to follow AI guidance, regardless 
of AI accuracy. Moreover, compared to basic explanation, LLM led to 
significantly more reduction of performance when AI becomes inac-
curate (that is, difference in differences, β = −0.048, 95% CI: −0.093 to 
−0.003, P = 0.035; Supplementary Table 13).

Misplaced trust in LLM explanations for the general public. When 
AI 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: β = 0.117, 95% CI: 
0.041−0.192, P = 0.002; LLM over CBIR: β = 0.092, 95% CI: 0.021−0.163, 
P = 0.011; Extended Data Fig. 2c and Supplementary Table 15). When AI 
predictions were incorrect, LLM explanations negatively impacted the 
alignment between participantsʼ confidence and accuracy (z = −3.788, 
P < 0.001, two-sided Fisherʼs r-to-z test to compare correlation difference; 
Extended Data Fig. 3c). These results 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 AI defer-
ence. When AI was correct, LLM explanations boosted diagnosis per-
formance, even when the quality of the explanation was low. However, 
when AI 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.

PCPs reliably leverage accurate AI guidance while resisting 
errors with LLM-based AI explanation
Basic AI 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-1 accuracy and 16.1 ± 1.8% top-3 accuracy in differential 
diagnoses of PCP without AI, which is aligned with previous work22. The 
performance was significantly improved with AI suggestions, with a 
+21.5% in top-1 accuracy (β = 0.258, 95% CI: 0.170−0.260, P < 0.001; 
Fig. 3a; linear mixed model on accuracy with AI assistance, XAI 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 
models below control the same set of confounders (unless noted differ-
ently) and a +43.5% in top-3 accuracy (β = 0.450, 95% CI: 0.352−0.548, 
P < 0.001; Extended Data Fig. 4a and Supplementary Table 16). In 
contrast to the general public in study 1, for PCPs, basic AI assistance 
helped the most (top-1 accuracy β = 0.258, 95% CI: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 (β = 0.028, 95% CI: 0.005−0.051, P = 0.019) 
and LLM explanations (β = 0.035, 95% CI: 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% (β = 0.046, 95% CI: 0.013−0.078, 
P = 0.069; Fig. 3c), which was reduced to 2.9% (β = 0.029, 95% CI: −0.018 
to 0.076, P = 0.248; Supplementary Table 22) after AI assistance. Simi-
lar to the general public, no interactive effects of different XAI 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 AI deference when AI is wrong. In contrast 
to the general public, incorrect AI predictions had minimal impact 
on the final decisions of PCPs across all XAI methods (Fig. 3f and 
Extended Data Fig. 2d−f; β = 0−0.021, P = 0.328−1.000). This sug-
gests that PCPs relied on their own expertise and training rather than 
erroneous AI guidance. To control the effect of task difficulty between 
study 1 and study 2, we further compared the results of PCPs against 
the results of medical students on the same task. Extended Data Fig. 5 
shows that medical students relied on AI more than PCPs, regardless 
of AI correctness. We term participants who answered correctly only 
when AI was correct—and, therefore, answered incorrectly when AI 
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: 
β = 0.067, 95% CI: 0.004−0.130, P = 0.037; main effect of skin expertise: 
β = 0.073, 95% CI: 0.022−0.124, P = 0.005; Supplementary Table 25). 
These results indicate that higher expertise levels are associated with 
more careful AI adoption, which is supported by previous work10.

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 (β = −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 Data Fig. 4c−f). 
These are opposite to the results of LLMʼs best improvement for the 
general public in study 1. Medical student data confirmed that the task 
was not biased toward certain explanations (Extended Data Fig. 5c), 
implying that expertise drove interactions: the general public overrelies 
on LLMs, whereas PCPs are more resilient to incorrect LLM suggestions.

However, LLM explanations did help improve the alignment 
between PCP participantsʼ 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 AI (correlation r = 0.084, 
P = 0.415, two-sided Fisherʼs r-to-z test comparing the two correla-
tions: z = 2.368, P = 0.018; Extended Data Fig. 3d). This calibration 
benefit held even with incorrect AI predictions, where non-LLM expla-
nations impaired alignment (Fisherʼs 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 correctness34,35.

Overall, in contrast to the general public in study 1, PCPs main-
tained their performance under incorrect AI predictions across all XAI 
methods, including LLM.

Higher AI deference correlates with lower initial performance
We inspected the relationship between participantsʼ deference toward 
AI suggestions and initial performance30. Among participantsʼ final 
decisions that are correct (ranging from zero to 12, 12 images total), we 
visualize the number of images with AI suggestions that are correct (up 
to 10, shown in blue) and incorrect (up to two, shown in red) for each 
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participant (Fig. 4a). As mentioned above, ‘deferential participants’ 
are those who got correct results only when AI was correct and always 
got incorrect results when AI was wrong (that is, a blue bar in Fig. 4a,d). 
Participants who got at least one correct outcome even when AI was 
incorrect are considered as ‘non-deferential participants’ (that is, a red 
bar on top of the blue bar in Fig. 4a,d).

Although the general public had similar performance after AI assis-
tance, deferential participants had significantly lower initial diagnostic 
accuracy (65.8%) compared to non-deferential participants (72.5%) 
before receiving AI suggestions (β = 0.082, 95% CI: 0.074−0.111, P < 0.001, 
Cohen’s d = 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 (β = 0.194, 95% CI: 0.079−0.310, 
P < 0.001, Cohen’s d = 1.578; Fig. 4e and Supplementary Table 29), which 
could result from a lower level of critical thinking (P = 0.028, measured 
by critical thinking questionnaire36; 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 in maintaining resilience against the misdirection 
of wrong semantic AI explanations10.

Putting AI before human decisions amplifies deference across 
expertise levels
In addition to XAI methods, a practical design factor for human−AI col-
laboration systems is the decision-making order, either Human-First 

or AI-First paradigms. Both the general public and PCPs had signifi-
cantly better performance in the first round with AI-First (all P < 0.001; 
Fig. 5a,d), which is not surprising due to superior AI performance. 
In the second round, after humans received the same amount of 
information, no difference was observed between Human-First and 
AI-First in either study (round 2, general public: β = 0.005, 95% CI: 
−0.017 to 0.026, P = 0.650; PCPs: β = −0.020, 95% CI: −0.091 to 0.050, 
P = 0.572; linear mixed models on accuracy with human−AI 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 
decision order may not influence 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 AI-assisted 
performance in AI-First round 1 versus performance in Human-First 
round 2 and found no differences (P > 0.05 for both general public and 
PCPs; Supplementary Tables 38 and 39), indicating that the diagnosis 
strategies were not driven by the carryover effect.

With the AI-First paradigm, non-deferential participants still had 
better performance, especially after reviewing the examples again 
without AI (general public: β = 0.031, 95% CI: 0.000−0.062, P = 0.049; 
Supplementary Table 33; PCPs: β = 0.218, 95% CI: 0.009−0.426, 
P = 0.041; Supplementary Table 35). This is similar to the results in the 
Human-First paradigm in Fig. 4. By contrast, putting AI suggestions 
ahead increased the proportion of deferential participants in most 
cases (Fig. 5c,f). For the general public, the proportion was increased 
across all XAI methods (average Δ = +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 (Δ = +19.0%; Fig. 5f, 
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Fig. 3 | Overall diagnostic performance with AI assistance for PCPs. This 
figure shows similar analysis results as in Fig. 2 using the Human-Frst paradigm. 
a, Accuracy of PCPs (n = 96) in identifying 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. 1 and Rd. 2 across different AI 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 
on a scale of 6) or dark-skinned (Fitzpatrick labels 5−6) across the two rounds 

of testing. d, Overall accuracy (n = 96) changes between Rd. 1 and Rd. 2 under 
AI-right and AI-wrong conditions. e,f, Diagnostic accuracy changes between 
Rd. 1 and Rd. 2 of different AI explanations under AI-right (e) and AI-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. 
P values 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.
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Extended Data Fig. 6m and Supplementary Table 37). This indicates 
that putting AI ahead may lead to stronger anchoring bias. It also sug-
gests that, although PCPs showed resistance against AIʼs mislead in 
the Human-First paradigm, providing LLM-based explanations ahead 
of human choices can still cause more bias than other XAI methods and 
introduce risks of overreliance, even for PCPs.

Human−AI collaboration to combine each side s strength
Although AI deference risks misleading participants when AI makes 
mistakes, deference may lead some humans to improved performance. 
Figure 6 visualizes cases where either humans or AI routinely outper-
form each other. We found that AI 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 AI in 
dermatological diagnosis.

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

Our study demonstrated that state-of-the-art AI suggestions can 
create significant diagnostic improvements regardless of participantsʼ 
expertise levels and task difficulty. Congruent with previous research22, 

PCPsʼ 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 publicʼs performance also increased by 6.1% from 69.7% 
to 75.8%. Our fairness-constrained AI model helped humans reduce 
diagnostic disparities on skin tones, with a relative reduction of 46.9% 
(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 correlation between the performance improvement on the 
subjective ratings on human−AI collaboration experience (r = 0.35, 
P < 0.001). In line with our results, Groh et al.22 found similar dispari-
ties across skin tones without AI and similar reductions when PCPs 
accessed a similarly accurate AI tool (79.2% accuracy in the present 
study and 84.0% accuracy in the treatment deep learning system in 
Groh et al.22). However, when the AI assistance tool exhibited moderate 
performance (the 47.0% accuracy in the control deep learning system 
in Groh et al.22), PCP diagnostic disparities across skin tones increased. 
Together, these two studies reveal that the dose−response relationship 
between AI accuracy and its impact on diagnostic accuracy and equity 
deeply matters. As AI assistance accuracy decreases, physicians may be 
prone to incorporating incorrect AI predictions into their diagnoses 
especially for more challenging cases, such as images of dark skin.

We found interesting nuances of different XAI methods on differ-
ent populations, especially LLMs. Although a direct comparison of the 
final diagnosis performance across XAI methods does not reveal signifi-
cance (aligned with previous findings in Chanda et al.37), our breakdown 
analysis across AI correctness and XAI 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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predictions and participantsʼ predictions were correct; the red overlays indicate 
instances where participants’ responses were correct while AI predictions were 
incorrect. b, Accuracy trajectories of deferential users (n = 142) and  
non-deferential users (n = 193) found from a across two decision rounds.  
c, Proportion of participants who defer to the output of each type of XAI (Basic 

(n = 82), GradCAM (n = 72), CBIR (n = 91) and LLM (n = 90)). d−f, Equivalent 
results for PCP participants as in a−c (in e, deferential PCPs n = 79, non-
deferential PCPs n = 17; in f, 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. P values 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.
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(+13.4%) when its suggestions were right, 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 persuasion38,39. Unlike structured 
concept-based explanations such as GradCAM, which requires a user 
to interpret an abstract 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 a nonexpert. Moreover, when the LLM highlights specific 
features, such as ‘irregular border’, it can anchor the user’s perception, 
causing them to reinterpret the ambiguous visual data in a way that 
confirms the AIʼs plausible-sounding rationale. Our work extends 
previous research on nonexpert overreliance and automation bias 
on AI40–42 and finds greater risk of LLM-based explanations, which has 
been supported in recent human−LLM trust work outside healthcare43. 
With numerous AI-assisted medical decision support tools available 
to the general public44,45, and the advancement of LLM in health AI 
research46–48, our findings highlight the importance of strong scrutiny 
and careful design for AI safety.

By contrast, PCPs applied LLM assistance more carefully and 
maintained their diagnostic accuracy even when AI 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 suggestions49,50. Although 
this contrasts with previous findings that non-dermatology experts 
are also misleading AI outcomes30,51, our results are aligned with pre-
vious studies in dermatology10 that experts are better at adopting AI 
than nonexperts. Our further investigation revealed that AI 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 AI adoption for medical experts. Compared to the general pub-
lic, expertsʼmedical expertise acts as a crucial ‘cognitive firewall’30,52. 
Although a lay person uses the explanation to ‘form’ a belief, a PCP 
uses it to ‘validate’ an existing hypothesis against their own structured 
clinical knowledge.

These findings have major design implications for how to imple-
ment AI suggestions for both the general public and PCPs. First, our 
work strongly suggests that a ‘one-size-fits-all’ approach to medical 
XAI is not only suboptimal but also potentially hazardous. Instead, sys-
tems must be carefully tailored to the userʼs 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 
AIʼs uncertainty 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 AI model 
outcomes53. For clinicians, the goal shifts from simple guidance to 
expert augmentation. Systems should support adaptive explanations, 

0.55

0.60

0.65

0.70

0.75

0.80

0.85

Ac
cu

ra
cy ***

a

AI-First
Human-First

Rd. 1 Rd. 2

Decision

0

0.65

0.70

0.75

0.80

Ac
cu

ra
cy

*

b

Non-deferential
users
Deferential
users

Rd. 1 Rd. 2

Decision

0
0.2

0.3

0.4

0.5

0.6

Pr
op

or
tio

n

c Proportion of fully deferential users
with di�erent HAI paradigms

Human first AI first

Basic GradCAM CBIR LLM

Explanation group

0

Rd. 1 Rd. 2

Decision

0

0.1

0.2

0.3

0.4

0.5

Ac
cu

ra
cy

***

d

AI-First
Human-First

Rd. 1 Rd. 2

Decision

0

0.1

0.2

0.3

0.4

0.5

0.6

Ac
cu

ra
cy

**

e

Non-deferential
users
Deferential
users 0.5

0.6

0.7

0.8

0.9

1.0

Pr
op

or
tio

n

f Proportion of fully deferential users
with di�erent HAI paradigms

Basic GradCAM CBIR LLM

Explanation group

0

G
en

er
al

 p
ub

lic
PC

Ps

Human first AI first

Fig. 5 | Influence of human−AI collaboration paradigm on diagnostic 
performance. a−d, Analysis for the general public. a, Comparison between 
AI-First (n = 288) and Human-First (n = 335) human−AI collaboration (HAI) 
systems on diagnostic accuracy across two rounds. b, Accuracy trajectories 
across two decision rounds for deferential and non-deferential people in the 
AI-First paradigm. c, Comparison of deferential user (participants who defer to 
the output of each type of XAI) proportion between two HAI paradigms across 
four XAI groups (AI-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 (AI-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)) as a−c. All presented bars or data points of a plot in this figure indicate 
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potentially offering a concise rationale for routine cases but revealing 
more in-depth evidence when the clinicianʼs initial diagnosis differs 
from the AIʼs suggestion.

Furthermore, the structure of the interaction itself is a powerful 
design tool for mitigating cognitive bias. Our finding shows that AI sug-
gestions first lead to stronger anchoring bias54 and higher deference, 
which enriches the current understanding of the effect of human−AI 
decision orders31,55. This is clear evidence for a ‘Human-First’ workflow 
to preserve independent human reasoning and minimize the powerful 
anchoring bias that an upfront AI suggestion can create.

Finally, we need to design systems that account for inevitable 
disagreements and individual differences in AI deference. Our find-
ing that participants prone to AI 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 
work30 on AI 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-
tion56 or explicit prompts for the userʼs confidence before finalizing 
a diagnosis57 or automatically trigger a workflow for a second human 
opinion when the AIʼs suggestion meaningfully alters an initial assess-
ment58. Designing these feedback loops is essential to better align AI 
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 
our study to be close to real-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 
to analyze individual patterns, potentially limiting the generalizability 
of our findings. Third, our results are specific to the AI models and XAI 
methods that we implemented. The characteristics of the post hoc 
explanations are inherently tied to the underlying modelʼs 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 XAI. Although 
XAI explanations were evaluated by experts to ensure their utility, the 
performance of the basic model is still at a moderate 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 not reflect 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 XAI, especially LLMs, in dermatology diagnosis. AI collabora-
tion can improve diagnostic accuracy and fairness, but the substantial 
differences in how PCPs and the general public use AI assistance dem-
onstrate the need for carefully designed systems. Our findings should 
be replicated in other medical domains and verified with additional 
patient information (for example, medical history and environment) 
in AI 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−AI 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 skin and resort to a search engine or AI tools59,60, and an expert 
often needs to make a differential diagnosis based on a clinical image 
(for example, patient communication through electronic health record 
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 or others, aged 33 ± 9 years) from the general public without 
medical backgrounds, in which participants reviewed clinical images 
of skin and performed a binary 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) patients61 and also evenly distrib-
uted between nevus and melanoma. To ensure consistent assessment 
of human−AI collaboration while maintaining ecological validity, we 
preserved AI 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 modelʼs 
actual performance (see AI model details below). Each participant 
went through 12 clinical images and made two rounds of decisions per 
image (with and without AI).

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 a more com-
plex open-ended differential diagnosis with free-text entry. Participants  
were asked to enter their top-3 diagnoses (Fig. 1c). In study 2, we focused 
on four 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)22,33: 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 AI predictions, two images sampled from 
the four main conditions with incorrect AI predictions and two images 
sampled from other conditions with a mix of AI correctness (expected 
1.5 correct and 0.5 incorrect), resulting in expected AI 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 1 and 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 
cohort reported in study 2 (Extended Data Figs. 5 and 6).

We further employed validated questionnaires to collect addi-
tional data on human−AI collaboration experience62, XAI quality63 
and cognitive traits of critical thinking36 and openmindness64. More 
details can be found in the experiment design sections in the Methods. 
Overall, we collected 14,952 diagnostic decisions from the general 
public (study 1), 3,672 diagnoses from PCPs and 7,680 diagnoses from 
medical students (study 2).

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

CBIR, presenting similar images 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 
as two human−AI decision paradigms (Human-First, where users make 
a decision first before reviewing AI suggestions, and AI-First, where 
users review both images and AI 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 
(the first round without AI and the second round with AI), to control the 
effect of cognitive effort, participants also made two decision rounds 
in AI-First: after making the first round of decisions with AI, they were 
asked to review and reconsider their final decisions in the second round 
when AI results were hidden. Besides decisions, participants also rated 
their confidence in their decisions at each round.

Model training. We used Python (specifically PyTorch 1.13) and trained 
a deep learning model, ViT-B/32 (ref. 65), for the binary classification 
task in study 1. We applied the training strategy of CDANN66 to achieve 
the fairness constraint and ensure performance balance between 
skin tones (weighted AUROC of 0.930, accuracy Δ = 2.1% between skin 
tones). In study 2, we trained a DenseNet-121 (ref. 67) with an AUROC 
of 0.772 and accuracy Δ = 5.6% between skin tones. Post hoc explana-
tions (GradCAM, CBIR and LLM) were generated using the same trained 
modelsʼ 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-1 accuracy (based on the 
first entry) and the top-3 accuracy (based on all three entries) compared 
to the ground truth.

All AI-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 (Fleissʼ κ = 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 AI explanation, 
the correctness score was higher when AI made correct predictions 
(general public: AI correct 3.63 ± 1.05 versus AI incorrect 2.74 ± 1.13, 
t = 5.279, P < 0.001, Cohen’s d = 0.830, two-sided unpaired t-test; PCPs: 
3.32 ± 1.43 versus 2.19 ± 0.95, t = 11.319, P < 0.001, Cohen’s d = 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’s d = 0.800; PCPs: 3.14 ± 1.44 ver-
sus 1.91 ± 0.84. t = 12.643, P < 0.001, Cohen’s d = 1.069). These ensured 
that AI 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 in a total 
of 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 = 8,686, 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 a recent study22. In total, 
18,265 images (16.8%) also contain expert-annotated Fitzpatrick labels 
(Fitzpatrick labels 1−4: 15,845 of 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 
algorithm58,61. Using the thresholds from Kinyanjui et al.68, 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 per image.

AI models and explanations
We trained fair AI 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 
total list in 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’.

All three models were trained following the protocol in Yang et al.69 
to achieve fair medical AI models. Specifically, for each task, we trained 
a set of models using five well-established fairness algorithms, includ-
ing ERM70, Domain Adversarial Neural Networks (DANN)71, Condi-
tional DANN (CDANN)72, group distributionally robust optimization 
(GroupDRO)73 and exponential moving average74. We performed a grid 
search on three pretrained models (DenseNet-121 (ref. 67) pretrained 
on ImageNet 1k75, ViT-B/32 (ref. 65) pretrained on ImageNet 1k and 
ViT-B/32 pretrained on ImageNet 21k76) 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 every 1,000 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 (λ = 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 (λ = 8.388, 
learning rate = 0.0029), and the secondary 30-class model used CDANN 
with a ViT-B/32 backbone pretrained on ImageNet-1k (λ = 0.377, learn-
ing rate = 0.0003). All three configurations were selected against the 
ERM baseline using the tradeoff procedure described above, and their 
performance is reported in the Results section. Supplementary Tables 5 
and 6 list out the specific performance details of each disease. Finally, 
we intentionally sampled images from our testing set with high-quality 
disease and skin tone labels (that is, diagnosis verified through human 
experts such as biopsy and image resolution is higher than 400 × 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.8 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-1 image with the opposite skin tone, leading to three 
retrieved images for each target image. 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 
in Supplementary 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 OpenAI 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 datasetʼs 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 
rules77; Supplementary Fig. 1), together with practice questions 
(Supplementary Fig. 2) and experiment instructions of AI and its expla-
nations (Supplementary Fig. 3). They then went through 12 images 
and made a diagnosis (distinguishing melanoma versus nevus as well 
as their confidence of the decision). Participants could hover on each 
image (including GradCAM or CBIR images) to use a magnifier for 
closer inspection. 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). In study 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 
in Supplementary 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 from the general public for study 1 and 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 
in the four XAI types (basic confidence explanations, GradCAM, CBIR 
or LLM) and two human−AI decision paradigms (Human-First versus 
AI-First). In both studies, each participant evaluated 12 images and 
provided two rounds of diagnoses per image. In the Human-First para-
digm, participants made unassisted initial diagnoses and reported their 
confidence before receiving AI input at round 1. They then reviewed 
the AI suggestions and explanations (depending on their experiment 
group) and reported round 2 decision and confidence. In the AI-First 
paradigm, AI suggestions and explanations were presented alongside 
the initial image at round 1. In round 2, AI outcomes were hidden, and 
participants were asked to review their decisions again. By introducing 
round 2 in the AI-First condition, we controlled the number of decisions 
and cognitive engagement.

Assessment of individual characteristics
In addition to the diagnostic tasks of 12 images, participants completed a 
series of questionnaires, including demographics and established assess-
ments to measure human−AI collaboration experience62 and AI explana-
tion quality63 (Supplementary Table. 2). For medical experts, we further 
collected additional cognitive traits, including openmindness64 and 
critical thinking36 (Supplementary Table 1). Although it is not the main 
focus of our work, the relationship between these subjective aspects 
and the final decision performance is presented in Extended Data Fig. 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 
available in the figshare subfolder ‘ml-model’ (https://figshare.com/s/
eaf2110da509abbe9a6a). 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 ‘human-study-results-analysis’ 
(https://figshare.com/s/eaf2110da509abbe9a6a). Source data are 
provided with this paper.

Code availability
The data and 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 data analysis visualization is organized and avail-
able in the figshare subfolder ‘human-study-results-analysis’ (https://
figshare.com/s/eaf2110da509abbe9a6a).

References
59.	 Jain, A. et al. Development and assessment of an artificial 

intelligence–based tool for skin condition diagnosis by primary 
care physicians and nurse practitioners in teledermatology 
practices. JAMA Netw. Open 4, e217249 (2021).

60.	 Lee, P., Bubeck, S. & Petro, J. Benefits, limits, and risks of GPT-4 as 
an AI chatbot for medicine. N. Engl. J. Med. 388, 1233–1239 (2023).

61.	 Groh, M. et al. Evaluating deep neural networks trained on clinical 
images in dermatology with the Fitzpatrick 17k dataset. In 2021 
IEEE/CVF Conference on Computer Vision and Pattern Recognition 
Workshops (CVPRW) 1820–1828 https://doi.org/10.1109/
CVPRW53098.2021.00201 (IEEE, 2021).

62.	 Jian, J.-Y., Bisantz, A. M. & Drury, C. G. Foundations for an empirically 
determined scale of trust in automated systems. Int. J. Cogn. Ergon. 
https://doi.org/10.1207/S15327566IJCE0401_04 (2000).

63.	 Hoffman, R. R., Mueller, S. T., Klein, G. & Litman, J. Measures for 
explainable AI: explanation goodness, user satisfaction, mental 
models, curiosity, trust, and human-AI performance. Front. 
Comput. Sci. https://doi.org/10.3389/fcomp.2023.1096257 (2023).

64.	 Haran, U., Ritov, I. & Mellers, B. A. The role of actively 
open-minded thinking in information acquisition, accuracy, and 
calibration. Judgm. Decis. Mak. 8, 188–201 (2013).

65.	 Dosovitskiy, A. et al. An image is worth 16x16 words: transformers 
for image recognition at scale. In 9th International Conference 
on Learning Representations https://openreview.net/
forum?id=YicbFdNTTy (ICLR, 2021).

66.	 Long, M., Cao, Z., Wang, J. & Jordan, M. I. Conditional adversarial 
domain adaptation. In Advances in Neural Information Processing 
Systems 1640–1650 (NeurIPS, 2018).

67.	 Huang, G., Liu, Z., van der Maaten, L. & Weinberger, K. Q. Densely 
connected convolutional networks. In Proc. IEEE Conference on 
Computer Vision and Pattern Recognition 2261–2269 https://doi.
org/10.1109/CVPR.2017.243 (IEEE, 2017).

68.	 Kinyanjui, N. M. et al. Fairness of classifiers across skin tones in 
dermatology. In Medical Image Computing and Computer Assisted 
Intervention – MICCAI 2020 (eds Martel, A. L. et al.) 320–329 
https://doi.org/10.1007/978-3-030-59725-2_31 (Springer, 2020).

69.	 Yang, Y., Zhang, H., Gichoya, J. W., Katabi, D. & Ghassemi, M. The 
limits of fair medical imaging AI in real-world generalization. Nat. 
Med. 30, 2838–2848 (2024).

70.	 Vapnik, V. N. An overview of statistical learning theory. IEEE Trans. 
Neural Netw. 10, 988–999 (1999).

71.	 Ganin, Y. et al. Domain-adversarial training of neural networks. In 
Domain Adaptation in Computer Vision Applications (ed Csurka, 
G.) 189–209 https://doi.org/10.1007/978-3-319-58347-1_10 
(Springer, 2017).

72.	 Li, Y. et al. Deep domain generalization via conditional invariant 
adversarial networks. In Computer Vision – ECCV 2018: 15th 
European Conference (eds Ferrari, V., Hebert, M., Sminchisescu, 
C. & Weiss, Y.) 647–663 https://doi.org/10.1007/978-3-030-01267-
0_38 (Springer, 2018).

73.	 Sagawa, S., Koh, P. W., Hashimoto, T. B. & Liang, P. Distributionally 
robust neural networks for group shifts: on the importance of 
regularization for worst-case generalization. In 8th International 
Conference on Learning Representations https://openreview.net/
forum?id=ryxGuJrFvS (ICLR, 2020).

74.	 Polyak, B. T. & Juditsky, A. B. Acceleration of stochastic approximation 
by averaging. SIAM J. Control Optim. 30, 838–855 (1992).

75.	 Deng, J. et al. ImageNet: a large-scale hierarchical image database. 
In 2009 IEEE Conference on Computer Vision and Pattern Recognition 
248–255 https://doi.org/10.1109/CVPR.2009.5206848 (IEEE, 2009).

76.	 Ridnik, T., Ben-Baruch, E., Noy, A. & Zelnik-Manor, L. ImageNet-21K 
pretraining for the masses. In Proc. Neural Information Processing 
Systems Track on Datasets and Benchmarks 1 (eds Vanschoren, J. 
& Yeung, S.) https://datasets-benchmarks-proceedings.neurips.
cc/paper/2021/hash/98f13708210194c475687be6106a3b84-
Abstract-round1.html (NeurIPS Datasets and Benchmarks, 2021).

77.	 Tsao, H. et al. Early detection of melanoma: reviewing the 
ABCDEs. J. Am. Acad. Dermatol. 72, 717–723 (2015).

Acknowledgements
We thank all participants for taking part in our study.

Author contributions
X.O.X. led the project and was responsible for conceptualization, 
study design, experimental protocol development, institutional review 
board and data collection infrastructure, participant recruitment 
coordination, data analysis planning, manuscript writing and overall 
project management. H.H. conducted statistical analyses and figure 
generation and contributed to manuscript writing and revision. H.Z. 

http://www.nature.com/naturemedicine
https://figshare.com/s/eaf2110da509abbe9a6a
https://figshare.com/s/eaf2110da509abbe9a6a
https://figshare.com/s/eaf2110da509abbe9a6a
https://figshare.com/s/eaf2110da509abbe9a6a
https://figshare.com/s/eaf2110da509abbe9a6a
https://figshare.com/s/eaf2110da509abbe9a6a
https://figshare.com/s/eaf2110da509abbe9a6a
https://doi.org/10.1109/CVPRW53098.2021.00201
https://doi.org/10.1109/CVPRW53098.2021.00201
https://doi.org/10.1207/S15327566IJCE0401_04
https://doi.org/10.3389/fcomp.2023.1096257
https://openreview.net/forum?id=YicbFdNTTy
https://openreview.net/forum?id=YicbFdNTTy
https://doi.org/10.1109/CVPR.2017.243
https://doi.org/10.1109/CVPR.2017.243
https://doi.org/10.1007/978-3-030-59725-2_31
https://doi.org/10.1007/978-3-319-58347-1_10
https://doi.org/10.1007/978-3-030-01267-0_38
https://doi.org/10.1007/978-3-030-01267-0_38
https://openreview.net/forum?id=ryxGuJrFvS
https://openreview.net/forum?id=ryxGuJrFvS
https://doi.org/10.1109/CVPR.2009.5206848
https://datasets-benchmarks-proceedings.neurips.cc/paper/2021/hash/98f13708210194c475687be6106a3b84-Abstract-round1.html
https://datasets-benchmarks-proceedings.neurips.cc/paper/2021/hash/98f13708210194c475687be6106a3b84-Abstract-round1.html
https://datasets-benchmarks-proceedings.neurips.cc/paper/2021/hash/98f13708210194c475687be6106a3b84-Abstract-round1.html


Nature Medicine

Article https://doi.org/10.1038/s41591-026-04553-w

conducted AI model training and development. M. Ghassemi, M. Groh,  
R.D. and P.T. supported study design, results analysis strategy and 
interpretation of findings. S.J., E.B. and L.N. provided clinical expertise 
on XAI quality evaluation. A.M., E.P.D., A.Q., H.L., J.K.P., J.H., P.M. and 
A.A.G. provided network support for participant recruitment. L.R.S. 
and O.B. provided access to private datasets for model training. 
W.K.W., R.W., N.E. and L.M. provided manuscript writing and review 
support. All authors reviewed and approved the final manuscript.

Funding
This work was supported, in part, by a National Science Foundation 
CAREER Award (2339381, to M. Ghassemi), an AI2050 Early Career 
Fellowship (G-25-68042, to M. Ghassemi) and NBER Center for Aging 
and Health Research grant P30AG012810 (to M. Ghassemi). We 
also gratefully acknowledge support from the Columbia University 
Research Stabilization Grant (to X.O.X.). The funders had no role in 
study design, data collection and analysis, decision to publish or 
preparation of the manuscript.

Competing interests
X.O.X. holds a part-time visiting faculty researcher position at Google. 
The work presented in this paper was conducted independently of, 

and is unrelated to, his responsibilities at Google. The remaining 
authors declare no competing interests.

Additional information
Extended data is available for this paper at https://doi.org/10.1038/
s41591-026-04553-w.

Supplementary information The online version contains 
supplementary material available at https://doi.org/10.1038/ 
s41591-026-04553-w.

Correspondence and requests for materials should be addressed to 
Xuhai ‘Orson’ Xu or Marzyeh Ghassemi.

Peer review information Nature Medicine thanks Titus Brinker,  
Avishek Choudhury and Zongyuan Ge for their contribution to  
the peer review of this work. Peer reviewer reports are available.  
Primary Handling Editor: Michael Basson, in collaboration with the 
Nature Medicine team.

Reprints and permissions information is available at  
www.nature.com/reprints.

http://www.nature.com/naturemedicine
https://doi.org/10.1038/s41591-026-04553-w
https://doi.org/10.1038/s41591-026-04553-w
https://doi.org/10.1038/s41591-026-04553-w
https://doi.org/10.1038/s41591-026-04553-w
http://www.nature.com/reprints


Nature Medicine

Article https://doi.org/10.1038/s41591-026-04553-w

Extended Data Fig. 1 | Diagnostic Confidence of the General Public and PCPs. 
a, Confidence levels of the general public (N=335) in detecting nevus, melanoma, 
and the overall diagnosis in two rounds: Rd. 1 (initial, human accuracy without 
AI assistance) and Rd. 2 (AI-assisted accuracy). b, Confidence levels of PCPs 
(N=96) in identifying atopic dermatitis, pityriasis rosea, Lyme disease, CTCL, 
and the overall performance on four main diseases, with results presented for 

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 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. 2 | See next page for caption.
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Extended Data Fig. 2 | Diagnostic Accuracy Under Different AI Explanation 
Qualities. a, b, Changes in diagnostic accuracy between the second diagnosis 
round with AI assistance and the first diagnosis round without AI assistance for 
the general public under high AI explanation (XAI) quality, comparing GradCAM, 
CBIR, and LLM explanations when AI is right (a) and AI is wrong (b) (AI right: 
GradCAM (N=72), CBIR (N=89), LLM (N=90); AI wrong: GradCAM (N=50), CBIR 
(N=65), LLM (N=71)). c, d, Visualization of diagnostic accuracy changes for the 
general public under low XAI quality conditions, highlighting the effects of right 
AI suggestions (c) and wrong suggestions (d) for each XAI approach (AI right: 
GradCAM (N=72), CBIR (N=91), LLM (N=89); AI wrong: GradCAM (N=60), CBIR 

(N=82), LLM (N=68)). e-h, Equivalent results as (a)-(d), shown for top1 diagnostic 
accuracy of PCP participants (High XAI quality, AI right: GradCAM (N=3), CBIR 
(N=21), LLM (N=26); AI wrong: GradCAM (N=2), CBIR (N=9), LLM (N=18). Low XAI 
quality, AI right: GradCAM (N=25), CBIR (N=14), LLM (N=26); AI 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 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. 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 AI: N=335), in (a) overall diagnostic accuracy-confidence consistency 
(A-C consistency) (b) A-C consistency with correct AI predictions, and (c) A-C 
consistency with wrong AI predictions. d-f, Equivalent results for top1 diagnosis 

of PCP participants (LLM: N=26, Non-LLM: N=70, No AI: 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. Data is 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 
tasks in (a). c, Diagnostic accuracy improvement from the first diagnosis round 
without AI assistance to the second diagnosis round with AI assistance across 
different AI 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 XAI quality (d) and low XAI quality (e) when AI is right, comparing 
GradCAM, CBIR, and LLM explanations (High XAI quality, AI right: GradCAM 
(N=3), CBIR (N=21), LLM (N=26); AI wrong: GradCAM (N=2), CBIR (N=9), LLM 
(N=18). Low XAI quality, AI right: GradCAM (N=25), CBIR (N=14), LLM (N=26); AI 
wrong: GradCAM (N=25), CBIR (N=20), LLM (N=19)). f, h Diagnostic accuracy 
changes under AI-right (f) and AI-wrong (h) predictions for different XAI 
approaches. g, Overall accuracy changes under AI-right and AI-wrong  

conditions, integrating the effects of explanation quality and correctness.  
i, j, Visualization of diagnostic accuracy changes under AI-wrong conditions, 
highlighting the effects of good XAI quality (i) and low XAI quality (j).  
k-l, Performance comparison between deferential and non-deferential 
participants (Deferential N=74, Non-deferential N=22). (k) Distribution of correct 
responses with AI assistance, (l) accuracy trajectories across two decision 
rounds. m, Proportion of fully deferential participants across different XAI 
approaches and human-AI collaboration (HAI) paradigms (“AI-First”: 57, “Human-
First”: 96). 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.

http://www.nature.com/naturemedicine


Nature Medicine

Article https://doi.org/10.1038/s41591-026-04553-w

Extended Data Fig. 5 | Medical Student in Human-AI Collaboration.  
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=216). b, Confidence levels of participants in their diagnostic 
decisions for tasks in (a). c, Diagnostic accuracy improvement from the first 
diagnosis round without AI assistance to the second diagnosis round with AI 
assistance across different AI 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 XAI quality (d) and low XAI quality (e) when AI 
is right, comparing GradCAM, CBIR, and LLM explanations (High XAI quality, AI 
right: GradCAM (N=16), CBIR (N=57), LLM (N=48); AI wrong: GradCAM (N=6), 
CBIR (N=22), LLM (N=29). Low XAI quality, AI right: GradCAM (N=52), CBIR 
(N=41), LLM (N=48); AI wrong: GradCAM (N=52), CBIR (N=55), LLM (N=37)).  
f, h Diagnostic accuracy changes under AI-right (f) and AI-wrong (h) predictions 
for different XAI approaches. g, Overall accuracy changes under AI-right and AI-

wrong conditions, integrating the effects of explanation quality and correctness. 
i, j, Visualization of diagnostic accuracy changes under AI-wrong conditions, 
highlighting the effects of good XAI quality (i) and low XAI quality (j).  
k-l, Performance comparison between deferential and non-deferential 
participants (Deferential N=195, Non-deferential N=21). (k) Distribution of 
correct responses with AI assistance, (l) accuracy trajectories across two 
decision rounds. m, Proportion of fully deferential participants across different 
XAI approaches and human-AI collaboration (HAI) paradigms (“AI-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 AI: N=216), in (a) overall diagnostic accuracy-confidence consistency  
(A-C consistency), (b) A-C consistency with correct AI predictions, and (c) A-C 
consistency with wrong AI predictions. d-f, Equivalent results for top3 diagnosis 

of PCP participants (LLM: N=26, Non-LLM: N=70, No AI: 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 
as the dependent variable and confidence as the independent variable +/- 95% 
confidence intervals.
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Extended Data Fig. 7 | Correlation Between Accuracy Change with AI 
Assistance And Personality Test Score. In each subfigure, the blue band 
(maximum value) and red band (minimum value) indicate the range of accuracy 
change. The red border around the subfigure represents a significant correlation 
found (p<0.05). Each gray 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 as the dependent variable and confidence as the 
independent variable +/- 95% confidence intervals.
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