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International multicenter validation  
of AI-driven ultrasound detection of  
ovarian cancer
 

Ovarian lesions are common and often incidentally detected. A critical  
shortage of expert ultrasound examiners has raised concerns of 
unnecessary interventions and delayed cancer diagnoses. Deep learning  
has shown promising results in the detection of ovarian cancer in ultra­
sound images; however, external validation is lacking. In this international 
multicenter retrospective study, we developed and validated transformer- 
based neural network models using a comprehensive dataset of 17,119 
ultrasound images from 3,652 patients across 20 centers in eight countries. 
Using a leave-one-center-out cross-validation scheme, for each center in 
turn, we trained a model using data from the remaining centers. The models 
demonstrated robust performance across centers, ultrasound systems, 
histological diagnoses and patient age groups, significantly outperforming 
both expert and non-expert examiners on all evaluated metrics, namely 
F1 score, sensitivity, specificity, accuracy, Cohen’s kappa, Matthew’s 
correlation coefficient, diagnostic odds ratio and Youden’s J statistic. 
Furthermore, in a retrospective triage simulation, artificial intelligence 
(AI)-driven diagnostic support reduced referrals to experts by 63% while 
significantly surpassing the diagnostic performance of the current 
practice. These results show that transformer-based models exhibit strong 
generalization and above human expert-level diagnostic accuracy, with 
the potential to alleviate the shortage of expert ultrasound examiners and 
improve patient outcomes.

Ovarian tumors are common and often incidentally detected. Their 
management depends on the estimated risk of malignancy and patient 
symptoms. Patients with a presumably benign lesion are generally man­
aged conservatively with ultrasound follow-up or, if symptomatic, with 
minimally invasive surgery at a regional hospital to preserve fertility, 
avoid unnecessary costs and reduce morbidity1,2. Patients with sus­
pected ovarian cancer benefit from referral to a gynecologic oncologist, 
as surgical expertise improves their chances of survival3,4.

Transvaginal ultrasound examination is the primary technique 
used to differentiate between benign and malignant ovarian lesions due 

to its wide availability and high diagnostic accuracy when performed 
by an experienced examiner5,6. However, the diagnostic accuracy and 
interobserver agreement tend to be considerably lower among less 
experienced examiners, which can result in delayed and incorrect 
cancer diagnoses, as well as unnecessary treatment7,8. Biopsy is con­
traindicated as it may cause a malignant tumor to spread, worsen­
ing the prognosis3. Unfortunately, even in high-income countries, 
there is a substantial lack of expert ultrasound examiners, leading to 
delayed and missed diagnoses, thus putting a substantial burden on 
the healthcare system.

Received: 11 March 2024

Accepted: 1 October 2024

Published online: 2 January 2025

 Check for updates

 e-mail: elisabeth.epstein@ki.se

A list of authors and their affiliations appears at the end of the paper

http://www.nature.com/naturemedicine
https://doi.org/10.1038/s41591-024-03329-4
http://crossmark.crossref.org/dialog/?doi=10.1038/s41591-024-03329-4&domain=pdf
mailto:elisabeth.epstein@ki.se


Nature Medicine | Volume 31 | January 2025 | 189–196 190

Article https://doi.org/10.1038/s41591-024-03329-4

We evaluated the models by comparing their diagnostic perfor­
mance against expert and non-expert examiners on ultrasound images 
from these 2,660 patients with an ovarian lesion (1,575 benign and 
1,085 malignant, according to histological assessment from surgery 
within 120 days of their ultrasound assessment; Table 1) at 19 cent­
ers in eight countries. The diagnostic performance, expressed as 
accuracy, sensitivity, specificity, F1 score, Cohen’s kappa coefficient, 
Matthew’s correlation coefficient (MCC), diagnostic odds ratio (DOR) 
and Youden’s J statistic, is shown in Table 2. We used the F1 score as 
the primary metric when comparing the models to human examin­
ers as it provides a balance between precision and recall. The models 
outperformed both expert and non-expert examiners (P < 0.0001; 
Supplementary Table 1), which is consistent for all evaluated metrics. 
The paired F1 scores between each human examiner and the AI models 
show that the models achieved higher F1 scores than each of the 66 
human examiners (Fig. 1), which is true also for accuracy, Cohen’s 
kappa, MCC and Youden’s J statistic. The diagnostic performance 
of the individual human examiners, with the corresponding scores 
for the AI models on matching case sets, can be found in Supple­
mentary Table 2. The models achieved an F1 score of 83.50% (95% CI,  
81.76–85.14) on cases from unseen centers, outperforming both 
expert and non-expert examiners, with F1 scores of 79.50% (95% CI, 
77.57–81.19; Δ = 4.00 (95% CI, 2.34–5.83, P < 0.0001)) and 74.10%  
(95% CI, 72.05–76.09; Δ = 9.40 (95% CI, 7.46–11.35, P < 0.0001)), respec­
tively. The difference in diagnostic error rates between the AI models 
and expert examiners is similar to that between expert and non- 
expert examiners. The false negative rate (FNR; 1 – sensitivity) and 
false positive rate (FPR; 1 – specificity) for the AI models are respec­
tively 14.14% (15.12% versus 17.60%) and 26.74% (12.70% versus 17.33%) 
lower than those of the expert examiners. For comparison, the relative 
differences in FNR and FPR between expert and non-expert exam­
iners are 17.32% (17.60% versus 21.29%) and 23.74% (17.33% versus 
22.73%), respectively. For the AI models and the non-expert examin­
ers, the relative differences in FNR and FPR are much larger at 29.00%  
(15.12% versus 21.29%) and 44.13% (12.70% versus 22.73%), respectively. 
The receiver operating characteristic (ROC) curve (Fig. 2) illustrates 
that the AI models outperformed both mean expert and non-expert 
performance over a range of potential cutoff points.

Artificial intelligence (AI)-driven diagnostic support is a potential 
solution, and it has previously been shown that neural networks with 
convolutional neural network (CNN) architectures yield promising 
results in the classification of ovarian lesions9,10. However, a common 
pitfall in medical AI research, especially when using retrospective 
data, is the practice of training and evaluating models on data from 
the same distribution, that is, data that is homogenous in content 
and characteristics11. Practitioners often assume that unseen data will 
have the same distribution as the samples on which their models were 
trained12. This is rarely the case in clinical practice, as clinical environ­
ments are highly variable, and factors such as patient populations, 
imaging devices and acquisition protocols can differ substantially 
between centers11. Furthermore, the collection of datasets that are 
large and diverse enough to capture the full range of variability in 
clinical data and be universally representative is limited by both legal 
and economic constraints. This limitation can contribute to what is 
known as ‘domain shift’, where the data a model encounters when 
deployed in a clinical setting differ from the data it was trained on13–15. 
Failure to adequately address this can lead to poor performance, as 
the model may be unable to adapt to variations in new, unseen data 
not captured in the training data11. A recent meta-analysis found that 
most studies comparing healthcare professionals and AI models fail 
to properly validate performance using external data16, leading to a 
systematic overestimation of diagnostic accuracy in the scientific 
literature. Therefore, as researchers have increasingly pointed out, 
it is crucial to thoroughly evaluate a model’s ability to generalize to 
new populations and settings17,18. A large-scale multicenter study 
validating generalizability could provide essential evidence that 
boosts trust and confidence in AI-driven diagnostic support systems 
for clinical use.

In this international multicenter retrospective study, the Ovar­
ian tumor Machine Learning Collaboration - Retrospective Study 
(OMLC-RS), we assessed the ability of neural networks to distinguish 
between benign and malignant ovarian tumors in ultrasound images, 
using a comprehensive dataset of 17,119 ultrasound images from 
3,652 patients across 20 centers in eight countries, acquired using 
21 different ultrasound systems from nine manufacturers. We used a 
state-of-the-art transformer-based model architecture19,20, which has 
been shown to be a competitive alternative to CNNs for medical imag­
ing tasks21,22. Using a leave-one-center-out cross-validation scheme, 
for each center in turn, we trained a model using the data from the 
remaining centers. With each model trained in a similar fashion, we 
evaluated their ability to generalize across different patient popula­
tions, centers and ultrasound systems and compared their diagnostic 
performance with that of 66 human examiners with varying levels 
of expertise. We further simulated and assessed the integration of 
an AI-assisted triage strategy into routine clinical practice, with the 
aim of improving diagnostic accuracy and reducing human resource 
demands (that is, the number of examinations needed to make a 
management decision).

Results
AI models significantly outperform human expert examiners
The OMLC-RS dataset was used to train a series of 19 transformer-based 
neural network models (one model per center, except for one center 
that was excluded due to its limited sample size; Methods)20. We applied 
a leave-one-center-out cross-validation scheme, where iteratively each 
center in turn was isolated as the test set and the model was given the 
cases from the remaining centers for training. To establish a mean­
ingful reference for comparison, we collected a total of 51,179 assess­
ments from 33 expert and 33 non-expert examiners. Out of the 3,652 
cases in the OMLC-RS dataset, each of 2,660 cases was assessed by 
at least seven expert and six non-expert examiners. The remaining 
992 cases were used as supplementary training data (Methods and  
Extended Data Fig. 1).

Table 1 | Categories of histological diagnoses

All data (n = 3,652) Test data (n = 2,660)

Benign 2,224 (60.9%) 1,575 (59.2%)

  Endometrioma 336 (9.2%) 276 (10.4%)

  Dermoid 431 (11.8%) 340 (12.8%)

  Other common benign 298 (8.2%) 222 (8.3%)

  Solid benign 153 (4.2%) 118 (4.4%)

  Cystadeno(fibro)ma 707 (19.4%) 569 (21.4%)

  Rare benigna 66 (1.8%) 50 (1.9%)

  Ultrasound follow-upa 233 (6.4%) 0 (0.0%)

Malignant 1,428 (39.1%) 1,085 (40.8%)

  Borderline (serous) 207 (5.7%) 160 (6.0%)

 � Borderline (mucinous intestinal) 100 (2.7%) 79 (3.0%)

  Ovarian cancer (epithelial) 804 (22.0%) 611 (23.0%)

  Ovarian cancer (nonepithelial) 116 (3.2%) 89 (3.3%)

  Metastasis 201 (5.5%) 146 (5.5%)

Counts are accompanied by their total percentage rate. The test data are the subset of the 
dataset included in the human review. aFor training, rare benign (n = 66) and ultrasound 
follow-up (n = 233) cases were, when possible, assigned to one of the five benign 
histological classes, based on the sonographic characteristics (as assessed by one expert 
examiner (E.E.)).
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Sensitivity and specificity
To directly compare the sensitivity and specificity of the AI models 
with that of the expert and non-expert examiners, we also present the 
performance of the models at matching cutoff points (Extended Data 
Table 1). Our findings reveal that the AI models exhibit superior sensi­
tivity (89.31% versus 82.40%; Δ = 6.91 (95% CI, 4.67–9.26, P < 0.0001)) 
when specificity is held constant at the expert level (82.67%). This 
corresponds to a 39.27% reduction in FNR with respect to expert 
examiners. They also excel in specificity (88.83% versus 82.67%;  
Δ = 6.16 (95% CI, 4.29–7.80, P < 0.0001)) when sensitivity is set at the 
expert level (82.40%) (Extended Data Table 1), corresponding to a 
35.53% reduction in FPR. When compared to non-expert examiners, 
the disparities are even more substantial, with differences of 13.92 
(95% CI, 11.74–16.70) and 13.27 (95% CI, 11.53–15.47) percentage points 
in sensitivity and specificity, respectively (Extended Data Table 1), 

corresponding to a reduction in FNR and FPR of 65.37% and 58.38% 
with respect to non-expert examiners.

Subgroup analysis
To assess the robustness of the AI models to various clinical factors, 
we evaluated their performance across centers, ultrasound systems, 
histological diagnoses, examiner confidence levels, patient age groups 
and years of examination. The F1 scores of the AI models and human 
examiners by centers are shown in Fig. 3a. The AI models consistently 
outperformed both expert and non-expert examiners, except for 
the Monza and Cagliari centers (Fig. 3a and Supplementary Table 3). 
We also examined model performance for different ultrasound sys­
tems and found that the AI models exhibited robust performance, 
matching or surpassing the performance of expert examiners, irre­
spective of the ultrasound manufacturer or system used (Fig. 3b and 

Table 2 | Performance of AI models, human examiners and triage strategies

Human 
resources

F1 score Sensitivity Specificity Accuracy Kappa MCC DOR J

Single non-expert 1 74.10% 
(72.05–76.09)

78.71% 
(75.93–80.89)

77.27% 
(75.11–79.21)

77.67% 
(76.09–79.25)

0.546 
(0.513–0.578)

0.548 
(0.516–0.580)

12.26 
(10.20–14.91)

55.51% 
(52.29–58.80)

Single expert 1 79.50% 
(77.57–81.19)

82.40% 
(80.08–84.51)

82.67% 
(80.89–84.61)

82.63% 
(81.17–84.02)

0.645 
(0.614–0.673)

0.646 
(0.615–0.674)

22.63 
(18.41–27.54)

65.24% 
(62.17–67.96)

Current practice 1.52 
(1.50–1.54)

77.16% 
(75.16–79.18)

73.82% 
(71.20–76.46)

87.94% 
(86.36–89.53)

82.18% 
(80.71–83.65)

0.626 
(0.595–0.657)

0.628 
(0.597–0.659)

20.53 
(16.89–25.46)

61.73% 
(58.67–64.88)

AI models alone 1 83.50% 
(81.76–85.14)

84.88% 
(82.73–86.96)

87.30% 
(85.66–88.94)

86.32% 
(85.00–87.59)

0.718 
(0.691–0.745)

0.718 
(0.691–0.745)

38.61 
(31.16–48.74)

72.19% 
(69.46–74.86)

AI-assisted 
non-expert

1.19 
(1.18–1.21)

82.70% 
(80.99–84.37)

85.81% 
(83.65–87.78)

85.08% 
(83.33–86.84)

85.38% 
(84.02–86.69)

0.700 
(0.673–0.728)

0.702 
(0.674–0.729)

34.39 
(27.83–43.32)

70.84% 
(68.11–73.57)

AI-assisted expert 1.15 
(1.13–1.16)

83.56% 
(81.94–85.20)

85.99% 
(83.97–88.06)

86.29% 
(84.65–88.03)

86.20% 
(84.92–87.52)

0.717 
(0.691–0.744)

0.718 
(0.692–0.745)

38.80 
(31.61–49.38)

72.33% 
(69.76–75.06)

Data in parentheses are 95% CIs. Human resources are the number of examinations needed to make a management decision. Kappa = Cohen’s kappa coefficient. J = Youden’s J statistic. Current 
practice = non-expert examiner with referral to expert in uncertain or presumably malignant cases; AI-assisted (non-)expert = AI model and (non-)expert consensus, with referral to (second) 
expert in cases of disagreement. See Fig. 4 for details.
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Fig. 1 | Paired F1 scores between human examiners and AI models. a, Paired F1 
scores between individual examiners (n = 66) and the AI models on matched case 
sets, that is, each examiner is compared against the AI models on the set of cases 
he or she assessed. A dot above the dashed line corresponds to an individual 
examiner that was outperformed by the AI models on the same set of cases.  
b,c, Paired F1 scores between (b) expert examiners (n = 33; orange) and AI models 

(blue), and (c) non-expert examiners (n = 33; green) and AI models (blue), with 
gray lines indicating matched case sets. The box plots show the median and the 
25th and 75th percentiles, and the whiskers span the range of non-outlier values. 
The density plots show the distributions of the overall F1 scores (made with 
kernel smoothing).
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Supplementary Table 4). We assessed model performance for different 
histological diagnoses, as illustrated in Fig. 3c and detailed in Extended 
Data Table 2. Also here, the AI models exhibit superior performance 
compared to human expert and non-expert examiners, even in cases 
known to be challenging to classify, such as cystadeno(fibro)mas, solid 
lesions and mucinous intestinal borderline tumors. The only excep­
tion to this trend was serous borderline tumors. For a detailed visual 
comparison, we show the differences between the performance of the 
AI models and the human examiners, by centers, ultrasound systems 
and histological diagnoses, as forest plots in Supplementary Fig. 1.

We explored the relationship between diagnostic performance 
and examiner confidence. When presented with a case, the examiner 
was asked to classify the lesion as benign or malignant and rate their 
confidence in the assessment as certain, probable, or uncertain. As 
expected, we noted a strong correlation between the examiners’ per­
formance and their confidence, with a sharp decrease in performance 
when the examiners were uncertain. In contrast, the AI models dem­
onstrated only a modest decline in performance in these challenging 
cases (Extended Data Fig. 2 and Supplementary Table 5).

We saw stable model performance independent of patient age 
(Extended Data Fig. 3a and Supplementary Table 6) and year of 
examination (Extended Data Fig. 3b and Supplementary Table 7), 
outperforming both expert and non-expert examiners across all 
subgroups.

Finally, for transparency, the performance of the AI model on 
the 644 excluded cases with known histological diagnoses from 
the Stockholm center is shown in Supplementary Table 8. The table 
shows that the performance of the AI model was similar or somewhat 
better on all metrics on these remaining 644 cases, compared to 
the 300 cases from the Stockholm center that were included in the  
main analysis.

Training with specific histological diagnoses
Although our goal was to differentiate between benign and malignant 
lesions, the models were trained to discern ten different histological 
categories within the benign and malignant classes. This was done to 
leverage the richer information contained in the specific histological 
diagnoses.

To investigate the impact of diagnosis granularity on AI model 
performance, models were trained using binary labels and 18 specific 
histological diagnoses, besides the default setup with ten different 
histological categories. As seen in Supplementary Table 9, training with 
ten histological categories significantly improved model performance 
compared to training with binary labels (F1 83.50% versus 82.22%;  
Δ = 1.28 (95% CI, 0.14–2.47, P = 0.029)).

Model calibration
For a model to be effectively integrated into clinical practice, high 
diagnostic accuracy is necessary but not sufficient; the model must 
also exhibit robust calibration. This aspect is particularly crucial for 
models intended for diagnostic support, rather than stand-alone 
systems, as it underpins the establishment of clinicians’ trust in the 
technology. To assess the calibration of our AI models, we utilized a 
calibration curve (Extended Data Fig. 4)23,24. The calibration curve of 
the AI models showed good correspondence between the predicted risk 
of malignancy and the actual observed proportion of malignancy, indi­
cating well-calibrated predictions. This means the model confidence 
is strongly correlated with the likelihood of them making a correct 
prediction. In other words, the models tend to be confident only in 
cases where they are likely to make a correct diagnosis.

Image cropping
Four gynecology residents were tasked with manually selecting a rec­
tangular region of interest (ROI) in each image, whereby the lesion was 
centrally located and occupied most of the image. This task was per­
formed in the data labeling platform SuperAnnotate. The involvement 
of gynecology residents aimed to avoid potential bias and dependence 
on advanced domain expertise not always present in routine clinical 
practice. We used images cropped to the annotated ROIs for both model 
training and evaluation. The residents also marked artifacts other 
than calipers, for example, text, inside the ROI for removal (Extended 
Data Fig. 5). This was done to reduce the risk of bias and to prevent 
the models from picking up on artifacts in the images during training 
that are not useful for the classification task. We explored the impact 
of image cropping and observed only a marginal decrease in model 
performance when applied to uncropped images (Supplementary 
Table 10), suggesting that cropping may not be a necessary step for 
achieving good model performance. Artifact removal at evaluation 
had minimal impact on model performance (Supplementary Table 10). 
In Extended Data Fig. 6, we show attention-based saliency maps for a 
few uncropped images, highlighting image locations that were rel­
evant to the model’s predictions25. The figure demonstrates that the 
model does not focus on image artifacts, such as text, calipers and other 
annotations, when making a prediction, but rather on areas of clear 
diagnostic relevance. This provides further validation of the model’s 
ability to locate and prioritize clinically relevant features, enhancing 
its reliability and interpretability.

As an additional evaluation of the need for manual ROI selection, 
we evaluated the models on auto-cropped images. For this, we used 
the same leave-one-center-out cross-validation scheme as for the 
transformer-based classification models. For each center in turn, we 
trained an object detection model based on YOLO (version 8)26, for 
the task of predicting the ROI in an image. For the training of these 
models, we used the ROIs that had been manually annotated by four 
gynecology residents as earlier described. As seen in Supplementary 
Table 10, evaluation on auto-cropped images performed on par with 
evaluation on manually cropped images (without artifacts removed).
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Triage simulation
The clinical expertise and certainty of the examiner, as well as the avail­
ability for review by an expert examiner or magnetic resonance imaging 
(MRI), determine the current clinical triage routine. With gynecologists 
in training (residents), most newly detected lesions are referred for a 
second opinion or expert ultrasound assessment, whereas with more 
experienced gynecologists, only cases with an uncertain diagnosis 
or presumed malignancy are referred for second opinion or expert 
ultrasound assessment, or MRI in selected cases (Fig. 4a). AI-driven 
diagnostic support has the potential to alleviate the shortage of expert 
examiners and improve patient outcomes by optimizing clinical work­
flow. We proposed to integrate AI-assistance into the triage routine 
as a second reader. The AI model and a human examiner (expert or 
non-expert) each make an initial assessment, and then an expert exam­
iner makes the final decision in cases of disagreement (Fig. 4b).

Leveraging the OMLC-RS dataset, we simulated and assessed 
how this modified clinical workflow affects diagnostic accuracy and 
human resource demands (Table 2). As a second reader, the AI model 
improved diagnostic performance in comparison to the current triage 
routine for non-expert examiners (F1 82.70% versus 77.16%; Δ = 5.54 
(95% CI, 4.11–6.98, P < 0.0001)). This AI-assisted strategy both elevated 
diagnostic accuracy and reduced human resource demands (that is, 

the number of examinations needed to make a management decision), 
from the current practice of 1.52 (non-expert examiners) to 1.19, a 
63% reduction in referrals to experts. The reduction would be even 
greater among gynecologists in training (residents), where most newly 
detected lesions are referred to an expert examiner independently 
of the finding. A similar trend was found for expert examiners, where 
the AI model as a second reader improved the F1 score from 79.50% 
to 83.56% (Δ = 4.05 (95% CI, 2.99–5.42, P < 0.0001)) while incurring 
only a marginal increase in human resource demands, from 1.00 to 
1.15 (Table 2).

Conservatively managed patients
The main evaluation of the AI models and their comparison with human 
examiners were limited to patients having a post-surgical histological 
diagnosis. However, the prevalence of various specific benign tumor 
types in this group may differ from those found among patients man­
aged conservatively with ultrasound follow-up. As this could affect the 
transferability of our findings, we separately evaluated the AI models 
on images from 233 patients from the Stockholm center who had been 
managed conservatively with ultrasound follow-up, yielding a specific­
ity of 92.70% (n = 216/233) ( Jeffrey’s Bayesian 95% CI, 88.83–95.53)27, 
whereas the sensitivity is undefined, as all lesions were benign.
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Discussion
To the best of our knowledge, this is the first comprehensive study 
that systematically explores and validates the potential of AI models 
in multiple international external centers for distinguishing between 
benign and malignant ovarian lesions in ultrasound images, with com­
parison to human examiners. Our findings demonstrate the strong 
generalization capability of transformer-based neural network models 
that performed better than every expert and non-expert examiner. This 
trend was consistent for different ultrasound systems, histological 
diagnoses and, most importantly, unseen patient populations from 
centers the models had not been trained on.

Our retrospective triage simulation demonstrated the potential of 
AI-driven support in enhancing diagnostic accuracy while simultane­
ously substantially reducing the need for second opinion and referrals 
to experts. This finding is especially vital given the scarcity of expert 
examiners, underlining AI’s potential for advancing equitable access to 
high-quality diagnostic services. In contrast to human examiners, the 
AI models maintained high performance even in cases where human 
examiners were uncertain. This suggests that AI-driven diagnostic sup­
port may have a particularly important role in cases that are difficult 
to classify by human examiners.

The calibration curve showed that the AI models are well calibrated 
(Extended Data Fig. 4). We believe this to be a result of our model 
architecture, as transformer-based models have been shown to be bet­
ter calibrated compared to CNNs for natural images28. As ultrasound 
images have different properties compared to natural images, we 
created a calibration curve using CNN-based models for comparison 
(Supplementary Fig. 2). The results are in line with Minderer et al.28, 
suggesting that the favorable calibration properties of transformer 
architectures may extend to ultrasound images. Furthermore, the 
use of focal loss (Methods) during training is known to improve model 
calibration compared to the standard cross-entropy loss29,30.

Surprisingly, we saw only a marginal decline in model perfor­
mance when evaluated on uncropped images, despite the models never 
encountering uncropped images during training (Supplementary 
Table 10). Furthermore, evaluation on auto-cropped images performed 
on par with evaluation on manually cropped images, which suggests 
the utility of AI in simplifying clinical workflow by eliminating the need 
for manual ROI indication. Regarding explainability, various methods 
based on saliency maps and feature similarity have been proposed31,32. 
We visually inspected attention-based saliency maps (Extended Data 
Fig. 6), which demonstrated that the model does not focus on spuri­
ous image artifacts but rather on areas of clear diagnostic relevance.

The main strength of our study lies in the diverse OMLC-RS dataset 
and the rigorous evaluation. By ensuring that no model was ever trained 
and tested on cases from the same center, we avoided overly optimistic 
results commonly encountered in retrospective studies18. To illustrate 
this, we conducted a separate experiment where a model was evaluated 
using data from a center included during training, observing inflated 
results (Supplementary Table 11).

The inclusion of a substantial cohort of both expert and non-expert 
examiners mirrored the diversity inherent in clinical practice. This 
enabled a comprehensive analysis comparing the performance of AI 
models and human examiners.

Although our study upholds rigorous standards, we acknowl­
edge its retrospective nature as a limiting factor. The human exam­
iners assessed cases solely based on ultrasound images, which may 
underestimate their performance in a clinical setting, as additional 
clinical information may lead to enhanced diagnostic performance. 
However, clinical variables could also be incorporated into AI models. 
Furthermore, the level of experience and expertise among the human 
examiners in this study, especially the expert examiners, most likely 
exceeds that of the average examiner in the corresponding examiner 
category, and therefore, we may underestimate the difference in diag­
nostic performance between the AI models and the examiners. The 
main comparison between the AI models and human examiners was 
limited to patients with a post-surgical histological diagnosis. This 
limitation may affect the transferability of our findings to patients 
managed conservatively with ultrasound follow-up. Consequently, 
further studies are needed to validate our models in conservatively 
managed patient populations. However, on a separate set of 233 con­
servatively managed patients, the AI model achieved a specificity of 
92.70% (95% CI, 88.83–95.53). Although we did not compare against 
human examiners in this cohort, and despite these patients all being 
from the same external center, we find the results promising as it points 
to the potential applicability and reliability of the AI models also in 
this setting. Our models outperformed both expert and non-expert 
examiners on all prevalence independent metrics, that is, sensitivity, 
specificity, DOR and Youden’s J statistic. Nevertheless, as is the case for 
all metrics, also prevalence independent metrics may be affected by 
the spectrum of various specific tumor types and severity33–35, which 
in turn depend on the clinical setting. As most cases were referral 
scans, future studies should evaluate the models’ effectiveness in set­
tings with lower prevalence, outside of ultrasound referral centers. 
As another limitation, most patients in our study were scanned by an 
experienced examiner at their center of inclusion. This retrospective 
study used images originally acquired for archival in patients’ medical 
records, not for image analysis, likely resulting in suboptimal image 
quality. Regardless, further studies are needed to evaluate the mod­
els’ performance on images obtained by less experienced examiners 
specifically for AI evaluation.

In a recent systematic review by Koch et al.36, only three studies 
were identified that utilized external validation to assess automated 
computer-aided diagnostic systems for ovarian cancer detection based 
on ultrasound imaging. These studies were all retrospective and only 
one, conducted by Gao et al. using a CNN model10, used a reasonably 
sized test set (the remaining studies included only 15 or fewer benign 
cases). However, in the study by Gao et al., their model’s performance 
was externally compared to human examiners in only a single center, 
including a limited sample size of 335 cases (268 benign and 67 malig­
nant)10. Relying on a single external center for evaluation of robustness 
and generalizability may yield unreliable conclusions. Their study 
was further listed by Koch et al. as containing high risk of bias, as very 
little of their analysis process is described36. A key differentiator of 
our study is the size and diversity of our dataset, as well as our com­
prehensive evaluation. We report results on 2,660 cases (1,575 benign 
and 1,085 malignant) from 19 external centers, with comparison to 
a large cohort of human examiners (33 non-experts and 33 experts). 

Malignant

Patient

Non-expert

Benign Uncertain

Expert

Patient

Non-expert* AI model

Consensus Disagreement

Expert

Current practice AI-assisted strategya b

Fig. 4 | Current practice and proposed AI-assisted strategy for triage workflow. 
a, In the current practice, a non-expert examiner makes an initial assessment, 
and patients with an uncertain diagnosis or presumed malignancy are referred 
to an expert. Additionally, with gynecologists in training (residents), most 
newly detected lesions are referred to an expert examiner, independently of the 
finding. b, In our proposed AI-assisted triage strategy, the AI model and a non-
expert examiner each make an initial assessment, and then an expert examiner 
makes the final decision in cases of disagreement. *The proposed AI-assisted 
strategy can also be used with an expert as the initial examiner.
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We demonstrate robustness across many external centers (Fig. 3a 
and Supplementary Table 3), various ultrasound systems (Fig. 3b and 
Supplementary Table 4), histological diagnoses (Fig. 3c and Extended 
Data Table 2), patient age groups (Extended Data Fig. 3a and Sup­
plementary Table 6), years of examination (Extended Data Fig. 3b 
and Supplementary Table 7) and perceived case difficulty based on 
examiners’ confidence in their assessments (Extended Data Fig. 2 and 
Supplementary Table 5). Furthermore, we show that our models are 
well calibrated (Extended Data Fig. 4), whereas Gao et al. reported 
calibration curves indicative of a highly overconfident model with a 
systematic underestimation of the risk of malignancy10,37. Our models 
significantly outperformed both expert and non-expert examiners 
on all evaluated metrics. Meanwhile, the model by Gao et al. had a sig­
nificantly lower sensitivity compared to that of their mean examiner 
(40.3% versus 55.5%), despite their cohort of examiners being relatively 
inexperienced, with a diagnostic performance substantially lower than 
what has been reported in other studies10,38.

Besides the size and diversity of our dataset, we also attribute 
the robust performance and generalization capabilities to our model 
architecture and training methodology. Our complementary experi­
ments showed that CNN models yield marginally lower performance 
and worse calibration compared to the transformer-based model archi­
tecture that we adopted (Supplementary Table 12 and Supplementary 
Fig. 2), as also found by Matsoukas et al.21. In addition, the inclusion of 
specific histological diagnoses during training significantly improved 
model performance (Supplementary Table 9).

In conclusion, our study demonstrates the potential of AI models 
in improving the accuracy and efficiency of ovarian cancer diagnosis. 
Our models demonstrated robust generalization and significantly 
outperformed both expert and non-expert examiners on all evalu­
ated metrics. The additional triage simulation in our study offered 
valuable insights into the practical potential of AI model integration 
into a clinical diagnostic routine. Although further prospective and 
randomized studies are needed to validate the clinical benefit and diag­
nostic performance of the AI models, and to investigate their influence 
on examiners’ management decisions, our study offers insights into 
the applicability of AI-driven diagnostic support systems in the field of 
ovarian cancer detection. The models’ consistent superiority to human 
assessment and robust performance under comprehensive evaluation 
indicates that they are ready for prospective clinical implementation 
studies, bringing us closer to the adoption of AI-assisted diagnostics 
in clinical settings.

Online content
Any methods, additional references, Nature Portfolio reporting sum­
maries, source data, extended data, supplementary information, 
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Methods
Data acquisition
In this international multicenter retrospective study, we included 
transvaginal and transabdominal ultrasound images from patients 
with an ovarian lesion, examined between 2006 and 2021 at 20 second­
ary or tertiary referral centers for gynecological ultrasound in eight 
countries. The images were acquired by examiners with varying levels 
of training and experience, using 21 different commercial ultrasound 
systems from nine manufacturers, primarily GE (91.8%), followed by 
Samsung (4.8%), Philips (1.4%) and Mindray (1.2%) (Supplementary 
Table 13). Participating centers were requested to provide images of 
at least 50 consecutive malignant cases and at least 50 benign cases, 
examined just before or after each malignant case, to ensure a similar 
temporal distribution between classes and avoid bias from potential 
variations in diagnostic practices or equipment over time. This enrich­
ment strategy was designed to ensure an adequate representation of 
malignant cases, thereby more effectively capturing rare patholo­
gies while minimizing potential biases17. The inclusion of images for 
a given patient was limited to the side of the lesion, and in cases of 
bilateral lesions, the side of the dominant lesion (that is, that with the 
most complex ultrasound morphology) was included. Anonymized 
images were submitted in JPEG format. Data transfer agreements were 
signed between the host institution, Karolinska Institute, and each of 
the participating centers. The study was preregistered at https://doi. 
org/10.1186/ISRCTN51927471, approved by the Swedish Ethics Review 
Authority (Dnr 2020-06919) and conducted in accordance with the 
Declaration of Helsinki. Informed consent had been obtained from all 
patients for the use of their data for research purposes.

After excluding 4.8% (n = 183/3,840) of the cases (91 benign and 92 
malignant) due to inadequate image quality (for example, lesions that 
could not be identified, lesions with blurred margins and lesions that 
were only partially visible), 17,119 ultrasound images (10,626 grayscale 
and 6,493 Doppler) representing 3,652 cases remained for analysis 
(Extended Data Fig. 1). Out of these cases, 3,419 were patients who 
had undergone surgery, including histological assessment, within 
120 days of their ultrasound examination. The remaining 233 patients 
had been managed conservatively with ultrasound follow-up until the 
resolution of the lesion, or for at least three years without a malignant 
diagnosis, and were thus regarded as benign. The median number of 
images per case was 4 (interquartile range (IQR): 3–6). A breakdown of 
the diagnoses is shown in Table 1 and by center in Supplementary Fig. 3. 
Specific histological diagnoses are provided in Supplementary Table 14, 
a detailed summary of the data by centers can be found in Extended 
Data Table 3, and by centers separately for benign and malignant cases 
in Supplementary Table 15.

Human examiner review
To ensure a thorough evaluation, we collected the assessments made 
by 66 human examiners, comprising 33 ultrasound experts and 33 
non-experts, recruited at the participating centers. To establish a 
competitive baseline and ensure the validity of our results, expert 
examiners were recruited based on their extensive expertise in gyneco­
logical ultrasound imaging for the assessment of ovarian lesions. For 
our study, an ‘expert’ examiner was defined as a physician who per­
forms second or third opinion gynecological ultrasound imaging, 
and who has at least 5 years’ experience or annually assesses at least 
200 patients with a persistent ovarian lesion. Among the experts, the 
median experience in gynecological ultrasound imaging was 17 years 
(IQR: 10–27 years), with a median of 10 years as second or third opinion 
(IQR: 5–17 years). Most experts (91%, n = 30/33) were affiliated with a 
gynecologic oncology referral center, 61% (n = 20/33) performed over 
1,500 gynecological ultrasound scans annually, and 64% (n = 21/33) 
reported seeing more than 200 patients with a persistent ovarian lesion 
each year. To strive for a fair evaluation, we did not train the ‘non-expert’ 
examiners beyond providing them with instructions for the task.  

The specific prior training and certification varied among examiners, as 
they were included from centers in eight different countries. However, 
all non-expert examiners were certified physicians, actively practicing 
gynecological ultrasound imaging. They had a median experience 
of 5 years (IQR: 3–6 years) and 52% (n = 17/33) were affiliated with a 
gynecologic oncology referral center. Furthermore, 24% (n = 8/33) 
of non-experts served as second or third opinion referrals, however, 
not meeting the criteria for an ‘expert’ examiner determined in this 
study. When presented with a case, the examiner was asked to classify 
the lesion as benign or malignant using pattern recognition (that is, 
subjective ultrasound assessment)40, and rate their confidence in the 
assessment as certain, probable, or uncertain. To prevent bias from 
previously seen cases, none of the examiners were asked to review 
cases originating from their own centers.

A total of 2,660 cases (1,575 benign and 1,085 malignant) were 
assessed by at least 7 expert (median: 10, IQR: 9–11) and 6 non-expert 
(median: 9, IQR: 8–10) examiners, with a total of 51,179 assessments. The 
median number of cases assessed by each expert and non-expert exam­
iner was 696 (IQR: 628–886) and 610 (IQR: 583–655), respectively. One 
center (Olbia) was excluded from the review due to its limited sample 
size (n = 57) and its small number of malignant cases (n = 8). Addition­
ally, 58 cases from three centers (Cagliari, Trieste and Pamplona) were 
excluded from our main analysis as these had not been included in 
compliance with our criterion on the temporal distribution of exami­
nation dates. After excluding 233 patients managed conservatively 
with ultrasound follow-up, we selected 300 cases (150 benign and 150 
malignant) from the Stockholm center with known histological diagno­
ses for inclusion in the human review. We selected the most recent 150 
consecutive malignant cases, followed by one benign case examined 
just before or after each malignant case. The remaining 644 cases from 
the Stockholm center were excluded to have a test set of comparable 
size to those of the other centers and to utilize our reviewer resources 
efficiently. The excluded cases (n = 57) from the Olbia center were used 
as supplementary training data for all models. The 877 cases excluded 
from the Stockholm center (233 conservatively managed and 644 with 
post-surgical histological diagnosis) were also used as supplementary 
training data; however, only when the Stockholm center was not the 
held-out test set.

Model training
The OMLC-RS dataset was used to train a series of 19 transformer-based 
neural network models, each using DeiT architecture initialized 
with ImageNet pretraining20,41. We applied a leave-one-center-out 
cross-validation scheme, where iteratively each center in turn was iso­
lated as the test set and the model was given the cases from the remain­
ing centers for training. More specifically, in each iteration, the cases 
from the remaining centers were randomly split into a training (90%) 
and a validation (10%) set, with the validation set used for selection of 
the learning rate. A caveat to the procedure is that the random split was 
constrained such that the validation set had an equal number of malig­
nant and benign cases. When we say that a case was used for training, 
we mean that it was included in either the training set or validation set.

Although our goal was to differentiate between benign and malig­
nant lesions, the models were trained to discern ten different histologi­
cal categories within the benign and malignant classes (Supplementary 
Table 14), which was done to leverage the richer information contained 
in the specific histological diagnoses. We trained the models using the 
multiclass focal loss42, which encourages the model to assign greater 
importance to often misclassified examples compared to the standard 
cross-entropy loss30.

Image pre-processing
Before training, images were cropped to the regions of interest, unless 
otherwise stated. The cropped images were zero-padded to square 
shape and resized to 256 × 256 x 3 pixels. The mean and standard 
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deviation of the pixels for the images in the dataset were then com­
puted for each color channel for later use.

For each training epoch, images were loaded from disk and ran­
domly cropped to 224 × 224 × 3 pixels. The RandAugment method 
was used for data augmentation43, with default hyperparameters, five 
sequential random transformations and color-related transformations 
removed. Thereafter, the image pixels were normalized to zero mean 
and unit variance, using the precomputed pixel statistics.

Additional training details
Transformer-based models originate from the field of natural language 
processing44, an area that has seen immense progress in recent years 
with the advent of large language models45. Transformer-based models 
have been adapted and increasingly utilized also for imaging tasks. 
Within the ultrasound domain, these models were first used by Ghef­
lati et al. in 2022 for the classification of breast lesions46. In our study, 
we used the DeiT-S (DeiT small) architecture20, with transfer learning 
from model weights initialized with ImageNet pretraining41. Transfer 
learning from ImageNet has become a standard approach and has been 
shown to improve performance in medical imaging tasks21. In our pre­
liminary investigation, we also tried the larger model version, DeiT-B 
(DeiT base); however, as there were no noticeable improvements, we 
used the smaller DeiT-S architecture for computational efficiency. The 
linear projection layer on top of the final hidden state of the class token 
was replaced by a new linear projection layer with ten nodes, that is, 
with the same dimensionality as the number of classes. The AdamW 
optimizer was used47, with default hyperparameters, except for the 
learning rate. For each experiment, four different learning rates (10−3, 
10−4, 5 × 10−5 and 10−5) were tried, each with a linear warm-up for 500 
training steps and a batch size of 128 images. When the performance 
on the validation set reached a plateau, the learning rate was reduced. 
This reduction was made twice, each time by a factor of 0.1.

At the end of training, the model with the best performance on the 
validation set was selected, based on the case-wise binary classifica­
tion performance in terms of the area under the ROC curve (AUC). An 
exponential moving average of the model weights from each training 
epoch was computed using a decay factor of 0.99. These model weights 
were later used for model evaluation.

Model inference
After training, the multi-class neural network models provided prob­
ability estimates for each of the ten histological categories within the 
benign and malignant classes (Supplementary Table 14). Because our 
goal was to differentiate between benign and malignant lesions, we 
computed the risk of malignancy for an image by summing up the 
probabilities for the five malignant classes, in a manner similar to 
Esteva et al.48. The malignancy score for a case was then computed as the 
average of the malignancy scores of its images. A case was considered 
malignant if its malignancy score exceeded a given cut-off point. Unless 
otherwise stated, we used the default cut-off point of 0.5.

Evaluation procedure
To avoid overly optimistic results commonly seen in medical machine 
learning18, we conducted a rigorous assessment of the diagnostic per­
formance of our models via separate test sets, each containing only data 
from the center withheld during training. We compared the predictions 
of the models and the expert and non-expert examiners with histologi­
cal diagnosis from surgery. We used the F1 score as the primary metric 
as it provides a balance between precision and recall, and which unlike 
the AUC can be computed in a straightforward and unbiased way also for 
human examiners. The F1 score is the harmonic mean of the precision 
(that is, positive predictive value) and the recall (that is, sensitivity):

F1 = 2PPV × sensitivity
PPV + sensitivity

Metrics were calculated at the case level, as opposed to image-wise. 
In addition to the F1 score, we also report accuracy, sensitivity, specific­
ity, Cohen’s kappa coefficient, MCC, DOR and Youden’s J statistic, as well 
as the AUC and Brier score for the models. The primary evaluation in our 
study compared the performance of the AI models with each individual 
examiner’s assessments on matched case sets. When calculating the 
diagnostic performance of the models, we identified the originating 
center for each case and used the model that had not been exposed to 
cases from that center during training.

Statistical analysis
To compare the diagnostic performance of the AI models with that 
of expert and non-expert examiners, we applied two-sided non- 
parametric Wilcoxon signed-rank tests (Supplementary Table 1)49, 
performed in JASP (version 0.18.3).

We evaluated the robustness of the AI models by examining per­
formance variations across different centers, ultrasound systems, 
histological diagnoses, examiner confidence levels, patient age groups 
and years of examination. Rather than statistical tests, box plots and 
nonparametric confidence intervals were provided. Confidence inter­
vals were estimated from bootstrapping using the percentile method50, 
as direct parametric calculation of the confidence intervals was not 
possible for the human examiners.

To ensure unbiased examiner representation, we used a sampling 
strategy where each examiner was selected with a probability inversely 
proportional to their number of cases assessed. This strategy was 
consistently applied also in our triage simulation.

Additionally, we assessed the sensitivity-specificity trade-off by 
presenting an ROC curve for the AI models, accompanied by 95% con­
fidence bands. The confidence bands were constructed from the 2.5th 
and 97.5th percentiles of sensitivity values, at each level of specificity, 
from bootstrapped ROC curves. We also depicted 95% confidence 
regions for the mean diagnostic performance of expert and non-expert 
examiners. To account for the negative correlation between sensitivity 
and specificity, we applied a bivariate random-effects model39, imple­
mented in SAS (version 9.04). The calibration plots were constructed 
using R (version 4.3.3).

All other analyses, including bootstrapping and triage simulations, 
were conducted using Python (version 3.8.13) with the pandas library 
(version 2.0.1). A significance level of 0.05 was used for all statistical tests.

Our initial power analysis, which was based on our plan to compare 
the AI models with the initial assessments of the ultrasound examin­
ers who generated the images, resulted in a required sample size of 
1,600 cases. To account for potential dropout, we initially requested 
a minimum of 100 cases from each of the 20 participating centers. 
The inclusion process exceeded our expectations, resulting in a total 
of 3,652 cases. However, as the examiners’ initial assessments had not 
been systematically documented for most centers, we adjusted our 
evaluation strategy as detailed in the ‘Human examiner review’ section.

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

Data availability
Because the examiners did not review cases from their own centers, 
their assessments will not be made publicly available or shared, as this 
would expose the identities of the individual examiners. The image data 
used in this study are not publicly available due to privacy concerns and 
study-specific data sharing agreements with multiple medical institu­
tions across several countries that prohibit further sharing.

However, researchers interested in conducting analyses or exter­
nal model validation can submit their code as a dockerized container. 
We will run this code on our secure servers and provide the results back 
to the researchers without sharing any raw data. To initiate a request, 
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please contact the corresponding author with a complete study pro­
tocol, including a clear research purpose and a detailed description 
of the proposed analysis. Detailed instructions will be provided upon 
approval of the request.

Requests from academic investigators without relevant conflicts 
of interest and intended for noncommercial use will be evaluated 
within 2 months based on institutional policies, scientific merit and 
the availability of resources required to process the request. All other 
data supporting the findings of this study are available within the article 
and its Supplementary Information files.

Code availability
The code that supports the findings of this study is under pending 
patent protection (European patent application 23220765.4) and can­
not be publicly released. The code was offered to the editors and peer 
reviewers at the time of submission for the purposes of evaluating the 
manuscript. The technical details of the model training are described 
in sufficient detail in Methods to allow replication of our experiments 
using an open-source deep-learning framework, such as PyTorch or 
TensorFlow. The ImageNet pretrained models are freely available online.

References
40.	 Van Calster, B. et al. Discrimination between benign and 

malignant adnexal masses by specialist ultrasound examination 
versus serum CA-125. J. Natl Cancer Inst. 99, 1706–1714 (2007).

41.	 Deng, J., et al. ImageNet: a large-scale hierarchical image 
database. Proceedings of the IEEE Conference on Computer Vision 
and Pattern Recognition, 248–255 (2009).

42.	 Lin, T. Y., Goyal, P., Girshick, R., He, K. & Dollár, P. Focal loss for 
dense object detection. Proceedings of the IEEE International 
Conference on Computer Vision, 2980–2988 (2017).

43.	 Cubuk, E. D., Zoph, B., Shlens, J. & Le, Q. V. Randaugment: 
practical automated data augmentation with a reduced search 
space. Proceedings of the IEEE Conference on Computer Vision 
and Pattern Recognition Workshops, 3008–2017 (2020).

44.	 Vaswani, A. et al. Attention is all you need. Adv. Neural Inf. Process. 
Syst. 30, 5998–6008 (2017).

45.	 Singhal, K. et al. Large language models encode clinical 
knowledge. Nature 620, 172–180 (2023).

46.	 Gheflati, B. & Rivaz, H. Vision transformers for classification of breast 
ultrasound images. 44th Annual International Conference of the IEEE 
Engineering in Medicine & Biology Society (EMBC), 480–483 (2022).

47.	 Loshchilov, I. & Hutter, F. Decoupled weight decay regularization. 
International Conference on Learning Representations (2019).

48.	 Esteva, A. et al. Dermatologist-level classification of skin cancer 
with deep neural networks. Nature 542, 115–118 (2017).

49.	 Rey, D. & Neuhäuser, M. Wilcoxon-signed-rank test. In: Lovric M. (ed) 
International Encyclopedia of Statistical Science (Springer, 2011).

50.	 Efron, B. & Hastie, T. Computer Age Statistical Inference: Algorithms, 
Evidence, and Data Science (Cambridge University Press, 2016).

Acknowledgements
We thank E. Bernell, R. Green, S. Jamil and S. Wickström for their 
contribution to the image annotation. We are grateful to all the 
physicians who participated in the external case review: B. Barczyński, 
D. Bednářová, I. Belfrage, E. Bessfelt, E. Björn, S. Bove, S. Bussolaro,  
G. Garganese, G. Delli Carpini, P. Donarini, S. Doroldi, O. Dubová,  
F. Frühauf, C. A. H. Garcia, D. Gaurilcikiene, M. Gedgaudaite,  
A. Lukosiene, R. M. Gentile, J. Klikarová, R. Kocián, K. Krantz Andersson, 
E. Krook, F. Mezzapesa, Z. Michalcová, A. Minelli, C. Paniga, I. Pino,  
V. Ravelli, C. Robertsson Grossmann, L. Säker, C. M. Sassu, L. Scalvi,  
L. Skogvard, E. Smedberg, M. Stolecki, M. Szpringer, N. Tiszlavicz,  
B. Valero, J. V. García, P. Vlastarakos, R. Zanini and B. Zsikai. The study 
was supported by the Swedish Research Council (2020-01702,  
E.E., K.S.), the Swedish Cancer Society (211657 Pi 01 H, E.E., K.S.),  

the Stockholm Regional Council (FoUl-954673, FoUI-953813, E.E.; 
FoUI-972888, E.E., K.S.; FoUI-955539, FoUI-978981, E.E., P.H.), the 
Radiumhemmet Research Fund (231143, E.E.) and the Wallenberg AI, 
Autonomous Systems and Software Program (WASP), funded by the 
Knut and Alice Wallenberg Foundation (K.S.).

Author contributions
E.E., F.C., K.S., E.K. and P.H. conceptualized and designed the study.  
E.E., P.H. and K.S. acquired the funding. A.C., A.G., C.C., C.V., D. Fischerova., 
D. Franchi, D.V., E.D., E.E., E.M., F.B., F.P.G.L., J.L.A., K.L., L.A.H., L.S., 
M.A.P., M.J.K., M.M., N.M., N.C.P., P.S., R.F. and S.G. contributed patient 
data. F.C. and E.E. contributed to the data curation. F.C., E.K., A.R.G., 
R.W., J.P.H., E.E. and K.S. contributed to the investigation, methodology, 
experiments, and validation. A.C., A.G., C.C., C.V., D. Franchi, D.V., E.D., 
E.E., E.M., F.B., F.P.G.L., J.L.A., K.L., L.A.H., L.S., M.A.P., M.J.K., M.M., 
N.M., P.S., R.F. and S.G. contributed to the human case review, which 
was setup and organized by F.C. F.C. and R.W. conducted the statistical 
analysis, visualization, and data presentation. A.R.G., F.C., R.W., E.K. and 
J.P.H. contributed to the software design and implementation. F.C. and 
E.E. administrated the project with contributions from E.K., K.S. and P.H. 
in supervising the experiment planning and execution. E.K. wrote the 
initial draft of the manuscript, with input from F.C., E.E., R.W., K.S., A.R.G. 
and P.H, and F.C. finalized and prepared the manuscript for submission. 
All authors reviewed and approved the manuscript for submission. F.C., 
R.W., A.R.G., J.P.H., K.S. and E.E. had full access to all the data in the 
study, and F.C., R.W., A.R.G. and E.E. directly accessed and verified the 
underlying data reported in the manuscript. E.E., F.C., K.S. and E.K. had 
final responsibility for the decision to submit for publication.

Funding
Open access funding provided by Karolinska Institute.

Competing interests
E.E., K.S., F.C., E.K. and P.H. have applied for a patent (European 
patent application 23220765.4) that is pending to a company 
named Intelligyn. The patent covers methods for a computer-aided 
diagnostic system to improve generalization and protect against 
bias. E.E., K.S. and F.C. hold stock in Intelligyn, where E.E. also has an 
unpaid leadership role. N.C.P.’s institution has received payments for 
activities not related to this article, including lectures, presentations, 
expert testimonies, and service on speakers’ bureaus, as well as 
for travel support. N.C.P. has been an advisory board member of 
Mindray and GE Healthcare and has held unpaid leadership roles 
in the POGS Organization of Government Institutions (and the Rizal 
Medical Service Delivery Network, which are Philippine governmental 
institutions with the aim to facilitate smooth referral of patients. The 
other authors declare no competing interests.

Additional information
Extended data is available for this paper at  
https://doi.org/10.1038/s41591-024-03329-4.

Supplementary information The online version contains supplementary 
material available at https://doi.org/10.1038/s41591-024-03329-4.

Correspondence and requests for materials should be addressed to 
Elisabeth Epstein.

Peer review information Nature Medicine thanks Usha Menon,  
Hassan Rivaz, Sudha Sundar and the other, anonymous, reviewer(s) for 
their contribution to the peer review of this work. Primary Handling 
Editor: Lorenzo Righetto, 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/s41591-024-03329-4
https://doi.org/10.1038/s41591-024-03329-4
https://doi.org/10.1038/s41591-024-03329-4
http://www.nature.com/reprints


Nature Medicine

Article https://doi.org/10.1038/s41591-024-03329-4

  3,840 cases from 20 centers

  188 excluded due to
         inadequate image quality

  3,652 cases with adequate
            image quality

  233 excluded from Stockholm
         due to no surgery

  3,419 cases with histological
            diagnosis from surgery

  3,361 cases

    58 excluded due to improper
         temporal data distribution*

           23 from Cagliari
           12 from Pamplona
           23 from Trieste

  2,660 cases assessed by
            human examiners

  701 excluded
           57 from Olbia†

         644 from Stockholm‡

Extended Data Fig. 1 | Study flow diagram. *These cases were excluded from the 
main analysis as they had not been included in compliance with our criterion on 
the temporal distribution of examination dates. † The Olbia center was excluded 
from the human review due to its limited sample size (n = 57) and its small 

number of malignant cases (n = 8). ‡ These cases were excluded in order to have 
a test set of comparable size (n = 300) to those of the other centers and to utilize 
our reviewer resources efficiently.
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Extended Data Fig. 2 | Performance of AI models and human examiners by 
level of confidence in assessment. F1 scores for (a) expert examiners and 
AI models and (b) non-expert examiners and AI models, partitioned by the 
examiner’s confidence in their assessment. For each level of confidence (certain, 

probable, uncertain), all assessments with the corresponding level of confidence 
were pooled. The box plots show the median and the 25th and 75th percentiles, and 
the whiskers indicate 95% confidence intervals through bootstrapping.
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Extended Data Fig. 3 | Subgroup analysis. Comparison of the AI models and expert and non-expert examiners, for different (a) age groups and (b) years of 
examination. The box plots show the median and the 25th and 75th percentiles, and the whiskers indicate 95% confidence intervals through bootstrapping. 
Information on patient age was missing for 125 patients.
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Extended Data Fig. 4 | Calibration curve of AI models. A calibration curve 
of the AI models is shown in solid black with 95% confidence bands in gray, 
depicting the relationship between the predicted risk of malignancy and the 
actual observed proportion of malignancy. The dotted line represents the ideal 
scenario of perfect calibration, where the predicted risks precisely match the 
observed outcomes. The histograms at the bottom depict the distributions of 

predicted risks of malignancy, for malignant and benign tumors, above and 
below the horizontal line, respectively. The calibration curve and confidence 
bands are based on local regression (loess),24 and is based on 12,673 image-level 
predictions. While not depicted in this figure, a linear logistic calibration curve 
was also fitted, yielding an intercept of −0.19 (95% CI, −0.24–(−)0.14) and a slope 
of 1.00 (95% CI, 0.96–1.03), also indicating well-calibrated risk predictions.
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Extended Data Fig. 5 | Image cropping and annotation. (a) An uncropped 
image, as provided by a participating center, and (b) the corresponding cropped 
image used for training and evaluation. Images were coarsely cropped, mainly by 

removing the outer borders and burnt-in scanner settings, and occasionally also 
excluding surrounding structures. Within the cropped images, artifacts such as 
text were blacked out by setting the pixel values to zero.
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Extended Data Fig. 6 | Saliency maps. Attention-based saliency maps from the AI 
models for a few uncropped images of a (a) serous cystadenoma, (b) tubal cancer, 
(c) urothelial cancer metastasis, (d) colorectal cancer metastasis and (e–f) serous 
borderline tumors. The attention maps demonstrate that the models focus on 

areas of clear diagnostic relevance, such as (b) vascularized and (e) irregular  
(a–c) solid components, (d) with densely packed locules and (f) papillary 
projection, while ignoring image artifacts, such as text, (e) calipers or (f) 
thumbnails.
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Extended Data Table 1 | Sensitivity/specificity of AI models and human examiners at matching specificity/sensitivity

Data are % (95% CI) or percentage points (95% CI). The p-values are based on two-sided non-parametric confidence interval tests and indicate a statistically significant difference between the 
diagnostic performance of the AI models and the human examiners, in all cases.
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Extended Data Table 2 | Sensitivity of AI models and human examiners partitioned by histological diagnosis

Data in parentheses are 95% CIs.
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Extended Data Table 3 | Center-wise summary of test dataset characteristics

The confidence represents the examiners’ average confidence in their assessments. The raw confidence scores were mapped from uncertain, probable, and certain, to 0, 0.5 and 1, 
respectively. Data are n, n (%), median (IQR) or mean (SD). Excluded cases refers to cases excluded due to inadequate image quality. Additional cases from three centers (Cagliari, Trieste  
and Pamplona) were excluded from our main analysis due to non-compliance with our criterion on the temporal distribution of examination dates.
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