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Transparent medical image AI via an  
image–text foundation model grounded  
in medical literature

Chanwoo Kim    1, Soham U. Gadgil1, Alex J. DeGrave1,2, Jesutofunmi A. Omiye3,4, 
Zhuo Ran Cai5, Roxana Daneshjou    3,4,6   & Su-In Lee    1,6 

Building trustworthy and transparent image-based medical artificial 
intelligence (AI) systems requires the ability to interrogate data and 
models at all stages of the development pipeline, from training models to 
post-deployment monitoring. Ideally, the data and associated AI systems 
could be described using terms already familiar to physicians, but this 
requires medical datasets densely annotated with semantically meaningful 
concepts. In the present study, we present a foundation model approach, 
named MONET (medical concept retriever), which learns how to connect 
medical images with text and densely scores images on concept presence 
to enable important tasks in medical AI development and deployment such 
as data auditing, model auditing and model interpretation. Dermatology 
provides a demanding use case for the versatility of MONET, due to the 
heterogeneity in diseases, skin tones and imaging modalities. We trained 
MONET based on 105,550 dermatological images paired with natural 
language descriptions from a large collection of medical literature. MONET 
can accurately annotate concepts across dermatology images as verified by 
board-certified dermatologists, competitively with supervised models built 
on previously concept-annotated dermatology datasets of clinical images. 
We demonstrate how MONET enables AI transparency across the entire 
AI system development pipeline, from building inherently interpretable 
models to dataset and model auditing, including a case study dissecting the 
results of an AI clinical trial.

Ensuring the transparency and robustness of medical AI systems 
involves assessing data and models at every stage, from model train-
ing to post-deployment monitoring. However, the tools needed to 
de-mystify ‘black-box’ medical AI systems often require medical data-
sets with dense annotations of human-understandable concepts. For 
example, for a melanoma classifier, it would be medically meaningful 

to understand the data and model using clinically relevant concepts 
such as ‘darker pigmentation’, ‘atypical pigment networks’ and ‘multi-
ple colors’. Unfortunately, obtaining such labels requires a substantial 
amount of time from domain experts and, consequently, most medi-
cal datasets have limited annotations beyond diagnoses. In contrast, 
rich annotation with the extensive clinical concepts developed by 
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In this setting, examples of clinical concepts include lesion color (for 
example, brown) and morphology (for example, nodule). MONET’s 
concept annotation capability allows meaningful trustworthiness 
analyses across all stages of the medical AI pipeline, as demonstrated 
by three use cases (Fig. 1c–e): dataset auditing, model auditing and 
construction of interpretable models.

Prior efforts to densely annotate datasets in medicine1–4 relied on 
human experts, limiting the scale of annotation. MONET overcomes 
these challenges by automatically annotating user-chosen medical  
concepts. Our framework is built on contrastive learning, an AI 
technique that enables the direct utilization of natural language 
descriptions on images5. This approach bypasses manual labeling, 
unlocking the potential of vast numbers of image and text pairs—data on a  
scale much larger than that accessible with supervised learning.

To train MONET, we collected dermatology image–text pairs 
(n = 105,550) from PubMed articles and medical textbooks. We mapped 
an image (or text) into a lower-dimensional vector (a ‘representation’) 

the medical community could enable numerous analyses. Such rich 
annotations could help researchers developing medical AI systems to 
understand biases in datasets better and detect undesirable behavior 
in these systems. Furthermore, these annotations could foster the 
development of AI systems that better align with physicians’ expecta-
tions. However, prior efforts1 have shown that obtaining these data via 
large-scale efforts by human experts is unfeasible.

In the present study, we instead leverage the collective knowledge 
of the medical community, as encapsulated in publicly available medi-
cal literature and textbooks, to teach an AI model, MONET, to richly 
annotate medical images with medically relevant concepts (Fig. 1a,b). 
Given a predefined list of concepts by users, MONET assigns scores 
to images for each concept, indicating the degree to which the image 
represents the concept. We focus on dermatology to showcase its 
versatility because dermatology has heterogeneity in disease appear-
ance across diverse skin tones and imaging conditions (for example, 
lighting, blurriness) owing to no standardized imaging practices.  
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Fig. 1 | Overview of MONET framework and its usage examples. a, Training 
procedure. MONET is trained using contrastive learning on an extensive set of 
dermatology image and text pairs collected from PubMed articles and medical 
textbooks. During the training process, the paired image and text are forced to 
be close in the joint representation space, whereas those from different pairs 
are forced to be far apart. b, Automatic concept annotation. MONET can map 
medical concepts and images on to a joint representation space. This allows 
us to determine the degree to which a user-defined concept is present in an 
image, by measuring the distance between the image and concept text prompts 
in the representation space. Its concept annotation capability enables various 
concept-driven analyses at multiple stages of the medical AI pipeline. c, Concept-

level data auditing. MONET’s automatic concept annotation capability makes 
it possible to explain the distinguishing features between two sets of data in 
the language of human-interpretable concepts. This approach facilitates the 
auditing of large-scale datasets with ease. d, Concept-level model auditing. 
MONET can be used to identify which input characteristic leads to the errors of 
medical AI models. Prob., Probability. e, Developing inherently interpretable 
models. MONET can be used to develop inherently interpretable medical AI 
models that operate on human-interpretable concepts aligning with physicians’ 
expectations. These models allow physicians to easily decipher the factors 
influencing the models’ decisions, ensuring high transparency. Figures adapted 
from refs. 11,12 with permission and from ref. 16 under CC-BY license.
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through a neural network (the ‘encoder’; Fig. 1a), creating a ‘representa-
tion space’. During training, an image and text from the same pair are 
forced into proximity in the representation space, whereas those from 
different pairs are forced to be farther apart (Methods). Once trained, 
MONET’s zero-shot capability enables annotation of a medical concept 
without a separate learning procedure (Fig. 1b and Methods). When 
a user provides an image and a list of concepts to annotate, MONET 
determines the presence of each concept in the image by calculating 
the distances between the image and concept text prompts in the joint 
representation space. After training MONET, we assessed MONET’s 
performance in annotation, as well as its performance in a variety of 
use cases related to AI transparency.

Results
Automatic concept annotation
We first assessed MONET’s concept annotation capability before  
demonstrating how it could improve the transparency and interpret-
ability of medical AI pipelines. We evaluated MONET’s concept anno-
tation ability by identifying those images with the highest concept 
presence scores using both clinical and dermoscopic images, two 
widely used dermatological image types (Methods). For our evalu-
ation, we employed clinical images (n = 4,910) from the Fitzpatrick 
17k6 and Diverse Dermatology Image (DDI)7 datasets and dermoscopic 
images (n = 71,665) from the International Skin Imaging Collaboration 
(ISIC)8–16 and Derm7pt3 datasets (Methods).

We observed that MONET successfully retrieves relevant clinical  
and dermoscopic images for a variety of dermatological terms (Fig. 2  
and Supplementary Figs. 1–3). For instance, when prompted with 
‘erythema’, describing a type of redness or violaceousness, MONET 
retrieves images exhibiting such redness, as verified by two board- 
certified dermatologists. Prompting with the concept ‘blue’ retrieves 
images of dark-blue lesions, which appear to be the result of pigmen-
tation in the dermis. MONET was also able to retrieve images with 
primary morphological features such as papules and nodules, as well 
as secondary morphological features such as ulceration.

We assessed the performance of MONET’s concept annotation 
using ground-truth concept labels from two datasets: SkinCon1 for 
clinical images and Derm7pt3 for dermoscopic images (Table 1). After 
excluding concepts with <30 positive examples, the test comprised 21 
concepts over 1,635 clinical images and 7 concepts over 1,011 dermo-
scopic images. We compared MONET’s performance with a supervised 
learning approach, training a ResNet-50 model using ground-truth 
concept labels17, and with a pre-existing contrastive image–text 
model that was not specifically trained on dermatology images but on  
400 million available image–text pairs on the web—the CLIP (Contras-
tive Language-Image Pretraining) model by OpenAI5 (Supplementary 
Methods). We found that MONET typically outperforms CLIP on both 
clinical and dermoscopic images (Table 1). This is expected, given that 
MONET is essentially a fine-tuned version of CLIP on dermatology data. 
MONET also performs competitively with the fully supervised baseline, 
with MONET often leading on clinical images and the fully supervised 
model often leading on dermoscopic images.

In addition, we conducted the same comparative analysis using 
disease labels, which can be viewed as the most fine-grained concept 
labels; we mapped the disease labels instead of SkinCon concepts to 
the image–text joint representation space. Our findings indicated 
that MONET’s performance is superior to the baseline CLIP model for 
both clinical and dermoscopic images and still comparable to that of 
supervised models for clinical images (Supplementary Table 2). Our 
finding with clinical images is consistent with a previous study, which 
found that a contrastive learning model trained on radiology images 
performed competitively with supervised learning models18.

We also evaluated the performance of MONET’s concept annota-
tion across diverse skin tones (Methods). A recent study revealed that 
state-of-the-art dermatology AI models exhibit uneven performance 

across skin tones, particularly underperforming on dark skin tones7, 
which can lead to disparities in diagnosis and clinical outcomes for 
patients with skin of color19,20. We compared MONET’s performance 
per skin tone using the Fitzpatrick skin type (FST) labels included in 
the Fitzpatrick 17k and DDI datasets and found that it demonstrates 
consistent performance (Supplementary Table 4).

Furthermore, we explored MONET’s capability to recognize non-
clinical concepts, such as artifacts that are irrelevant to the diagnosis. 
Many studies have shown that medical AI systems use such nonclinical 
concepts to make predictions, particularly when a spurious correlation 
exists between the artifacts and the prediction labels21,22, compromis-
ing the model’s generalizability23–25. The ability of MONET to identify 
such artifacts, in addition to clinical concepts, would facilitate more 
fine-grained auditing and debugging of medical AI pipelines. MONET 
successfully retrieved images with common dermatological artifacts, 
such as purple ink markings (Extended Data Fig. 1a), which dermatolo-
gists commonly use to mark lesions before biopsy, and orange stickers 
(Extended Data Fig. 1b), which appear predominately on the pediatric 
cases of the ISIC dataset. As these artifacts predominantly appear in 
certain types of images, they may inadvertently cause AI algorithms to 
associate purple ink markings with malignancy and orange stickers with 
benign lesions23–25. Also, MONET automatically identifies images with 
body location features (such as nails and hair) (Extended Data Fig. 1c,d). 
A recent study has shown that anatomical locations may play a critical 
role in the performance of dermatology AI algorithms; however, most 
datasets lack these annotations26. Furthermore, MONET identifies 
images with dermoscopic borders, which appear on a subset of dermo-
scopic images depending on the image processing pipeline (Extended 
Data Fig. 1e). We also compared quantitatively against CLIP’s ability to 
identify these artifacts and found that MONET typically outperforms 
this baseline, as measured by the number of top 100 images that indeed 
exhibit the following artifacts: purple pen markings (92 accurate with 
MONET versus 83 with CLIP), orange sticker (70 versus 54, respectively), 
hair (100 versus 97) and dermoscopic borders (95 versus 12).

Last, we examined MONET’s ability to annotate skin tones, 
motivated by the need for such annotations when analyzing skin- 
tone-related biases6,7,27–32. MONET achieved an area under the receiver 
operating characteristic curve (AUROC) of 0.805 in annotating FSTs, 
whereas CLIP achieved 0.736 (Supplementary Table 3). A supervised 
baseline (ResNet-50) outperformed MONET with an AUROC of 0.874, 
although this performance may be biased upward as a result of the 
‘internal’ testing scenario (that is, the test data are held out from the 
training data, but originate from the same distribution), whereas the 
same test data result in a more rigorous ‘external’ test scenario for 
MONET and CLIP.

In the following sections, we showcase how MONET can be used 
to improve the transparency and trustworthiness of dermatology AI 
using real-world data.

Data auditing
Ensuring that training data align with users’ expectations is a crucial 
first step toward developing AI models because many unreason-
able model behaviors stem from unidentified pitfalls in the training 
data21,23,25,33. For example, in dermatology AI, differentiating features 
between classes (that is, malignant and benign images) in the train-
ing data should not contain any spurious correlations, such as the 
pen markings used to identify biopsied lesions25. On identifying any 
irregularities, adjustments can be made, such as improving the data 
collection and processing34,35 or applying optimization techniques 
to improve generalizability22,36–38. However, existing approaches for 
examining datasets for irregularities, which require manual labeling39 
or inspection21,40, are labor intensive and thus not scalable to large 
datasets (Supplementary Discussion).

To address the issue, we employed MONET to automate data 
examination. MONET’s capability to automatically annotate concepts 
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helped identify distinguishing features between any two arbitrary sets 
of images in human-understandable terms, which we refer to as concept 
differential analysis (Methods).

We first assessed MONET’s performance at concept differential 
analysis via a benchmark: we constructed two datasets such that a  
predefined concept was differentially represented, by using 
ground-truth concept labels in SkinCon or Derm7pt, and then we 
checked whether MONET’s concept differential analysis correctly 
identified that known concept. We observed that MONET successfully 
detects differentially expressed concepts in both clinical and dermo-
scopic datasets (Supplementary Figs. 4 and 5).

As a practical use case, we employed MONET to analyze the ISIC 
dataset, the largest dermoscopic image dataset, which consists of 
>70,000 publicly available images commonly used to train dermatology  
AI models8–16,41. We divided the images into a malignant (n = 9,990) 
and a benign set (n = 60,525), assuming malignancy as the prediction 
target, and examined which concepts were more present in which set 
(Fig. 3a). We tested for 48 concepts listed in SkinCon and 7 concepts 
listed in Derm7pt along with 8 artifacts, including red coloration, pink 

coloration, purple ink markings, nails, hair, orange sticker, gel and 
dermoscopic borders.

The top five concepts in the malignant images are ulcer, 
blue-whitish veil, erosion, warty and pink coloration, whereas the top 
five concepts in the benign images are orange sticker, hypopigmenta-
tion, the color salmon, xerosis and pigment network. They encompass 
clinically pertinent features as well as spurious confounders. Skin 
ulcerations and erosions are commonly linked to malignant skin tumors 
such as melanoma, basal cell carcinoma and squamous cell carcinoma, 
making their association with malignancy logical. On the other hand, 
prediction models learning from confounding concepts may lead to 
biases and detrimental consequences. For example, dermatologists 
use orange stickers as a lesion marker and, with the ISIC dataset, this 
was predominantly used in the pediatric population which had mostly 
benign lesions. The bias in the data could lead a model to erroneously 
associate orange stickers with a low likelihood of malignancy.

Furthermore, we used this approach to assess trends specific to 
different data sources. In medicine, data sharing across institutions is 
limited owing to the sensitive nature of medical data and, in many cases, 
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Fig. 2 | Images with high concept presence scores calculated using MONET. 
The concept presence score represents the degree to which a concept is present 
in an image. Each row displays the top ten images for each concept. a, Clinical 
images from the DDI datasets. b, Dermoscopy images from the ISIC and Derm7pt 

datasets. We excluded images for public display as a result of license constraints; 
for completeness, we list the filenames of these files in Supplementary Table 1. 
The images shown are adapted from refs. 3,7,11,12 with permission and from  
refs. 13,14 under CC-BY license.
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medical AI models are developed within a few institutions and then 
distributed to other institutions for deployment. For this reason, it is 
important to understand and monitor the shifts in the concept repre-
sentations between datasets and identify factors that can compromise 
the transferability of medical AI models. The ISIC dataset contains 
images from multiple institutions and serves as an ideal resource for 
simulating situations where the development and deployment sites 
differ. In this analysis, we focused on two cohorts released in the ISIC 
Challenge 2019—the Medical University of Vienna (Med. U. Vienna, 
malignant: n = 1,824; benign: n = 8,187) and the Hospital Clínic de  
Barcelona (Hospital Barcelona, malignant: n = 6,021; benign: 
n = 6,250)—because they represent the two largest cohorts in the 
entire ISIC dataset when stratified by release year and data source. 
We performed concept differential analysis between malignant and 
benign images for each cohort separately and then compared the 
obtained concept differential expression scores between the two 
cohorts (Fig. 3b).

Sorting the test concepts by absolute differences, the top listed 
concept with opposite signs between two institutions was a ‘red’ hue. 
At Hospital Barcelona, redness positively correlated with malignancy, 
whereas at Med. U. Vienna it correlated negatively. This posits that 
redness has the potential to compromise the transferability of medi-
cal AI models between two institutions. This trend is visible in the red 
images from each cohort, as well (Fig. 3c,d). These experiments thus 
demonstrate that MONET can assist with auditing large-scale datasets.

Model auditing
Although multiple techniques have been developed to ‘audit’ a model by 
understanding the factors involved in AI decision-making42–49, numer-
ous issues have been highlighted with regard to the de facto standard 
family of techniques: saliency maps. For example, these techniques 
highlight the regions of an input image that contribute most to a 
model’s prediction42–44, but the highlighted pixels are often not easily 
translated into semantically meaningful concepts50–52.

To address this issue, we developed a method ‘model auditing 
with MONET’ (MA-MONET), which uses MONET to automatically 
detect semantically meaningful medical concepts that lead to model 
errors (Methods). MA-MONET compares concept presence scores 
between two visually similar clusters of images with large differences 
in model performances—if two visually similar clusters (one high per-
forming, the other low performing) differ in terms of a few concepts, 
these differing concept terms can be hypothesized as leading to high 
error rates.

To validate MA-MONET, we first performed a benchmarking  
analysis, using a situation where the ground truth (that is, the concepts 
leading to model error) was already known (Fig. 4a and Methods).

In the benchmarking analysis, we trained a convolutional neural 
network (CNN) to predict malignancy on a dataset where a particular 
SkinCon concept was spuriously correlated with malignancy and tested 
it on a dataset where the correlation was reversed (Supplementary 
Methods). We observed a substantial drop in mean AUROC from 0.782 
for validation sets to 0.463 for test sets, across 100 simulation settings. 
We applied MA-MONET to observe whether it identified the known 
concepts that were spuriously correlated. We measured the frequency 
of the known spurious correlation being identified by MA-MONET 
(Fig. 4b and Supplementary Fig. 6).

To showcase MONET-MA’s use in real-world scenarios, we consid-
ered a common situation in which a model is trained at one institution 
and deployed at another53,54 (Fig. 4c). Similar to our data-auditing 
experiments, we trained CNN models on one institution’s data and 
tested on data from another.

The performance of an AI model trained on Med. U. Vienna 
dropped between internal and external validation (AUROC 0.883 and 
0.697, respectively), which may prompt developers to question which 
input characteristics led to errors. Application of MA-MONET identified 
characteristics associated with high error rates (Fig. 4d and Supple-
mentary Fig. 7), such as a cluster of images labeled ‘blue-whitish veil’, 
‘blue’, ‘black’, ‘gray’ and ‘flat topped’. Identified characteristics also 
included terms related to ‘red’ (for instance, Supplementary Fig. 7i) 
where malignant images are predominantly misclassified as benign, 
in alignment with our data-auditing experiments.

Conversely, we trained an AI model on Hospital Barcelona data and 
tested it on Med. U. Vienna data, observing the AUROC drop from 0.832 
in internal validation to 0.717 in external validation. In MA-MONET 
results, the cluster with the highest error rate was characterized by the 
concepts ‘erythema’, ‘regression structure’, ‘red’, ‘atrophy’ and ‘hyper-
pigmentation’ (Fig. 4e and Supplementary Fig. 8). This observation 
also aligned with the trends noted in the data-auditing experiment.

Inherently interpretable model building
In medicine, inherently interpretable models, such as concept bottle-
neck models (CBMs)55,56, are of particular interest because they allow 
physicians to easily decipher the factors influencing a model’s decision. 
Unlike complex black-box models, CBMs make predictions in a two-step 
manner: first, they predict concepts from the input using a CNN (that is, 
input → concept); then, they use these predicted concepts to predict the 
target output via a linear model (that is, concept → output). As each node 
in the bottleneck layer represents a human-interpretable concept, CBMs 
offer a greater ability to explain. Furthermore, CBMs facilitate the incor-
poration of domain knowledge into models by imposing constraints  
on the concepts used, giving better control over model behavior.

However, CBMs are limited because they require concept anno-
tations in the training data and such data are not always available. 
We thus evaluated whether MONET’s automatic concept annotation 
could eliminate the need for manual concept labeling and facilitate 
CBM development.

We explored the application of MONET and CBMs for melanoma 
and malignancy prediction, the most common prediction tasks for 
dermatology AI models. We first compared ‘MONET + CBM’, our auto-
matic concept scoring approach (Fig. 5a and Methods) with the manual 
labeling method (Fig. 5b). For both targets, the manual approach’s 
training set was about a third of MONET + CBM’s because it is limited 
to images with SkinCon labels; MONET + CBM uses all training samples 
and concepts because it can automatically annotate concepts without 
expert labeling. We observed that access to a larger number of concepts 
and samples enhanced performance (Fig. 5b–e). Although the manual 
approach improved with more data, it still fell short of MONET + CBM, 
which benefits from a larger sample size (Methods).

Next, we benchmarked MONET + CBM against other baselines, 
such as supervised black-box models and CLIP-based CBM, neither of 
which requires ground-truth concept labels (Methods). This allowed 

Table 1 | Performance of MONET’s concept annotation 
compared with the baselines

Method AUROC ± s.d. (no.)

Labels in SkinCon Labels in Derm7pt

MONET 0.767 ± 0.086 (19/21) 0.704 ± 0.081 (4/7)

CLIP 0.691 ± 0.113 (8/21) 0.563 ± 0.069 (1/7)

ResNet-50 (fully supervised) 0.703 ± 0.086 (11/21) 0.793 ± 0.069 (6/7)

We used concept labels in the SkinCon and Derm7pt datasets as ground truth. Of the 48 
concepts in the SkinCon dataset, we excluded any with <30 positive examples, leaving 21 
concepts for our analysis. All 7 concepts in Derm7pt had ≥30 positive samples. The baseline 
methods are CLIP, an image–text model not specifically trained on dermatology images, 
and the ResNet-50 model trained on ground-truth labels in a fully supervised manner. We 
compared the performance using the AUROC across concepts with ground-truth labels. 
We examined AUROC to report the models’ performance across all operating points. 
Performances were reported as mean AUROC ± s.d. across concepts. The numbers in 
parentheses represent the count of concepts for which the method achieves an AUROC >0.7 
and the total number of concepts examined.
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malignant images and benign images in the ISIC dataset. We showed the top ten 
concepts with positive values and the top five concepts with negative values. 
A positive value means that the concept was more present in the malignant 
images than in the benign images, and vice versa. b, Concept differential analysis 
between malignant and benign images per data source in the ISIC dataset to 
identify data-source-specific trends. The purple bar represents the output  
from Med. U. Vienna and the green bar the output from Hospital Barcelona.  
We showed the top 15 concepts based on their absolute differences between the  
2 cohorts. c, Examples of red images in each cohort. We displayed 10 randomly 

selected images from the top 100 images in each cohort that had high concept 
expression scores for redness. d, Precision-recall curve for images in each 
cohort. The images in each cohort were sorted based on their concept presence 
scores for redness and then compared with their malignancy labels. Precision 
was defined as the proportion of malignant images above a certain threshold 
out of all images above that threshold, whereas recall rate was defined as the 
proportion of malignant images above the threshold out of all malignant images. 
The top 500 and top 1,000 red images from Hospital Barcelona still contain more 
malignant than benign samples. The figures have been adapted from refs. 11,12 
with permission and from ref. 16 under CC-BY license.
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us to use other larger datasets lacking concept labels and task-relevant 
curated concepts in the bottleneck layer. Dermatologists selected 
ten target-relevant curated concepts for the bottleneck layer of 
MONET + CBM and CLIP + CBM, which can both flexibly label concepts.

For predicting malignancy and melanoma from clinical images, 
MONET + CBM outperforms all baselines in terms of the mean AUROC 
(malignancy: 0.815, melanoma: 0.881) and one-sided, paired Student’s 
t-tests (P < 0.01) (Fig. 5f,g). This demonstrates that MONET enables the 
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creation of models that are both interpretable and high performing. We 
also verified whether the way MONET + CBM uses these concepts aligns 
with established clinical rules (Fig. 5h,i). For the melanoma target, the 
results are consistent with the ABCDEs of melanoma57—asymmetry, 
border irregularity, color variation, diameter and evolution—that  
differentiate malignant melanomas from benign melanocytic nevi. All 
concepts that coincide with the ‘ABCDEs’ of melanoma (for example,  
asymmetry) get a positive weight, whereas the concepts ‘white’ and  
‘regular’ get a negative weight. For the malignancy target, no well- 
defined guidelines exist for deriving concepts, but we observed similar 
trends to melanoma prediction.

For dermoscopic images, we employed images from the ISIC data-
set (Methods). In the same analysis as with the clinical images, we found 
that the supervised black-box models consistently outperformed in 
both malignancy and melanoma prediction tasks (Fig. 5j–k). Our inves-
tigation into the linear classifiers’ weights shows general alignment 
with prior knowledge (Fig. 5l,m); for melanoma prediction, the con-
cepts ‘erosion’ and ‘multiple colors’ have high positive weights, ‘tiny’ 
has a high negative weight and ‘blue’ has a positive weight, referring to 
the dermoscopy concept of blue-whitish veils observed in melanomas.

We further evaluated our models for a common scenario: train-
ing at one institution and deploying at another. Following the setup 
from the model auditing section, we trained models on images from 
Hospital Barcelona (n = 12,271; 6,021 malignant versus 6,250 benign) 
and tested on images from Med. U. Vienna (n = 10,011; 1,824 malignant 
versus 8,187 benign) and vice versa (Extended Data Fig. 2). For both 
prediction targets in each scenario, we found that black-box models  
exhibited substantial generalization gaps (that is, performance  
drops between internal and external test sets), whereas MONET + CBM 
exhibited better external performance and smaller generalization gaps 
(Extended Data Fig. 2).

Last, we explored how concept selection affects MONET + CBM’s 
performance, particularly whether task-relevant concepts in bottleneck 
layers enhanced a model’s performance. We compared CBMs operating 
on our curated, task-relevant concepts against those using SkinCon con-
cepts, which, although clinically relevant, were not specifically tailored 
for melanoma or malignancy predictions. Our extensive testing with  
various concept subset sizes showed that CBMs with our curated 
concepts consistently outperformed those with SkinCon concepts in  
all cases (Extended Data Fig. 3). Notably, in interinstitution transfer scenar-
ios, CBMs leveraging all 10 of our curated concepts even surpassed those 
using all 48 SkinCon concepts. In addition, we investigated the implica-
tions of including the concept ‘red’ in the bottleneck for MONET + CBM’s 
performance in interinstitution transfer settings (Supplementary 
Table 5), because the concept ‘red’ was identified as one that exhibits  
differing associations with malignancy between the two institutions,  
which could potentially degrade the model’s generalization capabilities. 
We observed that adding ‘red’ increases validation AUROC but decreases 
test AUROC in both transfer settings, as expected. These observa
tions demonstrate that careful curation of concepts in MONET + CBM  
enables control of model behavior and leads to benefits in performance.

In summary, MONET enables building an inherently interpretable 
model by annotating concepts at scale.

Assessing a clinical trial of a dermatology AI algorithm
To further demonstrate applications of MONET in the real world, we 
applied MONET to better understand failure cases in a recent prospec-
tive clinical trial (PROVE-AI) of a dermatology AI algorithm (ADAE)15. 
As this model had very high sensitivity, we expanded on the subgroup 
analyses performed in the trial to help explain the lower-than-desired 
specificity (0.341). Based on MONET’s analysis, additional concepts 
(Supplementary Table 6 and Supplementary Figs. 9 and 10), including 

Fig. 5 | Concept bottleneck model. a, CBM built using concepts annotated 
by MONET (blue). The model first annotates concepts using MONET and then 
predicts disease labels by combining them via a linear model. The CBM was 
built using concepts manually labeled by experts (purple). b–e, Performance of 
malignancy (b,c) and melanoma (d,e) prediction models trained using manual 
labels (SkinCon) with respect to the number of concepts and the number of 
expert-labeled samples. MONET + CBM is shown as a cross mark because it can 
utilize all concepts without expert annotation. We used clinical images from the 
Fitzpatrick 17k and DDI datasets, which accompany 48 SkinCon concept labels 
for a subset of the images, and used those 48 concepts in the bottleneck layer. For 
malignancy prediction, we used all images (n = 4,910; 1,129 malignant versus 3,781 
benign), whereas, for melanoma prediction, we used filter images to mirror well-
defined clinical tasks (n = 769; 321 melanomas versus 448 melanoma look alikes). 
f,g, Performance comparison of malignancy (f) and melanoma (g) prediction 
models for clinical images. Unlike b–e, MONET + CBM uses task-relevant 
concepts curated by dermatologists. We compared AUROC values between 
MONET + CBM and other methods using one-sided, paired Student’s t-tests 
(Methods): for malignancy, P values were 5.182 × 10−3 for CLIP + CBM, 1.732 × 10−6 
for supervised (ResNet-50) and 9.985 × 10−6 for linear probing (ResNet-50); for 
melanoma, 2.315 × 10−9, 2.084 × 10−5 and 2.615 × 10−5, respectively. h,i, Coefficient 

of the linear model in MONET + CBM for malignancy (h) and melanoma (i) 
predictions on clinical images. Each dot represents the coefficient from one of 
n = 20 different train–test splits. j,k, Performance comparison of malignancy 
(j) and melanoma (k) prediction models for dermoscopic images. We used 
images from the ISIC dataset: for malignancy prediction, 70,515 images (9,999 
malignant versus 60,516 benign) and, for melanoma prediction, 43,678 images 
with disease-specific labels (5,900 melanoma versus 37,778 non-melanomas). In 
one-sided, paired Student’s t-tests, as performed in f and g, the following P values 
were observed: for malignancy: 1.105 × 10−18 for CLIP + CBM, 1 for supervised 
(ResNet-50) and 1 for linear probing (ResNet-50); for melanoma, 4.419 × 10−22, 
1 and 1, respectively. l,m, Coefficient of the linear model in MONET + CBM for 
malignancy (l) and melanoma (m) predictions on dermoscopic images. For each 
setting of b–m, evaluations are repeated with n = 20 different train–test splits. 
The shaded areas, error bars and box plots are shown for the 20 evaluations. The 
shaded areas and error bars indicate the 95% confidence interval, with the center 
line representing the mean. In the box plots, the boxes represent the interquartile 
range (IQR) with their lower and upper bounds corresponding to the first and 
third quartiles, respectively, and the center lines indicate the medians. The 
whiskers extend to 1.5× IQR from the box. Each dot represents the value from 
each evaluation. The figures have been adapted from ref. 16 under CC-BY license.

Fig. 4 | Concept-level model auditing. a, A benchmark analysis to see how well 
MA-MONET can identify the semantically meaningful concepts that lead to 
model error. To this end, we generated settings where we knew the ground truth 
(that is, concepts that lead to model errors); we created a training and a test 
dataset with spurious correlation (corr.). We used MA-MONET to identify which 
concepts led to model error for an AI model trained on this confounded dataset. 
MA-MONET returned a ranked list of concepts that explain model errors. b, The 
frequency (freq.) of the known spurious correlation recovered by MA-MONET. 
We compared MONET’s frequency with that of the out-of-the-box CLIP model5 
and found that the results are markedly inferior to MONET: the low-performing 
clusters being analyzed in each setting are the same for both methods, but 
the comparison of concept presence between the high-performing and low-
performing clusters is done using CLIP instead of MONET. c, A malignancy 

prediction model trained using images from one institution and tested on images 
from another. d, A model trained on the Med. U. Vienna dataset and tested on 
the Hospital Barcelona dataset. e, A model trained on the Hospital Barcelona 
dataset and tested on the Med. U. Vienna dataset. d,e, Each row displaying one of 
the top five clusters, sorted by high error rates. For each cluster, we showed the 
misclassified images and the corresponding concepts associated with errors. 
We represented the true and predicted labels for each image by the color of the 
upper left and lower right triangles in the small box, respectively. The numbers at 
the top right compare the number of malignant and benign samples for the true 
and predicted labels. The five misclassified images shown for each are selected 
based on the average concept presence of the identified concepts. The figures 
have been adapted from refs. 7,11,12 with permission.
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‘poikiloderma’, ‘pink’ and ‘erythema’, are associated with low speci-
ficity. These concepts were not present in the original metadata and 
thus could not have been identified by the original subgroup analyses 

without costly annotation of numerous concepts. Indeed, a review of 
the top 100 benign images for each of those above concepts shows a sta-
tistically significant level of misclassification (Supplementary Table 6).

Images

a

b

f g

h i

j k

l m

c d e

Asymmetrical

Concepts
MONET Malignancy/

melanoma

Linear model Linear model

Task

Concept layer Concept layer

Malignancy/
melanoma

Task

1.00
Malignancy (clinical)

AU
RO

C
AU

RO
C

Malignancy (clinical) Melanoma (clinical)

Malignancy (clinical)

Malignancy (dermoscopic)

Malignancy (dermoscopic)

Coe�icients of linear model Coe�icients of linear model

Melanoma (dermoscopic)

Melanoma (dermoscopic)

Melanoma (clinical)

Malignancy (clinical) Melanoma (clinical) Melanoma (clinical)

0.95
0.90
0.85
0.80
0.75
0.70
0.65
0.60
0.55
0.50

1.00

Asymmetry
Irregular

Erosion
Black
Blue

White
Brown

Multiple colors
Tiny

Regular

Asymmetry
Irregular

Erosion
Black
Blue

White
Brown

Multiple colors
Tiny

Regular

Asymmetry
Irregular

Erosion
Black
Blue

White
Brown

Multiple colors
Tiny

Regular

Asymmetry
Irregular

Erosion
Black
Blue

White
Brown

Multiple colors
Tiny

Regular

–2 –1 0

MONET + CBM
CLIP + CBM MONET + CBM

CLIP + CBM

Supervised

Supervised Linear probing

Linear probing

1 2
Coe�icients of linear model Coe�icients of linear model

3 4 5 6 –2–3 –1 0 1 2 3 4 5 6 7 8 9

–2–3–4 –1 0 1 2 3 4 –2–3–4–5–6–7 –1 0 1 2 3 45 6 7 8

0.95

0.90

0.85

0.80

0.75

0.70

0.65

0.60

0.55

0.50

AU
RO

C

1.00

0.95

0.90

0.85

0.80

0.75

0.70

0.65

0.60

0.55

0.50

1.00

0.95

0.90

0.85

0.80

0.75

0.70

0.65

0.60

0.55

0.50

1.00

0.95

0.90

0.85

0.80

0.75

0.70

0.65

0.60

0.55

0.50

0 0 0 0 100 200 30010 20 30 40 50500

MONET + CBM (SkinCon) 

MONET + CBM (curated) CLIP + CBM (curated) Supervised (ResNet-50) Linear probing (ResNet-50)

MONET + CBM (curated) CLIP + CBM (curated) Supervised (ResNet-50) Linear probing (ResNet-50)

Manual label (SkinCon)

1,00010 20 30
No. of concepts No. of expert-labeled samples No. of concepts No. of expert-labeled samples

40 50

1.00
0.95
0.90
0.85
0.80
0.75
0.70
0.65
0.60
0.55
0.50

1.00
0.95
0.90
0.85
0.80
0.75
0.70
0.65
0.60
0.55
0.50

1.00
0.95
0.90
0.85
0.80
0.75
0.70
0.65
0.60
0.55
0.50

Images

Asymmetrical

Concepts

http://www.nature.com/naturemedicine


Nature Medicine | Volume 30 | April 2024 | 1154–1165 1163

Article https://doi.org/10.1038/s41591-024-02887-x

Discussion
Even with the regulatory approval of AI-supported medical devices, 
much of the AI pipeline is not transparent from large-scale datasets, 
which may contain biases, to so-called ‘black-box’ models that are not 
easily audited or interpretable41. One approach to improving trans-
parency and trustworthiness is identifying semantically meaningful, 
human-understandable concepts present in datasets or used by models. 
However, to date, all datasets and methods developed using concepts 
have relied on human labeling and domain experts, which is intractable 
for large-scale, real-world deployment.

In the present study, we used an image–text foundation model  
for automated concept labeling in a medical domain that would  
usually require domain expertise and we showcased how these auto-
matically annotated concepts could be used to perform tasks for trust-
worthy AI development at all stages, from developing new models to 
auditing existing datasets and models. We focused on dermatology  
owing to the heterogeneity of the image data, the large number 
of potential concepts and the ability to validate our methods on  
existing datasets.

Prior work using image–text foundation models in medicine 
focused on self-supervised training for diagnostic tasks, such as in 
radiology or pathology18,58. MONET is not intended to be a diagnostic 
model; rather, we aimed to develop a model that can label a vast num-
ber of human-understandable concepts across two image modalities 
within dermatology: clinical and dermoscopic images. To solve this 
challenge, we collected a large number of dermatology image–text 
pairs from PubMed articles and medical textbooks and trained an 
image–text model, MONET. MONET facilitates large-scale annotation 
of concepts and we showed its utility in improving the transparency 
and explainability of dermatology AI systems. We anticipated that 
similar approaches could be applied to other medical domains and to 
updated models as image–text AI systems evolve. For instance, recently 
proposed updates to CLIP solve technical issues—such as failure to 
account for synonyms—by leveraging external medical databases59 or 
knowledge embedded in large language models60,61, and our core idea 
of concept annotation is readily adaptable to these updates.

For a concept annotation task, using domain-expert labels as 
the ground truth, we found that MONET, which requires no expert 
labeling, outperformed the baseline CLIP model for both clinical and 
dermoscopic images and a supervised model trained on expert labels 
for clinical images. Supervised models performed best on dermoscopic 
images, possibly because the training data for MONET contain a larger 
proportion of clinical images than dermoscopic images. However, in 
our tests, the performance of MONET for labeling concepts in dermo-
scopic images was sufficient for tasks such as data and model auditing. 
Our findings demonstrate that image–text foundation models, built 
from medical corpora, can overcome the bottlenecks of data labeling 
and domain expertise.

After demonstrating MONET’s ability to annotate concepts, we 
showcased its ability to facilitate AI auditing and transparency in der-
matology. For example, artifacts such as pen markings, stickers and 
hair are known to affect dermatology model performance25,62. However, 
most studies do not assess the influence of artifacts on their models 
because their datasets are not labeled with these. We demonstrated 
MONET’s ability to automatically identify these artifacts, aiding in both 
data and model auditing. As an example of how this kind of auditing is 
useful, we analyzed data from the ISIC 2019 challenge and found differ-
ences in the association of a ‘red’ hue and malignant images across dif-
ferent institutions. This may lead to confounding if a model is trained on 
one site’s dataset and tested on another, as we see when we implement 
MA-MONET for model auditing. These insights derived from using 
MA-MONET might not be readily achievable via conventional saliency 
map techniques50–52 because the ‘red’ hue is not a localized attribute. 
Utilizing the insights gained through MONET and MA-MONET, AI model 
developers can refine data collection and processing and also improve 

optimization techniques, consequently fostering the development of 
more reliable and trustworthy medical AI models.

In medicine, inherently interpretable models could enable physi
cians or developers to decipher the factors influencing a model’s  
decision. CBMs are one such inherently interpretable model but have 
been limited because they require a priori concept labels, available in 
only a handful of medical datasets. MONET overcomes this issue with 
automatic concept labeling, allowing the creation of CBMs that were 
previously impossible. In our study, we showcase CBMs for malignancy 
and melanoma detection to demonstrate what is possible; however, 
these models are not meant for diagnostic use without additional 
rigorous testing across larger datasets.

We envision that MONET will impact the clinical deployment 
and monitoring of medical image AI systems by enabling more thor-
ough auditing63–65. For instance, MONET or derivative systems could  
be integrated to help monitor for shifts in input data that may  
affect the performance of clinically deployed models66–68. We antici-
pate that MONET will facilitate active involvement of physicians in 
the development and oversight of medical AI systems. Their expertise 
will be crucial in guiding MONET’s applications and contextualizing 
its outputs.

In addition, MONET could be used to analyze the fairness of medi-
cal AI systems. We found that MONET could annotate skin-tone labels 
and this could be used for auditing the fairness of medical datasets, 
for instance by identifying concepts that are differentially expressed 
across skin tones. In our view, the performance necessary for real-world 
use of these labels is unclear and we caution users to evaluate MONET’s 
suitability on a case-by-case basis.

As with all methods, MONET has limitations. Although MONET 
successfully annotated a variety of concepts in our testing, these tests 
do not guarantee the quality of all annotations and, in particular, we 
expect that MONET will struggle to score concepts absent in its training 
data. Although our use of a large, diverse body of training data miti-
gates this concern, users should assess performance in their specific 
use cases. Moreover, MONET was developed specifically for medical 
concept annotation and is not meant to be used for diagnostic tasks. 
As MONET is trained on data that may exhibit biases, MONET too may 
exhibit biases. Although we verified that MONET performs well across 
skin tones when testing on clinical images, we were unable to examine 
performance across skin tones in dermoscopic images as a result of the 
unavailability of diverse dermoscopic datasets27. In addition, MONET 
could also demonstrate biases unrelated to skin tone.

In summary, our study demonstrates that AI transparency  
and trustworthiness at scale are feasible in a way that was previously 
impossible: through image–text models tailored to the medical domain 
of interest.
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Methods
Dataset
Overview. We trained MONET on 105,550 pairs of images and  
texts collected from PubMed articles and medical textbooks69,70. We 
evaluated MONET using both clinical and dermoscopic images, two 
widely used dermatological image types. Dermoscopic images are 
captured using digital photography with a specialized dermatological  
instrument called a dermatoscope. This magnifies skin lesions to cap-
ture fine details, whereas clinical images are often taken at least 6 cm 
away with a digital camera. For evaluation, we used clinical images from 
the Fitzpatrick 17k6 and DDI7 datasets and dermoscopic images from 
the Derm7pt3 and ISIC8–16 datasets.

PubMed. The PMC Open Access Subset is a dataset with millions of 
scientific articles released by PubMed Central (PMC)69. First, to find 
dermatology articles in the dataset, we queried papers in the PMC using 
dermatology-related terms (that is, dermatology, melanoma, skin 
cancer), 114 disease labels in the Fizpatrick17k dataset and 48 concept 
labels in SkinCon1. We downloaded 496,510 articles found via this query. 
In total, the articles contained 3,172,490 figures. Next, we filtered out 
non-dermatology-related figures (for example, graphs, illustrations, 
diagrams, slide images and X-ray images). To this end, we repeated the 
process of running a clustering algorithm on the images and manually 
excluding groups of non-dermatology ones (see Supplementary Meth-
ods for full details). Postfiltering, 50,265 images remained. Finally, we 
paired the figure captions with their corresponding images based on 
the provided XML-formatted files. This file stores the article’s struc-
ture with components such as abstract, sections, figures and figure 
legends tagged.

Textbook. We first extracted images from 55 medical textbooks, yielding  
a total of 104,223 images. After undergoing the same filtering proce-
dure as we did for PubMed images, 55,285 images remained. The PDF 
format of the textbooks made matching images with associated text 
difficult, because PDFs lack the structure information provided by 
XML formats. To address this issue, we implemented the following 
procedure. We used PyMuPDF (v.1.21.1), an open-source PDF render-
ing software, to parse the PDF files, extracting text and image objects 
along with their respective coordinates. Then, we assigned text to 
images appropriately based on the handcrafted rules described in Sup-
plementary Methods. Finally, by combining these two refined datasets 
from PubMed articles and medical textbooks, we compiled the train-
ing set comprising 105,550 pairs of images and texts, with the quality 
evaluation of this training data detailed in Supplementary Methods.

Fitzpatrick 17k. As the PubMed and textbook datasets contain clinical 
(that is, non-dermoscopic) images, for evaluation purposes we required 
additional clinical images with ground-truth annotations. As the first of 
these datasets, we chose Fitzpatrick 17k6, which contains dermatological  
images collected from online dermatology atlases accompanied by 
disease annotations and FST labels.

We performed multiple steps of quality control on the dataset to 
ensure the validity of our analysis. First, to reduce the impact of arti-
facts in the images, we filtered the dataset to exclude images with visible 
patient clothing, visible anatomy (for example, fingers, ears, eyes), or 
other elements except for lesions and background skin. We fine-tuned 
a DenseNet-121 (ref. 71) (pretrained on ImageNet) to identify images 
with such artifacts (Supplementary Methods). This filtering resulted 
in a total of 4,951 images. Also, Fitzpatrick 17k contains near duplicate 
images with slight differences in angle or cropping; we filtered for 
duplicate images to prevent overlap between the train and test sets for 
the CBM experiments. The filtering was done by calculating pairwise 
cosine similarity between the images, based on the EfficientNetV2-S 
model embedding (pretrained on ImageNet)72 (Supplementary Meth-
ods). After this filtering, we had a total of 4,386 images. In addition, we 

excluded images overlapping with the MONET training data because 
the overlaps have the potential to inflate the performance of MONET. 
To this end, we used an approach similar to the duplicate removal 
process described above (Supplementary Methods); for each image 
in Fitzpatrick 17k, we measured the distance to every image from the 
training data. Through this process, we removed the identified 50 
images, leaving 4,336 images. Last, we excluded 62 images that were 
marked as ‘Do not consider this image’ (that is, images of low quality 
or considered inappropriate) in the SkinCon dataset. This led to a final 
dataset of 4,274 images.

In addition, for melanoma prediction tasks, among the 113 
fine-grained diagnosis labels, we further refined the data to include 
only melanomas and melanoma look alikes, such that the data mirror 
a well-defined clinical task. In line with the disease-filtering criteria 
outlined by DeGrave et al.50, we included melanomas, benign melano-
cytic lesions, seborrheic keratoses and dermatofibromas, resulting in 
a total of 494 images.

DDI. As a second set of clinical images with ground-truth labels, we 
chose the DDI dataset. DDI contains 656 clinical images of diverse skin 
tones, obtained from Stanford Clinics7, accompanied by annotations 
of FST and histopathologically proven diagnoses. Again, we excluded 
20 images that were marked as ‘Do not consider this image’ in the  
SkinCon dataset, resulting in the final dataset of 636 images. Similar to 
our approach with the Fitzpatrick 17k dataset, we investigated and found 
no duplicate images. In addition, we checked for overlapping images 
with the MONET training dataset and confirmed that none existed. For 
melanoma prediction tasks, we narrowed down the dataset to include 
only melanomas and melanoma look alikes, resulting in a total of 275 
images, following the approach used by DeGrave et al.50. The diagnosis 
labels used for filtering are described in Supplementary Methods.

SkinCon. SkinCon is at present the most comprehensive dataset on 
dermatology concepts1. The dataset features 48 concepts, curated by 
board-certified dermatologists, that are frequently used to describe 
skin lesion attributes such as shape, size, color and texture. The  
dermatologists manually annotated the ground-truth labels for these 
concepts on 3,230 images from the Fitzpatrick 17k dataset, which 
originally consisted of 16,577 images, and all 656 images from the 
DDI dataset. Of the 4,274 images in the Fitzpatrick 17k dataset that we 
obtained after filtering, 999 had SkinCon annotations. Among the 494 
images in the Fizpatrick17k dataset used for the melanoma prediction 
task, 93 had annotations. All the images in DDI had annotations.

Derm7pt. As the SkinCon dataset had concept annotations for clinical  
images only, we needed an additional concept dataset to evaluate 
MONET’s performance on dermoscopic images. For this purpose, we 
used Derm7pt, namely the seven-point dermatology checklist dataset, 
consisting of 1,011 dermoscopic images and 1,002 corresponding 
clinical images (some were missing in the dataset), all derived from 
the same 1,011 lesion cases3. The dataset provides annotations for 
seven dermatological concepts: ‘pigment network’, ‘blue-whitish veil’, 
‘vascular structure’, ‘pigmentation’, ‘streaks’, ‘dots and globules’ and 
‘regression structures’. For quantitative evaluations, we converted 
concepts with multi-class annotations into binary labels (that is, pre-
sent and absent). For our analysis, we utilized the 1,011 dermoscopic 
images from Derm7pt. We restricted our analysis to dermoscopic 
images because those concepts are primarily dermoscopic features. 
Although Derm7pt covered fewer concepts than SkinCon, it served as a 
valuable resource for assessing MONET’s concept annotation capability 
on dermoscopic images. As we did for the Fitzpatrick 17k dataset, we 
thoroughly checked the images and found that there are no duplicates 
or overlaps with the MONET training data. The dataset also contained 
labels for 14 diseases, which we used for evaluating MONET’s disease 
label annotation performance.
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ISIC. The ISIC archive is a repository of digital skin images, primarily 
consisting of dermoscopic images, sourced from various institutions. 
ISIC represents the largest and the most commonly used dataset for  
the development of dermatology AI models41. We used this dataset 
to demonstrate that MONET facilitates transparency analyses for 
large-scale datasets. We downloaded 71,670 images in total from all 
of the ISIC collections, including ISIC Challenge datasets 2016, 2017, 
2018, 2019 and 2020 (refs. 8–16). The images have diagnostic attributes, 
including binary malignancy versus benign labels, and 27 granular 
disease labels. We first excluded 36 images labeled as ‘overview’, which 
depicted the whole torso. In addition, as we did for the Fitzpatrick 
17k dataset, we examined duplicates or overlaps with the MONET 
training data. We found 959 sets of duplicates and 6 overlaps. After 
exclusion, 70,654 images remained. For per-institution analysis, we 
grouped images by data sources based on the attribution column in 
the metadata. We selected the two largest cohorts: the Department of 
Dermatology at Med. U. Vienna (10,011 samples) and the Department of 
Dermatology at Hospital Barcelona (12,271 samples). For the analysis 
of All Data Are Ext (ADAE) algorithms, we used the PROVE-AI study 
dataset available in the ISIC archive. It had 603 images, consisting of 
95 melanomas and 508 non-melanomas15. There were no duplicates or 
overlaps with the MONET training data.

MONET
Formally, let fimage ∶ 𝒳𝒳image → ℝd  be the MONET image encoder and 
ftext ∶ 𝒳𝒳text → ℝd be the MONET text encoder. Given a dataset of paired 

images I ∈ Ximage and text descriptions T ∈ 𝒳𝒳text, Dpaired = (Ii,Ti)
npaired
i=1 , our 

goal is to train the two encoders such that the distances between pairs 
of embeddings, dist ( fimage (Ii) , ftext (Tj)), reflect the semantic similarity 
between Ii and Tj for all i,j ≤ npaired.

Architecture. We used the vision transformer architecture, ViT-L/14, as 
our image encoder73. This encoder took an input image of size 224 × 224 
and output a 768-dimensional embedding. For the text encoder, we 
used a transformer architecture with 12 self-attention layers. It took 
tokenized text with a maximum limit of 77 tokens as input and output  
a 768-dimensional embedding. We used the same architecture as  
CLIP5 to take advantage of the weights from pretrained models.

Preprocessing. To meet the input requirements for the encoder  
architectures, we processed image and text inputs as follows. Each 
input image was resized and center cropped to dimensions 224 × 224. 
It was then normalized using the mean and s.d. used in ImageNet74. 
Throughout the training phase, we applied standard data augmenta-
tion steps instead, such as random resized crops, vertical flips, hori-
zontal flips and color jittering for brightness, contrast and saturation. 
For each input text, we applied tokenization using lower-case byte 
pair encoding75. In cases where the text encountered during training 
was longer than the text encoder’s maximum token limit of 77, we split 
the text into sentences and chose half of them from the beginning.  
We repeated this process until the token count was reduced to ≤77.

Training. We used cosine similarity as the distance metric. Both enco
ders were jointly trained to maximize the cosine similarity between 
the image and text embeddings of the correct pairs while minimizing 
the cosine similarity between the embeddings of incorrect pairings. To 
this end, we used a symmetric cross-entropy loss on cosine similarity 
scores; after calculating the cosine similarities between embeddings, 
we scaled them by a temperature parameter and normalized them into 
a probability distribution with the softmax function. The tempera-
ture parameter was also updated during training. We optimized the  
loss using the Adam optimizer76 with a cosine learning rate schedule 
for ten epochs. This implementation detail followed that of CLIP5.

For hyperparameter tuning, we split the dataset into training and  
validation sets and found hyperparameters that result in the best 

validation loss; we used validation loss for hyperparameter tuning 
because there is no large-scale ground-truth label for evaluating con-
cept annotation performance. We tuned the hyperparameter of batch 
size (128, 256, 512, 1024) and learning rate (1 × 10−3, 1 × 10−4, 1 × 10−5, 
1 × 10−6). We found that the larger batch size resulted in lower valida-
tion loss until a batch size of 512 was reached. We also found that the  
learning rate of 1 × 10−5 leads to the lowest validation loss. Using the 
tuned hyperparameters, we trained the model on the whole dataset 
for ten epochs. We used six Nvidia A40 graphics processing units  
with data parallelism. Model training took 1 h and 40 min.

Automatic concept annotation
During the training procedure of image and text encoders, an image 
and its corresponding text from the same pair were forced to be close 
to each other in the embedding space, whereas those from different 
pairs were forced to be far apart. After training, MONET could measure 
the proximity between an image and any arbitrary text. We used this 
capability to automatically annotate concepts for images.

To annotate a concept c for a given batch of N images I1, I2,⋯ , IN, we  
first computed the image embeddings fimage (I1) , fimage (I2) ,⋯ , fimage (IN) 
using the image encoder fimage. We also computed the concept prompt 
embedding, ftext (Tc), and reference prompt embedding, ftext (Tr), using 
the text encoder, where Tc is a concept prompt (for example, ‘This is 
skin image of …’) and Tr is a reference prompt (for example, ‘This is skin 
image’). Supplementary Table 7 shows the terms used for each concept 
for filling templates. Next, we calculated the cosine similarity between 
image embeddings and prompt embeddings. When multiple terms 
were used for each concept, we calculated the cosine similarity for each 
term and averaged them. Finally, we obtained concept presence score, 
pi,c which represents the degree to which a concept is present in the 
image as follows:

pi,c =
exp(simcos(Ii ,Tc)/λ)

exp(simcos(Ii ,Tc)/λ)+exp(simcos(Ii ,Tr))/λ)
(1)

where simcos(·) is the cosine similarity score between image embeddings  

and text embeddings, simcos (Ii,Tc) =
fimage(Ii)

Tftext(Tc)
|| ftext(Ii)|||| ftext(Tc)||

, and λ is the tempera-

ture parameter learned during the training. We normalized by reference 
prompt to remove the effect of templates being used. Furthermore, 
we used multiple templates to minimize the effects of templates.  
For clinical images, we used the templates: ‘This is skin image of …’, 
‘This is dermatology image of …’ and ‘This is image of …’. For dermo-
scopic images, we used the templates ‘This is dermatoscopy of …’ and 
‘This is dermoscopy of …’. We used concept presence scores averaged 
across different templates in the end. We describe the quantitative 
evaluation of concept differential analysis against baseline methods 
in Supplementary Methods.

Data auditing
MONET’s ability to map images and texts on to the co-embedding space 
enabled us to describe the different characteristics between two sets 
of images in natural language (that is, concept differential analysis). 
Assuming that we have two sets of images, denoted as I+ = {I1, I2,… , IN+ } 
and I− = {I1, I2,… , IN− }, and a list of concepts we wanted to investigate 
[c1, c2,… , cNc ] , we first obtained the prototype embedding of each  
image set by computing an average of normalized image embeddings:  
m+ = 1

N+
∑Ii∈{I+}

fimage(Ii)
∥ fimage(Ii)∥

 a n d  m− = 1
N−

∑Ii∈{I−}
fimage(Ii)

∥ fimage(Ii)∥
.  T h e n ,  w e  

calculated the displacement vector from m− to m+ by subtracting out 
the two prototype embedding mΔ = m+ −m−. Finally, we got a differ-
ential concept expression score by computing the dot product between  
the displacement vector and normalized embeddings of concept 
prompt: CΔ,i = mT

Δ ⋅
ftext(Ti)

∥ ftext(Ti)∥
. This score measures how much more each 

concept is differentially expressed in I+ than in I−. A similar technique 
for converting a set of images to text has been previously used by  
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Eyuboglu et al.48. We describe the benchmarking analysis of concept 
differential analysis in Supplementary Methods.

Model auditing
We can use MONET to automatically detect semantically meaning-
ful medical concepts that lead to model errors. MA-MONET starts 
by sorting images from a test set into groups based on their visual 
similarity. To this end, we ran the K-means clustering algorithm imple-
mented in the scikit-learn Python package (v.1.2.2)77,78. We used 50 
principal components of the embedding of the penultimate layer of the  
EfficientNetV2-S model (pretrained on ImageNet)72 as clustering fea-
tures. Next, we calculated the accuracy across all samples and also per 
cluster; for thresholding the probability output from the trained clas-
sifier, we chose an operating point that maximizes the F1 score. After 
this, we identified medical concepts for the ‘low-performing’ cluster; 
we defined low-performing clusters as those with accuracy lower than 
overall accuracy. Each low-performing cluster was compared with a 
high-performing counterpart containing similar images to understand 
what differentiates them; among the clusters that performed better 
than the overall accuracy, we chose the cluster with a centroid closest 
in Euclidean distance to the low-performing cluster. We compared the 
mean concept presence scores of each concept between the high- and 
low-performing clusters to pinpoint concepts that are more present 
in the low-performing cluster. If two visually similar clusters (one high 
performing, the other low performing) differ in terms of a few concepts, 
these differing concept terms can be hypothesized as leading to high 
error rates. We then filtered out concepts with a concept presence 
score <0.5 in the low-performing cluster. Finally, we obtained a ranked 
list of medical concepts identified by MONET that differentiate the 
two clusters. We describe the benchmarking analysis of MA-MONET 
in Supplementary Methods.

Building inherently interpretable neural network
Concept bottleneck models. CBMs55 are designed to be inherently 
interpretable, which can be applied to a wide range of tasks, including 
general vision and natural language-processing tasks79–81 and medical 
applications1,82,83. However, a caveat is that these models need a large 
set of concept annotations to perform well, which are expensive and 
time-consuming to obtain.

MONET allows us to automatically annotate concepts for  
images, which enables scaling to a large concept dataset with an  
arbitrary number of concepts. Specifically, MONET helps to create  
the bottleneck layer, denoted by bc ∶ 𝒳𝒳image → ℝNc, that maps an input 
image Ii to a vector of dimension Nc, the number of concepts. An inter-
pretable linear model is then trained on the prediction target to  
get importance scores for each concept corresponding to the learned 
weights.

To create the bottleneck layer, we started with a concept list 
[c1, c2,… , cNc ], chosen with guidance from our dermatologist collabora-
tors, containing concepts that are predictive of the target. Ideally, the 
bottleneck layer is binarized using the concept labels. However, we 
lacked access to the concept annotations and thresholding the similar-
ity score of each concept with the input image is non-trivial. Instead, 
for each concept cj, we curated a set of reference concepts [rj1, rj2,… , rjNj ] 
where Nj is the number of reference concepts for concept cj. Each  
reference concept is selected such that it is sufficiently far from the 
concept of interest in the representation space while being closer to 
the other reference concepts. We do this by choosing antonyms of the 
concept of interest as the reference concepts.

Once the set of reference concepts has been created, MONET 
calculates the similarity scores of the input image to the concept of 
interest and the corresponding reference concepts. The former is then 
normalized by taking a softmax with the reference concept scores. The 
resulting normalized score, p′i,cj, is then used in the bottleneck node 
for that concept, as shown in equation 2:

p′i,cj =
exp (simcos (Ii, cj) /λ)

exp (simcos (Ii, cj) /λ) +∑k exp (simcos (Ii, rjk) /λ)
(2)

where simcos (⋅) is the cosine similarity score obtained using MONET 
and λ is a temperature parameter used to magnify the differences in 
similarity scores. λ is manually tuned to the value that performs  
the best on the train set. Once the bottleneck layer has been created, 
we trained a simple linear classifier on the prediction target using 
stochastic gradient descent. Specifically, for a learned weight w and a 
normalized score p′i ∈ ℝNc , the prediction obtained is wTp′i + b . We 
applied L1 regularization to favor sparsity in the trained model weights 
and make the model more interpretable. Once the linear classifier  
had been trained, the learned weights w could be analyzed to under-
stand the importance of each concept for the prediction target.

Evaluation setting. To demonstrate the efficacy of MONET, we used 
two different prediction targets: (1) malignant versus benign and  
(2) melanoma versus melanoma look alikes. We differentiated between 
these two targets because all melanomas are malignant, but not all 
malignant lesions are melanoma.

We conducted separate experiments on two types of images: clinical  
images and dermoscopic images. For the clinical image experiment, 
we used images (n = 4,910) from the clean Fitzpatrick 17k6 and DDI7 
datasets, which include 1,129 malignant and 3,781 benign images. For 
melanoma prediction, we further filtered images to ensure that data 
mirrored a well-defined clinical task, resulting in 769 images, consist-
ing of 321 melanomas and 448 melanoma look alikes. We used 80% of 
the data for training and reserved the rest for testing. Thus, for malig-
nancy, we used 3,928 samples for training and 982 samples for testing; 
for melanoma, we used 615 samples for training and 153 samples for 
testing. For each setting, we repeated evaluations with 20 different 
train–test splits. We noted that, for the comparison of MONET + CBM 
with the manual labeling depicted in Fig. 5b–e, the number of training 
samples used for the manual labeling approach is smaller because it 
relies on the images labeled in SkinCon (Supplementary Methods).

For dermoscopic images, we employed dermoscopic images 
(n = 70,515) from the ISIC dataset, with 9,999 classified as malignant and 
60,516 as benign. For the melanoma prediction task, we excluded images 
lacking disease-specific labels, narrowing our analysis to 43,678 images 
consisting of 5,900 melanomas and 37,778 identified as non-melanomas. 
Mirroring the manual labeling comparison, we performed evaluations 
using 20 separate train–test splits, maintaining an 80:20 ratio; in this 
case, test set images are used for evaluation because none of the methods 
required ground-truth concept labels. Thus, for malignancy, we used 
56,412 samples for training and 14,103 samples for testing; for melanoma, 
we used 34,942 samples for training and 8,735 samples for testing.

To create the bottleneck layer, we used ten concepts that are 
known to be predictive of targets (Supplementary Table 8); specifi-
cally, we use the ABCDEs of melanoma57 as a guideline to compile  
the list of concepts. We compared MONET + CBM with several other 
baseline methods of obtaining target predictions from input images. 
The baseline methods are described in Supplementary Methods.

Statistics. From 20 runs with different train–test sets, we obtained 20 
pairs of AUROC values. To compare the performance of the MONET +  
CBM method against other methods, we conducted paired sample  
Student’s t-tests on these AUROC values. Specifically, we used one-sided 
tests, where the alternative hypothesis is that MONET + CBM’s AUROC 
is higher than from the other method. As the number of pairs is 20, the 
degree of freedom for these tests is 19.

Assessing a clinical trial of a dermatology AI algorithm. We repli-
cated the PROVE-AI clinical trial, a recent prospective clinical study 
that evaluated the ADAE algorithm, an open-source, noncommercial 
model for melanoma diagnosis15. In the original study, the ADAE model 
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was thresholded to achieve a high 95% sensitivity on retrospective data, 
before being evaluated in a prospective observational clinical study. To 
replicate this study, we obtained the model and threshold used for the 
sensitivity from the authors. We then ran this model in test mode on the 
exact set of prospective images retrieved from the ISIC archive15. We 
evaluated the model on 603 dermoscopic images (95 melanomas and 
508 non-melanomas), calculating metrics such as AUROC, sensitivity, 
specificity and accuracy. We compared these metrics with the values 
reported by the authors and found them to be almost identical. Subse-
quently, we performed subgroup analyses for the ADAE algorithm to 
identify concepts associated with lower specificity. For each concept, we 
calculated the specificity of the top 100 images among benign images, 
ranked by MONET, and compared it with that of the remaining benign 
images. We obtained P values via a one-sided Fisher’s exact test, com-
paring the odds of false positives with true negatives between the two 
groups. The alternative hypothesis is that the odds ratio is >1, indicat-
ing a higher rate of false positives in the top 100 images than in the 
remaining images. We adjusted the P values for multiple comparisons  
using Bonferroni correction, accounting for the 62 concepts tested.

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

Data availability
The PMC Open Access Subset is publicly available from https://www.ncbi. 
nlm.nih.gov/pmc/tools/openftlist. Evaluation datasets are all publicly 
available and can be accessed from: ISIC (https://challenge.isic-archive.
com/data), Derm7pt (https://derm.cs.sfu.ca), Fitzpatrick 17k (https://
github.com/mattgroh/fitzpatrick17k) and DDI (https://stanfordaimi.
azurewebsites.net/datasets/35866158-8196-48d8-87bf-50dca81df965).

Code availability
The code used in our analysis is available at https://github.com/suinleelab/ 
MONET (ref. 84). It includes various scripts for data collection and 
preprocessing, training the MONET model and conducting benchmark 
studies. Also, it provides the MONET model weights. The ADAE algorithm 
can be publicly accessed from https://github.com/ISIC-Research/ADAE.
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Extended Data Fig. 1 | Dermoscopic images with artifacts from the ISIC dataset as determined by high concept presence scores calculated using MONET.  
We show the top 30 images for each artifact. a, Purple pen. b, Orange sticker. c, Nail. d, Hair. e, Dermoscopic border. Figures adapted from ref. 11,12 with permission and 
from ref. 13,14 under CC-BY license.
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Extended Data Fig. 2 | Concept bottleneck models in the interinstitution 
model transfer setting. a–d, We train models using images from Hospital 
Barcelona and test their performance using images from Med. U. Vienna. In each 
setting, we repeated the evaluations 20 times, using a different split of images 
from the training site into train and validation sets each time. a–b, Performance 
comparison of malignancy and melanoma prediction models. We measure the 
validation AUROC on a 25% validation set from Hospital Barcelona data. We 
measure the test AUROC on the entire Med. U. Vienna data. c–d, Coefficient of 
the linear model in MONET + CBM for malignancy and melanoma predictions. 

The error bars, obtained from n = 20 different runs, indicate the 95% confidence 
interval, extending from the mean. e–h, We train models using images from Med. 
U. Vienna and test their performance using images from Hospital Barcelona.  
e–f, Performance comparison of malignancy and melanoma prediction models. 
We measure the validation AUROC on a 25% validation set from Med. U. Vienna 
data. We measure the test AUROC on the entire Hospital Barcelona data.  
g–h, Coefficient of the linear model in MONET + CBM for malignancy and 
melanoma predictions. The error bars, obtained from n = 20 different runs, 
indicate the 95% confidence interval, extending from the mean.
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Extended Data Fig. 3 | Effect of concept sets on MONET + CBM’s 
performance. We compare CBMs operating on our curated, task-relevant, 
concepts with those operating on SkinCon concepts. From each concept list, 
we sample subsets of concepts with varying sizes and train CBMs separately on 
these subsets, repeating this process 20 times for each subset size. For our 10 
curated concepts, we use the subset size ranging from 1 to 10, and for SkinCon 
concepts, we use the subset size of interval 5, including 1 and the full set of 48 
(that is, 1, 5, 10, …, 40, 45, 48). The center line indicates the mean across n = 20 
runs, with the shaded area covering the 95% confidence interval. a, Performance 
of MONET + CBM for malignancy and melanoma predictions on clinical images 

with respect to the number of concepts. b, Performance of MONET + CBM for 
malignancy and melanoma predictions on dermoscopic images with respect 
to the number of concepts. c, Performance of MONET + CBM for malignancy 
and melanoma predictions on dermoscopic images in an interinstitution 
model transfer setting with respect to the number of concepts. We train models 
on Hospital Barcelona and test them on Med. U. Vienna. d, Performance of 
MONET + CBM for malignancy and melanoma predictions on dermoscopic 
images in an interinstitution model transfer setting with respect to the number 
of concepts. We train models on Med. U. Vienna and test them on Hospital 
Barcelona.
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