SCIENCE ADVANCES | RESEARCH ARTICLE

HEALTH AND MEDICINE

Demographic bias of expert-level vision-language
foundation models in medical imaging
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Advances in artificial intelligence (Al) have achieved expert-level performance in medical imaging applications.
Notably, self-supervised vision-language foundation models can detect a broad spectrum of pathologies without
relying on explicit training annotations. However, it is crucial to ensure that these Al models do not mirror or am-
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plify human biases, disadvantaging historically marginalized groups such as females or Black patients. In this
study, we investigate the algorithmic fairness of state-of-the-art vision-language foundation models in chest x-
ray diagnosis across five globally sourced datasets. Our findings reveal that compared to board-certified radiolo-
gists, these foundation models consistently underdiagnose marginalized groups, with even higher rates seen in
intersectional subgroups such as Black female patients. Such biases present over a wide range of pathologies and
demographic attributes. Further analysis of the model embedding uncovers its substantial encoding of demo-
graphic information. Deploying medical Al systems with biases can intensify preexisting care disparities, posing
potential challenges to equitable healthcare access and raising ethical questions about their clinical applications.

INTRODUCTION

Artificial intelligence (AI) has increasingly been deployed in real-
world clinical settings, especially for medical imaging (1-4). The
latest developments include vision-language foundation models
that operate on a self-supervised learning paradigm (5, 6), elimi-
nating the need for explicit pathology annotations while maintain-
ing human-level diagnostic accuracy across various modalities and
disease conditions (5, 7-9). Notably, in radiology, by simultane-
ously using image and text inputs and leveraging the information
naturally present in clinical reports associated with radiology im-
ages, foundation models identify pathologies without dependence
on specific annotations, achieving performance that matches the
expertise of radiologists and, in some cases, surpasses the expected
diagnostic benchmarks (10, 11).

Despite the plausible performance in diagnosing unseen pathol-
ogies (10), the foundation model could amplify existing biases in
the data, causing diagnosis disparities across protected subpopula-
tions and leading to unequal predictive outcomes for specific de-
mographics (12-14) (e.g., discrepancies in diagnosis rates between
Black and white patients). Existing literature has revealed that chest
x-ray classifiers trained to predict the presence of disease systemati-
cally underdiagnosed Black patients (12, 14), potentially leading to
incorrect triage decisions and delayed medical treatment. Although
algorithmic biases have been studied in the supervised setting (14-
16) (e.g., models trained for specific diseases like “no finding”) or
image-only foundation model (17) (e.g., pretrained solely on chest
x-rays and fine-tuned on labeled data), little attention has been paid
to vision-language foundation models. These models, notably, free
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from explicit supervision through multimodal training and zero-
shot inference, theoretically have reduced potential to inherit hu-
man labeling biases. However, to ensure the responsible and fair
deployment, it is essential to investigate potential biases these mod-
els may have, understand the sources and measure their outcomes,
and where possible, initiate corrective actions (18).

We present a systematic study to measure and understand biases
in vision-language foundation models. Using chest x-rays as a driv-
ing example, we mainly use CheXzero (10), a state-of-the-art self-
supervised foundation model in medical imaging, to assess bias and
fairness across a broad spectrum of pathologies with demographic
subpopulations present in the testing data. We also test another
vision-language foundation model (11) and show similar findings
(fig. S1). Our analysis incorporates five diverse, globally sourced
radiology datasets: Medical Information Mart for Intensive Care
(MIMIC) (19), CheXpert (20), National Institutes of Health (NIH)
(21), PadChest (22), and VinDr (23). We evaluate fairness within
both individual and intersectional subpopulations spanning demo-
graphic attributes including race, sex, and age (12, 14). We further
compare fairness outcomes of the model with board-certified radi-
ologists, uncovering that the foundation model demonstrates more
substantial fairness discrepancies compared to human experts (Fig.
1). Further investigation in direct assessment of demographic attri-
butes from chest x-rays shows that the model exhibits enhanced ca-
pacity to predict sensitive demographic information (e.g., age and
race) compared to radiologists. Our international evaluation high-
lights pronounced biases within foundation models contrasted with
evaluations by board-certified radiologists, shedding light on the
origins of these biases and potential methodologies for bias auditing
and correction before real deployments.

RESULTS

Datasets, model, and evaluation protocols

We collect five public chest x-ray datasets from diverse global sources.
These datasets, as detailed in Table 1, encompass MIMIC (19)
(357,167 images from 61,927 patients), CheXpert (20) (223,458
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Fig. 1. The model evaluation pipeline. (A) We use internationally sourced chest x-rays datasets for model evaluation, including MIMIC (Boston, MA), CheXpert (Stanford, CA),
NIH (Bethesda, MD), PadChest (Spain), and VinDr (Vietnam). (B) Distribution of demographics attributes (i.e., sex, age, and race) of each dataset. For each attribute, we select com-
mon subgroups based on literature definition (sex: male and female; age: 0 to 18, 18 to 40, 40 to 60, 60 to 80, and >80; race: Asian, Black, white, and others). Each dataset encom-
passes different proportions of subgroups, reflecting the diverse distributions in real-world clinical settings. (C) For fairness evaluation, we processed radiographs through
foundation models, accompanied by specific text prompts (e.g., “Does the patient have {pathology}?”; details in Materials and Methods). The evaluations are conducted across a
wide range of different pathologies. Concurrently, board-certified radiologists independently reviewed identical subsets of the data, providing diagnoses that served as human
fairness evaluations and comparisons (Fig. 2). In addition, we performed evaluations to assess the prediction of demographic attributes (e.g., sex, age, and race) by both the
model and three board-certified radiologists, following the same pipeline with modified prompts (Fig. 5). Created in BioRender. Yang (2025) https://BioRender.com/I87p976.

images from 64,925 patients), and NIH (21) (112,120 images from
30,805 patients) from the United States, PadChest (22) (160,736 im-
ages from 67,590 patients) from Spain, and VinDr (23) (5323 images
from 5323 patients) from Vietnam. The datasets provide chest x-ray
images along with pathology labels and demographic data derived
from the respective patients. Both MIMIC and CheXpert present
demographic information including sex, age, and race. The remain-
ing datasets (i.e., NIH, PadChest, and VinDr) present demographic
details regarding sex and age, with no information available on the
race of the patients.

We use a state-of-the-art self-supervised foundation model in
medical imaging, CheXzero (10), as a driving example to study fair-
ness of foundation models. The details about model architecture,
prompt design, and evaluation protocols are in Materials and Meth-
ods. Note that the model was trained in a self-supervised way with-
out using any pathology labels or annotations. We also tested on
another vision-language foundation model (11) and observed similar
findings (fig. S1). We evaluated the model on internationally sourced
chest x-rays datasets. In particular, CheXpert, PadChest, and VinDr
contain gold-standard ground-truth radiologist labels. Among these
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datasets, CheXpert test set (666 samples) and VinDr (5323 samples)
provide external annotations from three board-certified radiologists,
which were used to benchmark the performance and fairness of radi-
ologists’ assessments compared to the model.

To assess the model prediction fairness, we focus on three demo-
graphic attributes: sex, age, and race, and dissect the performance of
the model within different subpopulations, such as female or Black
patients, and the intersectional groups like Black female patients.
We follow the literature to examine the class-conditioned error rate
that is likely to lead to worse patient outcomes for a screening model
(12, 14). For all potential pathology labels, a false negative indi-
cates falsely predicting someone to be healthy when they are ill,
which could lead to delays in treatment (14) (i.e., an underdiagno-
sis). Therefore, we evaluate the differences in false-negative rate
(FNR) between demographic subpopulations. For “no finding,” we
evaluate the false-positive rate (FPR) for the same reason. Equality
in these metrics can be viewed as instances of equal opportunity
between subgroups (24). We then denote the differences in FNR/
FPR for two selected subgroups (e.g., Black and white patients) as
the underdiagnosis disparity.
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Table 1. Characteristics of the datasets used in this study.
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Substantial fairness disparities in foundation model
compared to radiologists
We assess the model's underdiagnosis disparity across datasets and
demographic populations. Since external radiologist annotations are
available in certain datasets (i.e., CheXpert and VinDr), we directly
compared the overall performance and the performance for subpopu-
lations between the model and radiologists. Figure 2 presents the di-
agnostic performance and fairness of the vision-language foundation
model in contrast to that of board-certified radiologists on the CheX-
pert dataset (n = 666). First, Fig. 2 (A, C, and E) shows the comparison
of the receiver operating characteristic (ROC) curves of the model to
the operating points of radiologists for three different pathologies. No-
tably, the model exhibits comparable or better diagnostic performance
compared to radiologists [ “enlarged cardiomediastinum:” the area un-
der the ROC curve (AUC) = 0.917 and 95% confidence interval (CI)
(0.905 to 0.928); “pleural effusion:” AUC = 0.938 and 95% CI (0.922 to
0.950); and “lung opacity:” AUC = 0.919 and 95% CI (0.904 to 0.933)].
In the meantime, we further assess the underdiagnosis disparity
between subgroups, which measures the disparity of FNR between
two selected subgroups in each category (“female” versus “male” in
sex, “80 to 100” versus “18 to 40” in age, “white” versus “Black” in
race, and “white male” versus “Black female” in the intersectional
group of sex and race). We average the assessments from different
radiologists as the evaluation of human biases. When computing
FNR for the model, we use the optimal threshold computed on the
validation set that maximizes the Youden’s J statistic (25). Figure 2
(B, D, and F) shows that the model exhibits much larger fairness
gaps compared to radiologists, especially for intersectional sub-
groups. For instance, the model exhibits significantly higher under-
dia%nosis rate for “enlarged cardiomediastinum” in sex (P = 1.28 X
107!, one-tailed Wilcoxon rank-sum test; same test for following
attributes), age (P = 2.51 X 1071%), race (P = 8.79 x 107°%), and the
intersectional of sex and race (P = 1.58 X 1072%). More results can
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be found in the fig. S2, including the analysis of other pathologies in
CheXpert, and on another dataset from a different site (VinDr).
Overall, the model exhibits expert-level pathology detection accu-
racy, but shows consistently higher underdiagnosis bias compared
to radiologists.

Diagnosis bias in marginalized populations and
intersectional groups

We further evaluate the diagnosis bias of the model on MIMIC, the
largest and the most diverse chest x-ray dataset in our study. We focus
on the no finding label and show both underdiagnosis and overdiag-
nosis bias of the model on individual and intersectional subpopula-
tions (Fig. 3). FPR is used for assessing underdiagnosis, whereas FNR
is used for overdiagnosis. Figure 3A shows substantial fairness gaps
between patient subpopulations in each category, especially between
the age subgroups “>80” (n = 53,935) and “18 to 40” (n = 49,353).
Moreover, larger gaps of the underdiagnosis rate between the inter-
sectional subgroups can be observed in Fig. 3B. For instance, around
20% FPR discrepancies exist between female patients aged above 80
(n=29,209) and those in their 18 to 40 (n = 25,350). Similar observa-
tions hold for overdiagnosis (Fig. 3, C and D), the gaps become more
notable between intersectional subgroups. The FPR (Fig. 3A) and
FNR (Fig. 3C) for no finding shows an inverse relationship across dif-
ferent marginalized subgroups in the CXR dataset. Such an inverse
relationship also exists for intersectional subgroups (Fig. 3, B and D)
and is consistent across other datasets.

We observe that female patients, patients aged between 18 and
40 years, and Black patients have higher rates of algorithmic underdi-
agnosis, indicating that these subgroups are most likely being falsely
diagnosed as healthy by the model and failing to receive appropriate
clinical treatments. Further investigations on intersectional subpop-
ulations reveal that the underdiagnosis rates increased substantially
for specific groups of patients, such as Black Female patients. We
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Fig. 2. Comparisons of diagnosis AUROC and underdiagnosis disparity for the vision-language foundation model and board-certified radiologists. (A, C, and
E) Comparison of the ROC curve of the vision-language foundation model to benchmark radiologists against the test-set ground truth on the CheXpert dataset (n = 666).
The model outperforms the radiologists when the ROC curve lies above the radiologists’ operating points. The model has an AUC of 0.917 [95% CI (0.905 to 0.928)] for
enlarged cardiomediastinum, an AUC of 0.938 [95% Cl (0.922 to 0.950)] for pleural effusion, and an AUC of 0.919 [95% CI (0.904 to 0.933)] for lung opacity. (B, D, and
F) Comparison of the underdiagnosis disparity of the vision-language foundation model against three board-certified radiologists on the CheXpert test set (n = 666). We
average the assessments from different radiologists as the evaluation of human biases. The model exhibits significantly higher underdiagnosis bias than that of radiolo-
gists on all three pathologies. Error bars indicate 95% Cls estimated using nonparametric bootstrap sampling (n = 1000). More results can be found in the fig. S2.
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Fig. 3. Analysis of underdiagnosis and overdiagnosis across subgroups of sex, age, race, and intersectional groups in the MIMIC dataset. (A) The underdiagnosis
rate, as measured by the no finding FPR, in the indicated patient subpopulations. (B) Intersectional underdiagnosis rates for female patients, patients aged 18 to 40 years,
and Black patients. (C and D) The overdiagnosis rate, as measured by the no finding FNR in the same patient subpopulations as in [(A) and (B)]. Error bars indicate 95% Cls
estimated using nonparametric bootstrap sampling (n = 1000). More results can be found in the figs. S3 and S4.

show in fig. S3 that the observations hold across different patholo-
gies such as “lung opacity” or “pneumonia.” We further confirm in
fig. S4 that the disparities remain consistent when tested on external
datasets such as CheXpert, NIH, and VinDr.

Demographic bias in unseen radiographic findings

We extended our analysis to investigate the demographic biases us-
ing a much larger and diverse set of pathology labels. We tested the
foundation model on the PadChest dataset collected from a differ-
ent country with 174 radiographic findings and 19 differential diag-
noses (22). We filtered out 48 radiographic findings where n > 100
and the model achieved an AUC of at least 0.7 in the PadChest test
set (n = 39,053) to further assess the demographic fairness of the
model on unseen radiographic findings (10). Figure 4 reveals dis-
tinct disparities in both sex (female versus male subgroup) and age
(>80 versus 18 to 40 subgroup) among those radiographic findings.
The maximum underdiagnosis disparity (i.e., “multiple nodules,’
n = 102) between female and male patients is 24.1% [95% CI (22.5
to 26.0%)], whereas 31 of 48 findings exhibit a fairness gap larger
than 5% (Fig. 4A). The discrepancies become even more significant
for age, with a 100% fairness gap for “tracheostomy tube” (n = 163)
between 18 to 40 and >80 subgroups, and 45 of 48 findings exhibit a
fairness gap larger than 20% (Fig. 4B).

Demographic information encoding in foundation model
beyond human levels

With consistent demographic bias across international evaluation, we
aim to further dissect and explain the performance of the model. In-
spired by recent works on algorithmic encoding of demographic
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information by deep learning models (26-28), we investigated wheth-
er the model encodes demographic information by examining the
predictability of sensitive attributes by both the self-supervised foun-
dation model and board-certified radiologists. We selected 480 chest
x-ray samples from the MIMIC dataset, ensuring an equal number of
samples across all subgroups in three key attributes: sex, age, and race
(details in Materials and Methods). Instead of focusing on pathology
prediction, we assessed how much the model encodes demographic
information by training a linear attribute prediction head using logis-
tic regression on top of the penultimate layer of the model, with the
model weights frozen. In the meantime, we involved three board-
certified radiologists with over 10 years of experience in chest imag-
ing to label the demographic attributes (sex, age, and race) for the
same set of patients based solely on their chest x-rays (details in Ma-
terials and Methods). Each radiologist was blinded to the demo-
graphic attributes and participated independently without any prior
training or exposure to the task to avoid any training effect.

The foundation model, although trained in a self-supervised man-
ner without explicit information regarding the demographic attributes,
demonstrated substantial and consistent encoding of demographic in-
formation across all tested attributes and subgroups (Fig. 5). Specifi-
cally, the predictive AUCs for sex [female AUC = 0.92 and 95% CI
(0.91 to 0.93) Fig. 5A], age [18 to 40 AUC = 0.94 and 95% CI (0.93 to
0.94); Fig. 5B], race [Black AUC = 0.78 and 95% CI (0.77 to 0.78); Fig.
5C], and the intersectional subgroups [Black female AUC = 0.83 and
95% CI (0.82 to 0.83); Fig. 5D] are significantly higher than random
chance (i.e., 0.5). This strong algorithmic encoding of demographic at-
tributes could be explainable for the observed underdiagnosis bias
across patient subpopulations (details in Discussion).
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Fig. 4. Demographic fairness on unseen radiographic findings in the PadChest dataset. Average underdiagnosis disparity and 95% Cl are shown for each radiographic
finding (n > 100) labeled as high importance by an expert radiologist. (A) Underdiagnosis disparity for sex (between group female and male). (B) Underdiagnosis disparity
for age (between group 18 to 40 and >80. We externally validated the model’s fairness when testing on different data distributions by evaluating model performance on the
human-annotated subset of the PadChest dataset (n = 39,053). No labeled samples were seen during training for any of the radiographic findings in this dataset.

However, the performance of three radiologists to predict these
attributes falls behind. They achieve relatively high AUC scores in
sex prediction (Fig. 5A) but much lower in age prediction (Fig. 5B).
When it comes to race, the prediction is marginally better than ran-
dom guess (Fig. 5C). Similar performance pattern is observed in the
intersectional group of sex and race prediction (Fig. 5D), suggesting
that radiologists cannot directly read attributes like age or race from
radiographs. Figure S5 further suggests that inherent encoding of
the sensitive data (e.g., demographics and support devices) might
drive the underdiagnosis biases (details in Discussion and Materials
and Methods). We provide analysis and initial methods to intervene
the model fairness in figs. S6 and S7.

DISCUSSION
We have dissected the performance of the state-of-the-art foundation
model and shown consistent underdiagnosis in five internationally
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sourced public datasets in the chest x-ray domain. We were able to
compare the results with board-certified radiologists to ground the
findings. The results reveal consistently larger fairness disparities of
the model compared to radiologists (Fig. 2), and that the model ex-
hibits systematic underdiagnosis biases in marginalized subpopula-
tions, such as female, younger, Black patients, as well as intersectional
subgroups like Black female patients (Fig. 3). The demographic biases
of the foundation model also persist across a wide range of unseen
pathologies (Fig. 4). Further analyses show that the model encodes
substantial demographic information (e.g., race), and that is signifi-
cantly higher than human radiologists (Fig. 5).

Our results have multiple implications. First, the fairness-
accuracy trade-off in AI models can raise complex ethical consider-
ations (29, 30). The latest advancements in medical vision-language
foundation models hold the promise of a single model diagnosing
countless pathologies with expert-level accuracy. Yet, our analysis
shows that they exhibit substantial fairness gaps over marginalized
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Fig. 5. Comparisons of prediction AUROC for sensitive demographic attributes between the foundation model and three board-certified radiologists. (A to D)
Prediction AUROC of subgroups within different sensitive attributes including sex (A), age (B), race (C), and the intersectional groups of sex and race (D), on a subset of
MIMIC (n = 480). We selected out a balanced subset of MIMIC w.r.t. all attributes (i.e., balanced across age, sex, and race), and asked three board-certified radiologists to
infer the attributes from just the chest x-rays. To assess the model prediction of sensitive attributes, we train a linear attribute prediction head using logistic regression on
top of the penultimate layer of the model, with the model weights frozen. Error bars indicate 95% Cls estimated using nonparametric bootstrap sampling (n = 1000).

Complete results of model predictions for other datasets are in fig. S5.

groups. This disparity is significantly larger than that by radiologists
across various diagnostic tasks and patient subpopulations (Fig. 2).
Incorrectly underdiagnosing specific subgroups (e.g., Black female
patients) more frequently than others not only places these individ-
uals at a disadvantage but also raises serious ethical concerns when
deploying the model in a clinical pipeline (31, 32). The results have
implications on the regulation of these new medical technologies
(33), especially under the recent White House Executive Order on
the safe, secure, and trustworthy development and use of AI (34).
Second, our study shows that the model encodes demographic
information far more profoundly than human capacity (Fig. 5 and
fig. S5). This suggests that inherent encoding of the sensitive data
(e.g., demographics and support devices) might drive the underdi-
agnosis biases (e.g., Fig. 4). Notably, even though the model is
trained in a self-supervised manner without explicit attribute infor-
mation, it still manages to embed this information. Recent studies
explore if deep models use demographics as “shortcuts,” disadvan-
taging specific groups (35, 36). These call for a deeper understand-
ing of how these powerful models process and utilize sensitive
information, and whether that is aligned with clinical validations by
radiologists. While demographics can refine differential diagnoses
and are associated with patient outcomes in certain cases, they may
not be a direct causal factor in most diseases (32, 37) (e.g., pneumo-
thorax, pneumonia, fracture, etc.). Whether demographic variables
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should be encoded as proxies for causal factors is a decision that
should align with its actual clinical use (18, 31, 38).

Third, our results reveal that the AI model effectively encodes de-
mographic information from radiographs more accurately than radi-
ologists. A recent study demonstrates that Al can measure and
interpret biological age, predict age-related outcomes, and convert
these predictions into an estimated biological age (39). This capability
extends beyond the typical scope of radiologist assessments, which
generally do not include evaluating age, sex, or gender, as these details
are usually obtained from electronic medical records. However, the
ability of the AT model to discern these demographics more precisely
suggests a potential for uncovering potentially clinically relevant fea-
tures that might not be immediately apparent to human readers, sug-
gesting an opportunity for an improved human-AI collaboration
(40-42). Exploring the semantic and agnostic features harnessed by
AT could improve human performance and potentially deliver a high-
er quality care. On the other hand, in scenarios where clinical deci-
sions are influenced by Al model suggestions, any undetected bias
within the model could lead to unintended and potentially harmful
consequences (29, 43). This underscores the need for careful and con-
tinuous evaluation of Al biases to progressively diminish their influ-
ence in healthcare, and ensure more accurate and equitable diagnoses.

Our study also has some limitations. First, demographics associ-
ated with the datasets are mainly self-reported or physician recorded,
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where inconsistencies during examinations can introduce label
noise. Demographic labels can be influenced by numerous character-
istics such as age, socioeconomic status, and levels of cultural assimi-
lation (44-46). Mitigating such label noise remains challenging as
traditional bias mitigation strategies may not provide effective cor-
rections, leading to inherent biases embedded in data and models.
Second, the datasets used in this study included a range of chest x-
rays and projections, many of which did not adhere to a uniform
standard of image quality. The extent to which this variability might
have affected our results remains unclear and highlights the need for
future research to explore the influence of image quality on Al mod-
el performance. Third, we focused primarily on one specific vision-
language foundation model implementation. While the model is
considered state-of-the-art and serves as a robust starting point, the
methodologies used in the study are generic and adaptable to other
foundation models (7-10). Last, while we involve human studies to
assess the diagnostic performance and fairness of radiologists, they
face constraints due to the limited number of participating radiolo-
gists. Expanding the scale of participants in future studies could im-
prove the validity of the results.

In summary, we have uncovered pronounced and systematic de-
mographic biases of the state-of-the-art visual-language foundation
model, and performed human evaluations to compare them to radi-
ologists. The results, validated across five large-scale, globally sourced
datasets, showed that even when AI achieves human-level perfor-
mance, deploying these algorithms in real-world scenarios demands
careful consideration of the ethical implications, especially concern-
ing underrepresented subpopulations. Furthermore, our findings
prompt questions about how to understand, audit, and reduce biases
in medical AI models. Developing more effective foundation models
is of the utmost importance to improve diagnostic accuracy while
mitigating bias and promoting equity in health care.

MATERIALS AND METHODS
Datasets and preprocessing
We provide additional information about the datasets used in this
study. The datasets are summarized in Table 1. All five public datasets
offer demographic attributes of sex and age for the associated patients.
MIMIC and CheXpert additionally provide demographic information
on race. To ensure the integrity of the datasets, we exclude the samples
with incomplete demographic data from the dataset. Specifically, if
any of the essential attributes: sex, age, or race (for MIMIC and CheX-
pert) is missing, the corresponding image is excluded from consider-
ation in our study. Notably, the reported numbers in the paper
regarding the datasets are post application of this exclusion criteria.
In total, we have 357,167 images from MIMIC (MIMIC-CXR),
223,458 images from CheXpert, 112,120 images from NIH (ChestX-
rayl4), 160,736 images from PadChest, and 5323 images from Vin-
Dr (VinDr-CXR).
MimIC
The MIMIC (MIMIC-CXR) dataset (19) contains 357,167 chest x-
rays along with free-text radiology reports, obtained from Beth Is-
rael Deaconess Medical Center (BIDMC) in Boston, MA. The chest
radiographs are retained in Digital Imaging and Communications
in Medicine (DICOM) format, and the radiology reports are ex-
tracted from BIDMC electronic health record, which include textual
descriptions and interpretations of the findings in the x-ray images
written by radiologists during routine care.
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CheXpert

The CheXpert dataset (20) consists of 223,458 chest x-rays from
64,925 patients. It offers a diverse and comprehensive collection of
chest radiographs that span a wide array of subpopulations. An auto-
mated rule-based labeler was developed to extract the 14 observations
(radiographic findings) from the radiology reports. Annotations from
board-certified radiologists are available for both the validation set
(200 studies sampled randomly from the full dataset) and test set (500
studies randomly sampled from the 1000 studies in the report evalua-
tion set for the labeler). Three of the eight board-certified radiologists
were chosen to benchmark the performance of radiologists (20).

NIH

The NIH dataset (ChestX-ray14) (21) is a medical imaging dataset
that contains 112,120 frontal-view chest x-ray images. These images
are sourced from 30,805 patients, with data collected over a large
period ranging from 1992 and 2015. It provides 15 pathology labels
extracted from the radiological reports through text mining tech-
niques. As an expansion of ChestX-ray8, this dataset introduces six
additional thoracic diseases: edema, emphysema, fibrosis, pleural
thickening, and hernia. The chest x-ray images are resized to a reso-
lution of 1024 X 1024 pixels from the original DICOM format.
PadChest

The PadChest dataset (22) comprises a substantial collection of
160,736 chest x-ray images obtained from 67,590 patients at San
Juan Hospital (Spain) from 2009 to 2017. It offers six different radio-
graphic projections, 174 findings, and 19 differential diagnoses. A
total of 39,053 chest x-ray images were manually annotated by
trained physicians, and a recurrent neural network with attention
mechanism trained on the manually labeled subset was used to label
the remaining samples.

VinDr

The VinDr (VinDr-CXR) dataset (23) is a public dataset comprising
5323 frontal chest x-ray images collected from 5323 patients across
two major hospitals in Vietnam: Hospital 108 and Hanoi Medical
University Hospital. The dataset provides labels for 27 findings (the
label “other diseases” is removed from the original dataset to avoid
ambiguity). Notably, it is considered a high-quality dataset of an-
notated images in the research community as it provides radiologists-
generated annotations for all images (in both training and test sets).

Model training and evaluation

We mainly use the CheXzero model (10) as a driving example to
study fairness of foundation models. The vision-language model
was initialized from a Vision Transformer backbone ViT-B/32 (47)
and pretrained weights from OpenATI’s CLIP model, which excels in
tasks related to vision and language understanding (48). The model
was trained in a self-supervised manner on the MIMIC dataset with
no pathology labels or annotations used, just by leveraging the radio-
graphs with accompanying clinical texts (10). In addition, we also tested
another vision-language foundation model, Knowledge-enhanced Auto
Diagnosis (KAD) (11), which introduces knowledge graphs into visual-
language pretraining.

We evaluated the model on our internationally sourced chest x-
ray datasets. In particular, approximately 45,000 chest x-ray images
used in our evaluation come with gold-standard annotations from
radiologists across three datasets: CheXpert test set (666 chest x-rays
with eight board-certified radiologist annotations for the presence of
14 different conditions), VinDr (5323 images with annotations from
a total of 17 experienced radiologists for 27 findings and diagnoses),
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and a subset of PadChest (39,053 images from the original dataset
annotated by trained physicians). We also tested the model perfor-
mance and fairness on MIMIC (357,167 images) and NIH (112,120
images) where the labels are generated from natural language pro-
cessing techniques. Following the standard preprocessing practice
(4, 49), we resized the radiographs to 224 X 224 and normalized
them using a sample mean and SD of the dataset for model evaluation.

Reader study details

Three board-certified radiologists from the Department of Radiology
at the University of Washington, School of Medicine were tasked
with evaluating demographic attributes from chest x-rays only. Each
radiologist had over 10 years of experience in chest imaging, par-
ticipated independently, was blinded to the demographic attributes,
and received no prior training or exposure to the task to mitigate any
training effect.

We used an online labeling tool (50) for the radiologists to create
attribute labels based on the 480 preselected chest x-ray images from
MIMIC. All three attribute labels are required for each image, mean-
ing that radiologists are required to choose one label for each of the
attributes: sex (female and male), age (0 to 18, 18 to 40, 40 to 60, 60
to 80, and >80), and race (Asian, Black, white, and others). Each
radiologist completed this study independently and was provided
with no additional information beyond the chest x-ray images
themselves. The distribution of the three attributes was not disclosed
to the radiologists until after they had completed the task, ensuring
an unbiased evaluation process.

Evaluation methods
To evaluate the performance of the foundation model on pathology
classification, we use the following metrics: true-positive rates (TPR),
true-negative rates (TNR), ROC curves, and AUC. To evaluate the un-
derdiagnosis disparity given one demographic attribute, we use the
difference in TNR (or TPR) between two specific subpopulations
(e.g., Black and white patients). To evaluate and assess the learned fea-
tures in the penultimate layer of the model, we use principal compo-
nents analysis (51) to project the embeddings into a two-dimensional
space for visualization.

TPR and TNR are calculated as (TP, true positive; FN, false nega-
tive; TN, true negative; and FP: false positive)

TPR= — 1P
TP + FN
TNR= — N
TN + FP

We plotted ROC curves that demonstrate the trade-off between
TPR and TNR as the classification thresholds are varied. When re-
porting the TPR and TNR, we used the optimal threshold computed
on the validation set that maximizes the Youden’s J statistic (25). We
followed standard nonparametric bootstrap sampling (n = 1000) to
calculate the 95% CI (52). We also reported AUC, which is the area
under the corresponding ROC curves showing an aggregate mea-
sure of detection performance.

Assessing the demographic fairness of the model
To measure the fairness of the foundation model, we evaluate the met-
rics described above for each demographic subpopulation (defined
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over demographic attributes including sex, age, and race), and the dif-
ferences in metric outcomes across these groups. The principle of
equal TPR and TNR across different demographic subgroups is
known as equal odds (24), a concept well-established in algorithmic
fairness (53, 54). Given that the models we investigate in this work will
likely be used as screening or triage tools, it is crucial to recognize that
the cost of an FP may vary considerably from that of an FN. Specifically,
for a specific pathology, FNs [corresponding to underdiagnosis (14)]
would be more costly than FPs, and so we focus on the FNR (or TPR)
for this task. For the task of no finding prediction, we focus on the
FPR (or TNR) for the same reason. Equality in one of the class condi-
tioned error rates is an instance of equal opportunity (24). Conse-
quently, we calculate underdiagnosis disparity as the difference in
TNR (or TPR) between two selected subgroups.

In addition, we provide results for overdiagnosis (Fig. 3). For the
no finding label, FNR is used for overdiagnosis. Similar observa-
tions hold for overdiagnosis (Fig. 3, C and D), the gaps become
more substantial between intersectional subgroups.

Prompt design
In the main paper, we primarily use prompts for vision-language
foundation models for zero-shot inference, which involves calculat-
ing the similarity between x-ray representations and text representa-
tions for zero-shot classification. In particular, we follow established
literature (7, 8, 10) to design the standard prompts for the vision-
language foundation model.

Zero-shot classification, radiological findings (Fig. 1, and oth-
er main figures)

The patient has {pathology / no pathology}

Example: “The patient has pneumonia” & “The patient has no
pneumonia’

Zero-shot classification, radiological findings, with attribute
info (fig. S7)

The {attribute} patient has {pathology / no pathology}

Example: “The female patient has pneumonia”

Example: “The Black patient has no lung opacity”

Example: “The age over 80 patient has cardiomegaly”

Zero-shot classification, demographic attributes (fig. S6)

The patient’s gender is {attribute}

Example: “The patient patient’s gender is female”

Example: “The patient patient’s gender is male”

The patient’s age is {attribute}

Example: “The patient patient’s age is under 18”

Example: “The patient patient’s age is between 18 and 40

Example: “The patient patient’s age is between 40 and 60

Example: “The patient patient’s age is between 60 and 80

Example: “The patient patient’s age is over 80

The patient’s race is {attribute}

Example: “The patient patient’s race is Asian”

Example: “The patient patient’s race is Black”

Example: “The patient patient’s race is white”

Example: “The patient patients race is neither white, Black,
nor Asian”

»
»

»

Additional evaluation results

Assessing the encoding of attributes by text prompts

We assessed the algorithmic encoding of demographic attributes in
the foundation model through a logistic regression layer on the top
of the model embedding (Fig. 5). Since the foundation model also
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supports textual prompts as input, we assess the encoding again by
directly using textual prompts (fig. S6). Specifically, we used prompts
containing demographic information (e.g., “The patient’s gender is
male”) to assess the attribute prediction accuracy. Across different
datasets, the resulting prediction AUC is lower than using logistic
regression, but still significantly higher than random chance over
most of the subgroups.

Model fairness intervention

We conducted experiments to explore fairness intervention of the
foundation model by incorporating demographic details into the
input prompt (fig. S7). We proposed to intervene the model predic-
tion over subgroups by including demographic information in the
input texts (e.g., “Does this female patient have pneumonia?”). Fig-
ure S7 shows complex outcomes: After such intervention, the model
displays reduced demographic biases for certain conditions like
lung opacity and no finding (fig. S7, A and C), but not for others like
“pneumonia” (fig. S7B). The results indicate that it is possible to im-
prove the demographic fairness of the model while maintaining the
overall performance, but deeper analyses are needed for more prin-
cipled methods.

Quantifying the distribution differences between subgroups
We follow (36, 54) to perform a series of hypothesis tests on the
MIMIC-CXR dataset to determine whether there are statistical dif-
ferences in distributions between demographic groups. These tests
were inspired by prior research (54), and all P values were adjusted
for multiple testing using Bonferroni correction (54). Specifically,
we consider prevalence shifts as defined by the total variational dis-
tance between the probability distributions of Y conditioned on dif-
ferent groups, and representation shifts as defined by the mean
maximum discrepancy distance in their distribution of representa-
tions across demographic groups. As tables S1 and S2 indicate, both
significant prevalence and representation shifts are observed be-
tween subgroups.

Comparisons between self-supervised and supervised
learning models

We conducted a comparative analysis of the self-supervised founda-
tion model with a fully supervised model regarding demographic
fairness. Specifically, we selected a state-of-the-art supervised base-
line model with a DenseNet backbone, as described in the literature
(12, 14, 54). This supervised model achieves comparable overall area
under the receiver operating characteristic curve (AUROC) to the
self-supervised foundation model (AUROC of no finding on MIM-
IC test set: supervised, 0.84; and self-supervised, 0.85). Table S3
summarizes the fairness disparities, where on the MIMIC test set
(unseen during training), the self-supervised model exhibited lower
fairness gaps consistently across attributes and tasks. When tested
on external datasets (CheXpert, NIH, PadChest, and VinDr), the
supervised model generally achieved lower gaps compared to the
self-supervised model. These results highlight the complex nature of
fairness in real-world setups and under distribution shifts (54).

Statistical analysis

Underdiagnosis disparity

One-tailed Wilcoxon rank-sum test (o = 0.05) was used to assess the
underdiagnosis disparity between the foundation model and ra-
diologists.

AUROC

We collect AUROC results for pathology prediction across five data-
sets using the foundation model’s predictions. We also present the
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AUROC results for pathology prediction from external board-
certified radiologists on the CheXpert test set (n = 666) and VinDr
test set (n = 5323). We collect AUROC results for attribute predic-
tion (e.g., race) across five datasets using the foundation model’s
predictions with textual input changed to attribute predictions. We
also present the AUROC results for attribute prediction from three
board-certified radiologists on the subset of MIMIC (n = 480). The
95% CI for the true AUCs were estimated using nonparametric
bootstrap sampling (n = 1000).

TPR and TNR

The mean metric is reported along with 95% Cis, which are esti-
mated using nonparametric bootstrap sampling (n = 1000).
Confidence intervals

We use the nonparametric bootstrap sampling to generate CIs: ran-
dom samples of size n (equal to the size of the original dataset) are
repeatedly sampled 1000 times from the original dataset with re-
placement. We then estimate the AUC, subgroup TNR (or TPR),
and underdiagnosis disparity (fairness gaps) metrics using each
bootstrap sample (o« = 0.05). All statistical analysis was performed
with Python version 3.9 (Python Software Foundation).

Supplementary Materials
This PDF file includes:

Figs.S1to S7

Tables S1 to S3
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