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Supplementary Information

Supplementary Results 1: RoentGen-v2 Checkpoint
Selection

To select the best generative model checkpoint we computed several metrics to measure
the quality of synthetic images across three distinct axes: (a) alignment with the
provided findings text and demographics from the prompt, (b) similarity of generated
images to real images, and (c) diversity among synthetic images generated from the
same text prompt. Supplementary Table 1 summarizes the synthetic image quality
metrics at each model checkpoint.

(a) Text Prompt Alignment

For each text prompt in the validation set we generated synthetic CXRs. To evaluate
how well synthetic CXRs depicted radiological findings that were included in the
prompt, a pretrained classification model trained on real images (torch XRV [1]) was
used to predict disease labels for the synthetic images. Similarly, to evaluate how well
synthetic CXRs depicted the demographic information from the prompt, separate XRV
models, trained on real data, were used to predict sex, race and age. The disease labels
and patient metadata of the original text prompt represented the ground truth labels
for the respective tasks. We report area under the receiver-operating characteristic
curve (AUROC) for the diseases, accuracy for sex and race, and root mean square
error (RMSE) for age predictions. Since the XRV classifiers themselves are imperfect,
we compute a reference baseline by evaluating the classifier performance on the real
images from the validation set (see Supplementary Table 1, ‘real data’ row).

The checkpoints at 7.5k training steps (equivalent to 21 epochs) and 10k train-
ing steps (equivalent to 28 epochs) achieved the highest average disease AUROC
(0.81 compared to 0.88 for the real data baseline). The original RoentGen [2] model
achieved an average disease AUROC of 0.82 (see Supplementary Table 1, ‘RoentGen’
row), showing we maintain the disease fidelity while introducing metadata variables
in the conditional image generation process. For demographic attributes, sex and race
accuracy for synthetic images were 100% and 99% respectively. As a reference, the
XRV sex and race accuracy in classifying the real images were 97% and 95% respec-
tively. This demonstrates the sex and race attributes were represented accurately by
RoentGen-v2 . The more challenging task of age prediction also had accurate results,
with only a slightly larger root mean square error (8.9 yrs) compared to the real
data (7.1 yrs). We note that training past 15k optimization steps (equivalent to 43
epochs) led to decreased classification performance for disease, sex and race, likely
due to model overfitting. Overall, we observe near-perfect accuracy for demographics
instruction following along with disease instruction following on par with the original
RoentGen model.

(b) Real–Synthetic Image Similarity

We used Fréchet Inception Distance (FID) score to compare the distribution of gener-
ated images with the distribution of the real ground truth images [3]. Out of all model
checkpoints, the 10k training steps (equivalent to 28 epochs) checkpoint achieved
the lowest FID score (76.8), indicating the most “realistic” image distribution. By
comparison, the FID score of images generated by RoentGen [2] was 96.1.

While we aim to minimize the distance between the two image distributions, having
individual synthetic images being exact replicas of real samples would be sub-optimal.
To check for such model overfitting, we computed the image-level multi-scale structural
similarity index (MS-SSIM) between generated images and their real counterparts,
based on the same text prompt. We similarly computed the embedding-level simi-
larity by measuring the cosine similarity of image embeddings, extracted using the
image encoder of a domain-specific foundation model (BioViL [4]). In the case of MS-
SSIM, the highest observed score was 0.41 at the 5k steps checkpoint (equivalent to

1



058
059
060
061
062
063
064
065
066
067
068
069
070
071
072
073
074
075
076
077
078
079
080
081
082
083
084
085
086
087
088
089
090
091
092
093
094
095
096
097
098
099
100
101
102
103
104
105
106
107
108
109
110
111
112
113
114

14 epochs), while the lowest observed score was 0.30 at 30k and 40k steps (equivalent
to 86 and 115 epochs), with all other checkpoints scoring in-between. For the BioViL
metric, the highest observed score was 0.52 at the 60k steps checkpoint (equivalent
to 172 epochs), while the lowest observed score was 0.35 at 5k steps (equivalent to 14
epochs), with all other checkpoints scoring in-between. We observed balanced similar-
ity scores (MS-SSIM and BioViL) between synthetic and original images for all model
checkpoints, indicating we do not overfit to the real samples.

(c) Intra-prompt Diversity of Generated Images

To measure the diversity of synthetic images generated by RoentGen-v2 , we generated
multiple images using different random seeds for each text prompt in the validation
set. We computed pairwise similarity scores (MS-SSIM and cosine similarity of BioViL
embeddings) between images generated from the same prompt. For both metrics,
a score of 1.00 would indicate that the model collapsed and is generating identical
samples, thus lower scores are desirable. In the case of MS-SSIM, the highest observed
score was 0.46 at the 5k steps checkpoint (equivalent to 14 epochs), while the lowest
observed score was 0.24 at 30k and 40k steps (equivalent to 86 and 115 epochs),
with all other checkpoints scoring in-between. For the BioViL metric, the highest
observed score was 0.72 at the 5k steps checkpoint (equivalent to 14 epochs), while
the lowest observed score was 0.52 at 20k steps (equivalent to 57 epochs), with all
other checkpoints scoring in-between. Balanced intra-prompt similarity scores verify
the ability of the model to generate distinct and varied images at multiple checkpoints.

Supplementary Tables
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Supplementary Table 3 Description of demographic subgroup composition of chest
radiography datasets.

Intersectional Subgroup MIMIC-CXR CheXpert NIH PadChest

train val test test test test

Total 66,760 1,295 7,584 20,531 47,075 59,036

White Male 25, 141 612 2, 880 7, 572 - -
White Female 19, 961 369 2, 205 3, 550 - -
Black Male 5, 366 105 576 653 - -
Black Female 8, 319 113 924 487 - -
Hispanic Male 2, 429 62 325 1, 350 - -
Hispanic Female 3, 092 20 375 992 - -
Asian Male 1, 231 2 133 1, 394 - -
Asian Female 1, 221 12 166 886 - -

Male aged under 18 0 0 0 0 1, 071 933
Female aged under 18 0 0 0 0 851 856
Male aged 18− 40 4, 058 51 469 2, 212 6, 834 2, 720
Female aged 18− 40 5, 541 67 717 1, 330 5, 850 2, 894
Male aged 40− 60 12, 774 286 1, 370 4, 558 11, 166 7, 447
Female aged 40− 60 11, 393 173 1, 236 2, 445 9, 644 9, 216
Male aged 60− 80 13, 893 371 1, 681 5, 087 6, 880 11, 343
Female aged 60− 80 12, 048 203 1, 380 2, 428 4, 364 11, 334
Male aged over 80 3, 442 73 394 1, 230 252 5, 898
Female aged over 80 3, 611 71 337 738 163 6, 395

1Note: NIH and PadChest datasets do not have race/ethnicity information available.
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Supplementary Figures

Supplementary Figure 1 Selection criteria for the training dataset of the generative model.
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Supplementary Figure 2 Classification performance of models trained on all available real and/or
synthetic data according to four strategies: (i) Real-only (baseline) model trained on 66k real CXRs,
(ii) Synthetic-only model trained on 565k synthetic CXRs, (iii) Synthetic+Real mix model trained on
combined 66k real and 565k synthetic CXRs, and (iv) Synthetic-pretrained model, which underwent
supervised pretraining on 565k synthetic CXRs followed by fine-tuning on 66k real CXRs. In scenarios
(i)–(iii) models were initialized using ImageNet pretrained weights; in scenario (iv) the model was
trained from scratch. Y-axis shows binary area under the receiver-operating curve (AUROC), with
each panel focusing on one label. A random chance classifier would score 0.50 AUROC. For ‘Edema’
label, there are no patients with positive label in VinDr-test. Each model is evaluated in-distribution
on MIMIC-test and out-of-distribution on four external datasets.
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Supplementary Figure 3 Classification performance of models trained on all available real and/or
synthetic data according to four strategies: (i) Real-only (baseline) model trained on 66k real CXRs,
(ii) Synthetic-only model trained on 565k synthetic CXRs, (iii) Synthetic+Real mix model trained on
combined 66k real and 565k synthetic CXRs, and (iv) Synthetic-pretrained model, which underwent
supervised pretraining on 565k synthetic CXRs followed by fine-tuning on 66k real CXRs. In scenarios
(i)–(iii) models were initialized using ImageNet pretrained weights; in scenario (iv) the model was
trained from scratch. Y-axis shows binary area under the precision-recall curve (AUPRC), with each
panel focusing on one label. A random chance classifier would score AUPRC equal to the label
prevalence in the test dataset, hence the large differences in scores between labels and datasets. Each
model is evaluated in-distribution on MIMIC-test and out-of-distribution on four external datasets.
For ‘Edema’ label, there are no patients with positive label in VinDr-test; the disease prevalence is
0.004 in NIH-test, and 0.002 in PadChest-test. For ‘Pneumonia’ label, the disease prevalence in NIH-
test is 0.009. For ‘Pneumothorax’ label, the disease prevalence is 0.002 in PadChest-test, and 0.006
in VinDr-test.
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Supplementary Note 1: Disease-specific Classification
Metrics

Supplementary Figure 2 shows the disease-specific AUROC metrics across all models
and datasets. The trend observed in the macro-averaged multi-label AUROC was
reflected in the binary classification AUROCs of individual imaging findings. Generally,
the synthetic-pretrained model achieved the highest AUROC scores across datasets
and diseases, with only a few exceptions. For Cardiomegaly on VinDr, there was no
significant difference between the real-only baseline the synthetic-pretrained model (p-
value= 0.80). For Consolidation on MIMIC, there was no significant difference between
the real-only baseline the synthetic-pretrained model (p-value= 0.18). Lastly, for the
No Finding label on CheXpert, there was no significant difference between the real-only
baseline the synthetic-pretrained model (p-value= 0.43), and on VinDr the real-only
model achieved higher AUROC than the synthetic-pretrained model (p-value= 0.02).

Supplementary Figure 3 shows the disease-specific AUPRC metrics across all mod-
els and datasets. Across the disease labels of Atelectasis, Cardiomegaly, Consolidation,
Edema, Pleural Effusion, Pneumonia and Pneumothorax, the synthetic-pretrained
model achieved the best binary AUPRC. For the ‘No Finding’ label, there was no
significant difference between the proposed synthetic pretraining strategy and the
baseline model.

Supplementary Note 2: Details of Pretrained CXR
Classifiers

• Torch X-ray Vision library [1]: XRV version 1.3.5
• Disease classification model (XRV):
xrv.models.DenseNet(weights="densenet121-res224-all")

• Race classification model (XRV):
xrv.baseline models.emory hiti.RaceModel()

• Age prediction model (XRV):
xrv.baseline models.riken.AgeModel()

• Sex classification model from [5]:
SexModelResNet.load from checkpoint("sex model chexpert resnet all.ckpt")

with weights from https://github.com/biomedia-mira/chexploration/tree/main/
prediction

• Downstream disease classification models initialized with natural image (ImageNet)
pretrained weights used the PyTorch weights
DenseNet121 Weights.IMAGENET1K V1.
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