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Abstract. Deep learning models have made significant advances in his-
tological prediction tasks in recent years. However, for adaptation in
clinical practice, their lack of robustness to varying conditions such as
staining, scanner, hospital, and demographics is still a limiting factor:
if trained on overrepresented subpopulations, models regularly struggle
with less frequent patterns, leading to shortcut learning and biased pre-
dictions. Large-scale foundation models have not fully eliminated this
issue. Therefore, we propose a novel approach explicitly modeling such
metadata into a Metadata-guided generative Diffusion model framework
(MeDi). MeDi allows for a targeted augmentation of underrepresented
subpopulations with synthetic data, which balances limited training data
and mitigates biases in downstream models. We experimentally show
that MeDi generates high-quality histopathology images for unseen sub-
populations in TCGA, boosts the overall fidelity of the generated images,
and enables improvements in performance for downstream classifiers on
datasets with subpopulation shifts. Our work is a proof-of-concept to-
wards better mitigating data biases with generative models.
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1 Introduction

Histopathology is a cornerstone of clinical diagnostics and biomedical research,
providing critical insights into disease mechanisms through tissue examination.
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AI models have shown great potential to advance pathological workflows in re-
cent years [17]. Research studies have shown that deep learning models can
predict disease subtypes [3], disease progression and outcome [6], detect rare
cancers [11] and even molecular properties such as mutations [8] and gene ex-
pressions [14] to a certain extent. Although models can reach or occasionally even
surpass pathologist-grade performance in specific subtasks, they are not widely
adopted in the clinical workflow yet [11, 17]. The varying conditions across med-
ical centers such as different staining protocols, lab artifacts, scanner type and
demographic differences pose unique challenges to machine learning algorithms
[17]. If such tissue conditions are correlated with prediction targets, models use
them as a shortcut in the training process and fail to generalize [21, 12, 13, 26].
Foundation models that are trained with self-supervised learning on large-scale
histopathology datasets are proposed as a solution [5, 27, 10, 1]. However, as they
not only model the biological features but also these metadata conditions, they
can still fail catastrophically when the distribution is highly skewed [16, 18, 15,
26]. Therefore, additional mitigation strategies are needed to prevent such biases
and ensure a safe deployment of machine learning models in the clinic.

We propose to explicitly model these conditions by training metadata-guided
generative diffusion models (MeDi). Instead of conditioning a model only on the
disease subclass, we also condition the generation process on readily available
metadata attributes, such as the medical center, to be more sensitive to relevant
statistical and morphological variations. Furthermore, the MeDi framework pro-
vides interpretable controls to balance out the training data distribution during
downstream tasks. By contrast, when relying on a single class label, generative
models may gravitate toward the “mode” of each class distribution, overlook-
ing minority subpatterns/classes and failing to meaningfully increase diversity
in the dataset. We demonstrate that (1) MeDi produces higher-quality images
compared to class-only conditioning, and (2) can be used to improve generaliza-
tion capabilities to unseen subpopulations in downstream tasks. The full MeDi
pipeline (training, sampling, embedding, and evaluation scripts) is available on
GitHub1.

2 Related Work

Generative approaches for mitigating domain shifts in medical imaging have
received considerable attention in recent years. Early attempts in histopathol-
ogy often relied on stain normalization [22, 25] or style-transfer techniques (e.g.,
CycleGAN-based color normalization) to reduce color variability across labora-
tories, scanners, and staining protocols [7]. More recent advances in diffusion
models have opened up new opportunities for controllable and high-fidelity im-
age synthesis [9]. For example, Niehues et al. [23] demonstrated that both fine-
tuned Stable Diffusion and GAN-based models can be used to augment datasets
in colorectal cancer tasks, achieving improved performance on the CRC-100K
dataset. Aversa et al. [2] extended histological image generation to larger regions
1 https://github.com/David-Drexlin/MeDi
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Fig. 1. MeDi Training and Inference Framework. During training (1), the model
receives real images along with their class labels and metadata. At inference (2), users
can condition on arbitrary combinations of class and metadata, enabling the genera-
tion of synthetic images for underrepresented subpopulations or unseen subpopulations
altogether.

with conditioning on class-based segmentation masks, enabling the generation
of synthetic whole slide images with pixelwise class annotations.

Beyond class annotations, other conditioning mechanisms in diffusion models
have recently been explored. Osorio et al. [24] introduced a latent diffusion frame-
work that leverages cluster-defined morphological features to enhance the fidelity
of generated images. Carillo et al. [4] used bulk RNA sequencing data as a condi-
tioning mechanism. Closest to our own approach, Ktena et al. [20] demonstrated
that diffusion-based augmentation can improve model fairness and robustness in
radiology, dermatology, and histopathology. However, their histopathology ex-
periments were limited to breast cancer tissues from the Camelyon17 dataset
which offers limited classes (2) and metadata variability (5 hospitals).

3 Method

In this work, we propose a framework for training metadata-conditioned diffusion
models (MeDi) that integrates both class labels (e.g., cancer type) and relevant
metadata (e.g., medical center, demographics) into the diffusion process. Con-
ventional class conditioning may capture dominant variations within each class;
however, it can fail to model underrepresented or subtle domain shifts. By ex-
plicitly modeling additional metadata, MeDi aims to mitigate batch effects in
downstream tasks and enhance the diversity of synthetic samples.

Figure 1 illustrates the overall framework of MeDi. During training, each im-
age is paired with: a class label (e.g., cancer subtype) and metadata attributes.
The model learns the interactions between these attributes and the image fea-
tures. At inference time, the user can condition the generation process on any
valid combination of class and metadata, thereby synthesizing images for under-
represented or unseen subpopulations.
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Essentially, our approach can interpolate within the metadata space to bal-
ance the distribution of existing meta-class combinations, or extrapolate to pro-
duce synthetic samples for combinations absent in the training set. This data-
centric approach aims to ”fill in” distribution gaps and help mitigate biases re-
sulting from skewed datasets. For instance, consider two hospitals: Hospital A,
which submitted lung adenocarcinoma and lung squamous cell carcinoma sam-
ples from overwhelmingly Caucasian patients, and Hospital B, which mostly has
samples from African-American patients but exclusively submitted lung squa-
mous cell carcinoma samples. By leveraging metadata-guided diffusion, MeDi
can learn to generate realistic synthetic samples for patients with lung adeno-
carcinoma in Hospital B, and thus alleviate the imbalance across different unseen
subpopulations that are known to bias classifiers [26].

By balancing these subpopulations, MeDi helps remove spurious correlations
or learnable proxies between metadata and the disease label, reducing Clever
Hans effects [21, 16] in downstream tasks.

3.1 Metadata-Conditioned Diffusion UNet

We build upon a standard 2D UNet architecture from the diffusers library 2,
which progressively denoises an image across multiple residual downsampling
and upsampling blocks.

Metadata Embeddings. Let {α1, α2, . . . , αk} denote the set of metadata attributes
associated with each patch. For each categorical attribute, we employ a learnable
embedding layer that maps each discrete category to a fixed-dimensional vector
of dimension de. For instance, if the attribute “medical center” has Nsite possible
values, then each site i is represented by an embedding vector zsite(i) ∈ Rde .

Metadata Combination. We concatenate the class label embedding with all meta-
data embeddings to form a single conditioning vector. Let zclass ∈ Rdclass denote
the class embedding and let zmeta,i ∈ Rde denote the embedding of the ith
metadata attribute for i = 1, . . . , k. To ensure compatibility with the timestep
embedding zt ∈ Rdt , we require that dclass + k · de = dt. The conditioning vector
is then defined as

zcond = concat
(
zclass, zmeta,1, . . . , zmeta,k

)
∈ Rdt .

This vector is added to the timestep embedding:

zfinal = zt + zcond,

which is provided to the UNet’s residual blocks at each down- and upsam-
pling stage. In this way, the diffusion process is conditioned on both the class-
specific morphology (e.g., tumor [sub]type) and the domain-specific variations
(e.g., scanner artifacts, demographic effects).
2 https://github.com/huggingface/diffusers
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Fig. 2. Dataset statistics for TCGA-UT. Left : The number of patches for the 18
largest cancer types (vertical axis) and tissue source sites (horizontal axis), capped at
1,600. Right : Race and gender distributions for the patches of selected cancer types
and tissue source sites. The dataset is highly imbalanced across classes, hospitals, and
demographics, with many missing or underrepresented metadata combinations.

4 Experiments

We evaluate our metadata-guided diffusion framework (MeDi) on the TCGA-
UT dataset3 [19], which provides histopathology tumor patches from 32 distinct
cancer types within The Cancer Genome Atlas (TCGA). Each patch is associated
with several metadata fields, including tissue source site (TSS), race, gender,
and age. In total, the dataset covers 8,726 patient-level records and 271,710
image patches. In terms of metadata dimensions, the dataset contains 626 TSS
codes from 184 unique medical centers. This yields a high combinatorial space of
626×32 = 20, 032, which is only partially represented. For instance, some cancer
types contain fewer than 1,000 patches, while others exceed 20,000; certain TSS
are overrepresented, whereas others appear only sporadically

4.1 Dataset Splitting and Training Setup

To induce an out-of-distribution scenario for the classification tasks, we design
a holdout strategy that excludes specific medical center and demographic com-
binations from diffusion model training. We remove certain tissue–demographic
configurations from training such that no data leakage can occur through syn-
thetic images. Specifically, for each cancer type (e.g., TCGA-CESC), we randomly

3 zenodo.org/records/5889558, License: Non-Commercial Use: CC-BY-NC-SA 4.0
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select 30% of the medical center and patient race combinations for the holdout
set. All patches matching those combinations are excluded from training, leaving
7,061 patient records in the training split and 1,665 in the holdout. This ensures
that particular site–demographic subpopulations remain completely unseen dur-
ing model training.

4.2 Diffusion Model Variants

We train two distinct diffusion models on the above training set, each for 800, 000
optimization steps at a learning rate of 10−4 with a batch size of 64:

1. Baseline: Class-Only (CLS). A UNet conditioned solely on the cancer-
type label.

2. MeDi: Class + Tissue Source Site (CLS+TSS). A UNet conditioned on the
cancer-type label and the medical center (TSS code). Tissue source site is
embedded via a learnable layer.

Both models share the same network capacity and training hyperparameters;
they differ only in the presence or absence of the metadata embeddings. We
picked the medical center as a proof of concept as it has shown to significantly
bias classifiers in past studies [13, 18, 15].

4.3 Training Set Fidelity (FID)

We first assess how effectively each model reproduces the training distribution
by measuring the Fréchet Inception Distance (FID) between real and synthetic
images. Lower FID scores indicate that synthetic images better match the real
data, however, they do not quantify the clinical realism of the synthetic data.
Setup. For each diffusion model, we generate 271,710 synthetic images—matching
the exact size and class distribution of the training set - using the DDIM sched-
uler with 100 inference steps. For each cancer type, we synthesize patches accord-
ing to the same frequencies of the cancer types (and metadata, when applicable).
Thus, both models (CLS, MeDi) produce the same total number of images but
differ in how conditioning is applied. Figure 3 breaks down the results per class.

– CLS Baseline: Synthetic patches are generated conditioned solely on the
cancer type (CLS).

– MeDi Synthetic patches are generated conditioned on both class and the
medical center (TSS code in TCGA).

We observe that MeDi achieves a lower average FID than the CLS-only base-
line, suggesting that modeling the TSS information helps to produce more faith-
ful synthetic patches. In total, 23 out of 32 cancer types show improved FID
scores relative to the baseline, with the most notable improvements occurring
in underrepresented cancers that have fewer real samples. This can be also seen
qualitatively in Figure 4. MeDi captures individual staining patterns better.
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Fig. 3. FID per cancer type at 800K optimization steps sampled with DDIM.
Depicted are the class-only baseline (CLS, red) and the metadata-conditioned model
(MeDi, blue). Cancer types are ordered in descending order based on the number of
images in the dataset. Dotted horizontal lines represent the average FID per model:
CLS: 50.65, MeDi: 37.73.
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Fig. 4. LUSC and LUAD samples from different tissue source sites (TSS)
along with generated images. The top row shows real data, while the two other
rows show generated samples. MeDi enables capturing the staining mode of the different
tissue source sites, while the CLS only model can not be conditioned on a specific TSS
and, therefore, is unable to match the real data sample distribution.

4.4 Performance of Downstream Models on Subpopulation Shift

Next, we assess whether our generation model can improve downstream task
performance by training tumor-subtype classifiers on three complementary sub-
typing problems in TCGA-UT (NSCLC, RCC and Uterine) spanning different
degrees of imbalances and metadata–class correlations. In the training set, each
cancer type is sourced from only one distinct TSS. This introduces a correlation
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between TSS and class label, which mirrors many real-world scenarios where
entire data cohorts may come from a single hospital. For both models (CLS
and MeDi), we augment the training dataset by adding one synthetic example
per real sample. For the CLS model, we generate samples only conditioning on
the respective cancer type and sample uniformly over the classes. For MeDi, we
generate synthetic samples by conditioning on the class and TSS: we uniformly
sample over all possible combinations of selected cancer types and tissue source
sites. This tailored sampling strategy aims to systematically break the class and
metadata correlation. We train a linear classifier on top of the embeddings of
20 samples per class, extracted with the histopathology foundation model UNI
[5]. The test set contains data from all TSS that the diffusion models have not
seen during training, thereby creating a realistic subpopulation shift scenario.
We repeat the model training for each possible combination of TSS from the
training set as defined in Section 4.1.

Table 1. Linear probing results averaged over all possible tissue source site combina-
tions in the training set. Overall indicates total balanced accuracy over the entire test
set while for TSS AVG, the accuracy is computed for each TSS and averaged. The
depicted variance shows standard error and best results are in bold.

NSCLC RCC Uterine
Method Overall TSS AVG Overall TSS AVG Overall TSS AVG

No syn. data 74.31 ± 0.46 75.76 ± 0.51 73.25 ± 0.32 81.74 ± 0.24 67.73 ± 1.11 62.82 ± 2.24
CLS only 79.99 ± 0.31 81.72 ± 0.33 78.21 ± 0.27 84.64 ± 0.14 67.77 ± 0.89 70.80 ± 1.37
MeDi 81.37 ± 0.27 83.04 ± 0.30 74.87 ± 0.24 84.17 ± 0.14 74.86 ± 0.84 71.21 ± 1.58

Table 1 shows the average balanced accuracy and the tissue source site
(TSS)–averaged accuracy across all experimental runs. We find that synthetic
data augmentation significantly improves performance to unseen tissue source
sites in low data regimes. MeDi can further improve accuracy for NCLSC and
Uterine classification while being roughly on par for RCC subtyping when con-
sidering the average TSS performance. This showcases that targeted data gen-
eration with MeDi can lead to better classifiers. In future work, we want to
investigate if similar results can be achieved on larger datasets and in more
general settings to confirm our findings.

5 Conclusion

Our experiments show that explicitly conditioning diffusion models on rele-
vant metadata—such as hospital site yields two key benefits in computational
histopathology: (1) improved fidelity of synthetic images to real-world distribu-
tions, and (2) that generative data augmentation can complement discriminative
foundation models by selectively balancing subpopulation shifts. In future work,
we will explore further metadata factors (e.g., scanner type, patient age, gender,
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and race), larger-scale training regimes, extend the evaluation from linear prob-
ing to full fine-tuning, apply classifier-free guidance to improve the quality and
downstream utility, and conduct a study to validate the relationship between
FID and pathologist-rated image quality and realism.
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