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Abstract 

Understanding how genetic variation shapes tissue structure is crucial for disease 
biology, yet scalable, general-purpose frameworks for genetic analysis of histology 
traits are lacking. We present HistoGWAS, a framework for genome-wide association 
studies of histology data that leverages foundation models for automated trait defini-
tion, variance component models for efficient association testing, and generative 
models for variant effect interpretation. Applied to 11 tissues from the Genotype-Tissue 
Expression project, HistoGWAS identifies four genome-wide significant loci associ-
ated with tissue histology—tissue quantitative trait loci (tissueQTLs)—which we link 
to molecular changes and complex traits. Power analyses demonstrate scalability 
to population-scale histology cohorts.
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Background
Genetic analysis of molecular, cellular, and tissue-level traits can clarify how disease-
associated loci influence clinical outcomes by revealing the intermediate processes that 
mediate genetic effects. Initially focused on molecular traits such as gene expression and 
protein levels [1–7], these efforts have expanded to imaging-derived traits, advancing 
our understanding of disease biology and uncovering new biomarkers [8–15].

Histological images capture tissue architecture and cellular composition, revealing dis-
ease processes such as scarring and inflammation that may precede clinical manifesta-
tion [16, 17]. However, large-scale genetic studies of histological traits remain limited 
due to the high dimensionality and complexity of the data. Prior work has focused on 
targeted analyses [18, 19] or semi-quantitative scoring systems of disease severity, such 
as the NAFLD Activity Score in liver disease [20], whereas general frameworks for 
genome-wide genetic analysis of histology phenotypes are lacking.
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Recent advances in artificial intelligence have transformed the analysis of complex bio-
logical data. Foundation models enable the derivation of quantitative embeddings from 
high-dimensional modalities, facilitating diverse downstream tasks [21–25]. Concurrently, 
generative models have improved our ability to model the effects of specific covariates on 
imaging and molecular traits [26–28]. However, despite substantial progress in AI-driven 
diagnostics and prognostics within computational pathology [29–34], frameworks that lev-
erage AI for genome-wide genetic analysis of histology phenotypes remain lacking.

Here, we introduce HistoGWAS, an AI-enabled framework for genome-wide associa-
tion studies (GWAS) of histological traits. The approach begins with a semantic autoen-
coding strategy that leverages pretrained foundation models to derive quantitative 
histology embeddings for genetic analysis, and a generative decoder to invert the encod-
ing process (Fig.  1a). We then perform scalable GWAS of these embeddings using an 
efficient variance component testing framework (Fig. 1b). Finally, the generative decoder 
is used to visualize tissue features associated with significant genetic loci (Fig. 1c).

Notably, HistoGWAS enables the identification of genome-wide significant loci influ-
encing tissue-level features from histological data—genetic associations we term tis-
sueQTLs. Simulations further show increased detection power with larger sample sizes, 
supporting its applicability to biobank-scale genetic studies of tissue phenotypes.

Results
Semantic autoencoding of histology for genetic analysis

First, we developed an autoencoding strategy in which a pre-trained encoder is 
selected to maximize molecular prediction performance and a decoder is trained 
to invert the encoding process. We analyzed histology samples from the Genotype-
Tissue Expression (GTEx) dataset [2], focusing on eleven tissues with the highest 
availability of both histology and genetic data (n ≥ 750; Additional file 1: Dataset S1). 
Following previous studies [22, 35], we extracted 192  μm x 192  μm tissue patches 
from each whole-slide image (Fig. 2a), yielding 22,812,099 patches across 9,006 slides 
after rigorous quality control (Methods; Additional file 1: Dataset S1).

Starting with the encoder, we identified the pretrained model whose slide embed-
dings best linearly predict gene expression (Fig.  2b; Methods). We compared four 

Fig. 1  Overview of the HistoGWAS workflow. a A semantic autoencoder encodes slide patches into 
embeddings and reconstructs them into image space using a pretrained foundation model as the encoder 
and a generative model as the decoder. b Genome-wide association study (GWAS) of individual-level 
embeddings obtained by averaging patch embeddings within individuals; results are summarized in 
a Manhattan plot showing associations between embeddings and genetic variants. c Visualization of 
histological changes associated with significant variants (e.g., rs7030256) by projecting embeddings—
interpolated along the genetic effect direction—back into image space using the generative decoder
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types of pretrained models: (i) self-supervised contrastive learning methods that learn 
generic tissue features without labels (SimCLR [36] and RetCCL [22]); (ii) a super-
vised cancer type classification model (KemiaNet [37]); (iii) a cross-modal founda-
tion model aligning histology with pathologist text descriptions (PLIP [21]); and (iv) 
standard autoencoders optimized for image reconstruction (AE) [30, 32]. Contrastive 
learning methods performed best, with RetCCL achieving the highest average Spear-
man correlation across genes (e.g., in thyroid tissue: ρ = 0.366 ± 0.008 for RetCCL, 
ρ = 0.346 ± 0.008 for SimCLR, ρ = 0.310 ± 0.008 for KemiaNet, ρ = 0.270 ± 0.010 for 
PLIP, and ρ = 0.230 ± 0.007 for AE; Fig. 2c; Additional file 2: Fig. S1-S2). RetCCL also 
predicted the largest number of genes above multiple correlation thresholds (e.g., in 
thyroid tissue: RetCCL predicted 777 genes with ρ > 0.5, 18.33% of total; SimCLR 613 
[14.46%]; KemiaNet 131 [3.09%]; PLIP 254 [5.99%]; and 111 [2.62%] for AE; Additional 
file 2: Fig. S2). Based on these results, we selected RetCCL as the HistoGWAS encoder.

After selecting the encoder, we developed a decoder to reconstruct full-resolution 
images from patch embeddings. To this end, we trained conditional generative adversar-
ial networks (GANs) [38–40] for each tissue, conditioning image generation on encoder-
derived embeddings. Our GAN framework comprised a generator that produces 

Fig. 2  HistoGWAS semantic autoencoding framework. a Tissue patches (192 μm x 192 μm) are extracted 
from 9,006 whole-slide images, yielding 22,812,099 patches after quality control (Methods; Additional file 1: 
Dataset S1). b Patch-level embeddings are derived using several pretrained models as candidate semantic 
encoders: RetCCL [21], SimCLR [22, 36], KimiaNet [37], PLIP [21], and reconstruction-based autoencoders 
[30, 32]. c Model comparison for gene expression prediction in thyroid tissue, shown as a quantile–
quantile (QQ) plot of per-gene -log10 P values from association tests between observed and predicted 
expression levels in test-set individuals (Methods). Each point represents a gene. The top-performing 
model is selected as the encoder. d Conditional generative adversarial network (GAN) framework in which 
a generator (G) produces synthetic patches from embeddings and Gaussian noise, while a discriminator (D) 
distinguishes real from generated images conditional on embeddings. e The trained generator functions 
as a decoder, reconstructing semantically similar patches from embeddings. f Reconstructions for different 
embeddings (rows) and Gaussian noise samples (columns). Varying noise at fixed embedding yields distinct 
reconstructions that preserve key structural features
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synthetic patches from embeddings and Gaussian noise, and a discriminator trained to 
distinguish real from generated images conditional on those embeddings (Fig. 2d, Meth-
ods). After adversarial training, the generator produced realistic images conditional on 
the embeddings, serving as a decoder (Fig. 2e). Reconstructions from this decoder are 
stochastic: fixing the embedding while varying the Gaussian noise yields distinct images 
that retain key features of the original patch (Fig. 2f ).

Embeddings from images reconstructed with the HistoGWAS semantic autoencoder 
remained highly predictive of gene expression (Additional file  2: Fig. S3). To quantify 
information loss, we compared prediction performance using embeddings from origi-
nal and reconstructed images as inputs to a model predicting gene expression, testing 
for each gene whether performance was significantly reduced (Methods). In thyroid tis-
sue, only 326 genes (7.7% of total, Bonferroni-adjusted P < 0.05) showed significant dete-
rioration with HistoGWAS reconstructions, compared to 1,496 genes (35.3%) with the 
standard autoencoder, confirming that HistoGWAS retains substantially more predic-
tive signal for gene expression levels (Additional file 2: Fig. S3).

Genome‑wide association analysis across 11 tissues identifies four tissueQTLs

To capture subtle genetic influences on tissue subregions, we focused our genetic analy-
ses on 68 distinct cluster signatures identified through refined clustering within each tis-
sue (Methods; Additional file 2: Fig. S4).

First, to validate the biological relevance of these cluster signatures, we correlated 
slide-level cluster proportions with bulk gene expression across individuals. This analy-
sis identified distinct genes and pathways associated with different signatures within the 
same tissue, highlighting their functional diversity (Methods; Additional file 2: Fig. S5; 
Additional file 3: Dataset S2).

Next, we employed an adapted scalable variance component model to test genome-
wide associations between individual-level average patch embeddings for each clus-
ter signature and each of ~ 5 million variants with minor allele frequency (MAF) ≥ 5%, 
adjusting for patient covariates and population structure (Methods). Across 68 sig-
natures, we identified four genome-wide significant tissueQTLs at 20% FWER 
(P < 3.23 × 10–9; Fig. 3a, b; Additional file 2: Fig. S6; Additional file 4: Dataset S3), with 
the strongest signal also exceeding the 5% FWER threshold (P < 4.29 × 10–10). Analysis of 
permuted genotypes yielded calibrated P values with no significant associations (Addi-
tional file 2: Fig. S7), supporting proper calibration of our testing procedure. In contrast, 
embeddings from standard autoencoders identified only a single locus at 20% FWER, 
corresponding to the same top signal detected by HistoGWAS (Additional file 2: Fig. S8).

The most significant tissueQTL, lead intronic variant rs7030256 in the PTCSC2 gene 
(P < 6.62 × 10–12), was associated with five different signature clusters in thyroid tissue 
(Additional file 2: Fig. S6). The other three tissueQTLs were each associated with a sin-
gle cluster signature in sun-exposed skin (rs1432621; P < 3.94 × 10–10), adipose subcuta-
neous (rs2770197; P < 7.39 × 10–10), and esophagus mucosa (rs3766325; P < 1.64 × 10–9), 
respectively.
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Linking tissueQTLs to molecular and disease traits

To interpret the identified tissueQTLs, we implemented downstream analyses linking 
genetic associations to molecular traits, disease risk, and histological phenotypes.

We performed formal colocalization analyses using established frameworks [41], lev-
eraging outputs from our variance component model (Methods). For each of the four 
genome-wide significant tissueQTLs, we tested for shared genetic signals with disease 
GWAS loci, expression QTLs (eQTLs), and splicing QTLs (sQTLs). The top thyroid tis-
sueQTL (rs7030256) colocalized with hypothyroidism and goiter in FinnGen [42–44] 
(PP-H4 = 0.97; Fig. 4a) and with FOXE1 eQTLs in GTEx thyroid (PP-H4 = 0.94; Addi-
tional file 2: Fig. S9). The G allele was associated with increased disease risk and higher 
FOXE1 expression, consistent with its role as a master regulator of thyroid develop-
ment and an established cancer susceptibility locus [45]. Additional examples included 
skin tissueQTL rs1432621 colocalizing with FinnGen “Other arthrosis” [46] (PP-
H4 = 0.79; allele A increasing risk), esophagus tissueQTL rs3766325 with IFI44 eQTLs 

Fig. 3  GWAS of histological embeddings across 68 cluster signatures identifies four tissueQTLs. a Manhattan 
plot showing genome-wide association results across 68 cluster signatures. Red horizontal lines indicate 
multi-trait genome-wide significance thresholds corresponding to a 20% family-wise error rate (FWER), 
determined through a permutation-based procedure (Methods). Lead variants at significant tissueQTLs are 
marked with diamonds; variants in linkage disequilibrium (R.2 > 0.5) with the lead are color-coded accordingly. 
b QQ plots of association -log10 P values stratified by tissue type, with variants color-coded as in (a)

Fig. 4  Effect of tissueQTL rs7030256 on thyroid histology. a Dual LocusZoom plots showing colocalization 
for rs7030256 (PP-H4 = 0.97): the upper panel displays association with the GTEx thyroid cluster signature 2, 
and the lower panel shows the FinnGen GWAS signal for autoimmune hypothyroidism [44]. Nearby genes 
are annotated for genomic context. b UMAP of thyroid patch embeddings colored by rs7030256 axis scores 
(Methods), with a box plot showing score distributions across genotypes. c Histological images illustrating 
allele effects by projecting interpolated embeddings—along the rs7030256 genetic effect axis—back into 
image space using the semantic decoder. d Representative whole-slide images from samples with strong 
phenotypic signals along the rs7030256 genetic effect axis (Methods). Patches in the top and bottom 
5% of axis scores are highlighted in green, with three regions per slide magnified to illustrate consistent 
morphological differences. Additional examples are shown in Additional file 2: Fig. S11
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(PP-H4 = 0.98; allele G increasing expression), and adipose tissueQTL rs2770197 with 
ST8SIA6 sQTLs (PP-H4 = 0.99; Additional file 2: Fig. S9).

Next, to visualize predicted histological effects of tissueQTLs, we applied latent-
space interpolation using the HistoGWAS decoder. For each tissueQTL lead variant, we 
defined a genetic effect axis in embedding space and generated images from interpo-
lated embeddings along this axis (Methods), enabling direct visualization of histological 
changes associated with the genetic variant under study. Using rs7030256 in thyroid as 
an example, pathologist assessment of generated images revealed progressive follicular 
enlargement and colloid accumulation with the G allele, often accompanied by inflam-
matory infiltrates (Fig.  4b, c; Additional file  2: Fig. S10), consistent with goiter devel-
opment. In contrast, the C allele was associated with a white rim around the colloid, 
suggestive of increased resorption and thyroid activity (Fig. 4b, c; Additional file 2: Fig. 
S10). To contextualize these effects, we examined whole-slide images from samples with 
strong phenotypic signals along the inferred genetic axis (Methods), confirming consist-
ent differences in follicular architecture and colloid content (Fig. 4d; Additional file 2: 
Fig. S11). Other loci also showed interpretable patterns: rs3766325 in esophagus mucosa 
was associated with enlarged epithelial nuclei indicative of regeneration; rs1432621 in 
skin with increased collagen density; and rs2770197 in adipose with enlarged vacuoles 
and cell membrane deterioration (Additional file 2: Figs. S10, S12–S14).

Finally, to link tissueQTLs to molecular functions, we performed transcriptome-
wide association analyses by testing each tissueQTL lead variant for association with 
the expression of every gene individually, followed by pathway enrichment (Methods). 
For rs7030256 in thyroid, we identified 128 significantly associated genes (Bonferroni-
adjusted P < 0.05; Additional file  4: Dataset S3), with enrichment in hedgehog signal-
ing and estrogen response pathways. Other loci also showed molecular signatures: 
rs3766325 in esophagus was associated with 30 genes (Bonferroni-adjusted P < 0.05); 
genes associated with rs1432621 in skin were enriched for UV response and epithe-
lial–mesenchymal transition pathways [47–49]; and genes associated with rs2770197 
in adipose were enriched for adipogenesis and fatty acid metabolism pathways [19, 50] 
(Additional file 4: Dataset S3).

Together, these analyses link tissueQTLs to molecular functions, disease associa-
tions, and histological phenotypes, providing a framework for evaluating their biological 
relevance.

Power analysis of HistoGWAS

To evaluate the statistical power of HistoGWAS, we conducted simulations of cohorts 
with up to 10,000 individuals. Trait embeddings were generated as functions of covari-
ates, a genetic variant, and Gaussian noise (Methods). After confirming proper calibra-
tion under the null (no genetic effect; Additional file 2: Fig. S15), we estimated power to 
detect tissueQTLs at genome-wide significance (P < 5 × 10⁻⁸) across varying sample sizes 
and effect sizes.

In sample sizes comparable to our study (650–1,000 individuals), HistoGWAS 
achieved high power to detect variants explaining at least 0.2% of variance in the 
embedding space, but had limited power for effects explaining ≤ 0.1% variance (Fig. 5a). 
Power increased substantially with larger cohorts, enabling detection of variants 
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explaining ≥ 0.1%, ≥ 0.05%, and ≥ 0.02% of variance with 2,000, 5,000, and 10,000 indi-
viduals, respectively. Figure 5b summarizes the sample sizes required to achieve target 
power across effect sizes, providing guidance for the design of future genome-wide asso-
ciation studies of histology phenotypes.

Discussion
HistoGWAS establishes a unified pipeline for tissueQTL mapping by integrating pre-
trained histology models for automated phenotyping, variance component tests for scal-
able genetic association, and generative models for interpretability. Applied to GTEx 
histology and genetic data, the framework identified four significant tissueQTLs, provid-
ing a proof of principle for linking tissue morphology to molecular and disease traits. 
Among these, the PTCSC2 locus in thyroid—a lncRNA gene implicated in thyroid biol-
ogy [51–53]—was associated with changes in follicle size and colloid content and colo-
calized with both a thyroid disease risk locus [44] and a FOXE1 eQTL, implicating a 
master regulator of thyroid development.

Despite its advantages, HistoGWAS is not without limitations. Our focus on tissue-
specific cluster signatures enables high-throughput discovery and interpretable visu-
alization of variant effects, but defining such signatures may be challenging in highly 
heterogeneous tissues—such as tumors or complex microenvironments—or when 
genetic effects span multiple spatial scales. Patch size is a key parameter that determines 
analytical resolution: smaller patches emphasize cellular detail (as in this study), whereas 
larger patches capture broader tissue architecture. Whole-slide representation learning 
and multi-resolution approaches offer promising strategies to preserve spatial context 
while capturing heterogeneity across scales [54–56].

A second limitation concerns the generative decoder, which is currently trained sepa-
rately for each tissue. While this design yields accurate reconstructions, it requires train-
ing multiple decoders. Preliminary results on cross-tissue training with learnable tissue 
embeddings are promising (Additional file 2: Fig. S16), but further refinement and sys-
tematic evaluation are needed. Conditional diffusion models may provide a more flexible 
framework for histological reconstruction [57].

Third, although HistoGWAS can in principle be applied to rare variants, our analysis 
was restricted to common variants due to limited power for testing single rare variants 

Fig. 5  Power analysis of HistoGWAS across sample sizes and effect sizes. a Statistical power to detect 
significant tissueQTLs (P < 5 × 10⁻⁸) across combinations of variance explained and cohort size. Standard 
errors are based on 100 simulation seeds. b Heatmap showing average power for each combination of 
cohort size (columns) and variance explained (rows), providing guidance for tissueQTL study design



Page 8 of 18Chaudhary et al. Genome Biology          (2026) 27:122 

at GTEx sample sizes. Future studies could leverage gene-level rare variant tests that 
incorporate functional annotations to improve power [58–61].

Finally, although we selected the encoder based on gene expression prediction to 
obtain general-purpose embeddings capturing broad tissue processes, alternative evalu-
ation or fine-tuning strategies—such as optimizing for specific clinical labels—may be 
preferable in other settings.

Conclusions
We introduced HistoGWAS as a scalable framework for systematic discovery of tis-
sueQTLs from histology. By combining pretrained encoders, variance component mod-
els, and generative decoders, it links genetic variants to tissue features, extending genetic 
analyses of intermediate phenotypes to histology.

The integration of AI-based encoding and decoding of high-content phenotypes with 
multivariate analysis of latent representations is applicable beyond histology. Similar 
strategies could facilitate the study of genetic effects on morphological variation in non-
invasive medical imaging [8–14, 62] and the evaluation of perturbation effects in high-
content screens [63]. Such extensions may be particularly relevant for advanced in vitro 
models, including organoids, where genetic or chemical perturbations can be linked to 
complex in vitro phenotypes.

Power analysis indicates that HistoGWAS is suitable for large-scale histology cohorts, 
enabling detection of genetic effects on tissue structure. By linking germline variation to 
histological features, the framework supports genetically informed investigation of dis-
ease mechanisms [64, 65]. Together, these elements establish HistoGWAS as a founda-
tion for tissueQTL mapping and future genetic studies of tissue phenotypes.

Methods
Study aim and design

The aim of this study was to develop HistoGWAS, a scalable AI-enabled framework for 
genome-wide association studies of histological phenotypes. The framework integrates 
three components: (i) semantic autoencoding of histology images to derive quantita-
tive tissue embeddings, (ii) variance component models for association testing between 
genetic variants and embeddings, and (iii) generative modeling to reconstruct and inter-
pret the histological effects of genetic variation. For validation, we applied HistoGWAS 
to GTEx, selecting tissues with both histology and germline genetic data available for at 
least 750 individuals. This yielded a dataset comprising 11 tissue types and 9,006 hema-
toxylin and eosin (H&E)–stained slides, corresponding to 22.8 million image patches 
(Additional file  1: Dataset S1). The study was structured as a computational pipeline 
consisting of preprocessing, encoder selection, generative decoder training, genetic 
association analysis, and downstream characterization of significant loci. The following 
sections describe each component in detail, together with the power analysis.
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Preprocessing and encoder selection

Data preprocessing and patch extraction

We curated an initial dataset from GTEx, selecting tissues with both histological and 
genetic data available for at least 750 individuals. This resulted in 11 tissue types and 
9,006 slides (Additional file 1: Dataset S1). For each slide, we extracted 192 μm × 192 μm 
patches using a predefined grid. This scale captures both cellular detail and local tissue 
architecture and matches the resolution used in recent histology foundation models [21, 
22]. Slides were converted to grayscale, and tissue regions were identified using binary 
thresholding (cv2.threshold, OpenCV [66]) to distinguish foreground from background. 
Patches containing at least 50% tissue were retained and exported as 256 × 256 pixel 
images (0.75  μm per pixel), yielding 22,812,099 patches across 11 tissues (Additional 
file 1: Dataset S1).

Compared models for semantic encoding

We evaluated four pretrained models as candidate semantic encoders for HistoGWAS: 
(i) RetCCL [21], pretrained on The Cancer Genome Atlas (TCGA) using cluster-guided 
contrastive learning; (ii) SimCLR [22, 36], pretrained on ImageNet with a standard con-
trastive learning procedure; (iii) KimiaNet [37], pretrained on TCGA for cancer type 
classification; and (iv) PLIP [21], pretrained on slide images and associated patholo-
gist descriptions from OpenPath using a multimodal contrastive-learning framework. 
These models were pretrained on large, heterogeneous datasets with extensive aug-
mentations (e.g., color jittering, blurring, rotations), promoting robustness to moder-
ate image-quality variation. All were applied to GTEx without fine-tuning. In addition, 
we trained a classical autoencoder (AE) separately for each of the 11 tissues using an 
L2 reconstruction loss (Additional file 2: Section S1.1), as in prior histology–genomics 
analyses of GTEx [30, 32]. After computing embeddings for all foreground patches, we 
performed Principal Component Analysis (PCA) within each tissue and retained the top 
64 principal components. The number of components was selected based on simulations 
assessing calibration of genome-wide association P values under null model simulations 
(Additional file 2: Fig. S17).

Encoder performance evaluation and selection

We evaluated five candidate models by assessing how well their embeddings predicted 
gene expression across the 11 tissues. For each tissue, individual-level embeddings were 
computed by averaging patch-level embeddings per individual. For each gene, we fitted a 
variance component model with expression as the outcome (log₁₀ TPM; GTEx V8 [67]) 
and embedding effects modeled as random effects, focusing on highly variable genes 
identified using scanpy’s highly_variable_genes function [68]. Models were trained on 
50% of individuals and evaluated on the remaining 50% using leave-one-out best linear 
unbiased prediction [69, 70]. Prediction accuracy was quantified by Spearman’s correla-
tion between observed and predicted expression in the test set, with significance defined 
by Bonferroni-corrected P < 0.05. In addition to mean pooling, we benchmarked atten-
tion-based pooling using the MixMIL framework [71]. Across models and pooling strat-
egies, RetCCL achieved the highest predictive accuracy and was selected for subsequent 
HistoGWAS analyses (Fig. 2c; Additional file 2: Fig. S1-2).
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Generative decoder

To invert the encoding process, we trained a generator within a conditional generative 
adversarial network (cGAN) framework [38], adapted to condition on patch embed-
dings from the HistoGWAS encoder. The generator produces synthetic patch images 
from embeddings, while the discriminator distinguishes real from generated images 
conditional on those embeddings. To generate high-resolution (256 × 256) images, we 
adopted the progressive training strategy of Progressive GANs [40], incrementally add-
ing layers to the generator and discriminator to capture increasingly fine-grained detail 
during training [40].

Architecture of the generator network

The generator maps a 512-dimensional latent representation z to an image via a convo-
lutional function G(z) . In contrast to classical GANs, where z ∼ N (0, I) , we condition 
z on 64-dimensional patch embeddings x by modeling it as a multivariate normal with 
mean mz(x) and standard deviation sz(x) , both parameterized as functions of x . Using 
the reparameterization trick [74], we express z = mz(x)+ sz(x)⊙ ǫ , with ǫ ∼ N (0, I) 
and ⊙ denoting the Hadamard product, separating conditioning from stochasticity and 
thus enabling gradient-based optimization. Both mz(x) and sz(x) are implemented as lin-
ear layers, with a softplus activation applied to sz(x) to ensure non-negativity. The over-
all architecture adapts the publicly available Progressive GAN implementation in [72]; 
detailed specifications are provided in the referenced code base.

Architecture of the discriminator module

Following [40], the discriminator processes a patch image y to produce a 512-dimen-
sional representation h = D(y) . The scalar output for each patch is computed as the sum 
of an unconditional component (a linear layer applied to h ) and a conditional compo-
nent. The conditional term is defined as the dot product between h and a 512-dimen-
sional encoding of the observed patch embedding, obtained via a linear transformation 
of the embedding. This conditioning strategy follows BigGAN [73], where class-specific 
learnable embeddings are used; here, we instead condition on a learnable linear trans-
formation of the observed patch embeddings. Detailed architectural specifications are 
provided in the original implementation [72].

Progressive training and optimization details

We trained the model using the Wasserstein GAN loss [74] with gradient penalty 
(λ = 10) to improve stability and convergence. Following [72], training began at 4 × 4 res-
olution and progressively increased through 8 × 8, 16 × 16, 32 × 32, 64 × 64, 128 × 128, 
and finally 256 × 256 pixels by incrementally adding layers to both the generator and dis-
criminator. The initial resolution was trained for 48,000 iterations, and each subsequent 
stage for 96,000 iterations, with a batch size of 64 patches. We used the Adam optimizer 
[75] with β₁ = 0, β₂ = 0.99, and a learning rate of 0.01, updating generator and discrimi-
nator iteratively to balance training dynamics [76].
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Validation of semantic reconstruction accuracy

The semantic autoencoder combines RetCCL with dimensionality reduction to 64 prin-
cipal components for encoding and the generator of the conditional GAN for decoding. 
After qualitative assessment of original and reconstructed patches under varying noise 
inputs (Fig. 2e, f ), we performed quantitative validation using gene expression predic-
tion. For each tissue, a variance component model was trained on 50% of individuals 
using embeddings from original patches. The trained model was then applied to the 
remaining 50%, using embeddings derived either from original or reconstructed patches. 
For each gene, we tested whether the correlation between predicted and observed 
expression using reconstructed embeddings was significantly weaker than that using 
original embeddings, applying Steiger’s z-test for dependent correlations [77] (cocor 
package [78]). Significant deterioration was defined as Bonferroni-adjusted P < 0.05 (cor-
rection across genes). The analysis was conducted separately for the HistoGWAS seman-
tic autoencoder and a conventional autoencoder baseline, demonstrating improved 
preservation of predictive signal with HistoGWAS (Additional file 2: Fig. S3). Detailed 
procedures are provided in Additional file 2: Section S1.2.

Genetic analysis

Definition of histological cluster signatures for GWAS

To capture diverse histological phenotypes within each tissue, we performed unsuper-
vised analysis of RetCCL embeddings using scanpy [68]. For each tissue, embeddings 
were reduced to the top 64 principal components via PCA, followed by construction of 
a nearest-neighbor graph (n_neighbors = 10), Uniform Manifold Approximation and 
Projection (UMAP) [79], and Leiden clustering (resolution = 0.5) [80]. Hyperparameters 
were selected to identify large, morphologically homogeneous clusters (Additional file 2: 
Figs. S4–S5). To ensure sufficient representation for genetic analysis, we retained clus-
ters represented by at least 10 patches per slide in at least 650 slides. This yielded 68 tis-
sue signature clusters comprising 19,901,526 patches (Additional file 2: Figs. S4–S5). For 
biological interpretation, we generated cluster prototypes by conditioning the generative 
decoder on centroid embeddings and sampling multiple noise realizations (8 images per 
cluster). These, together with representative real images at multiple magnifications, were 
reviewed and annotated by a medical researcher with formal histology training (Addi-
tional file 5: Dataset S4). Across tissues, the number of individuals included in GWAS 
ranged from 650 to 815 (mean 748; Additional file 6: Dataset S5).

Associating cluster signatures with gene expression

To validate the histological cluster signatures, we examined their association with gene 
expression. For each signature, slide-level abundance was defined as the proportion of 
patches assigned to that signature and correlated across slides with expression of each 
gene using a univariate linear model. Gene expression values were Gaussianized and 
modeled as the dependent variable without additional covariates. Significance was 
assessed using a log-likelihood ratio test. QQ plots for each signature, highlighting the 
top five associated genes and representative patches, are shown in Additional file 2: Fig. 
S5. Full results are provided in Additional file 3: Dataset S2.



Page 12 of 18Chaudhary et al. Genome Biology          (2026) 27:122 

Association testing framework

We employed a variance component test within a linear mixed model framework to 
assess genetic associations with histological traits. This approach enables multivariate 
testing of high-dimensional embeddings against single genetic variants. Given the geno-
type vector  g for a variant across N  individuals, the N × L matrix of individual-level 
embeddings X , and the N × K  covariate matrix F  , we considered the generalized vari-
ance component model:

Here, the link function depends on the assumed likelihood for genotype values, α 
denotes covariate effects, and K (X) is an N × N  cosine similarity-based covariance 
matrix [81] capturing pairwise similarity between individuals based on embeddings. 
Association was tested via a variance component score test of σ 2

x > 0  [82], analogous 
to sequence kernel association tests [83, 84], with P values computed using the Davies 
method [85] or the Liu saddlepoint approximation when required [86]. We evaluated 
both binomial [71, 87] and Gaussian likelihoods for genotype modeling. While both 
were well calibrated, we selected the Gaussian formulation for its superior computa-
tional efficiency. Computational efficiency was achieved by exploiting the low-rank 
structure of the embedding covariance [84, 88–91]. Within this framework, we tested 
associations between 68 cluster signature embeddings and approximately 5 million com-
mon variants (MAF ≥ 5%), adjusting for sex, age, type of death, and the first four genetic 
principal components. Further methodological details are provided in Additional file 2: 
Section S1.3.

Multiple hypothesis testing correction

To account for multiple hypothesis testing, we employed a permutation-based proce-
dure. For each of the 68 cluster signatures, we performed 100 genotype permutations, 
yielding 6,800 genome-wide association analyses under the null. For each permutation, 
the minimum P value across all variants was recorded, producing a null distribution of 
6,800 minimum P values. The empirical 20% FWER threshold (α = 0.2) was defined as 
the 20th percentile of this distribution. To further account for testing across 68 cluster 
signatures, this threshold was divided by the number of clusters, resulting in a final sig-
nificance threshold of P < 3.23 × 10–9.

Downstream analyses

Colocalization

To assess whether lead variants shared causal signals with known molecular or complex 
traits, we derived approximate variant-level Bayes factors from the HistoGWAS vari-
ance component model, compatible with coloc (via coloc.bf_bf ) [41]. This enabled for-
mal colocalization analyses with external summary statistics from disease GWAS and 
molecular QTL studies. Bayes factors were approximated using the Bayesian Informa-
tion Criterion (BIC) [92], assuming one degree of freedom corresponding to the vari-
ance component parameter. Likelihood ratio statistics were estimated asymptotically 
from chi-square statistics derived from score test P values [93]. For each tissueQTL, we 

link
−1

(g) = Fα + u, where u ∼ N 0, σ 2
x K (X)
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applied coloc to test colocalization with (i) phenome-wide significant FinnGen traits 
(FinnGen browser) and (ii) all cis-eQTLs and cis-sQTLs across tissues from the GTEx 
Portal. Analyses were performed in 1 Mb windows centered on each tissueQTL using 
default coloc parameters.

Visualization of genetic effects on histology

To visualize histological effects of significant variants, we combined embedding interpo-
lation with semantic decoding. For each variant, we first estimated its direction of effect 
in embedding space using the variance component model, defining a “genetic effect 
axis.” We then computed representative extreme embeddings by averaging patch-level 
embeddings within the 1st–5th and 95th–99th percentiles of projection scores along 
this axis. Interpolating between the representative extreme embeddings and projecting 
the obtained interpolations back into the image space via the semantic decoder enabled 
visualization of histological variation along the genetic effect axis. Given the stochastic 
nature of the decoder, multiple visual realizations can be generated by varying the input 
Gaussian noise (Additional file 2: Fig. S10). Full details of this procedure are provided 
in Additional file  2: Section S1.4. To contextualize the generated histological changes, 
we additionally visualized whole-slide images exhibiting strong phenotypic signals along 
the genetic effect axis, selecting slides with at least 40 patches in the top or bottom 5% 
of projection scores and highlighting these patches. This approach provides genotype-
independent visualization of extreme phenotypes in their native tissue context.

Molecular and complex trait associations of tissueQTLs

We evaluated whether tissueQTLs are associated with changes in gene expression, path-
way activity, or complex traits. Associations with gene expression were tested between 
the tissueQTL lead variant and Gaussianized expression of each highly variable gene in 
the same tissue, adjusting for sex, age, type of death, and the first four genetic principal 
components; significance was defined at Bonferroni-adjusted P < 0.05. Pathway enrich-
ment was assessed using Fisher’s exact test via the enrichr function in gseapy [94], based 
on MSigDB_Hallmark_2020 annotations [95], focusing on the top 50 positively and 
negatively associated genes. The five pathways showing the strongest enrichment were 
selected for further interpretation. Additionally, the Open Targets Genetics platform 
[96] was queried to explore associations with complex traits.

Power analysis

To evaluate statistical power under diverse scenarios, we simulated individual-level 
embeddings as additive effects of covariates (sex, age, and genetic principal compo-
nents), a genetic variant, and Gaussian noise. Associations between simulated embed-
dings and genetic variants were tested using the HistoGWAS framework, with power 
evaluated at genome-wide significance threshold (P < 5 × 10–8). Power was estimated 
across cohort sizes (650, 1,000, 2,000, 5,000, 10,000) and genetic effect sizes explaining 
0.01%, 0.02%, 0.05%, 0.1%, 0.2%, 0.5%, 1% of variance, using 100 simulation seeds per 
scenario. Detailed simulation procedures are described in Additional file 2: Section S1.5.
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