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ABSTRACT

e Problem: WSIs are essential for cancer diagnosis but are huge, hard to annotate,
and current synthetic methods fail to capture tumor microenvironment (TME)
features. ;
Approach: Built a spatial transcriptomics—conditioned latent diffusion model with ;
a new encoder (GeneCondNet) to directly map gene expression into Stable
Diffusion.

Results/Impact: Generated realistic colorectal cancer tissue patches (FID ~55),
first to directly integrate ST into histology generation, with potential for dataset

augmentation and precision oncology. et NN ,
Fig 2: Conceptual Idea of ST- Conditioned WSI Generation - Image: Gokul Srinivasan 4OX H &E WSI

Limitations of FID:
INTRODUCTION Project Goals: Advance previous work by developing an e Relies on Inception-V3, trained on natural images, not H&E slides - absolute
improved method for generating synthetic histology images '

_ _ e _ _ Visi ST scores may be inflated.
KEY CONTEXT: t]t;at ?re botdh \lllguaIISyTrgatllstlcdagd blolctagltgall}[/hac;tcur_a;fla_,t ISIium e Captures overall distributional similarity but ignores whether TME features
Whole Slide Images (WSI): LB ET— _, rereciing underiying o 1 data and aemonstrating the 1easiility (hypoxia, immune infiltration, stromal remodeling) are reproduced.
_ _ _ of ST-conditioned latent diffusion models for histopathology ) ] _
e Gigapixel pathology slides that preserve image generation. FID offers a convenient benchmark but cannot replace blinded pathologist
both cellular and tissue-level architecture review for assessing biological and clinical fidelity.

Orlglnal i

| DATA Previous Study: Earlier work evaluated the synthetic patches with blinded
é& pathologists, who compared real and generated images and assessed similarity.

41 CRC Current Evaluation: Due to logistical limitations, we were unable to conduct the
pathologist review. Instead, we evaluated our model using a Frechet Inception
Distance (FID) score alongside qualitative visual inspection of outputs.

e WSIs are powerful for training machine Preprocessing RESULTS:
learning and deep learning models, which ’ e Eittart Qualitative Assessment: Manual inspection of
transform cancer diagnosis and treatment Fig 1: Example of a Whole Slide Image Slide Digitization ST Co-Registration Patch Extraction Quality Fi te""_g ~Ny 5 5 outputs showed that most generated patches
Spatial Transcriptomics (ST): H&E-stained Visium ST data was 512x512 pixel —> o oetie soverage. captured tumor, stromal, immune, and adipose
Provides genome-wide expression data at defined tissue locations, linking Sl?doézrecgfe' gégﬁt(?e;d alilgned with WSls imagde patchjih staining Iz_rtifa;tsséc;r‘l ) Averags FrechetFllgception compartments, though occasional artifacts and
: : _ _ I W IgItZ each gene expression croppea aroun e errors, ylelding , istance PE -
molecular profiles directly to histological features. at 40x magnification spot matched the centroid of each ST quality image and (FID) unrealistic textures remained.

transcriptome pairs from

Latent Diffusion Models (LDMs): Modern generative models that into WSls (23 [OEE L) spot 41 tumors
synthesize realistic images in compressed latent space, offering stability | FUTURE WORK

and scalability.
Encoding Pipeline e Whole-Slide Expansion: Extend from patch-level generation to full
Problem: WSiIs are gigapixel in size, costly to digitize and annotate, and gigapixel WSlIs, enabling direct integration into digital pathology workflows.
require significant storage and computational resources. Publicly available Expression Input GeneCondNet Embedding Format e Pathologist Review: Reintroduce blinded pathologist evaluation to
datasets are limited in quantity, often biased toward certain cancer types or Nermieltzse) sl A custom encoder that projects spatial :>Output matches the [77 validate biological fidelity and clinical relevance of generated images.
institutions, making large-scale use challenging. transcriptomics transcriptomics vec_:tors into the Stable D_|ffu3|on x 768] token structure e Broader Datasets: Apply the framework to other cancer types and larger,
g CLIP embedding space. By producing used in Stable _ _ -
* directly from Visium embeddings directly, GeneCondNet bypasses text Diffusion, making it more diverse cohorts to test generalizabillity.
izati i iologi directl tible with . .
~ ™ spots tokenization and preserves continuous biological UNet roea o e Larger Cohorts: Train and evaluate on a larger cohort of patient WSlIs to
_ _ _ . _ _ information to condition the diffusion model. el cross-attention. _ o
Impact: These constraints hinder the training of machine learning and deep improve robustness and statistical power.

learning models, limiting accuracy, slowing progress in development, and |

reducing generalizability across diverse patient populations _ _
\_ ) Latent Diffusion Model CONCLUSION

Current Methods:

_ . _ Traini Classifier-Free : : : : : : :
® Researchers have begun using Al to create synthetic histology images LDM Framework 1roa(;r:)|;()g Setup Loss Function Guidance Developed the first framework directly integrating spatial transcriptomics
A conditional U-Net ,000 training with latent diffusion models to generate synthetic tissue patches
as a way to expand datasets and reduce the need for manual_ N torations with AdamW Mean Squared Error Randomly dropped 9 y P
annotations. Most of these approaches use bulk RNA-seq or single-cell denoises latent optimizer (learning rate between true and conditioning on a
data as input. representations, with 1e-5). Batch size = 64, predicted noise in subset of samples to e Generating realistic synthetic slides helps overcome the scarcity of
cross-attention layers diffusion process with latent space. improve robustness : : . .
S _ _ _ _ _ integrating embeddings. 1,000 timesteps. and image fidelity annotated pathology data, one of the biggest barriers holding back Al in
® Limitation: While these inputs provide useful molecular information, they | medicine
do not preserve the spatial organization of cells in tissue. As a result, | . . . . .
. o . . _ e Synthetic datasets reduce bias and bring representation to patient groups
current models often miss critical tumor microenvironment (TME) features ¢ §ynthet|c Images Generated: i

often missing from existing repositories, making the field more equitable.

e The work lays a foundation for Al systems that improve cancer diagnosis,
prognosis, and treatment decisions, bringing us closer to precision
oncology for all patients.

e References: https://tinyurl.com/syntheticwsi

e Acknowledgements: Dr. Khang Le, Dr. Joshua Levy, Dr. Louis Vaickus and

There are currently NO existing studies that incorporate spatial - - ~lmad BN ,. | Cam e 1R W DR Dartmouth College _
. . . . . . \. » A, X \ R B t — , ) b i y_ « " | : T D 7
transcriptomics into generating histopathology images RS TN | ewt P 1B T ey e d It
g

Fig 3: Synthetic Tissue Patch Images Generated by the Improved Model Workflow

such as immune infiltration, stromal remodeling, or hypoxic regions.

Hypothesis: Conditioning latent diffusion models (LDMs) on spatial
transcriptomics can generate histology that is both realistic and biologically
faithful.



https://tinyurl.com/syntheticwsi

