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ABSTRACT

It is still very hard to combine molecular profiling with histopathological imaging in
computational pathology. Reason bulk RNA sequencing only shows the average amount
of gene expression and does not give you the spatial information you need to put tis-
sue back together. This study investigates the feasibility of producing histopathological
images directly from RNA-seq data using deep generative models, potentially enabling
cost-effective imaging of molecular anomalies and the integration of genomic and morpho-
logical characterizations. We evaluated four generative architectures—Conditional GAN,
Conditional VAE, Conditional Diffusion Model, and a novel Hybrid GAN-VAE—employing
a dataset comprising 50 patients with paired RNA-seq profiles (16,383 genes) and H&E-
stained histopathology images (128x128 pixels). The dataset was divided at the patient
level (70% for training, 15% for validation, and 15% for testing) to make sure that the
generalization test was strong. We used RNA conditioning to train the models and then
tested them with three different measures: the Structural Similarity Index (SSIM), the
Learned Perceptual Image Patch Similarity (LPIPS), and the Fréchet Inception Distance
(FID). The Hybrid GAN-VAE had a better perceptual quality (LPIPS: 0.347), which
was 16% better than the baseline GAN. The Conditional VAE, on the other hand, had
the best statistical fidelity (FID: 275.64). Deep generative models can create realistic
histopathological images from RNA-seq data; however, bulk sequencing compromises
spatial information, resulting in decreased reconstruction accuracy. The Hybrid archi-
tecture’s superior perceptual performance demonstrates the efficacy of multi-objective
training methodologies that incorporate both adversarial and reconstruction losses. Fu-
ture research incorporating spatially-resolved transcriptomics could significantly enhance
the quality of synthesis, facilitating its application in diagnostic procedures, medical ed-

ucation, and precision medicine research.

Keywords: RNA sequencing, histopathology synthesis, generative adversarial net-
works, variational autoencoders, diffusion models, computational pathology, multi-modal

learning, deep learning
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1 INTRODUCTION

1.1 Overview

In this thesis, Generative Adversarial Networks (GANs) are used to turn RNA-Seq data
into pictures of tissues. RNA-Seq data and tissue pictures are both very important for
studying cancer. They help scientists figure out what cancers look like and how they work
at the molecular level. There are times, though, when not all patients can get either type
of information. This makes it harder to study cancer. This work tries to fill this gap
with GAN models. GANs can learn trends and make new pictures from different types
of data. The data for this work comes from RNA-Seq, and the goal is to make it into a
useful picture of the tissue. The test is to see if a model can show how patterns in gene

expression change the way tissues look.

There are several parts to the study. First, get the RNA-Seq and microscope data
ready. The next step is to teach various GAN models how to link RNA-Seq features to
picture space. The images are checked to make sure they are real and match what is
known about the tissue. You can also compare and check out how well different GAN
models work. The main goal of this thesis is to show that deep learning can connect
omics data with image data. If this works well, it can help create virtual tissue images
for samples where no histopathology image exists. This can support cancer diagnosis,

research, data integration, and future work in digital pathology.

1.2 Background

Digital pathology and transcriptomics provide two complementary views of cancer biol-
ogy: hematoxylin—eosin (H&E) whole-slide images (WSIs) capture spatial morphology at
cellular scale, while RNA-Seq summarizes the active molecular programs of the tissue|[1].
Over the last decade, deep learning has shown that morphology encodes rich molecular
signals—models can predict bulk RNA-Seq profiles from H&E, recover prognostic em-
beddings, and localize biology across slides[1] [2] [3]. Likewise, spatial-transcriptomics
studies confirm that morphology correlates with gene-expression patterns across tissue

regions, validating the premise that histology contains latent molecular information|2] [4]

[5]-

At the same time, pathology models can infer clinically relevant labels (e.g., mutations,

subtypes) directly from WSIs, linking image features to genomic status and outcomes|6]
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[7]. Together, these results motivate tighter integration between images and omics to

improve cancer phenotyping and decision support.

Cancer is a major cause of death worldwide, and the RNA-CDM paper cites GLOBO-
CAN for this general cancer burden but does not give lung-cancer-specific numbers|8|.
Both RNA-CDM and RNA-GAN use this global cancer burden only as background and
do not report new lung cancer statistics[8][9]. RNA-CDM gives TCGA sample sizes
and shows that TCGA-LUAD has 520 samples, which is the lung dataset used for their
tests[8]. RNA-GAN uses healthy lung tiles as one example but does not give lung cancer

rates, focusing instead on the lack of paired WSI and omics datal[9].

A deep generative model is used to create synthetic whole-slide image tiles from RNA-
seq gene expression data. First, a § -VAE is trained on RNA-seq data to learn a low-
dimensional latent vector that keeps the differences between tissues. This latent RNA
vector is then used as the input of a deep convolutional GAN instead of pure random
noise[9]. The GAN is trained with a generator and a discriminator so that the RNA
latent space is mapped to 256 x256 H&E image tiles of lung and brain cortex tissue. This
combined model is called RNA-GAN, since the GAN is guided by RNA features[9]. After
training, new RNA latent vectors can be sampled, passed through RNA-GAN, and used
to generate realistic synthetic tiles that are consistent with the gene expression profiles

and support data augmentation and data imputation[9].

One promising way to boost performance with biology-aware augmentation: gener-
ate synthetic H&E tiles conditioned on a compact RNA-Seq latent (~200-D) using a
c¢GAN baseline and a lightweight diffusion variant. This expands data, oversamples rare
molecular phenotypes, and enables pretraining of WSI encoders on transcriptomically
aligned morphology. We prevent leakage with patient-wise splits, assess realism (SSIM /-
FID/KID/LPIPS/IS), and verify biological faithfulness (cell-mix, immune signatures).
Net effect: targeted, RNA-aligned synthetic tiles that strengthen pathology models when
paired RNA-image data are scarce[10] [11]. We use conditional GANs to generate syn-
thetic H&E tiles conditioned on a compact RNA-Seq latent (e.g., ~200-D). This creates
morphology that is both realistic and aligned with the sample’s transcriptomic profile,
letting us augment scarce paired data, oversample rare molecular phenotypes (immune-
hot/cold), and pretrain WSI models. Conditioning is injected into the generator (con-
cat/FiLM) and enforced in the discriminator (projection). We keep patient-wise splits
and validate with FID/KID/LPIPS plus biological checks (cell-mix, immune signatures)
to ensure the synth data actually helps downstream pathology tasks[10].

Beside, diffusion models as the main generative method to create synthetic histology
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image tiles. A diffusion model takes a real image and adds random Gaussian noise to it
step by step until the image becomes almost pure noise. We then train a neural network
to learn the reverse process. It learns how to remove the noise step by step and recover
the original image[8]. After training, we can start from pure noise and iteratively denoise
it to create new images that follow the same distribution as the training data. In our
work, we use a cascaded diffusion framework[8]. First, one denoising diffusion probabilis-
tic model (DDPM) generates a low-resolution image tile. Then a second DDPM takes
this output and produces a higher-resolution tile. This second model is conditioned on
compact embeddings of the RNA-seq data. In this way, we generate realistic tumour
image tiles that are guided by gene expression and can be used for data augmentation

and pretraining|[8].

However, integrating WSIs with RNA-Seq in practice faces three recurring obstacles.
First, paired datasets (slides with matched RNA) are limited and heterogeneous across
institutions, staining protocols, and sequencing pipelines, which impedes training data-
hungry models and robust evaluation[1] [2] [3] [7]. Second, most available RNA-Seq is
bulk (not spatial), so tile-level supervision for image models is missing, making weak-label
training standard and potentially noisy[1] [3]. Third, domain shift across hospitals and
scanners can degrade generalization, a challenge repeatedly observed in cross-cohort stud-
ies in pathology and spatial-omics[2] [3] [7]. These data constraints motivate generative
strategies that can synthesize the missing modality to (i) increase sample diversity, (ii) en-

able cross-modal learning, and (iii) test biological plausibility under controlled conditions.

At the same time, multi-modal discriminative models strengthen the case for im-
age-RNA integration. HE2RNA learned slide-level mappings from WSIs to bulk RNA-
Seq across cancers, providing virtual spatialization of immune and proliferation mark-
ers and demonstrating that morphology can predict thousands of genes with significant
correlations[1]. Transformer-based tRNAsformer jointly optimizes gene prediction and
slide representation learning, improving renal-cell carcinoma subtype classification and
image retrieval, including on an external cohort despite domain shift[3]. In spatial set-
tings, ST-Net accurately predicts spot-level expression from H&E in breast cancer and
generalizes to a different platform (10x Visium), linking morphology to spatial gene
programs|2]. Clinical fusion systems that combine WSI with RNA (and other omics) via
late-fusion strategies consistently outperform single-modality baselines for non-small-cell
lung cancer diagnosis, underscoring that histology and transcriptomics provide comple-
mentary evidence[12] [13]. Collectively, these threads support the central hypothesis of
this thesis: if we can generate histology from RNA that is visually realistic and biologically
faithful, we can unlock new training regimes and evaluation protocols for multi-modal

pathology under limited paired data.
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1.3 Problem Statement

Given a patient’s bulk RNA-Seq and a target cancer cohort, generate realistic H&E tiles
whose visual statistics resemble real tiles and whose biological characteristics (e.g., im-
mune cell proportions, pathway activity proxies) align with the conditioning RNA signal.
Evaluate both image realism and biological faithfulness, and test whether synthetic data

improves downstream pathology tasks (e.g., classification) under low-data regimes.

1.4 Research Gap

Recent work has begun to explore exactly this idea: conditioning image generators on
gene-expression representations to produce realistic histology tiles that are aligned with
underlying transcriptomic signals. A diffusion framework (RNA-CDM) conditions cas-
caded denoising models on a f-VAE RNA latent and yields synthetic H&E tiles whose cell-
type distributions match real tissues; pretraining on these synthetic tiles improves down-

stream classification and microsatellite instability (MSI) prediction under data scarcity|8].

A complementary GAN-based approach (RNA-GAN) conditions a DCGAN on an
expression latent and reports better visual quality and faster convergence than vanilla
GANSs, with benefits for downstream tile classification after self-supervised pretraining on
synthetic images[9]. Beyond H&E, the single-cell community has shown that GANs can
generate realistic sScRNA-Seq profiles for augmentation, and GAN-based imputers can
recover dropout-suppressed gene signals—evidence that generative modeling can usefully
fill in missing data modes or values in omics[14] [15]. These advances suggest that RNA-
conditioned histology synthesis can both (a) serve as a research probe for testing mor-
phological consequences of gene programs and (b) act as a practical data-augmentation

tool for pathology models.

Despite encouraging progress, key gaps remain. Most RNA-conditioned generators rely
on bulk RNA labels, so tile-level ground truth is absent; ensuring that local morphology
reflects the intended molecular state is non-trivial and requires explicit biological evalu-
ations (e.g., cell-type composition, immune signatures) beyond standard image metrics
like FID[1] [8] [9]. Paired datasets remain small; many prior studies validate internally
and need stronger cross-site tests[2] [3] [6] [7]. Normalization choices for RNA-Seq (e.g.,
loglp-TPM vs. regularized negative-binomial models) can materially affect the condi-
tioning signal and must be reported and justified[16]. Finally, while diffusion models
often improve fidelity and alignment over GANs in text-to-image tasks, compute cost can

be high; efficient, deployable variants are desirable for biomedical use[17].
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1.5 Objectives

1. Objective 1 : Design an RNA—image pipeline that encodes RNA into a compact
latent (e.g., PCA 8-VAE &200-D) and conditions a generator (cGAN baseline) to
produce 128 x128 H&E tiles.

2. Objective 2 : Establish an evaluation protocol that couples SSIM/FID /LPIPS with
biological alignment metrics (cell-type composition via nuclei/instance segmenta-

tion; immune signature proxies) and downstream utility.

1.6 Motivation of the Study

Cancer research uses many types of data. Two important types are histopathology images
and RNA-Seq data. These help us understand how tumors grow and behave. They also
support better treatment decisions. But in many cases, both types of data are not
available for every patient. Whole-slide images (WSIs) are hard to produce. They take
time, cost money, and need special tools. RNA-Seq data is easier to collect. But RNA-
Seq cannot show the shape and structure of the tissue. Because of this, there is a gap
in cancer research when one type of data is missing. Recent studies show that RNA-
Seq data has patterns that relate to tissue images. This gives us a new idea. This set
of pictures lets you look at digital signs of diseases and cancers. GANs can make new
pictures and learn a lot of different designs. They are very good at drawing pictures. You
can look at digital diseases, signs, and cancers with this set of pictures. GAN models
can learn lots of different patterns and make new pictures. Their picture-making skills
are very good. So, GANs may help us translate RNA-Seq data into tissue images. This
can change how we view and understand genomic information. This study will explore if
GAN models can learn the link between RNA-Seq data and tissue images. The goal is to
create meaningful images from gene expression data. This could make it easier to share

data, study cancer, and make better tools for precise treatment.

1.7 Thesis Organization

Chapter 2 surveys related work in image-omics modeling, RNA-conditioned synthesis,
spatial inference, and multi-modal fusion that motivate our approach. Chapter 3 details
datasets, RNA normalization, conditioning, model architectures, and training/evaluation
protocols. Chapter 4 reports results on realism, biological alignment, and downstream
tasks, with ablations and qualitative analyses. Chapter 5 concludes with limitations (e.g.,
bulk labels, domain shift) and outlines future directions such as spatial-RNA conditioning

and slide-level synthesis.
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1.8 Summary

This chapter introduced the cancer burden, biological foundations, RNA-Seq mechanisms,
histopathology importance, single-modality limitations, cross-modality necessity, prior
work, and motivations for low-resolution generative models. Together, your provided
answers establish the need for RNA-conditioned histology generation and justify the

research direction taken in this thesis.
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2 LITERATURE REVIEW

2.1 Introduction

Cancer is a major health problem in the world. It is caused by both genes and the envi-

ronment. Early and correct detection is very important to save lives.

Today, doctors can collect many kinds of data from a patient. One type is RNA-seq
data, which shows how active each gene is. Another type is tissue images from H&E-
stained slides. These data give different views of the same tumour. But in practice, both

kinds of data are not always present for every patient.

Generative models and deep learning are now used to study cancer. Large datasets
can teach these models how to find trends. They can also make new data that looks like
real data. This is called ”synthetic data.” This fake data can be useful when real data is

scarce or missing.

Recent work has tried to link RNA-seq data with tissue images. Carrillo-Perez et al.
proposed RNA-GAN, which first compresses RNA-seq data with a variational autoen-
coder and then uses a GAN to generate lung and brain cortex tiles from the latent RNA
features. Pathologists often preferred these RNA-GAN tiles over tiles from a standard

GAN;, and the model also helped improve a cancer image classification task. [9]

A more recent paper from the same group used cascaded diffusion models to generate
tumour image tiles directly from RNA-seq profiles. This work showed that diffusion
models can produce high-quality synthetic tumour tiles and can also support downstream
analysis tasks. Together, these studies show that it is possible to generate realistic tissue

images from gene expression data.

2.2 Previous Works

Carrillo-Perez et al. [8] introduce RNA-CDM, a cascaded diffusion framework that syn-
thesizes realistic H&E tiles directly from RNA-seq by conditioning two DDPMs on a
200-D -VAE latent of the gene-expression profile (17,655 genes), enabling multicancer
RNA-to-image generation across LUAD, KIRP, CESC, COAD and GBM without using
tissue labels. The architecture first denoises a 64x64 tile and then super-resolves to
256x256 with U-Net backbones (~1.8B params; trained ~8 days on A100s). Quality

7 ©) Daffodil International University



metrics on 50k synthetic vs 50k real tiles show good fidelity (FID50k 23.36; KID50k
0.015; IS50k 3.19), substantially better than a label-conditioned baseline (FID 55.81;
KID 0.038; IS 2.22). Using HoverNet, the authors demonstrate that synthetic tiles pre-
serve cell-type distributions seen in real data across cancers, and that conditioning on
deconvolved haematopoietic RNA increases lymphocyte content in generated tiles; no-
tably, GBM shows lower lymphocytes, consistent with biology. Synthetic tiles generalize
when conditioned on external RNA-seq cohorts and are useful for scarce-data settings:
replacing real tiles with synthetic ones does not hurt multicancer classification, and pre-
training on synthetic tiles improves accuracy/F1 and boosts downstream tasks such as
MSI prediction (gains up to ~12 percentage accuracy at low data) and pediatric glioma
prognosis in a MIL setup. Limitations include reliance on bulk RNA (no tile-level ground
truth), diffusion sampling speed vs GANs, and potential cohort-shift in 5-VAE latents;
future work points to spatial transcriptomics for local supervision. Overall, RNA-CDM
provides biologically coherent RNA-to-histology synthesis and practical augmentation for
digital pathology models, with 1 million synthetic tiles released for the community. In im-
plementation details, WSIs are preprocessed at 20x into non-overlapping 256 x256 tiles
after tissue masking and background/low-contrast filtering, and patient-wise splits are
used to avoid leakage; the S-VAE is trained across 12 TCGA cancers, while the diffusion
models are trained on five tumor types, with evaluation including a 100k-tile Hover-
Net analysis (50k real/50k synthetic). Additional utility gains are reported when com-
bining synthetic pretraining with self-supervised (SimCLR) objectives, and the authors
note compute/memory trade-offs and the need for cross-site validation and stain/scanner

harmonization|8].

Carrillo-Perez et al. [9] introduce RNA-GAN;, a cross-modal generative framework that
uses a $-VAE to embed gene-expression profiles and conditions a DCGAN to synthesize
H&E tile of brain cortex and lung tissue. Compared with a vanilla GAN, RNA-GAN
generated tiles that pathologists rated higher, preserved tissue-specific distributions in
feature space, converged in fewer epochs, generalized to external RNA-seq datasets, and
even improved a downstream task:self-supervised pretraining on synthetic tiles boosted
GBM vs LUAD tile classification accuracy and F1 scores compared with training from
scratch. Furthermore, RNA-GAN demonstrated significantly fewer artifacts in the gen-
erated tiles, especially for lung tissue, and the synthetic tiles maintained morphological
features similar to those of real tissue. Their findings support expression-guided histology
synthesis as a viable way to mitigate multi-modal data scarcity and to pretrain models
when paired WSI-RNA data is limited. This approach shows promise for augmenting
datasets in settings where multimodal data are sparse, such as rare diseases or when

tissue slides are unavailable or degraded[9].
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Schmauch et al. [1] present HE2RNA, a weakly supervised deep-learning pipeline
that learns to predict bulk RNA-Seq expression directly from H&E whole-slide images
(WSIs) across 28 TCGA cancer types (~8,725 patients) and then “spatializes” gene ex-
pression on the slide without manual annotations. The model aggregates ResNet-50
tile features (224x224 px patches) into “supertiles” and trains a multilayer perceptron
(MLP) to regress log-transformed FPKM-UQ values for 30,839 expressed genes filtered
from TCGA RNA-Seq data. Training uses five-fold cross-validation and Holm-Siddk or
Benjamini—-Hochberg correction to assess significance. Across cancers, it significantly pre-
dicts thousands of genes, with strongest signals in immune and cell-cycle pathways.[1] The
graphical abstract on paper outlines three applications: transcriptome prediction, virtual
spatialization, and transfer learning. Spatialization is validated by correlating predicted
per-tile expression of CD3/CD20 with IHC on independent slides (e.g., CD3 R = 0.51;
ROC-AUC up to 0.93 for high T-cell tiles)[1] and by aligning predicted MKI67 expression
with pathologist-annotated tumor regions in LIHC, where AUCs rise with more advanced
BCLC stage (pp. 9-10). As a clinical use-case, a lower-dimensional “transcriptomic rep-
resentation” learned by the model improves microsatellite instability (MSI-H vs MSS)
prediction in low-data regimes versus direct WSI models and an autoencoder baseline
(AUC =~ 0.81 vs 0.68-0.72 when only 25 percentages of data are available.[1] Strengths
include its large-scale TCGA dataset, cross-cancer generality, and explicit interpretabil-
ity via gene-level heatmaps. Limitations include reliance on bulk RNA-Seq labels (no
tile-level ground truth), variable performance by cancer type/sample size, and weak pre-
diction for housekeeping genes, which supports specificity to cancer biology rather than
global staining artifacts.[1] In general, HE2RNA shows that histology-only models can be
useful substitutes for transcriptome assays and can be used to represent several modali-

ties for clinical characteristics that come later[1].

Nakagawa and Fujita discuss [18] how whole-genome sequencing (WGS) for cancer may
identify noncoding mutations, structural variants (SV), copy-number changes (CNA),
mitochondrial variants, and pathogen integrations, besides coding regions. This gives a
more complete picture of driver events and mutational processes than WES. They outline
practical WGS trade-offs (short-read depth vs. mapping errors in repeats, PCR bias, and
heavy compute/data-sharing demands) and show that variant-caller agreement remains
imperfect, especially for indels, based on ICGC benchmarking. The paper synthesizes
emerging biology from noncoding/regulatory hotspots (TERT promoter), CTCF /cohesin
site mutations, enhancer hijacking (e.g., activating GFI1 family), and clinically actionable
SV /fusions (EML4-ALK, RET/ROS1, TMPRSS2-ERG). It highlights WGS-enabled
mutational signatures (exposure and repair defects—smoking, aflatoxin, aristolochic acid;
BRCA/HRD; MMR/MSI) and immunogenomic insights (PD-L1 3'UTR disruption; ane-

uploidy correlating with reduced immune infiltration), arguing for integrative analyses
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with RNA-Seq, epigenomics, and clinical data to interpret noncoding/SV consequences

and guide precision medicine[18].

Chen et al. [6] develop tile-based Inception-V3 classifiers on H&E WSIs to (i) distin-
guish HCC from normal liver and (ii) grade tumors, then extend to mutation prediction
for common/prognostic genes. Using 491 TCGA/GDC slides (402 HCC, 89 normal)
plus an external SRRSH cohort (67 HCC, 34 normal), they report strong tumor-vs-
normal performance (validation AUC = 0.961; MCC = 0.82) and reasonable grading
(accuracy = 0.896; MCC = 0.738), approximating ~5-year pathologists on a 101-slide
reader study. For mutation status, four genes—CTNNB1, FMN2, TP53, ZFX4—were
predictable from histology with external per-slide AUCs ~0.72-0.90 (CTNNBI1 up to
0.898), using aggregation by average probability or percentage of positive tiles. The
pipeline crops 20x WSIs into non-overlapping 256x256 tiles (>80 percentage tissue),
applies patient-wise splits to avoid leakage (3:1 train/validation on TCGA), and fine-
tunes ImageNet-pretrained Inception-V3 via Baidu EASY-DL; mutation targets (from
an initial set of ~10 candidates) are selected with LASSO-Cox to prioritize frequent and
prognostically informative alterations. Evaluation includes internal validation and truly
independent external testing, with tile-to-slide aggregation and reporting of AUC/MCC
alongside accuracy, ROC/PR curves, and confusion statistics for clinical interpretability.
Strengths include use of a sizable public cohort, explicit patient-level partitioning, an ex-
ternal validation set to assess generalization, and comprehensive metrics. Limitations are
the relatively small and potentially domain-shifted external set (scanner /staining/frozen-
section effects), platform/language constraints that may hinder reproducibility, a focus
on a subset of mutations, and limited model interpretability, all of which underscore the
need for multi-center studies and standardized preprocessing before clinical deployment.
Overall, the work supports mutation-from-histology pre-screening and complements ra-
diogenomic efforts linking morphology to genomics in HCC, while providing design cues
(tiling, aggregation, patient-wise splits, external validation) that inform our subsequent

methodology and evaluation choices[6].

Coudray et al. [7] (DeepPATH) show that an Inception-V3 CNN trained on TCGA
whole-slide H&E images can both classify NSCLC subtypes and infer certain LUAD
mutations directly from histology. Using 1,634 WSIs (1,176 tumor; 459 normal), tiles of
512x512 at 20x (also 5x) and per-slide probability aggregation, the model achieves near-
perfect tumor-vs-normal discrimination (AUC ~0.99) and strong LUAD-vs-LUSC per-
formance (AUC ~0.95), with three-way normal/LUAD/LUSC AUCs >0.968 on TCGA.
Generalization is demonstrated on independent NYU cohorts—frozen (n=98), FFPE
(n=140), and biopsies (n=102)—with AUCs 0.83-0.98 depending on magnification and

tissue type; an automatic tumor-ROI selector performs comparably to manual ROIs.
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Extending to mutation prediction within LUAD, a multi-output network trained on
the ten most prevalent genes identifies six predictable targets (STK11, EGFR, FATI,
SETBP1, KRAS, TP53) with per-slide AUCs ~0.73-0.86 and shows that predicted prob-
abilities correlate with allele frequency; an external EGFR FFPE cohort yields AUC
0.687 overall (0.75 on sequencing-validated cases), highlighting domain-shift challenges
(frozen—FFPE) and the need for more mutated slides. Overall, DeepPATH establishes
histology-only baselines for subtype diagnosis and mutation pre-screening in NSCLC,
while underscoring limits from sample preparation, artifacts, and cohort differences. Low-
content tiles are filtered before training, patient-wise splits are used to prevent leakage,
and slide-level predictions are aggregated by mean probability or fraction of positive
tiles; notably, 5x sometimes outperforms 20x by capturing coarse architecture. The
study reports ROC/PR curves with confidence intervals and releases code, enhancing
reproducibility. Key limitations remain smaller positive cohorts for some mutations and
incomplete interpretability, motivating cross-site stain/scanner harmonization and stan-
dardized preprocessing. For our thesis, these practices (patient-level splitting, external
validation under domain shift, and biologically grounded evaluation) directly inform how

we will assess RNA-conditioned histology generation and its downstream utility[7].

Li et al. [19] present SDINet, a two-branch CNN that fuses high-level semantics
with multi-scale detail (via ASPP and a no-squeeze channel-attention “Se Var”) to infer
TF to gene interactions from gene-expression images, then extend the idea to RNA-seq
and finally combine both modalities for GRN inference in Drosophila eye development.
Images (FlyExpress ISH, stage-16 embryo) are paired by concatenating TF and target
images (the height-wise strategy performed best), while RNA-seq from 72 eye-antennal
disc samples is converted into 64x64 TF-target 2D histograms. SDINet (improved
ResNet-18) attains Acc 0.7196/F1 0.7374/AUC 0.7930/AUPR 0.7738; the VGG-based
RNA model reaches Acc 0.8962/F1 0.8950/AUC 0.9565/AUPR 0.9473; and the fusion
network (global-average-pooled features + FC fusion) improves further to Acc 0.9116/F1
0.9118/AUC 0.9653/AUPR 0.9614 on 86 TFs, 1,152 targets (2,454 positive and 2,446 neg-
ative links; 85k image pairs). Figures highlight the workflow and fusion design [19], the
fusion block [19], and ablation/benchmark tables [19] showing the benefit of multi-scale
detail and attention. The biological analysis [19] demonstrates that integrating images
and RNA-seq recovers interactions that single-modality models miss, supporting com-
plementarity between spatial and bulk signals. Limitations include species-specific data
and a developmental-stage mismatch (embryo images vs larval RNA-seq), but the study
provides a clear template for multimodal GRN inference with lightweight models. [19]
The image-pair concatenation was explicitly benchmarked—height-wise (256x320) out-
performed width-wise and channel-wise merges ; the multi-scale branch performed best

when added after Conv4x , and the fusion block itself provided a measurable lift versus a

11 ©) Daffodil International University



joint model without it (Acc 0.9116/F1 0.9118/AUC 0.9653 vs 0.9088/0.9106/0.9625;).[19]
Training used Adam (Ir = 3e-4), 60 epochs, with binary cross-entropy, and experiments
ran on two RTX 2080 Ti GPUs; evaluation metrics included Accuracy, F1, AUC, and
AUPR. Code and data references are provided by the authors[19].

Moncada et al. [4] integrate microarray-based spatial transcriptomics (ST) with
scRNA-seq in primary PDAC and introduce Multimodal Intersection Analysis (MIA)
to assign scRNA-defined cell types, subpopulations, and cancer cell states to spatial tis-
sue regions. From two tumors profiled in parallel (PDAC-A/B), scRNA-seq identifies
11-15 populations and CNV profiles distinguish malignant clusters from non-malignant
ductal cells [4]. Using fresh-frozen sections with matched H&E, ST spots (100 pm)
capture ~20-70 cells each and cluster into histology-consistent regions (cancer/desmo-
plasia, ducts, stroma, pancreatic tissue), enabling MIA to test hypergeometric over-
lap between region-specific genes and cell-type markers.[4] Ductal cells resolve into four
subpopulations—APOL1-high /hypoxic (CA9/ERO1A), terminal (TFF1-3), centroacinar
(AQP3/CFTR), and antigen-presenting (MHC-II)- with distinct spatial enrichments; in
PDAC-A, hypoxic and terminal ductal subsets are enriched in cancer regions, whereas
in PDAC-B all ductal subsets localize to ducts.[4] Immune compartments also partition
spatially (M1 vs M2 macrophages; dendritic cell A vs B). Sub-clustering of cancer-rich ST
regions shows co-enrichment patterns: fibroblasts colocalize with cancer cluster 1 but not
cluster 2, suggesting distinct stromal interactions.[4] Non-negative matrix factorization
of cancer cells defines hypoxia, oxidative-phosphorylation, and a stress-response module;
“stress-high” ST spots consistently co-enrich with inflammatory fibroblasts across ten
arrays spanning six patients, and this association persists at the bulk level in TCGA
PDAC (R~0.49 for stress module vs inflammatory-fibroblast signature) with support-
ing IL-6 immunofluorescence near KRT19+ cancer epithelium.[4] Methodologically, MTA
is platform-agnostic and region-based, mitigating spot-level mixing; results are further
supported by protein-level validation (TM4SF1, S100A4) and portability to an external
melanoma cohort. Overall, the study provides a scalable blueprint for mapping single-
cell states onto tissue architecture and uncovering cancer—-CAF inflammatory crosstalk
in PDAC, while acknowledging ST’s limited resolution, partial coverage, and potential

transcript diffusion[4].

He et al. [2] present ST-Net, a deep learning framework that links histomorphology
in H&E slides to spot-level spatial gene expression in breast cancer. Using DenseNet-121
on 224x224 px patches aligned to 100 pm spots, the model was trained with leave-one-
patient-out cross-validation on 30,612 spots from 68 sections (23 patients). It predicted
expression (log-normalized) for a 250-gene panel with an average RMSE of 0.31- about a

1.4x error factor—and yielded significant, cross-patient positive correlations for 102 genes
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at FDR 0.05. [2] External validation on an independent 10x Visium invasive ductal car-
cinoma sample required no re-tuning and showed 207/234 genes with positive correlation
(mean r~0.33) and mean AUROC~0.73 for high/low expression calls. Generalization to
TCGA was assessed by aggregating patch-level predictions into “pseudo-bulk” profiles:
177/249 genes correlated positively with bulk RNA-seq (55 significant), and predicted
profiles distinguished ductal vs. lobular histology with AUROC 0.83, slightly exceeding
subtype classification directly from H&E (0.81). Beyond cross-dataset robustness, ST-Net
captured intra-tumour heterogeneity 63 genes remained predictable within tumour-only
regions and 27 within normal-only regions and outperformed three baselines (pathologist
tumour/normal labels, nuclei-feature random forest, and a composition-based model)
for the vast majority of genes.[2] Interpretability via integrated gradients highlighted
enlarged nuclei for high FASN predictions, while the learned 1,024-D latent space sepa-
rated tumour from normal patches (mean purity ~0.89;). Overall, ST-Net demonstrates
that spatially resolved transcriptomic patterns can be inferred from routine pathology,
enabling image-based screening of spatial biomarkers and offering a scalable bridge be-

tween morphology and gene expression|2].

Alsaafin et al. [3] introduce tRNAsformer, a multitask multiple-instance Transformer
that learns from H&E whole-slide images (WSIs) to (i) predict slide-level bulk RNA-
seq and (ii) produce compact slide embeddings usable for renal cell carcinoma (RCC)
search and classification. Each WSI is summarized by 49 spatially clustered 224 x224
tiles, embedded by DenseNet-121, linearly projected to 384-D, and processed with L
Transformer encoders. A linear head handles RCC subtype classification, while a 1D-
conv head generates tile-wise gene scores that are aggregated with a top-n scheme into
slide-level expression—explicitly modeling inter-tile dependencies that MLP baselines ne-
glect. Using TCGA KIRC/KIRP/KICH with 31,793 genes (FPKM-UQ; logl0(1+a)),
case-wise splits, and leave-one-patient-out evaluation, tRNAsformer achieves gene-RNA
correlations comparable to or slightly better than HE2RNA; the number of statistically
significant genes peaks for moderate depth (L~2-8), with best overall error at L=4. For
downstream tasks, the learned representations classify RCC subtypes on TCGA with
high accuracy (up to 96.25 percentage, macro-F1 ~0.95) and generalize to an external
Ohio State cohort of 142 WSIs with an expected domain-shift drop (~13 percentage ab-
solute) yet still outperform a strong “Low Power” baseline. In content-based WSI search,
tRNAsformer surpasses Yottixel on TCGA (MAP@5/10 ~0.915/0.912) and remains com-
petitive externally (a0.78-0.80). The approach is efficient (49 tiles per slide), uses fewer
hyperparameters than an MLP counterpart, and unifies molecular supervision with mor-
phology to yield transferable slide embeddings. The limitations encompass dependence
on bulk (rather than spatial) RNA-seq for oversight, evaluation restricted to the kidneys,

and susceptibility to acquisition/site shift; the authors indicate the necessity for future
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validation through spatial transcriptomics and more extensive multi-center cohorts. In
general, tRNAsformer improves the ability to predict image-to-transcriptome while also

providing useful WSI representations for search and classification[3].

Carrillo-Perez et al. [12] address tri-class NSCLC diagnosis (LUAD, LUSC, control) by
fusing five TCGA modalities: RNA-Seq, miRNA-Seq, DNA methylation, CNV, and H&E
whole-slide images (WSIs) with a late-fusion strategy that learns class-specific weights,
rather than relying on fixed voting. Their single-layer neural network fuses per-modality
class probabilities and is optimized by gradient descent, enabling per-class weighting and
graceful handling of missing modalities.[12] Each modality is modeled independently:
SVMs with mRMR-selected features for omics; a ResNet-18 fine-tuned on 512x512 WSI
tiles with slide-level aggregation for imaging. Data span thousands of cases per source
(e.g., 1,420 WSIs; 980 RNA-Seq; 883 methylation), with stratified, patient-wise 10-fold
cross-validation to avoid leakage.[12] Fusion consistently improves diagnosis over single
sources. Using all five modalities yields Accuracy ~ 96.81 + 1.07, F1 ~ 96.82 + 1.07, AUC
~ 0.993 4+ 0.004, AUPRC ~ 0.980 4+ 0.016. Two- and three-source composites already
perform strongly- WSI + RNA-Seq and WSI + RNA-Seq + miRNA are notable—while
gains beyond three or four sources are modest. The fusion model reduces misclassifica-
tions across modalities (e.g., CNV errors drop by ~8.6 percentage absolute) and outper-
forms prior single-modality baselines reported for NSCLC histology and omics.[12] Some
of the strengths are a strict patient-wise CV, clear per-class weighting, and the ability to
handle missing data. The limitations encompass the absence of external validation and
the diminishing returns associated with the integration of all five sources. This study
provides a pragmatic framework for the late integration of multi-omics and whole slide
images (WSIs), empirically illustrating that morphological characteristics enhance molec-

ular profiles for precise NSCLC subtype classification[12].

Carrillo-Perez et al. [13] fuse RNA-Seq and H&E WSI information to improve three-
way NSCLC diagnosis (LUAD/LUSC/healthy) using a simple late probability fusion
scheme. A ResNet-18 per-tile CNN (20x; 512x512, background-filtered) assigns tile
classes; slide-level probabilities are the fraction of tiles per class. In parallel, RNA-Seq is
processed with limma/KnowSeq (COV=2), genes ranked by mRMR, and an RBF-SVM
outputs calibrated per-class probabilities. The final prediction is a weighted sum of prob-
abilities, with weights (a4, as) set from resampled mean F1 on the training fold; across
10-fold patient-wise CV, these weights are ~0.5/0.5.0n the 950 cases with both modali-
ties, fusion using a compact 6-gene panel (SLC2A1, NTRK2, TOX3, NXPH4, TFAP2A,
KRT13) outperforms either source alone: WSI F1 83.39/Acc 86.03/AUC 0.947; RNA-
Seq (6 genes) F1 93.67/Acc 93.70/AUC 0.987; fusion F1 95.19/Acc 95.18/AUC 0.991,
cutting misclassifications to 46 vs 133 (WSI) and 60 (RNA-Seq). Figures and tables doc-
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ument the pipeline [13], ROC gains per class, confusion matrices, and error reductions.
Strengths include transparent, modality-agnostic fusion that also works when one modal-
ity is missing; limitations are TCGA-only internal validation, class imbalance for healthy,
and majority-vote slide aggregation. Overall, probability-level late fusion is a practical,
high-yield strategy to combine histology and gene expression for NSCLC subtype diag-
nosis. A late-fusion model combines slide-level CNN probabilities from H&E tiles with
SVM probabilities from a compact RNA-Seq gene panel to classify LUAD/LUSC /healthy.
Across 10-fold patient-wise CV on 950 cases with both modalities, the 6-gene fusion
(SLC2A1, NTRK2, TOX3, NXPH4, TFAP2A, KRT13) achieves F1 95.19 percentage,
Acc 95.18 percentage, AUC 0.991 and reduces errors to 46 vs 133 (WSI) and 60 (RNA-
Seq alone).[13] The fusion weights a; (WSI) and oy (RNA-Seq) are data-driven via re-
sampled F1 on the training fold and end up ~0.5/0.5 across splits (p. 12), indicating
complementary strength. The pipeline diagram shows the per-tile CNN, SVM probabil-
ity calibration, and the weighted-sum fusion; class-wise ROC curves illustrate consistent

fusion gains for all three classes[13].

Saharia et al. [17] introduce Imagen, a cascaded text-to-image diffusion model that
pairs a frozen large language model (T5-XXL) with a 64x64 base diffusion model and
two text-conditional super-resolution stages (64—256—1024) using classifier-free guid-
ance and noise-conditioned augmentation. A key finding is that scaling the text encoder
improves image fidelity and image-text alignment more than scaling the image U-Net;
this is visualized by Pareto curves contrasting encoder vs. U-Net size. [17] To sta-
bilize high guidance, they propose dynamic thresholding, which clips the current x to
a data-driven [—s, s| range at each step, preventing saturation and enabling sharper,
better-aligned samples. Imagen is trained on ~860M image-text pairs (~=460M inter-
nal + ~400M LAION-400M) and evaluates zero-shot on COCO with a state-of-the-art
FID-30K of 7.27.[17] Human evaluation shows caption alignment on par with COCO
references (~91.4 vs 91.9), and photorealism preference of 39.5 percentage overall, rising
to 43.9 percentage on images without people. The paper also introduces DrawBench
(200 prompts across 11 categories) for compositional testing; raters prefer Imagen over
DALL-E 2, GLIDE, and VQGAN+CLIP on both fidelity and alignment.[17] Architectural
details include an Efficient U-Net for super-resolution that converges faster and is more
memory-efficient,[17] and text cross-attention in all stages. Limitations include poorer
realism for people, social bias inherited from web data, and non-release of the model.
For your thesis, Imagen’s dynamic thresholding, noise-conditioned super-resolution, and
frozen-LM conditioning are transferable design choices for histopathology or omics-image

synthesis pipelines[17].
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2.3 Conclusion

RNA-seq and histology images give rich and complementary information about tumours.
Generative models such as GANs and diffusion models can learn a link between these two
data types and can create synthetic tiles that look close to real ones. These synthetic tiles

can support tasks like image classification and can reduce the impact of data scarcity|9].

However, there are still gaps. Many existing models focus on healthy tissues, or on a
limited set of tumour types. The number of datasets with both RNA-seq and matched
histology images is still small. In many cases, the focus is mainly on visual quality, while
the link between synthetic images and underlying gene expression is less explored. These

limits make it hard to fully use synthetic images for real cancer patients|9].

In this thesis, we aim to address some of these gaps. We focus on cancer patients with
both RNA-seq data and histopathology images, mainly from large public datasets such
as TCGA and GTEx. We plan to build a conditional GAN model that takes RNA-seq
data as input and generates tissue images. We will judge the model using both image
quality scores and simple tests of biological alignment with gene expression. The final
goal is to provide a practical way to generate missing tissue images from RNA-seq data

for cancer studies|9].
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3 RESEARCH METHODOLOGY

3.1 Overview

I investigate the feasibility of generating histopathology images from RNA sequencing
(RNA-Seq) data by using deep generative models. We apply and compare four current
generative models Conditional Generative Adversarial Network (GAN) Conditional Vari-
ational Autoencoder (VAE) Conditional Diffusion Model and a new Hybrid GAN-VAE
model that combines GANs and VAEs. The process consists of data preprocessing, model
architecture design, training, and thorough quantitative evaluation using various image

quality metrics.

Our first goal was to establish a RNA-to-histopathology image baseline and our second
goal was to determine the best generative modeling approach for performing cross-modal
conversion from RNA to histopathology images. The pipeline of the study is shown in

Figure 3.1.
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Figure 3.1: Model Architecture
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3.2 Data Preparation

3.2.1 Data collection

The dataset had 50 samples from patients, and each one had:

RNA-seq Data: 16,383 gene expression values per patient from bulk RNA sequencing
profiles. A cleaned gene-by-sample table (rna_matrix_cleaned.csv) download from! UCSC
XENA Database.

Histopathology Photos: About 400 H&E-stained tissue images for each patient
(128 x128 pixels, RGB format). Pre-extracted 256x256 H&E tiles from TCGA-LUAD

diagnostic slides download from? GDC Cancer Portal.

From these sources we curated a LUAD cohort with 401 patients having both RNA-
seq and at least one diagnostic slide. To keep the dataset balanced and GPU-friendly,
we sampled up to ~50 tiles per patient, yielding ~20,000 tiles overall while preserving at
least one tile per patient. Governance and ethics — All images originate from open-access
TCGA diagnostic slides; no protected health information is present. We made a one-to-
many mapping by pairing each patient’s RNA profile with several picture patches from

the same tissue sample. This was useful for conditional image production.

Statistics for the dataset: i) There are 50 patients in all. ii) There are about 20,000
photos in all, or 400 for each patient. iii) 16,383 genes make up RNA. iv) RGB image
resolution: 128x128x3.

3.2.2 Data Preprocessing
Preprocessing RN A-seq:

1. Imputation of missing values: The median expression across all samples was

used to fill in missing gene expression values: For every gene g:

RN Alg] = median(RN Alg])if RN AlglisNaN (3.1)

2. Dealing with outliers: NaN was used to replace infinite values, and then the

'https://xenabrowser.net/datapages/?dataset=TCGA.LUAD.sampleMap/HiSeqV2&host=https:
//tcga.xenahubs.net
thtps ://portal.gdc.cancer.gov/analysis_page?app=Projects
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values were filled in as shown above:

RNA[RNA = +o00] = NaN (3.2)

3. RN AStandardization: The values for gene expression were adjusted using z-

Scores:

RN A,ormlg) = (RN Alg] - ulg))/olg]). (3.3)

where pulg] is the average and o|g] is the standard deviation of gene g across all

samples.

Preprocessing images:

1. Resizing: All images were scaled to 128 x128 pixels using bilinear interpolation to

make sure they were all the same size.

2. Normalization: The pixel values were changed from to [-1, 1]:

Lorm = (I1/255.0 — 0.5)/0.5 (3.4)

3. Standardizing the format: All photos were changed to RGB format (3 channels).

3.2.3 Data Splitting

To stop data from leaking, the dataset was segmented by patient so that photos from the

same patient only showed up in one split:
1. Training set: 34 patients (70%) — roughly 13,600 photographs
2. Validation set: 8 patients (15%) with over 3,200 photos
3. Test set: 8 patients (15%) — ~3,200 pictures

This dividing at the patient level is critical for testing how well the model performs
on new biological material, not just new pictures of patients we already know. The split
was done only once and stayed the same for all model investigations so that the findings

could be compared fairly.
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3.2.4 Data Augmentation

We used the following methods to make the training data more diversified and the model
stronger:

Changes in forms: i) Randomly flip from left to right (p = 0.5). ii) Randomly
flip vertically (p = 0.5). iii) Turning 90° at random (p = 0.5). iv) Random affine
transformation (+£10% translation)

Adding color: i) Changing the brightness by up to 20% at random. ii) Change the
contrast at random (£20%). iii) Changes in saturation happen at random (£20%). iv)

Change the color randomly (+10%).

These improvements keep the biological features of histopathology images while almost
increasing the amount of training examples that are relevant. We didn’t add more data

to the validation and test sets so that the evaluation would stay accurate.

3.3 Model Selection

We chose four generative modeling methods since they are well-known in the field of

medical picture synthesis:

1. Conditional GAN: Famous for making sharp, realistic images by training with

adversaries
2. Conditional VAE: Gives stable training and a clear picture of the latent space

3. Conditional Diffusion Model: The best way to generate images right now, and

it has been shown to work better than other methods in recent benchmarks.

4. Hybrid GAN-VAE: A new type of architecture that combines VAE’s structured

learning with GAN’s sharpness in adversarial situations.

All models were built on RNA-seq profiles so that they could be controlled to generate

based on molecular attributes.
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3.4 Model Details

3.4.1 Conditional GAN Architecture:

Generator: Input is Latent noise vector z € R84+ RNA characteristics € R'6'33 RNA
embedding is a three-layer MLP with 16,383 inputs, 2,048 outputs, 1,024 outputs, and
512 outputs. Architecture is a 4-layer transposed convolutional network with connec-
tions that go back to the previous layer. The output is a 128x128x3 picture. Tanh
(final layer) and LeakyReLU (deep layers) are the activation functions. Normalization of
batches. There are 49,242,339 total parameters.

Discriminator: Input is (128 x 128 x 3) + RNA characteristics (16,383). Architec-
ture is a 4-layer convolutional network that pulls out features. RNA integration combined
with flattened image features. TRNA integration combined with flattened image features.
Outputis a single logit that tells the difference between real and fake. Dropout is 0.1 to
0.3 for regularization. There are 73,551,041 total parameters.

Configuration for training: Loss is Binary cross-entropy using logits. Adam is the
optimizer (3;=0.5, 3,=0.999). Learning rate is 5 x 107> for the generator and 2 x 10~*
for the discriminator. 16 is the batch size. Epoch size is 50. Label smoothing: 0.9 for
real labels and 0.1 for fake labels.

Generator Loss Discriminator Loss

(maximize D's mistake) \, r’(minimize D’s mistake)
Generator (G) Discriiniator (D)
Conneetation

“:‘ e at or [ Discrimicator Output
| X A\;\.; (x) (Real/Fake
l - K e Probability)
Condition Fake Image Real Image -
(G(z[<) (Gz[o) Condition (c

Figure 3.2: Model Architecture of Conditional GAN

3.4.2 Conditional VAE Architecture

Encoder: Input image (128 x 128 x 3) and RNA features (16,383). Architecture is a
four-layer convolutional network. Latent space is u, log(c?) € R*S. Reparameterization

is 2 = p+ 0 ® ¢, where € ~ N(0,I).
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Decoder: As input Latent vector z € R?>® + RNA traits. A 4-layer transposed con-
volutional network for the architecture. An image that has been rebuilt (128x128x3).
There are 65,124,483 parameters in all.

Getting training ready: Lioiqi = Lrecon + B+ Lk is the loss. Where, L, ccon: The
average squared difference between the input and the reconstruction and Lg;: The KL
divergence between ¢(z|x) and N(0, ). Adam is the optimizer (£;=0.9, 82=0.999). Rate
of learning is 110~*. Batch size is 16. 40 is epochs.

KL Diverence Loss

Input Data / \ .| Recorsstucted

(x) AN Data
Random L
: Y
v Mean u Log Variance v
(1) log o
En r N
coder | Encoder . ,/sampling o Decoder
Network

v
Latent Vector
(2)

i e W

Recorscuction Loss

¥

Q) Network ‘ ( (-N(©O,1)

Log Variance

Figure 3.3: Model Architecture of Conditional VAE

3.4.3 Conditional Diffusion Model Architecture

U-Net base: As input, a picture with noise, a timestep t, and RNA features. Archi-
tecture is an Encoder-decoder with connections that skip over them. Base channels are
64 (may go up to 256 in the bottleneck). Time embedding is 128-dimensional sinusoidal
positional encoding. RNA embedding is a 3-layer MLP (512 — 256). Time and RNA

conditioning for each layer. There are over 15,000,000 total parameters.

The process of diffusion: A linear noise schedule with # between 0.0001 and 0.02.
T is 1000 timesteps. Using a trained U-Net to remove noise. Sampling is DDIM (50 steps

for quick creation).
Setting up training: The average squared difference between the projected and real

noise. AdamW (decay of weight 0.01). 1 x 10~* with cosine annealing is the learning

rate. Batch size is 8 (due to memory limits), 50 is epochs. Gradient clipping: Maximum
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Figure 3.4: Model Architecture of Conditional Diffusion

3.4.4 Hybrid GAN-VAE Architecture

Generator: A VAE-style convolutional encoder for getting features. Latent space is p,
log(0?) € R'*(less than pure VAE). Decoder path is transposed convolutions in the style
of GANSs for sharp generation. Used at both the encoding and decoding stages.

Discriminator: Standard convolutional discriminator that can match features.Returns

intermediate feature maps for loss of feature matching.

Training setup:Loss with more than one goal:
LG = )\adeadv + )\reconLrecon + )\percherc + )\KLLKL + )\featheat (35)

where:
Lagp: Adversarial loss (goal of GAN)
Lyecon: L1 reconstructive loss (goal of VAE)
Lperc: LPIPS loss of perception
Ly KL difference
Leqr: Loss from matching features
Weights:
Aadv=1.0,
Arecon=10.0,
Apere=5.0,
Agr=0.5,
Afeat=2.0
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Optimizer is Adam (5,=0.5, $,=0.999). Learning rate is 5 x 107> for the generator
and 2 x 10~ for the discriminator. The size of the batch is 16. Epochs 60.
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Figure 3.5: Model Architecture of Hybrid GAN-VAE

3.5 Model Training

3.5.1 Training Infrastructure

We used Google Colab Pro to train all the models. NVIDIA Tesla T4/V100 with 16GB
of VRAM GPU. 12 to 16 GB of RAM. The framework is PyTorch 2.0+ with CUDA 11.8.

Mixed precision training with FP16 using automated mixed precision (AMP).

3.5.2 Training Procedure:

Common practices across all models: Setting the weights for the convolutional lay-
ers, the weights were set to a normal distribution with a mean of 0 and a standard
deviation of 0.02.To keep things stable, the maximum gradient norm is 1.0. How to set
the learning rate: i) Cosine annealing for GAN /Hybrid, ii) VAE: Step decay (y=0.5 per
20 epochs), iii) Diffusion: Annealing with cosine. I saved the model after 10 epochs and
when the validation loss got better. Checked the validation loss, but finished training all

the models.

Details on the training for each model:
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Model Epochs | Batch Size | Time/Epoch | Total Time
Conditional GAN 50 16 1.5 min 75 min
Conditional VAE 40 16 1.2 min 48 min
Conditional Diffusion | 50 8 6.0 min 300 min
Hybrid GAN-VAE 60 16 1.8 min 108 min

Table 3.1: Model-specific training details

What has to happen for convergence:

GAN: Watched the balance between the generator and discriminator loss; training stopped
when the losses stopped changing.

VAE: Stopped after five epochs when the reconstruction loss didn’t change.

Diffusion: Trained for all 50 epochs, which is what is normally required.

Hybrid: Stopped after 10 epochs when the combined loss didn’t get better.

3.5.3 How to Create a Generation

We produced seven phony photos of each test patient’s RNA profile to utilize in the tests.
This came to ten people who were tested. 7 pictures for each patient. The total number
of photographs made is roughly 28,000 (7 per RNA x 4,000 test images).

This method for many generations takes into account how random generative models

are and lets for powerful statistical testing.

3.6 Evaluation Methods

3.6.1 Numbers for Metrics

We used three different criteria to look at different aspects of image quality:
1. The Structural Similarity Index Measure (SSIM) SSIM checks how compa-

rable the structures of real and fake photos are.

(2ptatty + C1) (204, + Co)
(2 + 12+ C1) (o2 + 02 + G

SSIM (z,y) = (3.6)

where,

e and g1,: The average brightness

o, and o,: the standard deviations
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0y: Covariance

C7 and Cs: constants that keep things stable

Range: an increase is linked to betterment.
Interpretation: It shows how bright or dark the building is and how well it is being kept
up.
Implementation: Using a window size of 11x11, the scikit-image library does the follow-

ing:

2. Learned Perceptual Image Patch Similarity (LPIPS) LPIPS stands for
Learned Perceptual Image Patch Similarity. LPIPS uses AlexNet’s deep features to figure

out how similar two things are.
LIPPS(z,y) = Y w - ||éu(x) — &i(y)][3 (3.7)
l

Where,
¢;: Outputs that come from the l-th layer of AlexNet
w;: Weights for each layer

Range: The range is from 0 to infinity, and lower numbers are better.
Interpretation: Better than counting pixels for figuring out how similar things look to
people.
Implementation: LPIPS library that uses AlexNet

3. The Fréchet Inception Distance (FID) FID measures how similar two distri-

butions are within the Inception feature space:
FID(r,g) = |l — plls + TR+ =2 [> > (3.8)
T l T el

where,
iy and p, are the average feature vectors for real and fake images, respectively.

>, and > , are matrices that show how two things are related to one other.

Range: The range is from 0 to infinity, and lower numbers are better.
Definition: It looks at the amount of different types of images that were taken as well as
their quality.

Execution: 1,000 samples for each group of InceptionV3 features
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3.6.2 Plan for Evaluation

We randomly picked 500 pairs (actual and false) to use in the SSIM and LPIPS testing.
For FID, we picked 1000 photos from each distribution. We utilized the test set to figure
out each metric on its own. Statistical reporting: SSIM and LPIPS mean + standard
deviation. To make sure the comparison was fair, all models were evaluated on the same

test samples.

3.6.3 Visual Quality Assessment

We also did a qualitative visual assessment in addition to the quantitative results. Putting
real photos next to pictures made by computers. Evaluation of the preservation of tissue
architecture. Checking to see if the color and texture are right. Finding mode collapse

or artifacts.

3.7 Summary

This methodology creates a strict structure for judging how well RNA-to-histopathology
picture synthesis works. Important methodological contributions are some here.
Splitting patient-level data makes sure that the evaluation is truly generalizable. A full
model comparison of Four different architectures that cover the main generative modeling
paradigms. Three metrics that work well together to measure distinct quality character-
istics. This is the first time that a GAN-VAE architecture has been used together to solve
this problem. All hyperparameters, architectures, and training methods are thoroughly

documented.
The whole approach, from preparing the data to training the model to testing it,

was made to give statistically strong and therapeutically useful outcomes for RNA-based

histopathology synthesis.
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4 RESULTS AND DISCUSSION

4.1 Overview

This section shows the full assessment results of four deep generative models for RNA-to-
histopathology image synthesis: Conditional GAN, Conditional VAE, Conditional Diffu-
sion Model, and our new Hybrid GAN-VAE. We used three separate metrics to measure
how well the model worked: the Structural Similarity Index Measure (SSIM), the Learned
Perceptual Image Patch Similarity (LPIPS), and the Fréchet Inception Distance (FID).
Each of these metrics looked at a different part of image quality. Our findings indicate
substantial trade-offs between perceptual quality and statistical integrity. The Hybrid
GAN-VAE attained outstanding human-perceived image quality, whilst the Conditional

GAN exhibited the most balanced overall performance.

The main results show that: (1) all models have basic problems when it comes to
capturing fine-grained histological structures from bulk RNA-seq data; (2) perceptual
quality (LPIPS) and statistical distribution matching (FID) are often at odds with each
other; and (3) hybrid architectures can use the strengths of different generative paradigms

to their advantage.

4.2 Result Analysis

4.2.1 Quantitative Performance Metrics

Table 4.1 shows the results of the quantitative evaluation for all four models on the test

set:
Model SSIM (1) LPIPS (J) FID (|) | Training Time
Conditional GAN 0.48240.0324 | 0.4016+0.1253 | 304.89 75 min
Conditional VAE 0.823+0.0412 | 0.662640.1487 | 275.64 | 48 min

Conditional Diffusion | 0.64540.0358 | 0.4165+0.1298 | 393.61 300 min

Hybrid GAN-VAE | 0.7044+0.0389 | 0.3465+0.1156 | 455.23 108 min

Table 4.1: Quantitative Comparison of Generative Models

Note: 1 means better when it’s higher, and | means better when it’s lower. Bold

values show the best performance for each statistic.
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4.2.2 Metric-by-Metric Analysis

Structural Similarity (SSIM): The Conditional VAE had the best SSIM (0.823),
which is 70% better than the baseline for the Conditional GAN (0.482). The Hybrid
GAN-VAE was 46% better (0.0703), and the Diffusion model was 32% better (0.645).
All of the absolute SSIM values are still less than 0.1, which suggests that none of the
models were able to effectively reflect the fine-grained structural information found in

genuine histopathological photos.

All of the models got poor SSIM scores, which shows how hard it is to recreate the
microscopic structure of tissue from bulk RNA-seq data, which doesn’t include spatial
information. Histopathology photos show how cells are organized in space, how tissues
are separated, and how they change shape. You can’t figure these things out just by

looking at average gene expression levels.

SSIM - Higher is Better

0.8

0.6

0.4

0.2

0.0

GAN VAE Diffusion Hybrid

Figure 4.1: Evaluation Score of SSIM
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Perceptual Similarity (LPIPS): The Hybrid GAN-VAE got the best LPIPS score
of 0.3465, which was 16% higher than the GAN baseline and 20% to 48% better than
all the other models. This shows that the hybrid architecture’s multi-objective training,
which included adversarial, reconstruction, and perceptual losses, made images look bet-

ter to humans.

The Conditional VAE had the lowest LPIPS score (0.6626), which was almost twice as
high as the score for the model that did the best.This backs up what has been said before:
Images made using VAE look hazy because the pixel-wise reconstruction losses put more
weight on statistical accuracy than on how real they look. The LPIPS (0.4165) of the
Diffusion model demonstrates that 50 training epochs weren’t enough for convergence.

This is because diffusion models normally need 100-200 epochs.

LPIPS - Lower is Better
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Figure 4.2: Evaluation Score of LPIPS
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Distance of Fréchet Inception (FID): The Conditional VAE had the highest FID
score (275.64), and the GAN got the second highest score (304.89). The Hybrid model
got the lowest FID score, which was 455.23. This unexpected result, in which the model
with the best perceptual quality shows the worst statistical distribution matching, shows

that there is a big trade-off in generative modeling for medical images.

The fact that VAE has a better FID even while the perceptual quality is terrible sug-
gests that it learned the global statistical aspects of the training distribution but not the
local high-frequency features. The Hybrid model has a low FID and a high LPIPS, which
suggests that it might be overfitting to specific visual patterns or collapsing modes. This

would make the distribution less diversified.

Even though the Diffusion model did well on LPIPS; its high FID (393.61) could be
because it wasn’t trained sufficiently. If you trained it for longer (more than 100 epochs),

it would absolutely grow better.

FID - Lower is Better
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Figure 4.3: Evaluation Score of FID
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4.2.3 Relative Performance Analysis

Table 4.2 presents the relative performance improvements over the GAN baseline:

Model vs GAN | SSIM Improvement | LPIPS Improvement | FID Improvement
VAE +70% -65% (worse) +11%

Diffusion +32% -4% (worse) -23% (worse)
Hybrid +46% +16% -33% (worse)

Table 4.2: Performance Improvement over Conditional GAN Baseline

A positive percentage indicates improved performance, while a negative percentage

indicates decreased performance.

Evaluation Matrix

0.402 0.416 i

FID (result/1000)

B GAN I vAE [ Diffusion | Hybrid

Figure 4.4: Evaluation Comparison

Hybrid GAN-VAE is the only model that achieves lower LPIPS than GAN, offer-
ing strong evidence for our hypothesis that the combination of GAN and VAE objec-
tives makes GANs more visually realistic but harms FID, and suggesting a perceptual-
statistical trade-off between GAN-based and VAE-based training that bears further in-

vestigation.
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4.2.4 Visual Quality Assessment

Here are the samples that were made:

GAN: It generates sharp textures with patterns that appear like cells, yet the visuals
are noisy and don’t have any order.

VAE: Its reconstructions make visuals that are hazy and colorful. Colors appear like
H&E staining, although they aren’t as detailed.

Diffusion: The colors and clarity are good, but the artifacts reveal that the process
is not finished. The pictures are more varied than GAN’s, but not as steady as VAE'’s.

Hybrid: This method appears best since it contains sharp textures, the proper H&E
colors, and patterns that seem like cells. If you look closely, you’ll see a lot of structures
that repeat themselves. This might be why the FID score is low.

The visual assessment backs up the LPIPS numbers, revealing that the Hybrid model

makes the most realistic images, even when the statistical distributions don’t match up.

Figure 4.6: Generate vs Real; ID: TCGA-97-A4MO0
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Figure 4.7: Generate vs Real; ID: TCGA-93-8067

4.3 Key Insights and Discussion

4.3.1 The Perceptual-Statistical Trade-off

Our results show that there is a basic trade-off between perceptual quality, which LPIPS
measures, and the alignment of statistical distributions, which FID measures. There is a
negative connection between these indicators across models, which proves this statement
to be true:

VAE: The best FID for VAE is 275.64, and the lowest LPIPS is 0.6626.

Hybrid: Best LPIPS (0.3465) and Worst FID (455.23).

GAN: A bargain that makes everyone happy.

This trade-off comes up because the aims for optimization are different.

Perceptual optimization (LPIPS, adversarial loss): This makes neural networks
and users demand clear, high-frequency features that "look real.” This can make them

fit too closely to some designs or textures.

Statistical optimization (FID, reconstruction loss): This method seeks to get
a lot of generations that fit the overall distribution statistics. It could lose some of its

particular character and start working the same way in other places.

For clinical uses, the best trade-off depends on the situation:

1. For training, FID is very important for data augmentation (you want samples that

are different and match the distribution).

2. LPIPS is important for pathologists who want images that look real to the eye.
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3. Validation of research: balanced metrics are preferred

4.3.2 Challenges in RN A-to-Histology Mapping

All models had inadequate absolute SSIM scores (j0.1), indicating constraints in the
recreation of histopathology images from bulk RNA-seq data. This is happening for a lot
of different reasons:

1. Missing information in bulk RNA-seq: Bulk RNA sequencing averages gene
expression from millions of cells, which makes it challenging to see how genes are expressed
differentially in different tissue locations. On the other side, histopathology photographs
show how cells are distributed in space, how tissue borders are made, and what cells look
like.

2. Many-to-Many Mapping: An RNA profile can match more than one real
histological appearance. The types of cells that make up the main sample. How to tear
tissue apart. Changes in color. Variety of diseases.This uncertainty built in makes it
impossible to undertake deterministic reconstruction, which makes it challenging for all
models to preserve the structural fidelity (SSIM).

3. Limited Training Data: The dataset may not be enough to learn the complicated
RNA-image mapping because it only has 35 training samples and about 14,000 images.
You usually need thousands of patients to take medical pictures that can be used in a lot
of various situations.

4. High-Dimensional RNA Space: The dataset is not very big compared to the
16,383 genes that make up the input space. This could cause overfitting or make it

impossible to establish good matches between RNA and pictures.

4.3.3 Hybrid Architecture Benefits

The LPIPS score for the Hybrid GAN-VAE is 16% better than the score for the GAN.
This backs up the premise that putting together goals that work well together helps

things look better. The multi-loss training technique worked well with:
1. Adversarial loss makes textures and details look more real and distinct.
2. Reconstruction loss: Keeps the training signal steady and the data safe.
3. Perceptual loss: makes things look more alike to people right immediately

4. Feature matching: Lines up intermediate representations so they have more detail.
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But the low FID means that a lot of perceptual adjustment may have rendered the
output less varied or caused mode collapse. In the future, study should look into: i)
Changing the weights of losses (reducing the adversarial weight might make FID better),
ii) Adding losses that make things more interesting. iii) Using greater latent dimensions

to enable people of all ages.

4.4 Result Comparison

4.4.1 Best Model by Use Case

Table 4.3 Recommended Model Selection by Application

Use Case Recommended Model | Justification

Best perceptual quality (LPIPS 0.347);

Clinical visualization | Hybrid GAN-VAE o
most realistic appearance

Best distributional match (FID 276);

Data augmentation | Conditional VAE i
diverse outputs

Balanced performance; fastest generation;
General purpose Conditional GAN P &

most practical

Research/future Competitive quality with more training;
/ Conditional Diffusion P q Y &

potential state-of-art potential

Table 4.3: Recommended Model Selection by Application

4.4.2 Computational Efficiency

Table 4.4: Computational Resource Requirements

Model | Training Time Generation Time/Image | GPU Memory
GAN 75 min (50 epochs) | ~0.05 sec 8 GB

VAE 48 min (40 epochs) | ~0.03 sec 8 GB

Diffusion | 300 min (50 epochs) | ~3.0 sec (50 steps) 10 GB

Hybrid 108 min (60 epochs) | ~0.05 sec 10 GB

Table 4.4: Computational Resource Requirements
The Diffusion model needs a lot of computing power because it takes 60 times longer

to make and 4 times longer to train. The GAN and Hybrid models are the best since

they operate well and are really good.
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4.4.3 Ranking Summary

Ranking for Overall Performance:

1. Conditional GAN: 8.2 out of 10—The one that is most useful and balanced
2. Hybrid GAN-VAE (7.8 out of 10) - Best quality, although FID has some issues

3. Conditional VAE (Score: 6.5 out of 10) Conditional VAE (Score: 6.5 out of 10)
Conditional VAE (Score: 6.5 out of 10) - Good figures, bad pictures

4. Conditional Diffusion (Score: 6 out of 10) - Needs further training to realize their

full potential.

This rating looks at how well the metrics work together, how quickly they can be
figured out, and how useful they are in real life. The Hybrid model is the best choice for
apps that need to look natural because it has better perceptual quality. The GAN is the

best choice because it works well in a variety of different circumstances.

4.5 Summary

In short, this study shows that deep generative models can combine histopathology images
with bulk RNA sequencing data. In four architectures (Conditional GAN, Conditional
VAE, Conditional Diffusion and Hybrid GAN-VAE) a trade-off between image quality
and the capacity to learn the underlying distribution is observed. LPIPS stated that the
Hybrid GAN-VAE model has a better perceptual similarity score than the GAN or VAE
approaches alone. The Conditional VAE, on the other hand, had the lowest FID score
of all the models tested. This meant that it was the most statistically accurate. But all
of the models had low SSIM values, which shows that it is still hard to fully reconstruct

fine-grained tissue structures from transcriptomic profiles.

Visual inspection corroborated that enhancements in perception frequently resulted in
diminished distributional diversity; images generated by the Hybrid model appeared more
realistic yet occasionally exhibited reduced diversity, resulting in elevated FID scores.
These findings indicate that while hybrid models incorporating reconstruction, adversar-
ial, and perceptual losses signify progress, the fundamental constraints of bulk RNA-seq
as a conditioning signal remain. Overall, our findings establish a rigorous baseline for
cross-modal generative modeling in computational pathology and indicate that the most
balanced performance for both clinical and research applications currently comes from
conditional GANs, with ongoing model innovation—such as hybrid architectures and

increased data diversity—remaining important directions for future work.
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5 CONCLUSION

5.1 Overview

This study investigated the feasibility of producing histopathology images directly from
RNA sequencing data using four distinct deep generative modeling techniques. The study
was motivated by the growing demand for automated pathology processes and the po-
tential to amalgamate molecular and morphological analyses of tissue specimens. We
thoroughly assessed Conditional GAN, Conditional VAE, Conditional Diffusion, and an
innovative Hybrid GAN-VAE architecture to determine their efficacy in elucidating the

complex relationship between transcriptome profiles and tissue morphology.

My research findings indicate that generative models can generate synthetic, visually
realistic histopathological images from RNA-seq data. However, considerable challenges
persist in attaining medical-grade synthesis quality. The Hybrid GAN-VAE has the max-
imum LPIPS result of 0.347, which means hybrid model has one of the best picture
qualities. This is a major improvement over how GANs generally work. This finding cor-
roborates the notion that integrating the diverse training objectives of various generative
paradigms may enhance the realism of medical image synthesis tasks. The inverse corre-
lation between perceptual quality assessments and distributional fidelity metrics indicates
that prioritizing realism from an individual standpoint may compromise the statistical
representativeness of the samples.The consistently low SSIM scores across all architec-
tures indicate a more significant limitation: bulk RNA sequencing, which compiles gene
expression across spatial dimensions, inherently lacks the detailed positional data re-
quired to reconstruct intricate cellular configurations and tissue microarchitecture. This
information bottleneck makes it hard to model and learn from large transcriptome data
by itself. Adversarial training approaches have worked very effectively, even with these
issues. This is especially true when they are employed with loss functions that depend on
how they look. This shows that neural networks can find links between chemical mark-
ers and morphological phenotypes that aren’t obvious right away, even though perfect

reconstruction is not possible right now.

From a practical standpoint, our research establishes baseline performance benchmarks
for RNA-based histopathological synthesis and demonstrates that the Conditional GAN
is the optimal selection for applications requiring both speed and quality. You can make
decisions in less than a second, but it takes roughly 75 minutes to train GANs. This

makes them great for research chores that need to be done a lot. The Hybrid architec-
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ture is a suitable choice for visualization apps where realistic graphics are more important
than correct statistics because it earns higher perceptual scores. These results help us
understand cross-modal medical picture synthesis better and illustrate that we need to
choose the appropriate models for the job instead of just assuming that one design is
better than the others.

This study highlights the transformational potential of merging molecular and imaging
modalities in computational pathology, beyond immediate technological breakthroughs.
As precision medicine increasingly depends on multi-modal data fusion, methodologies
that enable translation between genomic and visual representations may promote innova-
tive diagnostic strategies, improve pathologist training through enhanced datasets, and
accelerate research in disease phenotyping. The current findings do not meet the criteria
for therapeutic applicability; rather, they demonstrate that deep learning can extract
substantial morphological information from transcriptome data. As datasets grow and

infrastructures improve, we need to pay greater attention to this feature.

5.2 Future Work

Several promising research directions emerge from the limitations and findings of this
study. First and most critically, transitioning from bulk RNA sequencing to spatially-
resolved transcriptomics technologies represents a natural next step. Methods such as
Visium, MERFISH, and Slide-seq preserve spatial gene expression patterns at cellular or
subcellular resolution, which could dramatically improve the information content avail-
able for image synthesis. Recent work in spatial omics has demonstrated that retaining
positional context enables reconstruction of tissue architecture with far greater fidelity
than bulk measurements allow. Subsequent experiments ought to assess whether the in-
tegration of spatial coordinates with expression values mitigates the structural ambiguity

that constrained SSIM performance in our existing models.

Another important goal is to add more data to the training set. Our study involved
50 patients, which, although adequate for preliminary feasibility evaluation, constitutes a
limited sample size according to deep learning criteria. Medical image generation usually
works best with datasets that include hundreds or thousands of patients so that all the
different biological and pathological variations can be seen. Working together to collect
data from multiple institutions, maybe through consortia like The Cancer Genome Atlas
initiative, could give models the scale they need to learn strong RNA-histology mappings
that apply to all populations and tissue types. Also, raising the image resolution from

128x128 to 512x512 or higher would keep clinically important details that are lost when
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the image is downsampled.

The perceptual-statistical trade-off we found shows that we need to look into multi-
objective optimization strategies more closely. Future architectures might include explicit
mechanisms that encourage diversity, like minibatch discrimination, mode-seeking regu-
larization, or style diversity losses. These would help keep distributional coverage while
also improving perceptual quality. Bayesian models that account for uncertainty in the
RNA-to-image mapping could be useful as well. Instead of giving a single output, they
could give a set of probable histologies. These kinds of methods would better show how

the synthesis problem is naturally one-to-many.

From an architectural standpoint, transformer-based models signify a nascent frontier.
Vision transformers have recently shown great results in medical imaging tasks, and their
attention mechanisms may be better at finding long-range dependencies in both tissue
structures and gene expression patterns. Latent diffusion models, which generate images
in compressed latent spaces instead of pixel spaces, also make diffusion methods more
useful for medical imaging by making them faster and more efficient. Our initial diffusion
results indicate considerable potential for enhancement through prolonged training and

architectural adjustments.

Adding extra information besides RNA-seq could also make the synthesis better. Clin-
ical metadata, including patient age, disease stage, or treatment history, frequently corre-
lates with histological presentation and may offer significant conditioning signals. Multi-
modal fusion methodologies that integrate transcriptomics, proteomics, and electronic
health records may facilitate a more thorough characterization of tissue phenotypes. Also,
adding expert pathologist annotations like tumor grade, inflammatory infiltrate density,
or necrosis percentages as intermediate supervision signals could help models find clini-

cally important features.

Validation against clinical use cases is an important area that hasn’t been fully ex-
plored yet. Our quantitative metrics measure the technical quality of images, but the
real test of synthesis methods is how useful they are for tasks that come after them.
Can pathologists tell the difference between real and fake pictures? Do augmented train-
ing datasets make diagnostic classifiers work better? Can generated images be used in
education or to show rare diseases? User studies with board-certified pathologists and
assessments of clinical task performance would yield critical insights into practical appli-

cability and guide specific enhancements.

Finally, as these methods get closer to being used in clinical settings, they need more
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attention on how easy they are to understand and how to measure uncertainty. Figuring
out which gene expression patterns cause certain morphological traits could lead to new
biological discoveries, such as new biomarkers or disease mechanisms, that go beyond
just making images. Creating methods to measure synthesis uncertainty—showing areas
where the model isn’t sure—would make it more reliable and help doctors decide if they
can trust synthetic data. As rules about Al in medicine change, tools that make Al easier

to understand will become more and more important for testing and using it.

To sum up, this study shows that RNA-to-histopathology synthesis is still hard, but it
also shows that we are making real progress toward linking molecular and morphological
modalities. We need larger datasets, best architectures, and best integration with clinical
workflows to move forward. But these investments are worth it because they could have
a big impact on computational pathology and precision medicine. As spatial transcrip-
tomics technologies and generative modeling techniques improve, we expect to see big
improvements in the quality of synthesis. This could make it easier to use in diagnostics,

research, and medical education.
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