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Abstract

Data scarcity presents a significant obstacle in the field of biomedicine,
where acquiring diverse and sufficient datasets can be costly and chal-
lenging. Synthetic data generation offers a potential solution to this
problem by expanding dataset sizes, thereby enabling the training of
more robust and generalizable machine learning models. Although previ-
ous studies have explored synthetic data generation for cancer diagnosis,
they have predominantly focused on single modality settings, such as
whole-slide image tiles or RNA-Seq data. To bridge this gap, we pro-
pose a novel approach, RNA-Cascaded-Diffusion-Model or RNA-CDM;,
for performing RNA-to-image synthesis in a multi-cancer context, draw-
ing inspiration from successful text-to-image synthesis models used in
natural images. In our approach, we employ a variational auto-encoder
to reduce the dimensionality of a patient’s gene expression profile, effec-
tively distinguishing between different types of cancer. Subsequently, we
employ a cascaded diffusion model to synthesize realistic whole-slide
image tiles using the latent representation derived from the patient’s
RNA-Seq data. Our results demonstrate that the generated tiles accu-
rately preserve the distribution of cell types observed in real-world
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2 RNA-to-image multi-cancer synthesis using cascaded diffusion models

data, with state-of-the-art cell identification models successfully detect-
ing important cell types in the synthetic samples. Furthermore, we
illustrate that the synthetic tiles maintain the cell fraction observed in
bulk RNA-Seq data and that modifications in gene expression affect
the composition of cell types in the synthetic tiles. Next, we utilize the
synthetic data generated by RNA-CDM to pretrain machine learning
models and observe improved performance compared to training from
scratch. Our study emphasizes the potential usefulness of synthetic data
in developing machine learning models in sarce-data settings, while also
highlighting the possibility of imputing missing data modalities by lever-
aging the available information. In conclusion, our proposed RNA-CDM
approach for synthetic data generation in biomedicine, particularly in
the context of cancer diagnosis, offers a novel and promising solution
to address data scarcity. By generating synthetic data that aligns with
real-world distributions and leveraging it to pretrain machine learning
models, we contribute to the development of robust clinical decision
support systems and potential advancements in precision medicine.

Keywords: Diffusion models, multi-modal synthetic data, data imputation

Introduction

Cancer is one of the leading causes of death worldwide, just behind cardiovascu-
lar diseases [1]. A physician usually carries out multiple screenings to diagnose
the disease in a clinical setting, such as visually examining a digitized tissue
slide or finding specific up or down regulations in the patient’s gene expression.
Even though these screenings are routinely used at hospitals, rarely all of them
are performed on the same patient due to monetary or logistical constraints.
Cancer is a multi-scale and multi-factorial disease, and its effects can be rec-
ognized at multiple levels [2—4]. For instance, genetic alterations in tumor cells
and cells from the tumor microenvironment lead to functional changes which
in turn can influence their cellular physiology. [5—8]. Therefore, by not having
all screening modalities available, we are losing a part of the picture that can
lead to early detection.

Machine learning (ML), and specifically deep learning (DL), has shown
tremendous potential for cancer detection and classification in recent years.
By using different modalities, such as RNA-Seq, whole-slide-imaging (WSI),
miRNA-Seq, or DNA methylation, promising clinical decision support systems
have been created [8-12]. However, two problems are present when working
with cancer data. First, DL models are known for being data hungry, requir-
ing huge amounts of data to be properly trained. Second, even though the
combination of biological data types in a multimodal setting has shown to be
superior for cancer detection and prognosis [13—19], unfortunately, the majority
of available datasets are incomplete, missing some modalities. Although certain
projects make efforts to get a complete picture of the disease by collecting all
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modalities, such as The Cancer Genome Atlas (TCGA) [20] project or the UK
Genomics Pathology Imaging Collection [21], the number of single-modality
datasets available greatly surpass them. For instance, there are thousands of
gene expression series in the Gene Expression Omnibus (GEO) platform [22]
for which the corresponding tissue slide is not available, limiting the potential
for creating multimodal ML models.

To address these issues, generative models have been presented as a solution
in the literature for cancer data. Specifically, generative adversarial networks
(GANs) and Variational Autoencoders (VAE) have been used for generating
synthetic WSI and RNA-Seq data. GANs have shown their abilities for model-
ing cancer characteristics across multiple cancer types, successfully generating
synthetic tiles [23, 24] and synthetic gene expression profiles that closely
resemble real profiles and capture biological information [25]. VAEs have been
successfully applied to gene expression data, showing synthetic generation
capabilities in a temporal way and have also been used for data imputation
[26, 27]. However, these models present some significant drawbacks when deal-
ing with image data. While sampling is fast for GANs and although they can
generate high-quality data, their training is unstable and prone to model col-
lapse, leading to loss of diversity in the generated samples [28—-30]. Given these
problems, usually a different model is trained for each tissue per cancer type,
which is not practical in a real-world scenario. In the case of VAEs, even though
their training is much more stable, the generated samples are often blurry
compared to those coming from GANs because of the injected noise and the
imperfect reconstruction [31]. Furthermore, although models have been pre-
sented for the synthetic generation of both WSI and gene expression data, the
multi-scale nature of cancer is usually not taken into account for the genera-
tion. Specifically, to the best of our knowledge, RNA-to-image synthesis has
not been yet explored for cancer tissue.

Text-to-image models have recently caught the attention of the world,
given their incredible generative performance. Dall-E 2 and Imagen presented
incredible results in image synthesis based on textual input, surpassing all
previous methods in quality metrics and synthesis capabilities [32, 33]. They
rely on a novel paradigm that is different from previous GAN and VAE-
based approaches. Instead, they make use of diffusion models, a DL technique
firstly introduced by Sohl-Dickstein et al. [34]. Diffusion models are based on
Langevin dynamics, which is an approach in physics for the mathematical mod-
elling of the dynamics of molecular systems. Random noise is incrementally
added to the data, thereby 'destroying’ it until an isotropic random Gaussian
distribution is left. Then, a model is trained that learns to reverse this pro-
cess. Once the model is trained, new images can be synthesized from noise,
yet resemble the images from the training data. Different approaches are used
for conditioning the model to generate different images based on the given
text. Authors of Imagen used a pre-trained large language model to obtain an
embedding of the text to condition or 'guide’ the model generation. Similarly,
Dall-E 2 authors obtained a CLIP image-text embedding [35] to condition
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4 RNA-to-image multi-cancer synthesis using cascaded diffusion models

the diffusion model during the generation step. New images are created using
these two approaches, capturing the context of the text and portraying it in
the generated image.

Several works have been presented in literature assessing the role of gene
expression and histology [36-38], showing that morphological characteristics
present in histology associate to changes in gene expression. Inspired by these
and the rise of text-to-image models, we explore the relation between cancer
tissue and its gene expression profile in an RNA-to-image synthesis problem,
with the goal of using synthetic cancer images to pretrain DL models and
impute missing data modalities. We present RNA-CDM, a single-cascaded
diffusion-based model that is able to synthesize routine hematoxylin and eosin
(H&E)-stained tissue image tiles for different cancer tissues without specify-
ing the tissue label, by conditioning on a latent representation of the gene
expression profile obtained using a S-VAE.

Using a state-of-the-art cell segmentation model, we show that the gen-
erated tiles maintain the cell distribution of the real data, preserving cell
morphology and specific cell-fractions in the bulk RNA-Seq. We further show
that changes in gene expression markers of specific cell types (e.g. lympho-
cytes) affect the prevalence of those cell types in generated tiles. Finally, we
prove that the synthetic data can be used for pretraining models which boost
the performance on biomedical classification tasks, thereby showing the poten-
tial of generated synthetic tiles for both boosting the pretraining DL models
and imputing missing modalities.

Results

RNA-CDM can perform realistic RNA-to-image
multi-cancer synthesis

Given the high dimensionality of the RNA-Seq data, directly using it for
conditioning the diffusion process is not possible. Therefore, inspired by text-
to-image synthesis work, we trained a SVAE to project the RNA-Seq data from
twelve different cancer tissues into a lower-dimensional latent space (Table 2).
We decided to use a SVAE, given its superior performance in the literature,
particularly in comparison to standard autoencoders [27]. The SVAE obtained
a root mean squared error of 0.2475 and a mean absolute error of 0.1471 in
the test set (see Methods for details). We visualized the reconstructed RNA-
Seq data using the Uniform Manifold Approximation and Projection (UMAP)
algorithm [39] showing different clusters for each cancer tissue (Figure 2).
Next, we trained the RNA-CDM model using multimodal data from five
cancer tissues: lung adenocarcinoma (LUAD), kidney renal papillary cell
carcinoma (KIRP), cervical squamous cell carcinoma (CESC), colon adenocar-
cinoma (COAD) and glioblastoma (GBM). Our RNA-CDM model was able
to accurately generate tiles from the five cancer types without any tissue label
information and only conditioning on the latent representation of the RNA-Seq
data (Figure 2). Various tissue morphology can be observed in the generated
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Fig. 1 RNA-CDM model architecture used for the generation of RNA-Seq
embeddings and synthetic WSI tiles using diffusion models. Panel A: SVAE archi-
tecture for the generation of gene expression embeddings. The model uses as input the
expression of 17,655 genes. Both the encoder and the decoder are formed by two linear layers
of 6,000 and 4000 respectively. The latent u and o vectors have a feature size of 200. Panel
B: RNA-CDM architecture for the generation of synthetic multi-cancer tiles. It is formed
by two Denoising Diffusion Probabilistic Models (DDPM), one acting as a RNA-to-image
model and the second one as a super-resolution model. The pre-trained encoder is used to
obtain the latent representation of the RNA-Seq data. A corresponding tile from the patient
is obtained. For the first DDPM, the tile is resized from 256x256 to 64x64 pixels. During
the training phase, noise is gradually applied to the tile according to the given noise sched-
uler at each timestep ¢t. Then, the first DDPM learns to reduce the noise by using as input
the noisy image, the timestep ¢, and the gene expression embedding. The noise predicted is
removed from the noisy image at each time step, having a denoised tile of 64x64 at the end
of the process. Then, a second DDPM takes the denoised image, the noisy 256x256 image at
timestep t, the timestep ¢, and the gene expression embedding and predicts the added noise
again. Then, the noise is removed from the 256x256 tile iteratively until an denoised image
is obtained and compared with the original tile. For generating a new image, the process is
the same, but we start from total random noise until we have a synthetic tile whose gener-
ation has been guided by the gene expression embedding.

tiles, from more homogeneous and cell-abundant (e.g. all the different types of
glial cells) GBM tissue to the more sparse LUAD tissue. For all generated tiles,
cell nuclei and muscle fibers can be distinguished in the tiles (Supplementary
Figure 1).

We evaluated the in-silico quality of the tiles using the standard qual-
ity evaluation metrics for generative models, such as the Frechet Inception
Distance (FID) [40], the Inception Score (IS) [30], and the Kernel Inception
Distance (KID) [41]. Hereto, we generated 50k tiles (10,000 per cancer type),
and compared them with the same amount of real tiles. The generated tiles
obtained a FID50k score of 23.36, an IS50k of 3.19, and a KID50k of 0.015.

To validate the generalization capabilities of the model, we obtained RNA-
Seq data from two additional external data sets: a colorectal RNA-Seq data
set (accession number: GSE50760 [42]) and a lung cancer RNA-Seq data set
(accession number: GSE226069 [43]). RNA-CDM was able to accurately gener-
ate synthetic tiles for both cancer types, showing its generalization capabilities
(Supplementary Figure 2).
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6 RNA-to-image multi-cancer synthesis using cascaded diffusion models

Fig. 2 RNA-to-image multi-cancer synthetic samples generated by conditioning
on the gene expression latent representation. The SVAE is able to obtain an accurate
representation of the multi-cancer gene expression profiles. Once this model has been trained,
the RNA-CDM architecture (see Figure 1 and Subsection 6) is trained and conditioned
on the latent representation of the RNA-Seq data over five different cancer types: lung
adenocarcinoma (LUAD), kidney renal papillary cell carcinoma (KIRP), cervical squamous
cell carcinoma (CESC), colon adenocarcinoma (COAD) and glioblastoma (GBM)). The
model accurately synthesizes the samples, capturing the distinct morphologic characteristics
of each cancer type.

RNA-CDM tiles maintain the cell distribution of real tiles
and significantly correlate with deconvolved cell fractions

Next, we used HoverNet [44], a state-of-the-art cell segmentation and classi-
fication model, over real and synthetic tiles to detect different cell types. We
found that the distribution of cells in real and synthetic tiles was similar across
the five cancer tissues (Figure 3A), and the mean number of cells detected
across cell-types was similar for the majority of cancer and cell types (Table
1). Even though HoverNet was only trained on real data, cell types were cor-
rectly detected in the synthetic tiles, showing that RNA-CDM can produce
samples with realistic cell morphology (Figure 3B).

We conducted additional tests to determine whether the gene expression
profile characteristics remained consistent in the synthetic tiles. Specifically,
we examined whether the proportions of different cell types in the bulk RNA-
Seq correlated with the cell types found by HoverNet in the synthetic tiles. In
all cases cell-fraction percentage significantly correlated with the percentage
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Fig. 3 Synthetic samples maintain the cell distributions observed in real world
data Panel A: Distribution of cell types is maintained across the different cancer types
in both real and synthetic tiles generated using RNA-CDM. We used HoverNet pretrained
weights on the PanNuke dataset to detect five different cell types (tumor, lymphocytes,
connective, necrotic, and normal). Normal in the PanNuke dataset includes cells from normal
to degenerative, metaplastic, atypia etc. 100,000 tiles were used in total (50,000 real and
50,000 synthetic, with 10,000 tiles per cancer type class). Panel B: Examples of cells
detected in real and synthetic tiles by HoverNet. Cells are detected in both cases, showing
that cell morphology is maintained in the RNA-CDM generated tiles.

of corresponding cell types found in the tissue by Hovernet (p-value < 0.05),
showing that cell-specific characteristics are preserved in the synthetic tiles
generated using the bulk RNA-Seq (Supplementary Figure 3).

Next, we examined whether the use of de-convolved gene expression for
generating tiles affects the presence of certain cell types in the synthetic tiles,
even though RNA-CDM was not trained with de-convolved gene expression.
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8 RNA-to-image multi-cancer synthesis using cascaded diffusion models

We tested the generation of synthetic tiles using the fibroblast and haematopoi-
etic de-convolved RNA-Seq. For fibroblast gene expression, we expected to see
an increase in the percentage of connective tissue cells in the tiles, likewise for
haematopoietic gene expression and the percentage of lymphocytes. We indeed
found that the mean percentage of connective tissue cells was higher in tiles
generated using the fibroblast RNA-Seq than in tiles generated with bulk RNA-
Seq data across all cancer types (Supplementary Figure 4A). Similarly, the
mean percentage of lymphocytes is higher when using the haematopoietic de-
convolved RNA-Seq in LUAD and KIRP, approximately the same percentage is
obtained in COAD and CESC, and a lower value is obtained for GBM, tumors
that typically don’t contain lymphocytes [45, 46] (Supplementary Figure 4B).

Tile type Tumor Lymphocytes | Connective Dead Normal
Real 47.44 £43.12| 7.69+20.43 |10.48+24.58 | 4.21 +14.66 | 3.94 + 14.51

Synthetic | 61.78 +42.43 | 6.114+17.88 | 2.69+13.27 | 1.33+7.36 | 6.87 +17.89
Real 22.57 +25.83 | 17.66 £20.25 |18.54 £ 21.74|26.20 & 26.20 | 12.50 £ 21.34

TCGA-COAD

TCGA-GBM Synthetic | 9.18 £16.15 | 35.09 £24.89 | 17.11 £ 20.33 | 22.89 +24.57 | 11.99 £ 19.76
TCGA-LUAD Real ) 37.40 £32.49| 8.12+11.72 |15.36 +19.22 | 33.15 £28.07 | 3.65+9.78
Synthetic | 27.74+28.62 | 12.93+15.15 |11.00 +15.19|41.30+28.98| 3.31 +9.86
TCGA-KIRP Real ] 48.14 £33.02| 7.39+12.11 |12.574+21.83|19.20 £21.75|10.37 + 18.35
Synthetic | 40.85+32.25| 12.92+17.84 | 8.17+17.38 |20.59 +23.95 | 12.34 £ 21.84
TCGA-CESC Real 45.52 £43.65| 13.61 +£27.54 | 5.34 £17.52 | 4.59+15.31 | 2.85 £ 10.87

Synthetic |45.82 £42.78 | 15.48 £28.17 | 1.52+10.29 | 1.70£7.74 | 7.89 £ 19.97
Table 1 Mean percentage of cells detected by HoverNet on real and RNA-CDM
generated tiles for each cancer type.

RNA-CDM synthetic samples can be used as pretraining
to improve classification performance

Next, we experimented with the utility of synthetic data for training DL models
in settings of varying availability of real training data. To do so, we used 5, 000
tiles, consisting either of 100% real tiles or of which a certain percentage (25%,
50%, 75%) is replaced with synthetic tiles (simulating situations with fewer
available real data). We evaluated the performance of classifying each tile into
one of five different tissue classes using a ResNet1l8 model and 5-fold cross
validation (5-Fold CV). In all cases, there was no difference in the classification
performance, showing that synthetic data can accurately substitute real data
with no effect on the classification task.

Next, we also experimented with using exclusively synthetic data for pre-
training a classification model. We used four different sizes for the pretraining
dataset 25% (1,250 samples), 50% (2,500 samples), 75% (3,750 samples)
and 100% (5,000 samples) and compared how this affected the classification
performance on a real sample dataset.

We found that using the synthetic data for pretraining improved the
model’s performance over the baseline, regardless of the size of the pretraining
dataset, for both the accuracy and Fl-score (see Figure 4 B). The performance
of the model also increased with the size of the synthetic dataset, showing that
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pretraining with more synthetic samples boosted the model’s performance on
the real dataset. To further quantify the observed improvement, we calculated
confusion matrices over all of the real samples for the model with and without
pretraining (Figure 4 C).

To show the added value of synthetic tiles for model training, we
approached the problem of microsatellite instability status prediction in
colorectal cancer, comparing a model pretrained on synthetic tiles using self-
supervised learning (SSL) and a model trained from scratch. The model using
the SSL pre-trained weighs outperforms the model trained from scratch in all
four cases, showing a difference in accuracy of up to 11.8 percentage when both
models are trained with 1000 samples (Supplementary Figure 5). The best
performance was obtained with the model using the SSL weights and trained
over 4000 samples, reaching a mean accuracy of 73.42 + 1.5. The maximum
accuracy of the model trained from scratch is also obtained when trained over
4000 samples, but only reaches an accuracy of 66.06 2.1, only surpassing the
performance of the SSL weights model when trained on 200 samples.

Discussion

Association of molecular and morphologic data of cancer tissues is emerg-
ing as an important research area in computational pathology and oncology
[47]. Quantitative models have been developed to predict molecular biomarker
status directly from H&E-stained WSI (including prediction of microsatellite
instability for colorectal cancer [48] and EGFR mutations for lung cancer [8])
opening an exciting avenue for the development of ”digital biomarker” tests
which might obviate the need for more expensive and time-consuming assays.
However, a significant barrier to progress in the development of such tests
is the relative paucity of tumor H&E specimens with corresponding ground
truth labels availability for model training. While most patients have H&E
tumor specimens collected as part of routine cancer diagnostic workflows, far
fewer patients receive biomarker testing on those specimens, and when such
biomarker tests are performed, an accompanying H&E-stained slide corre-
sponding to the test sample might not be generated (for example, if the entire
sample is exhausted during performance of the molecular assay). The ability
of the RNA-CDM model in this study to generate synthetic but realistic H&E
training images only from RNA-Seq expression data, and the demonstration
that the resultant synthetic training data can be used to improve the perfor-
mance of a downstream tumor classification model, offers a promising solution
to the data scarcity problem.

While most models have focused on the detection of either discrete molec-
ular changes, such as mutations in a specific gene or expression of a single
protein, or classification of tumors into a limited number of discrete classes such
as consensus molecular subtypes [49], few attempts have been made to explore
how changes in the expression of thousands of genes might be reflected in rou-
tine H&E tumor histomorphology. Although spatial profiling methods (such as
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Fig. 4 Pretraining on synthetic samples improves classification performance in
a multi-cancer classification problem Panel A: we substituted different percentages
of the training data with synthetic samples generated by RNA-CDM in a 5-Fold CV over
the real data (classification between the five different cancer types). The performance does
not decrease significantly in any experimental setting (n.s. states for not significant, p-value
< 0.05.) Panel B: we used different numbers of synthetic data samples as pretraining
dataset. In both accuracy and F1-Score, increasing the number of samples in the pretraining
dataset increases the performance in a 5-Fold CV over the real data. Panel C: confusion
matrix of all the test sets in the 5-Fold CV without using any pretraining. (On the right)
Confusion matrix of all the test sets in the 5-Fold CV using all the synthetic samples as
pretraining. The model with the pretrained weights improves the classification performance
and does not introduce any bias or new errors between the classes.
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Akoya, 10x Genomics, etc) allow for some correlation between gene expression
profiles and histology, these methods are expensive, currently impractical on
a large scale and rely mainly on identification of pre-determined/handcrafted
features or cell types that are recognizable to the human eye. Therefore, bio-
logically important sub-visual morphologic features present on slides might be
missed. Aside from their practical utility in data augmentation, models such as
the RNA-CDM model developed in this study, which utilize latent representa-
tions of an entire RNA-Seq profile, might allow for the identification of novel
morphologic features associated with clinically relevant molecular biological
states that are currently unrecognized by the human eye.

Previous approaches for WSI cancer tile generation have primarily relied
on GAN architectures and were able to generate realistic-appearing tissue
images [23, 24]. However, GANs are prone to mode collapse and generate a
low diversity of samples, limiting their potential for synthetic data generation
that reflects real-world data distributions [28-30]. Unlike natural images, can-
cer tissues are generally more homogeneous, requiring training of a different
model for each cancer type in order to avoid mode collapse to a single class,
which makes GANs impractical for generating cancer images in real-world sce-
narios [23, 24, 50]. Furthermore, previous approaches for generating synthetic
WSI have not made use of RNA expression data. Here, we present RNA-CDM,
a single architecture based on cascaded diffusion models capable of performing
RNA-to-image multi-cancer synthesis without any explicit label information
(e.g. the cancer type), just using the expression profile of the patient. Because
RNA-CDM uses only the latent representation obtained using the 5VAE model
(Figure 1 A) and requires only a single architecture to generate data for five
different cancer types, it is more efficient and practical for synthetic data gen-
eration. This means that multiple models do not need to be implemented,
saving on computational and storage costs. However, it must be mentioned
that when using the Karras et al. [51] sampling method, the sampling time is
faster for GANs. We expect that future research will address this drawback
of diffusion models. Previous models, such as those presented by Quiros et al.
[23], obtained an FID score of 16.65 on breast cancer and 32.05 on colorec-
tal cancer. Our model obtains similar results with an FID score of 31.70 for
colorectal cancer. In addition, our proposed RNA-CDM model generates tiles
from five different cancer types using a single architecture, while Quiros et al.
trained a dedicated model per cancer type. Training an RNA-CDM on a single
cancer likely can improve the FID score significantly.

Next, we demonstrated the consistency of cell distribution patterns between
synthetic and real tiles across various cancer types (Figure 3A, Table 1). Addi-
tionally, we observed persistent differences in cell composition among different
cancer types (Figure 3A). Notably, cell types that are more prevalent in spe-
cific cancer types, such as dead cells in LUAD, also exhibit higher abundance
in the synthetic tiles (Table 1). Similarly, normal cells are more abundant in
both GBM and KIRP real and synthetic tiles, in comparison to the rest of can-
cer types. Tumor cells are the most predominant cell type found both in real
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and synthetic tiles, with the lowest amount in GBM. These findings demon-
strate the model’s capability to capture cancer-specific cell characteristics, and
that real tiles’ trends are maintained in the synthetic tiles.

To further validate these results, we performed deconvolution of bulk RNA-
Seq data and established a significant correlation between the percentage of
specific cell types identified in the generated tiles by HoverNet and the corre-
sponding cell fraction predicted by CIBERSORTx (Supplementary Figure 3).
These findings highlight the importance of obtaining the latent representation
of gene expression and the model’s ability to capture latent information from
the entire gene set during training, which would not have been possible when
conditioning only on a simple cancer-level label.

Furthermore, we investigated the impact of de-convolved data by generat-
ing synthetic tiles using fibroblast and hematopoietic RNA-Seq. Using these
two input types resulted in respectively the identification of a higher number of
connective tissue cells and lymphocytes in the synthetic tiles (Supplementary
Figure 4), demonstrating the influence of the latent gene expression represen-
tation. Our findings based on the de-convolved hematopoietic data showed
that the lymphocyte proportion was lower in GBM compared to the other
cancer types. This result is in agreement with previous studies as GBMs con-
tain a limited number of tumor infiltrating lymphocytes and the majority of
immune cells in brain tumors are macrophages [45, 46]. Therefore, although
the model was not explicitly trained on de-convolved gene expression, it suc-
cessfully captured the relationship between specific cell types’ expressionf and
their influence on tissue morphology. Further investigations are warranted to
explore potential enhancements with more diverse and comprehensive data.

Next, we focused on one of the main utilities of synthetic data, increas-
ing the size of small datasets to boost the performance of machine learning
models [52]. We first tested whether substituting real data with synthetic
data impacted the performance of a multi-cancer classification model. For all
experimental settings, no significant different was found in the classification
performance, highlighting the quality of the synthetic tiles (Figure 4 A). We
also evaluated the benefit of using synthetic data for model pretraining. Both
accuracy and F1-Score increased, irrespective of the size of the pretraining
dataset (Figure 4 B). These results are promising and show that increasing the
number of synthetic samples in the pretraining set directly improves the clas-
sification performance. The classification confusion matrices also showed that
the fine-tuned model improves the model trained from scratch while maintain-
ing the class-specific misclassifications, so we are not introducing new biases
or errors with the synthetic data (Figure 4). Furthermore, we investigated
the application of SSL to enhance the classification performance of our model
in a biologically relevant task, namely, microsatellite instability status pre-
diction. By leveraging SSL with learned weights, we demonstrated improved
classification performance compared to training a model from scratch (Sup-
plementary Figure 5). Our synthetically generated tiles, serving as unlabeled
realistic data, thus can facilitate the learning of general patterns that can be
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subsequently fine-tuned for downstream tasks. The effectiveness of SSL tech-
niques has previously been demonstrated in various medically-related domains
[12, 53], highlighting their potential for leveraging unlabeled data. In this
context, RNA-CDM serves as a valuable data generator for enhancing the
performance of SSL models in biomedical downstream tasks.

One limitation of this study is that we are using TCGA to train our model.
TCGA is the largest data set for cancer research and the tissue samples are
reviewed by a pathologist to confirm the diagnosis and that the sample meets
inclusion criteria, more specifically samples need to contain at least 60% tumor
nuclei and have less than 20% necrotic tissue.

In summary, we have proposed a solution for data scarcity in machine
learning problems by using an RNA-to-image multi-cancer cascaded diffusion
model. We show how changes in gene expression can be studied in-silico by
using RNA-CDM, exploring the interactions between the two modalities with-
out the need of generating new data and improving classification problems.
New technologies such as spatial transcriptomics [54] are emerging that gen-
erate a spatial map of gene expression across the tissue. We expect that these
spatial technologies will further enhance the capabilities of models such as
RNA-CDM.

Materials and Methods

Data acquisition and data pre-processing

Data were obtained from the TCGA project database, which contains paired
samples of RNA-Seq and WSIs from patients. For the WSI data, only diagnos-
tic slides were considered, given the superior histologic quality of the sample.
For the gene expression data, we downloaded the raw files for later pre-
processing steps. Twelve cancer types were considered for the training of the
B-VAE, while five were used during the training and validation of RNA-CDM
(TCGA-LUAD, TCGA-GBM, TCGA-KIRP, TCGA-CESC, TCGA-COAD).
These cancer types were selected based on their morphology differences and the
number of samples available, given the data requirements of the model train-
ing. The cancer types used and the number of available samples are presented
in Table 2.

Once the data were downloaded, we proceeded with the pre-processing
steps. For the gene expression data, we followed the pre-processing steps
described by Zheng et al. [55]. The raw sequencing reads were aligned to the
human transcriptome and quantified using the Kallisto-Sleuth algorithm pro-
posed by Bray et al. [56]. NaN values were removed and we selected those genes
the different cancer types have in common. These pre-processing steps left us
with a total of 17,655 genes that were used as input to the model. The gene
expression was firstly log-transformed and then normalized with the z-score
transformation from the training set values.

WSIs were acquired in SVS format and downsampled to 20x magnification
(0.5um pxt). The size of WSIs is usually over 10k x 10k pixels, and therefore,
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Table 2 TCGA projects used for the training of the S-VAE and the RNA-CDM model.

Project Code Cancer type Num. samples
TCGA-LUAD Lung Adenocarcinoma 520
TCGA-KIRP | Kidney renal papillary cell carcinoma 298
TCGA-COAD Colon adenocarcinoma 289

Cervical squamous cell carcinoma and

TCGA-CESC . . 277
endocervical adenocarcinoma

TCGA-GBM Glioblastoma multiforme 212
TCGA-PAAD Pancreatic adenocarcinoma 202
TCGA-ESCA Esophageal carcinoma 156

TCGA-OV Ovarian serous cystadenocarcinoma 83
TCGA-UVM Uveal Melanoma 80
TCGA-CHOL Cholangiocarcinoma 36

cannot be directly used for training machine learning models to generate the
data. Instead, tiles of a certain dimension are taken from the tissue, and they
are used to train the models, which is consistent with related work in state-of-
the-art WSI processing [8, 57, 58]. In our work, we took non-overlapping tiles
of 256 x 256 pixels. Firstly, a mask of the tissue in the higher resolution of the
SVS file was obtained using the Otsu threshold method [59]. Tiles containing
more than 60% of the background and with low contrast were discarded. A
maximum of 4,000 tiles were taken from each slide. For the preprocessing of
the images we relied on the python package openslide [60], which allows us to
efficiently work with WSI images. The tiles were saved in an LMDB database
using as an index the number of the tile. This approach enables us to reduce
the number of generated files, and structure the tiles in an organized way for
a faster reading while training. Tiles containing pen marks or other artifacts
were filtered during the reading phase.

For the generalization experiments, two series were downloaded from GEO,
GSE50760 [42]) and GSE226069 [43]. Since we need to first obtain the latent
representation of the RNA-Seq, those genes in common with TCGA were
extracted, and those not present in the GEO series were set to 0. Then, data
was log-transformed and normalized using z-score based on the TCGA data
values.

Data for the microsatellite instability status prediction was obtained from
Kather et al. [61], and downloaded from the Kaggle platform . The dataset
contains the patches corresponding to MSS and MSI labels. 75,039 belonged
to the MSI class and 117,273 to the MSS class.

B-VAE for multi-cancer latent embedding generation

We chose the 8-VAE model for the creation of a latent embedding [62]. The
B-VAE model is an extension of the VAE where a § parameter is introduced
in the loss function. VAEs are an modification of the original autoencoder,
but they are both formed by two networks, the encoder and the decoder. The
idea behind the autoencoder is to learn a smaller representation of the input

Yhttps:/ /www.kaggle.com/datasets/joangibert /tcga_coad_msi_mss_jpg
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data by learning the function hg(z) =~ x being 6 the parameters of the neural
network. We obtain a lower dimensional representation of the data, and then
we reconstruct the input using the decoder. Thus, we want to minimize the
reconstruction error between the input and the output. On the other hand,
the VAE extends this approach to learn a probability distribution of the latent
space. The assumption of the VAE is that the distribution of the data x, P(x)
is related to the distribution of the latent variable z, P(z). The loss function of
the VAE, which is the negative log-likelihood with a regularizer is as follows:

Li(0,0) = —E.ngy(2)a) log po(2i]2)] + KL(go (2]x4)[p(2)) (1)
where the first term is the reconstruction loss and the second term is the
Kullback-Leibler (KL) divergence between the encoder’s distribution gg(z|x)
and p(z) which is defined as the standard normal distribution p(z) = N (0, 1).

For the BVAE we introduce the parameter 3, which controls the effect of
the KL divergence part of the equation:

Li(0,9) = —E.ngo(zlei) [l0g po (2] 2)] + B x KlL(go (2|2:) [p(2)) (2)

If B = 1, we have the standard loss of the VAE. If 8 = 0, we would
only focus on the reconstruction loss, approximating the model to a normal
autoencoder. For the rest of the values, we are regularizing the effect of the
KL divergence on the training of the model, making the latent space smoother
and more disentangled [62].

For the final architecture, we empirically determined to use two hidden
layers of 6,000 and 4000 neurons each for both the encoder and the decoder,
and size of 200 for the latent dimension, similar to the architecture proposed
by Qiu et al. [27]. We used batch norm between the layers and the LeakyReLU
as the activation function. A 8 = 0.005 was used in the loss function. We used
the Adam optimizer for the training with a learning rate equal to 3 x 1073,
along with a warm-up and a cosine learning rate scheduler and the mean square
error as the loss function. We trained the model for 250 epochs with early
stopping based on the validation set loss, and a batch size of 128. A schema
of the architecture is presented in Figure 1 A. We divided the dataset into
60-20-20 % training, validation and test stratified splits, and we trained the
model with twelve different cancer types in order to obtain a better and more
general latent space (see Table 2).

RNA-CDM: A Cascaded diffusion model for multi-cancer
RNA-to-image synthesis

We present RNA-CDM, a cascaded diffusion model for multi-cancer RNA-to-
image synthesis. Diffusion models are a kind of score-based generative models
that model the gradient of the log probability density function using score
matching [63, 64]. The idea for diffusion models is to learn a series of state
transitions to map noise € from a known prior distribution to xg from the data

distribution. Firstly, we define an additive noise forward process from zg to x;
defined as:
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ry = \/Y(t)wo + /1 —y(t)e (3)

where € ~ N(0,1),t ~U(0,T), and v(t) is a monotonically decreasing function
from 1 to 0. Then, we learn a neural network, f(z;,t) to reverse this process
by predicting xo (or €) from z;. The training of the neural network is based
on denoising with a ls regression loss:

Loy = B0, 1), f (V7)o + /1 = (t)e, 1) — €| (4)

Once we have learned a model, new samples can be generated by reversely
going from x; — zy_, — ... = xzo. This can be achieved by applying the
denoising function f to the samples to obtain x(, and then make the transition
to x;_, by using the predicted &g [65].

Cascaded diffusion models were proposed by Ho et al. [66] as a way to
improve sample quality. Having high-resolution data zy and a low-resolution
version zp, we have a diffusion model at the low resolution py(zp), and a super-
resolution diffusion model py(xg|zp). The cascading pipeline forms a latent
variable model for high resolution data, that can also be extended to con-
ditioning to the class (or the gene expression latent representation in our
case):

po(wo) = /Pe($0|2070)290(20|0)d20 (5)

where ¢ is the gene expression latent representation. Also, as in normal diffusion
models, we condition on the timesteps both for the training and the sampling.

In this work, we used the extension presented by Karras et al. [51], where
the training and sampling methods are modified. They proposed a stochastic
sampling method, that hugely speeds the sampling process, one of the bot-
tlenecks of diffusion models. More information about their approach can be
read in Sections 4 and 5 of their paper [51]. We empirically selected a value of
p =17, Schurn = 80, Stmin = 0.05, Stmaz = 50, Shoise = 1.003 and 32 steps for
the stochastic sampling.

For the hyperparameters and architectures used, we followed those pre-
sented in the Imagen paper [33]. The Unet model [67] was chosen for the
diffusion models, using a dimension of 256 for the low-resolution and 128 for
the super-resolution diffusion models. Attention and skip connections are used
across the Unet layers. The low-resolution diffusion models generate an image
of 64x64, and it is conditioned on the RNA-Seq latent representation and
the timestep. Then, a gaussian blur is applied to that image and it serves
as input to the super-resolution diffusion model (along with the RNA-Seq
latent embedding and the timestep), which generates an image of 256x256. The
whole architecture accounts for a total of 1.8 billion parameters. A schematic
representation of the training and sampling pipeline is presented in Figure 1 B.
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RNA-CDM computational resources and training details

The RNA-CDM model was trained using 4 NVIDIA A100-SXM4-40GB GPUs
on the Polaris supercomputer at Argonne National Laboratory. Training was
carried out until the visual quality of the generated tissues reached a satisfac-
tory level. In total, the training process required 79k steps, where each step
involved updating the weights after computing the loss over a batch. A batch
size of 64 was utilized per GPU, resulting in an effective batch size of 256. The
model was trained for approximately 8 days with this hardware.

Adam optimizer with a learning rate of le~* was used for training. Two
versions of the model were maintained during training: i) the training net-
work, that was actually trained using the Adam optimizer, and ii) the EMA
network, that stored the exponential moving average (EMA) of the weights of
the training network from the previous training steps, was used for sampling.
The EMA network owing to its smoother weights obtained from averaging over
multiple training steps (instead of using the model parameters from the last
training iteration), is less sensitive to local fluctuations during training and
hence more amenable for generating realistic synthetic samples as well as less
prone to overfitting. For both Unets we used timesteps = 1000 with a linear
gaussian diffusion process. We used a maximum of randomly chosen 4000 tiles
per slide to train the model.

HoverNet and deconvolution experiments

We used HoverNet [44], a state-of-the-art cell segmentation and classification
model, to detect different cell types in cancer tissues. We used the weights
trained on the PanNuke dataset to detect the following cell types: tumor, lym-
phocytes, connective, dead, and normal cells. We generated 50,000 synthetic
samples using multiple RNA-Seq profiles and obtained 50,000 tiles from real
whole-slide images for each of the five tumor tissues. We then compared the
distribution of the different cell types between real and synthetic tiles.

We conducted additional tests to determine whether the gene expression
profiles characteristics remained consistent in the synthetic tiles. Specifically,
we examined whether the proportions of different cell types in the bulk RNA-
Seq correlated with the cell types found in the synthetic tiles. We used
CIBERSORTx [68, 69] to deconvolve the bulk RNA-Seq from 50 patients (ten
per cancer type)in four different cell types: epithelial, fibroblast, endothelial,
and haematopoietic cells. We selected these cell-types given that a higher
fraction of each of them should affect the percentage of specific cells in the syn-
thetic tiles. We then generated ten tiles per patient using RNA-CDM and the
bulk RNA-Seq data from these patients, and employed HoverNet to detect and
quantify the cell percentages within each tile. The percentage of fibroblasts
detected in the bulk RNA should be correlated to the percentage of cells classi-
fied as connective tissue by HoverNet. Similarly, there should be a correlation
between bulk-derived fractions of haematopoietic cells with HoverNet-derived
fractions of lymphocytes in the tiles. Further, fractions of epithelial cells (bulk
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derived) should correlate with fractions of tumor cells (HoverNet) and preva-
lence of endothelial cells (bulk derived) should correspond to prevalence of
cells from connective tissue (HoverNet). We calculated the Pearson correlation
coefficient between each de-convolved cell type fraction and the corresponding
cell type percentages derived in the tiles with HoverNet.

Then, we tested whether using de-convolved RNA-Seq led to a prolifer-
ation of specific cell-types. We tested the generation of synthetic tiles using
the fibroblast and haematopoietic de-convolved RNA-Seq, and compared with
those generated using bulk RNA-Seq, and compared with those generated
using bulk RNA-Seq. We generated ten tiles per patient using RNA-CDM and
employed HoverNet to detect and quantify the cell percentages within each
tile (connective tissue cells in the case of fibroblast and lymphocytes in the
case of haematopoietic).

Training details for ML experiments

For the ML experiments presented in the results section, we used a Resnet-18
architecture trained from scratch. For the first set of experiments, the model
was trained for 20 epochs using AdamW optimizer with a learning rate equal
to 3e~2. For the second set of experiment, the model was trained firstly on the
synthetic data for 50 epochs using an early stopping strategy using the same
optimizer and learning rate value. Then, it was fine-tuned in the real data for
20 epochs using a learning rate value of 3e~°.

For the microsatellite instability status prediction, SImCLR was used using
a Resnet-18 as a backbone. SimCLR is a contrastive learning method that
maximizes the agreement between two different augmented versions of the
same image, thereby learning a relevant feature representation of the image
[53]. It was trained on 50,000 synthetic tiles (10,000 per cancer type) for 50
epochs. Both models used AdamW as the optimizer, but the model trained
from scratch used a learning rate of 3¢~3, while the model using SSL weights
a learning rate of 3e~%. Both models were trained for 100 epochs. Metrics were
obtained across the test sets in a 5-Fold CV experimental setting.

Supplementary information.
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Supplementary Figure 1 Additional examples of synthetically generated tiles using
RNA-CDM compared with real tiles.
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Colorectal cancer patient H&E tiles generated from RNA-Seq

Supplementary Figure 2 Synthetically generated tiles by using out of the training dis-
tribution gene expression from colorectal cancer RNA-Seq [42] and lung cancer RNA-Seq
[43].
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Supplementary Figure 3 Correlation plots using the pearson correlation coefficient
between the fraction percentage of given cells in the deconvoluted RNA-Seq data, and the
percentage of cells detected by Hovernet across the different tiles generated using the bulk
RNA-Seq data. In all cases there is a significant correlation between them (p-value < 0.05).

Belgian American Educational Foundation and a grant from FWO 1161223N.
Stanford has submitted a provisional patent application for this work.

References

[1] Sung H, Ferlay J, Siegel RL, Laversanne M, Soerjomataram I, Jemal A,
et al. Global cancer statistics 2020: GLOBOCAN estimates of incidence
and mortality worldwide for 36 cancers in 185 countries. CA: a cancer
journal for clinicians. 2021;71(3):209-249.



611

612

614

615

616

22 RNA-to-image multi-cancer synthesis using cascaded diffusion models

Connective tissue percentage found using Hovernet on synthetic tiles
A
00 I Bulk RNA-Seq
Fibroblast deconvolved
1 RNA-Seq
80
& 60
£
c
o
g
g
40
20
o A
TCGA-CESC TCGA-KIRP TCGA-LUAD TCGA-GBM TCGA-COAD
B Lymphocytes percentage found using Hovernet on synthetic tiles
100 I BulkRNA-Seq
Haematopoietic deconvolved
- RNA-Seq
80
o 60
=)
£
c
o
g
2 a0
20

TCGA-CESC TCGA-KIRP TCGA-LUAD TCGA-GBM TCGA-COAD

Supplementary Figure 4 Cell percentage comparison between using bulk RN A-
Seq and de-convolved expression. Panel A: Percentage of connective tissue cells found
by Hovernet in synthetic tiles generated using bulk RNA-Seq and fibroblast de-convolved
RNA-Seq. A higher percentage of connective tissue cells are found when the fibroblast de-
convolved RNA-Seq across the five cancer types. Panel B: Percentage of lymphocytes cells
found by Hovernet in synthetic tiles generated using bulk RNA-Seq and haematopoietic
de-convolved RNA-Seq. A higher percentage of lymphocytes are found when the haematopoi-
etic de-convolved RNA-Seq in lung cancer and kidney cancer, while a similar amount is
maintained in cervical cancer and colorectal cancer.

[2] Jones PA, Baylin SB. The epigenomics of cancer. Cell. 2007;128(4):683—
692.

[3] Lujambio A, Lowe SW.  The microcosmos of cancer.  Nature.
2012;482(7385):347-355.

[4] Frangioni JV. New technologies for human cancer imaging. Journal of
clinical oncology. 2008;26(24):4012.



617

618

619

620

621

622

623

624

625

626

627

628

629

630

631

632

633

634

635

636

637

RNA-to-image multi-cancer synthesis using cascaded diffusion models 23

Accuracy

100 Accuracy 5-fold CV F1-Score 5-fold CV
100
I ssL
Scratch

90 20
80 80

o

= =+ -

70 ;E @ 70 EE

b
60 60
50 50
40 200 1000 2000 4000 40 200 1000 2000 4000

Number of samples used to train the MSS vs MSI model Nuniber of samples used to train the MSS vs MSI model

Supplementary Figure 5 Microsatellite instability status prediction. Comparison
between a model trained from scratch and a model that have been pretrained using SimCLR
on synthetic tiles, on a different number of real tiles sampled from the training set. Metrics
are computed on a 5-Fold CV, and results correspond to those obtained on the different test

sets.

The model pretrained on the synthetic tiles always outperform the model trained from

scratch, no matter the number of training samples that are used.

[5]

Williams BJ, Bottoms D, Treanor D. Future-proofing pathology: the case
for clinical adoption of digital pathology. Journal of clinical pathology.
2017;70(12):1010-1018.

Heindl A, Nawaz S, Yuan Y. Mapping spatial heterogeneity in the
tumor microenvironment: a new era for digital pathology. Laboratory
investigation. 2015;95(4):377-384.

Cheng J, Mo X, Wang X, Parwani A, Feng Q, Huang K. Identification
of topological features in renal tumor microenvironment associated with
patient survival. Bioinformatics. 2018;34(6):1024-1030.

Coudray N, Ocampo PS, Sakellaropoulos T, Narula N, Snuderl M, Fenyo
D, et al. Classification and mutation prediction from non—small cell
lung cancer histopathology images using deep learning. Nature medicine.
2018;24(10):1559-1567.

Castillo D, Gélvez JM, Herrera LJ, Roméan BS, Rojas F, Rojas I. Inte-
gration of RNA-Seq data with heterogeneous microarray data for breast
cancer profiling. BMC bioinformatics. 2017;18(1):1-15.

YuD, Liu Z, Su C, Han Y, Duan X, Zhang R, et al. Copy number variation
in plasma as a tool for lung cancer prediction using Extreme Gradient
Boosting (XGBoost) classifier. Thoracic cancer. 2020;11(1):95-102.

Maros ME, Capper D, Jones DT, Hovestadt V, von Deimling A, Pfister
SM, et al. Machine learning workflows to estimate class probabilities for



638

639

640

641

642

643

644

645

646

647

648

649

650

651

652

653

654

655

656

657

658

659

660

661

662

663

664

665

666

667

668

669

670

671

672

24

[16]

[17]

[18]

RNA-to-image multi-cancer synthesis using cascaded diffusion models

precision cancer diagnostics on DNA methylation microarray data. Nature
protocols. 2020;15(2):479-512.

Chen RJ, Chen C, Li Y, Chen TY, Trister AD, Krishnan RG, et al. Scaling
Vision Transformers to Gigapixel Images via Hierarchical Self-Supervised
Learning. In: Proceedings of the IEEE/CVF Conference on Computer
Vision and Pattern Recognition; 2022. p. 16144-16155.

Carrillo-Perez F, Morales JC, Castillo-Secilla D, Gevaert O, Rojas I,
Herrera LJ. Machine-Learning-Based Late Fusion on Multi-Omics and
Multi-Scale Data for Non-Small-Cell Lung Cancer Diagnosis. Journal of
Personalized Medicine. 2022;12(4):601.

Lee C, van der Schaar M. A variational information bottleneck approach
to multi-omics data integration. In: International Conference on Artificial
Intelligence and Statistics. PMLR; 2021. p. 1513-1521.

Chen RJ, Lu MY, Wang J, Williamson DF, Rodig SJ, Lindeman NI, et al.
Pathomic fusion: an integrated framework for fusing histopathology and
genomic features for cancer diagnosis and prognosis. IEEE Transactions
on Medical Imaging. 2020;.

Cheerla A, Gevaert O. Deep learning with multimodal representation for
pancancer prognosis prediction. Bioinformatics. 2019;35(14):1446-i454.

Chen RJ, Lu MY, Williamson DF, Chen TY, Lipkova J, Noor Z, et al.
Pan-cancer integrative histology-genomic analysis via multimodal deep
learning. Cancer Cell. 2022;40(8):865-878.

Vanguri RS, Luo J, Aukerman AT, Egger JV, Fong CJ, Horvat N, et al.
Multimodal integration of radiology, pathology and genomics for predic-
tion of response to PD-(L) 1 blockade in patients with non-small cell lung
cancer. Nature cancer. 2022;p. 1-14.

Lipkova J, Chen RJ, Chen B, Lu MY, Barbieri M, Shao D, et al. Artificial
intelligence for multimodal data integration in oncology. Cancer Cell.
2022;40(10):1095-1110.

Weinstein JN, Collisson EA, Mills GB, Shaw KR, Ozenberger BA, Ellrott
K, et al. The cancer genome atlas pan-cancer analysis project. Nature
genetics. 2013;45(10):1113-1120.

Jennings CN, Humphries MP, Wood S, Jadhav M, Chabra R, Brown
C, et al. Bridging the gap with the UK Genomics Pathology Imaging
Collection. Nature Medicine. 2022;p. 1-2.



673

674

675

676

677

678

679

680

681

682

683

684

685

686

687

688

689

690

691

692

693

694

695

696

697

698

699

700

701

702

703

704

705

706

RNA-to-image multi-cancer synthesis using cascaded diffusion models 25

22]

(23]

24]

[31]

32]

Barrett T, Wilhite SE, Ledoux P, Evangelista C, Kim IF, Tomashevsky
M, et al. NCBI GEO: archive for functional genomics data sets—update.
Nucleic acids research. 2012;41(D1):D991-D995.

Quiros AC, Murray-Smith R, Yuan K. PathologyGAN: Learning deep
representations of cancer tissue. arXiv preprint arXiv:190702644. 2019;.

Quiros AC, Murray-Smith R, Yuan K. Learning a low dimensional
manifold of real cancer tissue with PathologyGAN. arXiv preprint
arXiv:200406517. 2020;.

Vinas R, Andrés-Terré H, Lio P, Bryson K. Adversarial generation of
gene expression data. Bioinformatics. 2022;38(3):730-737.

Mitra R, MacLean AL. RVAgene: generative modeling of gene expression
time series data. Bioinformatics. 2021;37(19):3252-3262.

Qiu YL, Zheng H, Gevaert O. Genomic data imputation with variational
auto-encoders. GigaScience. 2020;9(8):giaa082.

Gulrajani I, Ahmed F, Arjovsky M, Dumoulin V, Courville AC. Improved
training of wasserstein gans. Advances in neural information processing
systems. 2017;30.

Metz L, Poole B, Pfau D, Sohl-Dickstein J. Unrolled generative adver-
sarial networks. arXiv preprint arXiv:161102163. 2016;.

Salimans T, Goodfellow I, Zaremba W, Cheung V, Radford A, Chen X.
Improved techniques for training gans. Advances in neural information
processing systems. 2016;29.

Zhao S, Song J, Ermon S. Infovae: Balancing learning and inference
in variational autoencoders. In: Proceedings of the aaai conference on
artificial intelligence. vol. 33; 2019. p. 5885-5892.

Ramesh A, Dhariwal P, Nichol A, Chu C, Chen M. Hierarchical
text-conditional image generation with clip latents. arXiv preprint
arXiv:220406125. 2022;.

Saharia C, Chan W, Saxena S, Li L, Whang J, Denton E, et al. Photoreal-
istic Text-to-Image Diffusion Models with Deep Language Understanding.
arXiv preprint arXiv:220511487. 2022;.

Sohl-Dickstein J, Weiss E, Maheswaranathan N, Ganguli S. Deep unsu-
pervised learning using nonequilibrium thermodynamics. In: International
Conference on Machine Learning. PMLR; 2015. p. 2256-2265.



707

708

709

710

711

712

713

714

715

716

77

718

719

720

721

722

723

724

725

726

727

728

729

730

731

732

733

734

735

736

737

738

739

740

741

742

26

[35]

[36]

37]

[41]

[42]

RNA-to-image multi-cancer synthesis using cascaded diffusion models

Radford A, Kim JW, Hallacy C, Ramesh A, Goh G, Agarwal S, et al.
Learning transferable visual models from natural language supervision.
In: International Conference on Machine Learning. PMLR; 2021. p. 8748—
8763.

Yu KH, Berry GJ, Rubin DL, Re C, Altman RB, Snyder M. Association
of omics features with histopathology patterns in lung adenocarcinoma.
Cell systems. 2017;5(6):620-627.

Fu Y, Jung AW, Torne RV, Gonzalez S, Véhringer H, Shmatko A,
et al. Pan-cancer computational histopathology reveals mutations, tumor
composition and prognosis. Nature cancer. 2020;1(8):800-810.

Schmauch B, Romagnoni A, Pronier E, Saillard C, Maillé P, Calderaro J,
et al. A deep learning model to predict RNA-Seq expression of tumours
from whole slide images. Nature communications. 2020;11(1):3877.

Mclnnes L, Healy J, Melville J. Umap: Uniform manifold approximation
and projection for dimension reduction. arXiv preprint arXiv:180203426.
2018;.

Heusel M, Ramsauer H, Unterthiner T, Nessler B, Hochreiter S. Gans
trained by a two time-scale update rule converge to a local nash
equilibrium. Advances in neural information processing systems. 2017;30.

Birikowski M, Sutherland DJ, Arbel M, Gretton A. Demystifying mmd
gans. arXiv preprint arXiv:180101401. 2018;.

Kim SK, Kim SY, Kim JH, Roh SA, Cho DH, Kim YS, et al. A nine-
teen gene-based risk score classifier predicts prognosis of colorectal cancer
patients. Molecular oncology. 2014;8(8):1653-1666.

Quintanal-Villalonga A, Taniguchi H, Zhan YA, Hasan MM, Chavan SS,
Meng F, et al. Comprehensive molecular characterization of lung tumors
implicates AKT and MYC signaling in adenocarcinoma to squamous cell
transdifferentiation. Journal of Hematology & Oncology. 2021;14(1):1-19.

Graham S, Vu QD, Raza SEA, Azam A, Tsang YW, Kwak JT, et al.
Hover-net: Simultaneous segmentation and classification of nuclei in
multi-tissue histology images. Medical Image Analysis. 2019;58:101563.

Karimi E, Yu MW, Maritan SM, Perus LJ, Rezanejad M, Sorin M, et al.
Single-cell spatial immune landscapes of primary and metastatic brain
tumours. Nature. 2023;614(7948):555-563.

Han S, Ma E, Wang X, Yu C, Dong T, Zhan W, et al. Rescuing defective
tumor-infiltrating T-cell proliferation in glioblastoma patients. Oncology



743

744

745

746

747

748

749

750

751

752

753

755

756

757

758

759

760

761

762

763

765

766

767

768

769

770

771

772

773

774

775

776

T

RNA-to-image multi-cancer synthesis using cascaded diffusion models 27

[47]

(48]

[51]

[52]

[53]

letters. 2016;12(4):2924-2929.

Lehrer M, Powell RT, Barua S, Kim D, Narang S, Rao A. Radiogenomics
and histomics in glioblastoma: the promise of linking image-derived phe-
notype with genomic information. In: Advances in Biology and Treatment
of Glioblastoma. Springer; 2017. p. 143-159.

Yamashita R, Long J, Longacre T, Peng L, Berry G, Martin B, et al. Deep
learning model for the prediction of microsatellite instability in colorectal
cancer: a diagnostic study. The Lancet Oncology. 2021;22(1):132-141.

Marisa L, de Reynies A, Duval A, Selves J, Gaub MP, Vescovo L,
et al. Gene expression classification of colon cancer into molecular sub-
types: characterization, validation, and prognostic value. PLoS medicine.
2013;10(5):e1001453.

Li W, Li J, Polson J, Wang Z, Speier W, Arnold C. High resolution
histopathology image generation and segmentation through adversarial
training. Medical Image Analysis. 2022;75:102251.

Karras T, Aittala M, Aila T, Laine S. Elucidating the Design Space
of Diffusion-Based Generative Models. arXiv preprint arXiv:220600364.
2022;.

Chen RJ, Lu MY, Chen TY, Williamson DF, Mahmood F. Synthetic
data in machine learning for medicine and healthcare. Nature Biomedical
Engineering. 2021;5(6):493-497.

Azizi S, Culp L, Freyberg J, Mustafa B, Baur S, Kornblith S, et al.
Robust and efficient medical imaging with self-supervision. arXiv preprint
arXiv:220509723. 2022;.

Dries R, Chen J, Del Rossi N, Khan MM, Sistig A, Yuan GC. Advances in
spatial transcriptomic data analysis. Genome research. 2021;31(10):1706—
1718.

Zheng H, Brennan K, Hernaez M, Gevaert O. Benchmark of long
non-coding RNA quantification for RNA sequencing of cancer samples.
GigaScience. 2019;8(12):giz145.

Bray NL, Pimentel H, Melsted P, Pachter L. Near-optimal probabilistic
RNA-seq quantification. Nature biotechnology. 2016;34(5):525-527.

LuMY, Chen TY, Williamson DF, Zhao M, Shady M, Lipkova J, et al. Al-
based pathology predicts origins for cancers of unknown primary. Nature.
2021;594(7861):106—-110.



778

779

780

781

782

783

784

785

786

787

788

789

790

791

792

793

794

795

796

797

798

799

800

801

802

803

804

805

806

807

808

809

810

28

[58]

RNA-to-image multi-cancer synthesis using cascaded diffusion models

Lu MY, Williamson DF, Chen TY, Chen RJ, Barbieri M, Mahmood F.
Data-efficient and weakly supervised computational pathology on whole-
slide images. Nature biomedical engineering. 2021;5(6):555-570.

Otsu N. A threshold selection method from gray-level histograms. IEEE
transactions on systems, man, and cybernetics. 1979;9(1):62-66.

Goode A, Gilbert B, Harkes J, Jukic D, Satyanarayanan M. OpenSlide:
A vendor-neutral software foundation for digital pathology. Journal of
pathology informatics. 2013;4.

Kather JN, Pearson AT, Halama N, Jager D, Krause J, Loosen SH, et al.
Deep learning can predict microsatellite instability directly from histology
in gastrointestinal cancer. Nature medicine. 2019;25(7):1054-1056.

Higgins I, Matthey L, Pal A, Burgess CP, Glorot X, Botvinick MM,
et al. beta-VAE: Learning Basic Visual Concepts with a Constrained
Variational Framework. In: ICLR; 2017. .

Hyvérinen A, Dayan P. Estimation of non-normalized statistical models
by score matching. Journal of Machine Learning Research. 2005;6(4).

Vincent P. A connection between score matching and denoising autoen-
coders. Neural computation. 2011;23(7):1661-1674.

Ho J, Jain A, Abbeel P. Denoising diffusion probabilistic models.
Advances in Neural Information Processing Systems. 2020;33:6840—6851.

Ho J, Saharia C, Chan W, Fleet DJ, Norouzi M, Salimans T. Cascaded
Diffusion Models for High Fidelity Image Generation. J Mach Learn Res.
2022;23:47-1.

Ronneberger O, Fischer P, Brox T. U-net: Convolutional networks for
biomedical image segmentation. In: International Conference on Medical
image computing and computer-assisted intervention. Springer; 2015. p.
234-241.

Newman AM, Liu CL, Green MR, Gentles AJ, Feng W, Xu Y, et al.
Robust enumeration of cell subsets from tissue expression profiles. Nature
methods. 2015;12(5):453-457.

Newman AM, Steen CB, Liu CL, Gentles AJ, Chaudhuri AA, Scherer F,
et al. Determining cell type abundance and expression from bulk tissues
with digital cytometry. Nature biotechnology. 2019;37(7):773-782.



	Supplementary information
	Acknowledgments

