
Cancer is one of the most 

common causes of death 

worldwide, and its complexity 

makes it especially challenging 

to study. Despite ongoing 

progress in cancer research, a 

significant challenge is the 

scarcity of detailed data on 
disease subgroups and stages. 

To overcome this problem, 

Generative AI techniques and, 

specifically, the Variational 

Autoencoder (VAE), have 

been widely used to handle 

high-dimensional data. We 

propose a robust Synthetic 

Data Generation (SDG) pipeline 

based on the VAE using cancer 

transcriptomics data. Here, two 

main scenarios are presented, 

where we use our SDG pipeline 

to study different cancer types, 

addressing data scarcity 

limitations effectively.

A Systematic Literature Review 

(SLR) we performed on the use 

of the VAE in biomedicine 

revealed the most common 

uses make use of the latent 

space (pink box on the left), 

while its generative abilities 

(blue box on the right) remain 

underexplored. 
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Conclusions

Cancer is a dynamic disease, 

going through several stages. 

We classified real patients 

into early and late stages, 

with performances nearing 

80% (Fig. 5).

We generated synthetic data 

to create trajectories of inter-

mediate points between the 

early and late stages. Fig. 6 

shows an example of 5 genes 

following these trajectories.
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The real-data classifier ap-

plied to the synthetic trajec-

tories reflects the trend of 

transitioning from an early to 

a late stage (Fig. 7).

Medulloblastoma is a rare 

childhood tumor of the cere-

bellum, with 4 recognized sub-

groups [2]. Research suggests 

the existence of a 5th group 

[3,4] (G3-G4) with characteris-

tics overlapping those of 

Group 3 and 4 (Fig. 2).

However, the number of avail-

able samples of G3-G4 is 

limited.

We identified the G3-G4 subgroup 

with a knn-graph with bootstrap-

ping (Fig. 3a) and balanced the 

number of patients with the VAE 

(Fig. 3b).

To assess fair outcomes across the 

targeted groups (3,4 and G3-G4) 

we evaluated four different class-

ifiers: 2RD, 3RD, 2SD, 3SD. These 

consider either the two original 

groups (2) or also G3-G4 (3), both 

on real (R) and synthetic (S) data. 

A fair classifier should achieve 

comparable detection and error 

rates across the groups. 3SD is the 

only model with equal perfor-

mance across all groups (Fig. 4).

1. The VAE’s generative abilities have remained underexplored in 

biomedicine.

2. The VAE can generate relevant synthetic data in the highly 

specific scenarios of Medulloblastoma and Kidney Cancer.

3. Medulloblastoma’s subgroup division is fairest when 

considering an augmented intermediate subgroup, G3-G4.

4. Intermediate cancer stage timepoints show mixed properties 

between early and late stages
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Figure 1. Summary of the most common uses of the VAE with omics data.

Figure 2. Subgroups of 

Medulloblastoma.

Figure 3. VAE latent space of 

Medulloblastoma subgroups, with 

the identified G3-G4 showing a) 

real data and b) synthetic data
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Figure 4. Classification performances (Left) and Fairness comparison (Right).

Figure 5. Classification of early and late 

stages in Kidney Cancer.

Figure 6. Synthetic trajectory between 

early- and late- stages patients.

Figure 7. Probability of classification as early/late of the synthetic trajectory points.
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