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Abstract

Gene expression data can be utilized in various studies, including the prediction of disease prognosis. However, there are
challenges associated with collecting enough data due to cost constraints. In this paper, we propose a gene expression data
generation model based on Conditional Variational Autoencoder. Our results demonstrate that the proposed model generates
synthetic data with superior quality compared to two other state-of-the-art models for gene expression data generation, namely the
Wasserstein Generative Adversarial Network with Gradient Penalty based model and the structured data generation models CTGAN
and TVAE.
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1. Adversarial generation of gene expression
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Ramon Vifias 5+ Generative Adversarial Network
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2. Conditional Tabular GAN (CTGAN)
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Fig. 1. Architecture of CTGAN model
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3. Tabular VAE (TVAE)
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1. The Cancer Genome Atlas (TCGA)

u]=F =+ X 79 (National Institutes of Health, NIH)®]
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2. The Genotype-Tissue Expression (GTEX)
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1. Variational Autoencoder (VAE)
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E= 7193, pot g &F BX, Dy 29-golEy
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2. Conditional VAE Model
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Encoder
tissue type &

= HolHE 44T

R

Conditional VAE®)

L=E ;) [logpe(xLz,c) ] *Dkl(q@(zh,c) I pe(z|c))
(2)

dol ol sahe
SJof) v
B RolAE

conditional vector ¢7} F7Hel A ©]
2> VAEY] &4 ghot sdatth
15708 =24 33 &, B2 of ol tigt
e 2722 zH= Conditional VAES] 7]8bek -4 2} dt
& dole] A4 RS THESITE 9 28 & =olA] v
+ Conditional VAE 9 ¢] #3225 yepd Ido

Encoder= 47 2l tlolBE 24 #3 24 o, A%
o] Fofl 3t Ao} A A 3-7Hlatent space)’d2] FA
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Fia. 2. Architecture of our Conditional VAE model
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Table 1. Hyperparameters of our model

Model Hyperparameter Value
epochs 1400
batch_size 50
. optimizer Adam
00'{7:;;’”5" learning_rate 16-4(0.0001)
compress_dims [1000,512,256]
decompress_dims [256,512,1000]
latent_vector_dims 50

dims= 2+ [1000,512,256], [256,512,1000]12.2 473}
o A&7kl embeddingdh= =71<1 latent_vector_dims
= 5002 AAarh

sto|H gtetuH &=
dimsE= XA YAl tis] learning rate= 0.001,
0.005, 0.0001, 0.00001 °. 2, hidden layer *+= 2, 3, 47l 2
o] 45313 train dataS train/ validation &2 U
o] validation data®] loss7} 7F4 ZH& Rdl S A= 17}
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° 2 HA9 3L UHE hyperparameter= 3 =0l Al A
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732 Intel i9-10980XE CPU / 256GB RAM / Nvidia
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Az E gyt AR HlolE ¢ A5 W7t
Q& #] ol AF#A 4(Pearson’s correlation coefficient) S
71HkO. 2 F}= gamma scoreZ 3 FAFE Al (simil-
arity coefficient)E A}&-3F ") Gamma score®] 472]-&

R

A) )( B, ;—u(B)

)

i=1j= 1+1

o= \/ e S X (6o

2304 A, BE B 47 Afel o] 8 7 2](Pairwise
distance)E AAFSF nznth® FHolw At B= 712 A
T2 2 dolE o v d FAA E HolHE
o7 gtk A 4+ 2 3904 u(G), (@)l B3 F2]olth
2] 35 =3 A9 B AH4tzHal E(Upper triangular matrix)
of gk Foi& AAAFE ALtete] FA FAA 2 b
olg7} ] FAA L HolH o drpt FAFEEA] A
AR A 0014 1 Alol¢] Fho® B3 HT

=4, Zt7te] Rl o] AR §A7 A3 F2 5
e %L, ks 043?‘-4 TR e Aol & & Pt

| A 9 a2
EE Xﬂtﬁi Fsta A=A A zstete] Felstdth
£ 913 A =F4(dimensionality reduction) €3 2%
3119l UMAPPIS: AlLg-sle] aabgle] f2x e Eﬂ
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F 2. 2t 29| gamma score A4t ZAx}
Table 2. Gamma score calculation results for each model

Model Gamma score
Conditional VAE 0.984
WGAN-GP 0.978
CTGAN 0.592
TVAE 0.887

29] #F& A= 7P =2 gamma scoreE 9] H] S

Z3} Conditional VAEZ|%F 2dlo] 09842 71 =&

(A}

Al

[e]
£ B9 CTGAN, TVAES= 2 2Jol& Ho] EA
|%E BekS o) 2 =F9] Conditional VAEZ|¥F &2}
w3 A Rdlo] Yz HlojE e EAS # wkds 34
5]

=] [ele] 2~
E AseS & 5 Atk

2. UMAP

% 3, 4, 5, 62 ZEHITHE Conditional VAE, WGAN- GP,

e lung colon e salivary | o
thyroid ® breast ® uterus |

@ esophagus_mus kidney e stomach
liver e cervix esophagus_muc

@ esophagus_gas bladder @ prostate

normal J ® gen real |

12l 3. Landmark gene RNA-seqdf| CHSt Conditional VAES| §Hd XA} W& HO|E{2] UMAP T2
Fig. 3. UMAP representation of synthetic gene expression data trained landmark gene RNA-seq with Conditional VAE

normal ® gen real |

® lung colon @ salivary | ®
thyroid @ breast @ uterus |

® esophagus_mus . kidney @ stomach
liver @ cervix esophagus_muc

® esophagus_gas bladder @ prostate

T2 4. Landmark gene RNA-seqOi| LHSH WGAN-GP7 (4t 2Hlo| A {FAH L5 H0[E{2] UMAP T8
Fia. 4. UMAP representation of synthetic gene expression data trained landmark gene RNA-seq with WGAN-GP
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cancer normal

® gen real |

® lung colon ® salivary | @
thyroid ® breast @ uterus |

@ esophagus_mus kidney @ stomach
liver e cervix esophagus_muc

@ esophagus_gas bladder ® prostate

T2l 5. Landmark gene RNA-seq0i| CHEH CTGANS| &1 /&AL b5 H|O[E{S] UMAP 1!
Fig. 5. UMAP representation of synthetic gene expression data trained landmark gene RNA-seq with CTGAN

cancer normal J

® gen real |

@ lung colon @ salivary [ ]
thyroid ® breast @ uterus |

® esophagus_mus kidney # stomach
liver ® cervix esophagus_muc

® esophagus_gas bladder ® prostate

12l 6. Landmark gene RNA-seqOf| CHSH TVAES| & FHX

b 25 H0[E{e] UMAP 12

Fig. 6. UMAP representation of synthetic gene expression data trained landmark gene RNA-seq with TVAE

CTGAN, TVAEZ} A28 34 f-214 2d dlo|H & 8~
E oA 34 UMAPCE A ztstat 1ol 94
T2 dloE7 Al HolE 9 5AE EHste & vE
oI THA 37H4] 54 wHSsl o dt) AN, ZA-E §
Az HE 7 Hfelo] zfo] 7k ol 1] wiel] UMAP 1¢
el A ZAERE FE2EIE A gtk B4, 22 24
oA AdAET PZe) AT Y T8 xjo| 7} wol
W] wiizell A Ea &7k FY e Ak &
o} wpA e 2 31 HlolE| 9t H|AE HolE] Zhell&
o] o 9]ok 517] wfToll FE2E7F A7)1A] eFotof gt

% 345,62 2479 545 gl Q& A uE 1
Rom AR & L& HEA, AN AFE Z T
A, Bl 2E/RH diolEzke] Fite] o #H 2 E U
Epdi ),

A z+8}et A3} Conditional VAEZ]¥F 2.2 3 WGAN-GP
714k 2do] CTGAN, TVAER T 228, o A of i3
E Z2HE o & Adstd AEdHoE o gl &
2] "HolEE A= A& Eelstdith CTGAN, TVAE=
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A 3
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JohHoE Wolgon) & Y VB FRIE A5
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