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Key Gene Screening Based on Generative Models and Gene Expression Data
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Abstract: Gene expression data can elucidate the pathological mechanisms of diseases under specific conditions and times.
However, the "curse of dimensionality,” which is characterised by small samples and high dimensions, constrains the
performance of traditional machine learning classification methods. This results in low prediction accuracy, an inability to
recognise small samples, and poor stability. This paper introduces a novel method, namely CVAE-CWGNA-DAE, which
integrates data augmentation and gene selection in order to address the issues that arise from the so-called "curse of
dimensionality". Firstly, in order to address the issue of the limited sample size in gene expression data, a data augmentation
method is proposed which combines a conditional variational autoencoder with a gradient penalty-based conditional
Wasserstein generative adversarial network. A comparison with existing methods demonstrates the superiority of this
approach in terms of classification performance and stability. Secondly, to address the high dimensionality in gene
expression data and verify the effectiveness of the generated data, this paper employs a gene selection method based on a
denoising autoencoder and SVM-RFE. The findings reveal that the use of the augmented dataset for gene selection has
resulted in an improvement in the accuracy of selected genes across five distinct classification tasks. These results
demonstrate the effectiveness of the proposed method in mitigating the “curse of dimensionality" and achieving significant
improvements in gene selection.

Key words: gene expression; curse of dimensionality; data augmentation; gene selection; autoencoder; generative
adversarial network
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Fig. 1 Overall designs of the CVAE-CWGNA-DAE model
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Tab. 1 Data sources and preprocessing

MR M ReAR Empm R
PR 2
Dataset 9 1621 19924 15642
LIHC 2 424 19924 16482
PRAD 2 554 19924 17003
THCA 2 572 19924 16714

=2 BEEMEAER
Tab. 2 Datasets details table

JERESY R FEARRSE IERAR SUREAR
ACC (F LRRE TR 79 0 79
DLBC (5rigfk B 41 itk 28D 48 0 48
LAML 2k B R B ) 151 0 151
LGG R i s S5 980 > 534 0 534
OV (P LA tEFE M) 429 0 429
TGCT (A 156 0 156
ucs (rFEnED 57 0 57
UVM (%] 5 B (208D 30 0 30
MESO ([f] 38D 87 0 87
LIHC (HFemihtis) 04 50 374
PRAD CHif 51l ) 554 5 502
THCA (R 579 59 513

2.2 HIEIEEMNSHIRE

CVAE Z¥(iXE: id/Z4[1024, 512, 512, 512,
256], fRILE [256, 512, 512, 512, 1024], 0% %k
N LeakyReLU, ZEZ# dropout A 0.3, iEARKEL
Epochs & 10000, %] % Ir A 1X10% 41k
optimizer Ay Adam, LeakyReLU ] o &y 0.3, fit=FE
7K batch size N 32.

CWGAN-GP Z#( ik & . # 7l &5 [1024, 512,
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512, 512, 256], WIEEKECN ReLU, 315 Ir 4 le-
5, ittt optimizer ¥ RMSprop, #HLEFEA batch size
932, ZRIETIUREL 4 N 10, FIEE ISR
critic A 2.
2.3 HIEIEBINER S

T BRSSO R A A AR, AR SRR
F#E7 SMOTER, Gene-CWGAN28LL A s i 7

I, FEHAMER K T4 (KNN) Flye S5
(DT) WiFhor R FVEIGUEAR R, @ i T4 28 XA IE
"E BT EM. DIHERR (accuracy, “FIIMHE
+ARUEZE) | KB (precision) . HEIZE (recall)
A FLERFEAR D R E AR B 48R, AN [F 20
398 5 RV VR R e L e 4 SR LR 3

*® 3 TEHEERE AN ERMEER

Tab. 3 Comparison of accuracy among different data augmentation algorithms

DT KNN
i oE LAY ‘ -
FiE  HE% F. WEY%  RFihE HREE F. 1%
JR A Y 0.91 0.94 093  97.41x1.73 0.79 0.96 0.84  96.23+2.28
LiHe SMOTE 0.98 0.98 098  98.26+1.24 0.89 0.88 0.87  91.71%1.71
Gene CWGAN 0.98 0.98 098  98.65+0.34 0.91 0.92 091  92.65+0.83
AU 0.99 0.99 0.99  99.45+0.33 0.98 0.98 098  98.62+0.47
JE IR 0.65 0.61 0.62  92.42+1.34 0.97 0.71 0.78  95.31%0.38
PRAD SMOTE 0.95 0.95 095  97.31£0.92 0.91 0.91 0.90  90.64+2.07
Gene CWGAN 0.96 0.96 096  97.34+0.71 0.96 0.97 0.97  96.94+1.00
AR SRR 0.98 0.98 0.98  98.63+0.65 0.98 0.98 0.98  98.87+0.64
JR AT 0.89 0.89 0.89  95.62+1.84 0.85 0.94 0.89  95.98+1.19
THCA SMOTE 0.99 0.99 0.99  97.47+0.84 0.95 0.95 0.95  94.83+1.09
Gene CWGAN 0.98 0.98 0.98  98.41+0.45 0.99 0.99 0.99  99.27+0.17
et 0.99 0.99 0.99  98.94+0.22 0.99 0.99 0.99  98.88+0.48
JEUR AR 0.95 0.94 0.94  98.27+0.54 0.98 0.94 0.95  98.27+0.54
Dataset SMOTE 0.99 0.99 0.99  99.29+0.10 1.00 1.00 1.00  99.75+0.12
Gene CWGAN 1.00 1.00 1.00  99.28+0.19 1.00 1.00 1.00  99.76£0.09
AR 0.99 0.99 0.99  99.48+0.09 1.00 1.00 1.00  99.84+0.10
B 3 AL, AR SMOTE #RREWS fif ik B A MLP AEB%/%  KNN HERI%/%
INREAS ] R, R A M . AR SO AL A CVAE_CGAN 86.01+28.63 96.70+0.55
DT /32K b, SEEEMAMLE, X, BRZM CVAE WGAN_GP 97.90+5.76 98.97+1.70
FudRbRI A FRTE, 7ER M b A IR RO 25 F 1B VA0 962047
E [a$$%-%ﬁ:1;’ %ﬂ% CVAE. CVAE_CGAN\ CVAE 97.50+5.20 96.45+5.37
CVAEWGAN.GP (i LU i | SIS T e
i%ﬁﬁ%ﬁé% DA R AR ST R e AT LE X, 73 RS I 99i07i0:47 98i87i0:64
RMZ RREFIHL (MLP) T KNN . AN R HC0E 1 5 CVAE 99.11x1.40 98.25+2.33
FRRHER 1 LA R AR 4. {E Dataset Hi#fifE, CVAE_CGAN 97.27+1.55 96.44-0.99
A SRR HERR R 5 A s, B CVAE_CGAN 4y THEA VAR WGAN GP  97.79+5.74 98.52+1.92
MAEHER Z R IE L3R T 4.16%A1 5.71%. f& AR SR 99.50£0.21 98.88+0.48
LIHC F, CVAE WA XHERFE MLP 202 5 CVAE 99.46+1.55 99.74+0.56
0.14%), {H7E o Ath (RS 70 b A e 70 () Y A SR 2 5 Dataset CVAE_CGAN 95.62+8.82 94.13+9.09
BT} CVAE_WGAN_GP 99.07+2.70 99.78+0.50
% 4 REAIRRIR B A R L AR 99.88+0.12 99.84-+0.10

Tab. 4 Comparison of accuracy among different data

augmentation algorithms

EAEITE S [ MLP #EREH/%  KNN HERH/%

LIHC CVAE 99.59+8.63 97.94+3.18

24 BEREFNSHIRESERSH

DAE 2%k & : 9t )= N[256,32], fhd)=HN
[32,256], WSk H A ReLU, iE4CIK%L Epochs N
5000, %> Ir 4 0.01, {4k optimizer & Adam,
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HEE=HFEA batch size 75 128,

K CVAE-CWGAN-GP 34 i 3 Rl ik
e, e AL IE R 5, AR R B e
A KB PRENLE R 100 MEA, KA CH
B, TERCT B EdE4E Datasetl /£ AIlZREL
e, BURES A WNE 5. B 2 R RGHEE
Dataset FliE & i&?ﬁﬁ% Datasetl fx £ £53 FI| 1) e A5 1%k
FPH ) T-SNE B, v LUE R 4544 Dataset 1

(a) Dataset FYEEELF 5 JEEMHE

AR#MELEE R

&2 JEBIESE Datasetl #REUIE TR LFHI 43 285K
S'Eo
x5 BEESH
Tab. 5 Distribution of datasets

AR E AR Kl KRR R H
Dataset 9 1621 15642
Datasetl 9 2521 15642

(b) Datasetl FIEFEIXIFE D HKEMRER

E: RN ACC, 4HER/R LAML, KEERR MESO, fEEFRR TGCT, HFiFEaE/R UCS, FHERR UVM, BEFRR DLBC, 4% /R LGG,

B A GIR OV

2 FiBEEASRMEEIRFES ERRLER

Fig. 2 Comparison of gene selection classification accuracy for the entire cancer gene set collection

i o A 4 R AT S B BRI AT B R R, B
e A FE TR 5 A AN 73 25895 . KNNL DT,
WHRET (LR  SCRFAENL (SVM) FIEEHLARM
(RF) MEMSGAER R ) 7p R, JREE 45 X
BAUESR w7 R AT SRR o BAHE 1 9 T P B DR e 3
ESTES g P IR

R 6 BRI AT E R B IR F S IERELLR

Tab. 6 Comparison of gene selection classification accuracy

before and after data augmentation

Hik Dataset #E#i%/% Datasetl 1% /%
KNN 98.83+0.93 99.44+0.40

DT 94.69+£2.21 97.54+0.83

LR 99.38+0.55 99.76+0.26
SVM 99.75+0.41 99.76+0.26

RF 99.57+0.48 99.60+0.31

7 6 AT, 7E KNN b2l 6 s dEm 2 1
WA ETHT 0.61%, FrAEZEMIEME T T 0.53%;
FEAE DT sl o 5 e 0 BJt 7 2.85%, 45
MEENAME TR T 1.38%; £ LR L#dEHgo6)n #E
EMIE LA T 038%, frdZMIE T T
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