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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” phenomenon 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 article 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 “curse of dimensionality”.
Firstly, in order to address the issue of the small sample size in gene expression data,a data augmentation method is pro-
posed, which combines a conditional variational autoencoder with a gradient penalty-based conditional Wasserstein genera-
tive adversarial network. A comparison with existing methods demonstrates the superiority of this approach in terms of clas-
sification performance and stability. Secondly, to address the high dimensionality in gene expression data and verify the ef-
fectiveness of the generated data, this article employs a gene selection method based on a denoising autoencoder and SVM-
RFE. The results reveal that the use of the augmented dataset for gene selection has resulted in an improvement in the accu-
racy of selected genes across five distinct classification tasks. Therefore, these results demonstrate the effectiveness of the
proposed method in addressing the “curse of dimensionality” and achieving significant improvements in gene selection.
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Fig. 1 Overall design of CVAE-CWGNA-DAE model
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Tab.1 Data sources and pre-processing

BRI RAR JEEAK ;’;E g
Dataset 9 1621 19924 15 642
LIHC 2 424 19924 16 482
PRAD 2 554 19924 17 003
THCA 2 572 19924 16 714

22 HIEEEMNSHEILE

CVAE S35 8 g2 H[1024, 512, 512,
512, 256], -2 K256, 512, 512, 512, 1024], #47%
PRECH LeakyReLU, 2% dropout & 0.3, XA
Epochs A 10000, 24 2J % Ir 2 1 x 107, {1k 2%
optimizer & Adam, LeakyReLU W &y 0.3, fitimFE
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Tab. 2 Datasets details

FERE 2K FEAR BB IEREAR FEAR
ACC (B LI 5z i) 79 0 79
DLBC (9Ri 7 B 2 itk E298) 48 0 48
LAML (Gt 20 ke (A 1l9s) 151 0 151
LGG (IR i iz J59g ) 534 0 534
OV (B SR IR i M M) 429 0 429
TGCT (AU 156 0 156
UCS (F& ) 57 0 57
UVM (i % i 8 £, 3598 80 0 80
MESO (1] 7 98) 87 0 87
LIHC (FF2 a9 424 50 374
PRAD (Hi41 i) 554 52 502
THCA (H R ) 572 59 513

CWGAN-GP S8 i% & « H 4% A [1024, 512,
512,512, 256], BiGsRECH ReLU, 222% Ir 2 1 x
107, t4k 2% optimizer & RMSprop, #tHFEZA batch
size A 32, ZIHAETIIN R AL A N 10, FIBIZII LRk sl
critic & 2,

2.3 HEIEENERS T

kTR A SRR B £ o, S SR P AR R
SMOTE"" | Gene-CWGAN 5 A S A6 1 3447 Ho
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Tab.3 Comparison of accuracy among different data augmentation algorithms

Sk ey — L — — RN —
GRS EIEES Fy TR % Fhif EIEES F TR %
ivicy: &l 0.91 0.94 0.93 97.41%1.73 0.79 0.96 0.84 96.23 +2.28
LIHC SMOTE 0.98 0.98 0.98 98.26 + 1.24 0.89 0.88 0.87 91.71 + 1.71
Gene-CWGAN 0.98 0.98 0.98 98.65 = 0.34 0.91 0.92 0.91 92.65 + 0.83
AT 0.99 0.99 0.99 99.45 + 0.33 0.98 0.98 0.98 98.62 + 0.47
vy &l 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 0.95 97.31%0.92 0.91 0.91 0.90 90.64 +2.07
Gene-CWGAN 0.96 0.96 0.96 97.34+0.71 0.96 0.97 0.97 96.94 = 1.00
ARSI 0.98 0.98 0.98 98.63 = 0.65 0.98 0.98 0.98 98.87 + 0.64
SRR 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
AR SO 0.99 0.99 0.99 98.94 + 0.22 0.99 0.99 0.99 98.88 + 0.48
SR 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 AL 0.99 0.99 0.99 99.48 + 0.09 1.00 1.00 1.00 99.84 +0.10
HH2 3 A4, A= iR F1 SMOTE #eefgfin N 7).
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UL 4. 1€ Dataset FHEAE I, A SCRIRY 1A 3234
i, 5 CVAE-CGAN A EL, MLP il KNN FifhE:
P I AEMER R A FIRTE T 4.16% F1 5.71% . 1E
LIHC I, CVAE AR CHEIRIAE MLP Bk B
0.14% , {H R 7E HAWAR Y b AR SCREHRY ) v 23545 T

24 EREEEMSHEZESERSN

DAE ¥ 'E : %)= (256, 32], fA% )= R
[32, 256], 6 B AN ReLU, 10K %L Epochs
5000, 2<% Ir iy 0.01, tiAL#% optimizer S Adam,
HLEFEAS batch size H 128,

K CVAE-CWGAN-GP %4 3: A4 ik R 36 1A Kk
P, I3 L BT A 3, DR BSOS ) B2 51
HREALERE 100 A, BTG IR BT A EdE T,
N T BB SE Dataset] 1EMIIZREHESE , BdEsE
SR 5. AT RIE A A A SE R e B A S R L
BN 2 pros, AT LLE IR G EEEE Dataset FITRA
Z A W EELE Dataset] #RIUS T RGP I3 2850028
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Tab.4 Comparison of accuracy among different data
augmentation algorithms
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Fig. 2 Comparison of gene selection classification accu-
racy for the entire cancer gene set collection

PG S TR MLP ¥i2/%  KNN #Ei2/% N X o
CVAE 99.59 = 8.63 97.94+3.18 (RF) J B uE AR 7Y () - 2R B30, Fam 2 147 28 )R IR
LIHC C\(/i\VEAS\;gigNGP 8967'09‘0*+258'7663 gg;g : ?33 PR 23S 0 AT SEVE o RO B 0 I A 3 DR e 2
NG ! 99.45 0.1 98.62 + 0.47 TERRR LA EE IR LR 6.,
CVAE 97.50 £5.20 96.45 £ 5.37 . . . . »
CVAE-CGAN 9749+ 1.75 97.36 = 1.09 * 6 BIEERAIEMEREES XEMEILER
PRAD CVAE-WGAN-GP 97.81 +4.36 98.59+2.16 Tab. 6 Comparison of gene selection classification accu-
A SCAEAY 99.07 + 0.47 98.87 + 0.64 racy before and after data augmentation
CVAE 99.11 + 1.40 98.25 +2.33 S Dataset ffEHEE/% Dataset] HEAfI2%/%
THCA CVAE-CGAN 97.27 £ 1.55 96.44 £ 0.99 KNN 98.83 + 0.93 99.44 + 0.40
CVAE-WC;;:;IJI-GP 97.79 £5.74 98.52 +1.92 DT 94.69 + 221 97.54 + 0.83
AR SRR 99.50 £ 0.21 98.88 £ 0.48 LR 9938 + 0.55 9976 + 0.26
CVARCGAN 9560288 04132000 SVM 99752041 99762026
- . + o. . + 9.
Dataset RF 99.57 £ 0.48 99.60 £ 0.31
CVAE-WGAN-GP 99.07 £2.70 99.78 + 0.50
A SCAEAY 99.88 + 0.12 99.84 +0.10 . ‘ )
=5 BEEAT e 6 T, 76 KNN 2o 5 ERf R 1)1
0 et A1 A o/ .
Tab. 5 Distribution of datasets 1ﬁj:ﬂ_ 0.61 0  hRifEZE Eﬁi’jﬁ—l\_%_053 0376 DT L
e A KWL A JEIH R BRI RS MET 2 E T 2.85% , ARUE2Z I IME TR
Dataset 9 1621 15 642 1.38% ; 7€ LR [ Audasinm f5 v R Tt 0.38% , brifE
Datasetl 9 2521 15 642 %E@i@{ﬁ?l}% 0.29% . E?XQY:E SVM ﬂiﬂ RF J:;E&%Ei

S8 JE MR SR I M T AR B, (R AR 22 1 38
533 TR 0.15% F10.17% o
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