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Abstract: Aiming at a series of problems such as complex data structure, difficult prediction, data
imbalance, and patient privacy protection in cancer diseases, a feature representation algorithm ImFeatures
was proposed to solve the problem of imbalanced cancer data and enrich the sample structure. By combining
two types of cancer transcriptome and methylation data as real samples, negative samples obtained after
feature selection by logistic regression and random forest were randomly divided and combined with equal
numbers of positive samples. The feature representation model proposed was used to generate sample
representations that learn key feature information, thereby improving the predictive ability of the model.
The experimental results show that on 11 common cancer datasets after feature characterization, the
accuracy (Acc) of the algorithm combining feature selection and feature representation proposed in this
paper exceeds 80.00% in all cases, and five cancer types even receive accuracies over 95.00% , which can

effectively improve the prediction accuracies of cancer diseases.
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Fig.1 ImFeatures algorithm procedure
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Fig.2 Feature representation module network structure
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Table 1 Feature representation model

hyperparameter settings

S8 BUA
i 2 3
i BTG 745 ) 48 19 /A 512, 256, 128
i fih 1 5 )2 PTG PR AL ReLu, ReLu, ReLu
AR R R 4
A L P 4 B/ A 128, 256, 512, 1024
A RS TS PR ReLu, Rel.u, ReLu, Tanh
SRR 4
LSl Fr T o RS 512, 256, 128, 1

Leaky Rel.u, Leaky ReLu,

X )5 G PR

Leaky RelLu, Sigmoid
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Table 2 Aataset information

. AL Feordl MR IERE TR RPAER
FAILEC HRE%C B A% A% Le(N/P)
ACC 394014 60483 76 8§ 68 8.50
BLCA 382024 60483 444 166 278 1.67
BRCA 363736 60483 1112 298 814 2.73
CHOL 378735 60483 53 8 45 5.63
COAD 374805 60483 459 165 294 1.78
KICH 391298 60483 58 8 50 6.25

KIRC 382720 60483 274 17 257 15.12

KIRP 383105 60483 123 47 76 1.62

LUAD 369182 60483 352 7 345 4.24

LUSC 370619 60483 639 122 517 5.37

MESO 381223 60483 465 73 392 1.13
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Table 3 Model prediction results before and after feature representation
B : FEAE AL AT : ImFeatures
KNN SVM LR NB KNN SVM LR NB
ACC 0.816 7 0.683 3 0.816 7 0.633 3 0.883 3 0.883 3 0.950 0 0.933 3
BLCA 0.705 1 0.704 9 0.680 5 0.714 1 0.852 6 0.774 3 0.773 8 0.717 2
BRCA 0.632 9 0.718 0 0.590 4 0.620 5 0.819 1 0.739 3 0.709 1 0.636 6
CHOL 0.616 7 0.666 7 0.800 0 0.933 3 1.000 0 0.933 3 1.000 0 1.000 0
COAD 0.632 9 0.718 0 0.590 4 0.620 5 0.819 1 0.739 3 0.709 1 0.636 6
KICH 1.000 0 1.000 0 1.000 0 0.933 3 1.000 0 1.000 0 1.000 0 1.000 0
KIRC 0.820 0 0.820 0 0.746 7 0.860 0 0.926 7 0.926 7 0.966 7 0.933 3
KIRP 0.8719 0.787 7 0.882 5 0.787 7 0.977 8 0.893 0 0.9357 0.829 8
LUAD 0.708 8 0.709 4 0.680 6 0.774 7 0.869 0 0.799 3 0.803 4 0.778 8
LUSC 0.664 8 0.664 8 0.603 2 0.746 4 0.828 5 0.842 3 0.856 3 0.808 3
MESO 0.750 0 0.722 5 0.763 3 0.854 2 0.8158 0.802 5 0.8158 0.8550
o FEAE R AE FT ImFeatures
KNN SVM LR NB KNN SVM LR NB
ACC 0.850 0 0.750 0 0.850 0 0.650 0 0.900 0 0.900 0 0.950 0 0.900 0
BLCA 0.7051 0.704 6 0.680 7 0.714 3 0.852 4 0.774 1 0.773 7 0.717 3
BRCA 0.633 1 0.718 2 0.590 4 0.620 7 0.819 2 0.739 5 0.709 3 0.636 7
CHOL 0.600 0 0.650 0 0.850 0 0.900 0 1.000 0 0.900 0 1.000 0 1.000 0
COAD 0.633 1 0.718 2 0.590 4 0.620 7 0.819 2 0.739 5 0.709 3 0.636 7
KICH 1.000 0 1.000 0 1.000 0 0.950 0 1.000 0 1.000 0 1.000 0 1.000 0
KIRC 0.816 7 0.816 7 0.750 0 0.866 7 0.933 3 0.916 7 0.966 7 0.933 3
KIRP 0.868 9 0.782 2 0.878 9 0.785 6 0.977 8 0.8911 0.9356 0.827 8
LUAD 0.708 7 0.7107 0.682 2 0.776 2 0.870 0 0.800 7 0.804 3 0.780 3
LUSC 0.667 1 0.6657 0.603 8 0.748 6 0.828 1 0.843 8 0.856 2 0.8100
MESO 0.755 4 0.728 6 0.764 3 0.858 9 0.819 6 0.807 1 0.816 1 0.857 1
x4 BAFEZHFHETNER
Table 4 Prediction results of single—omics and multi-omics data
EIE N S U E 5 ES FEJEES HEH AR ROC M T
BRCA-Transcriptomics 0.604 0 0.406 3 0.802 2 0.667 1 0.406 3 0.2251 0.604 2
BRCA-Methylation 0.596 6 0.489 3 0.704 1 0.623 5 0.489 3 0.198 1 0.596 7
BRCA-Multi-omics 0.6329 0.464 8 0.801 3 0.701 3 0.464 8 0.283 1 0.633 1
LUAD-Transcriptomics 0.6120 0.464 0 0.760 0 0.657 2 0.464 0 0.2350 0.6120
LUAD-Methylation 0.645 4 0.456 2 0.8352 0.737 9 0.456 2 0.316 5 0.6457
LUAD-Multi-omics 0.708 8 0.639 0 0.778 3 0.745 3 0.639 0 0.423 4 0.708 7
LUSC-Transcriptomics 0.593 0 0.258 4 0.927 9 0.788 9 0.258 4 0.2519 0.593 2
LUSC-Methylation 0.576 1 0.3187 0.836 3 0.557 0 0.3187 0.147 6 0.577 5
LUSC-Multi-omics 0.664 8 0.3752 0.959 0 0.920 0 0.3752 0.4155 0.667 1

S, W T 21 R RO O A S P A S B R
LIBUE /SN
2.3 YSMERAEFEXTEE H At RALAEEY

BT X AR SCHE A A FRAE vk, AR SCHE 3 Fl
O GE BOPE 45 (BRCA \LUAD \LUSC) E X} L
T H R R Y 2 AE A A (G GANYT U VAEY
WGAN") Ao 0 FCE A 6 Foi 4 )N 25
ot I A5E A SR ) KNIN 43 28 4%, i Ace il AUC 2
FRITAN 6 b, 25 R A& 3 BT

1 & 30T LA A SCOT I 7E 4 FhRRAE R AF Ty
e KB . AR SO ETE BRCA B4l 4 111

HERA R (Ace) 8 Hh RIXRI A GANBIAL 11. 7%,
£ LUAD I8 3 3kt 9 WGAN 5 Al
15.59% ,7E LUSC I # R IR ML B VAE 5 A
22.55% o 1€ AUC J7 i, A< 3C 5 ¥ Al A 1 A A
BRI RIGE R . BUE T A SCHE i AR ASAUA
75 WRRE RARRE 7, [5) I B A i A v L 75 3]
{14 7 HE R AIE 500 T DA AR B = = 30 45 700 ) o 24
TEAR S, B I8 4t v 7 S 7 (% 0000 o A o
2.4 HFERIMEFEEBRIBES LN A

Bk ¥ 2% >J (Federated learning) J& — # 43 1
KRR LRI PLER 2= ST HAR B DR A I R



- 2094 - TR K FF

(T % k)

% 55 %

1.0000 VAE ® GAN BWGAN B A3

0.8000
© 0.6000
Q
<<0.4000
0.2000
0.0000
BRCA LUAD LUSC
(a)Acc

1.0000 - * VAE ® GAN ®WGAN ® &

0.8000
Q
Pt 0.6000
0.4000
0.2000
0.0000

BRCA LUAD LUSC
(b)AUC

B3 ACRBINEHMEFIERIES EER

Fig.3 The proposed model comparison with other

feature representation methods
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Tl FH B S R IR R A B 25 14, 30%, fE T
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T o I ELAUAE AR AIE 26 AF B8 147 F00 , 0 421
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U Ml OR A7 B8 A8 BEURA 977 LB 500 Tk O, 7 2 A 8 1
2550 R v U A AR A R B
2.5 MNHHEMREARAENER

AT X T AR SO A S Scwk (21 18 i
:(OCF ), 3/ BHis 48 43 5l £ 4 6l R 4 i s . B
595 I 98 R A9 miRNA - B, T
B IR AR SCTT VR A 0 B A o 28 IR |
I3 A R A 45 4 45 An 1 5 SCER [21 ] iy AR ]
ik 6 pron , Ko, JL T E (Geometric
mean, G-means ) /& 5 A i £ 7 JEB X IE 25 (D
B A 2 (25028 IR B EE )y, e HE T
A 50

S 2 SRR AR SO I B % (Ace) 3
KFETCHR[21 ]85 8, o R A4 1 J2
7 GSE106817 %t 45 % L, #8 ! T OCF 1y 45 &
1.3% . X T AUC #1 G—means #§ 5 , 4= X7 TE
GSE122497 #1 GSE106817 ¥4l 4 | 4 45 B 110
T OCF 13 2 1y 25 S, LB 7F GSE137140 %4l 48
T AUC W45 38 %A i OCF 159 2 i 45 4, nl B
e T AR SO R S T SO A A o R
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Table 5 Performance of feature representation in federated learning

Ao 4 Wik HiRIES U Ttk LRUES GICES
Base 0.6329 0.464 8 0.801 3 0.701 3 0.464 8
BRCA SMOTE 0.666 7 0.584 7 0.748 3 0.695 6 0.584 7
ImFeatures 0.813 8 0.8152 0.812 2 0.8135 0.815 2
SMOTE+ImFeatures 0.8315 0.818 7 0.844 2 0.839 9 0.818 7
Base 0.700 6 0.623 0 0.779 3 0.744 7 0.623 0
SMOTE 0.680 0 0.623 0 0.737 0 0.7159 0.623 0
LUAD ImFeatures 0.848 3 0.819 0 0.877 0 0.867 6 0.8190
SMOTE+ImFeatures 0.828 2 0.802 3 0.853 3 0.853 6 0.802 3
Base 0.664 8 0.383 8 0.9457 0.894 4 0.383 8
LUSC SMOTE 0.602 8 0.316 2 0.889 5 0.770 0 0.316 2
ImFeatures 0.807 8 0.632 4 0.9857 0.977 8 0.632 4
SMOTE+ImFeatures 0.814 7 0.659 0 0.9714 0.957 8 0.659 0
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Table 6 Comparison results with other similar

research methods

OCF J5 ik AR SCT7
Acc  AUC G-means Acc AUC G-means
GSE122497 0.994 6 0.9956 0.9956 0.997 6 0.9987 0.998 6
GSE106817 0.9827 0.9871 0.9871 0.9957 0.9976 0.997 6
GSE137140 0.997 3 0.998 7 0.9987 0.997 3 0.9971 0.997 1

JF H 23235 OCF $RAF F£AF J7 k38 17 — KW
FLOPS 24 0(8229160) , i A< 3C J5 38 17 — K1
FLOPS 25 O(1018497) . P It , A< SCHE H (9 Im-
Features 77 3% 7] UL BH i 4% 25 iz f7 S R . X P,
AR S5 A AE B R e v A AR LR B [
ik 2 3 A~ AR A 38 17 B ) b B D

3 AR
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B 1) P i A 0 it e A i e R T il 22
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