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Abstract

Integrating multi-omics data for staging cancer patients is essential to improve patient diagnosis,
treatment, and prognosis. However, traditional statistical methods, such as principal component
analysis, face limitations when dealing with high-dimensional multi-omics datasets. To effectively
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integrate multi-omics data, a convolutional neural network-based autoencoder framework, MCAEI
(Multi-omics Convolutional Autoencoder Integration), is proposed. The proposed convolutional
autoencoder is composed of three convolutional layers, three corresponding deconvolutional lay-
ers, and a fully connected autoencoder. It is utilized to compress and reduce the dimensionality of
multi-omics data. The MCAEI method is then applied to three types of cancer for subtype classifi-
cation. In addition, the proposed method was compared with the normal, sparse, denoising au-
toencoder. The results demonstrated the superiority of the MCAEI method. For the best survival
subtypes obtained, differential gene expression analysis and enrichment pathway analysis were
also performed.
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1. 5|15

e A2 A ERVE I N IE SR T N 2 R —, AT LR N S MM b HAF A2
A Z R G, setgimd AR 2N HE UL R8T, JFAEREE A2 0 7 72 1] [2] [3].
B & i =T B AR (40 RNA-seq. Methyl-seq. miRNA-seq 25) ({72 A FIPLE L, VFE2F & ShT
M 22 2H 2 E 0 ) £ B R R e B 2 RIS PR ARRAE (4] BESCER A, R 2 280 i & N B
— B TAAEAIR R R A, RT3 E 2, IR TS RO B R E N [5]. AR
H E 3 (TCGA) (https://www.cancer.gov/types) e — 1) 1Z W T K EAY) 2 WEUEE, Wt 7 ANE R
fitRg SRR E R 6, X A RE 220 1) 73 U ATE Fe (it 1 R S R i St

HAMR 2 5k Okt A 2 A28k IR AE AL . FE R, 3 5o 20 B Rl IR 12 i S 4% 4¢
QAT RS Z H R . B, iCluster HVE[6 K IR AL 8 SRR e &, BT I A K
{512 (Expectation-Maximization Algorithm) X A [F] £ 4 287 2 8] 1) SR A 35 2R B N 1 75 22 - W 7 224G
FREAT G4, IR R D B R I 485 . Argelaguet S8 N\ [7]3EH T 2 22K 70 BT (MOFA), 1X & —Fpkk
TR R B G T BT T M ER R, R HBEER TE . H2FR
G353 BRI IR 773 A e B T B R AR B R R 4 0 v, A DA SR 2808 v REAFAE I RSt R &R AT AER, IR
J % >](Deep Learning, DL)#HZEMIZS O ) 12 B T8N (8] EATIEXS T B 5 21 7= A T FRl 1 5
M, 2% 3] B FRFE A DLgE— 20 H T R E NI R 55 . 110 B 4l %% (Autoencoder, AE) 1 4H1 225 ¥ 2% 25 ¥4 E
NP RGBT R S AT S . AE A2 — MR 1) X 4 25548, oA N J2 () 50 4 B 5 %
ERFF 3 FAEH R B — MR SUZ R IR ISR R . e H ) alnd 2 2] s 4E R R 48 9 IR 4E R ik
Fon, FREE B /AMEAR S R BCRAE TR 0 EE A SR UG EE . Paul 55 N [9] 8 Je M B8 i I AR A RS R AR AT
AR FE, RN 2 A T I R (R AL SR 25 W 5 1 4 5 2% (Sparse Autoencoder, SAE), 1531 1) H 464
IEIEAT 1% 58 25 (Spectral Clustering) 74T S8 1 HEFRZH 22800 2 (B AH B4, Wang S8 A[10)42H T —1N 2
BEAS TR FE E bt &% F K 43 301 27 SIS IR 20 22 38005 () iy R AE 27, RS FH R FEE P 448 10X 2855 v 0 ) S R e B
SR FIRGHAT /32K Lin A1 AE KRR H P HAR4ERE, G 2 45 50m An B A LR
WX 28 AT — N Tk 2 BB B 4% (Residual Graph Convolutional Network, GCN) ) 5 Ji 2 AR A
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AHFFEE A RNA KA. miRNA ik, 5 IR 5 DNA HEL DU 22400, 3 T —Fh T 6
122 [ 4% (Convolutional Neural Network, CNN)[#)454 H 4if4 % (Convolutional Autoencoder, CAE)HE42
MCAEIL. KM 2 H 25000 B A T 4 R 2 28 AR AR & 7 R L 3. iR 228 55 H 9w
T2 R H g g, HAS P AR 08 H s 2Rl b gl AR BB e 2, TR
H I 2 R ATE . T CAE A 7 B2 TR 2R miL )=, SRz @ e A28 i sh
PEBE R ARIB AR I RAFFAER IR o AHECEC T3 i 2% BB % B 407 1) Ak B EL A % ) 45 R 1) B0 30
FEIREUCE I RIRAE ;s BASHILE . WS AR Ao AR SCR A —Fhoc B 1) 5 ST
3, 8 MCAEI HEZE 73700t 3 Bl (1) 22 20 AR b AT RAE SR I, A EATHRHE R FEASE ) K-means
RFHT, TR ARSI R B IR . 5, ERATRB T A 55 M. FEng
H i AT LU, 45K, MCAEI ££ 3 MRS 5 FERESUR MR e YT, Relig Rl th B354k
22 AR 2, R R AE S IR U AR 4 U T et iR

2. B G3E
2.1. ¥imabE

ARSI B e B R 2H B (TCGA) - & BB b iR 57 iU (Adrenocortical Cancer, ACC). FLIF
Jiri(Breast Cancer, BRCA). /% (Sarcoma, SARC)IE 4L . T M EIR AR QLS FEARM A A7A5 B CEAIR
A AAEI A AT DU R 2 A B (RNA K35, miRNA £k, #5 DU 7R DNA F3Ek), L& 1.

Table 1. The sample sizes of different omics and survival information data across three types of cancers

F 1. ZMABEENAREFMEFERRENEARE

Cancer RNA-Seq miRNA-Seq CNV DNA Methylation Survival
ACC 79 79 90 80 92
BRCA 1218 832 1080 888 1236
SARC 265 260 257 269 271

BT AT A A B AR 0 T

1) FEAS RN 2 DL AR A7 A B IR A B B RS 4.

2) MRS IAR LIRS 20% R AR £l

3) ¥ Python H1] fillna PRAIE 78 DNA FHIEAGAFAE A BRI B[ 12] 48 H Python {4 4 scikit-learn
H i) KNNimpute B8 5040 miRNA H B JAE13];

4) IR R 2k A A7 HHE AR AR

5) i —ANFEE 7 T AR ZE St 1H 8 (Gene-Wise Standard Deviation) [14], 43litH RNA FRik.
miRNA F£iE. 5 DU 7R DNA A0 bR v 22 B ey (1 AT 22004 300, 1000+ 1500 MRFAE ;

6) Xf BT A s g AT B K d /N — 14k

7) AR Bz IR MAH I R B R 2 N I REE AT HE T [15] 6

2.2. ERBERGRIELR

LA A I 2 — MR T B N (CNN) I L5, 85 A Z . 82 (Convolutional Layers).
Jii AL (Flatten Layers). J %% JZ (Transposed Convolutional Layers)Fl4i tH 2 2H il A< ST 42 H ) MCAEI
R E | =SB E AR AT A, IR e — NS RSP ORI — N E e K m & R
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Figure 1. Convolutional autoencoder structure diagram

1. BRI REE

—MEGHG I B b EE g Es £, () MDA g, () PR 4L, BRI H KRS S META
ASHCHE (K5 N AN 2 R K28 5 R 22 (MSE) AR — N AFEAS G B o

minli"gl, (fW (xi))_‘xi”z (1

WU n
X EAR g
fW(x):G(Wx)Eh
8u (h) = G(Uh)
Hrbx fl h &g, o BEIGEREWIW ReLU &), A, A4midHEES 7 = NMERE, &G —
MEREFR PR TCRFIE S — . W07 2PEE K%L 16] (Rectified Linear Activation Function,
ReLU) 3 &—E 1%t

(@)

/(x)=max(0,x) 3)

AICRH T Python 8 & T AR E % 2IHESE Keras Jn'5 1 AR E gnfids, FRBEEUZ T2 2] 200 K48
FHEAE N FEARRETRR -

3. SEEER
3.1. mEEESE

Pt G BRI GAE 1. 2 3 20 E 32, 64 F1 128 WL JE2%; HRE A D440 2K pR 2L
HIARAAE DL, N GRFE IR B BN 500 585 LAk #8R A T Adam fAL55[17] (Adaptive Movement Estimation
Optimization Algorithm); F£¥52: 31 R B E N 0.0005. X FT A8 1) 3 Pl Hod 45 HEAT LR B b # A4y
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Brid A, B — MRS S B Wi SR 40 25 DML, TR AN 2 R G R g —
100 FAACMIFEFEEAT RIS e, 19 BhE 7> B K Fe 5 AR B (Sil) DL A Bk i p (5, WK 2.

Table 2. Comparison of four autoencoders and three types of cancer staging results

2. UM BEHRMmEE. SRR S RIS Rt
B oK Wl H gmi e AE it H dmi 2% SAE FEl 4058 DAE B ESEE CAE

RE BH sil » sil p sil p sil »
2 02206 1.12e-08 07532 071943 03386 0.0002797 04289  6.849¢—05
3 0.1965  1.73e-05  0.6112  0.00055 02518 0.0087682  0.3406  5.38e—07

ACC 4 02098  0.000266  0.1179  0.00466 02795 0.0001856  0.2607  2.47¢—06
5 02010  0.001023  0.1273 000195 02612 00178166 02211  2.40e—06
2 0.1553 0402708 03631 0578499  0.5462  0.106165  0.2054  0.013001
3 0.1322 0016109 04541 0334024 05570  0.033567  0.1390  0.001876

BREA 4 0.1356  0.021091 04862  0.540939  0.4884  0.096487  0.1051  0.00368
5 0.1285 0007788 05374  0.686412 04771  0.19214  0.1111  0.002070
2 0.1603  0.642377 03627  0.07054  0.8859  0.1200695 02368  0.0796172
3 0.1772  0.002138 02377  0.11756  0.796  0.0195443 02577  0.009369

SARC 4 0.1762  0.00905 02299  0.62367 07132  0.0787238 02143  0.0095162
5 0.1745  0.001281 0219 065279 05708 0.0151780 02172  0.0190931

T HASGEE it H B B mides 5 350E . M. P A mIDeeaiT T, 2Rt T 3 Mos
JIEXT T A5 BR RBORIGT BORRAGI6: p (8, S5 5RA0E 2 PR, XT3 E g h a5 Bl 2 170 5o 51 %
BN 500, 100, 500, i —E 100 NEAFFERIFERE, ISRt BN 100, X THbE 3 i s,
BRI 1o 5| N B 240 SRR AT A G R 2% 2% ) BB IR B RFAE, BT DA 258 22 I 2R Rk 2 TR 1
BB FEASCH, WENLGERCH 1000 #, KL BUZETNISECH 0.01, 215 0.001. 1058 gmida
WEINGE N 500 &, MR RECH 0.2 XFRELS P B 4 s #5150 B 5] 1 B 5802 715 /%L 100+ 50+ 100,
it N — AN 50 AN EARIFAE R R .

AR 73 BT 1 3 1050 B 2 BRI B 56 p (45 SR v LUR B thi MCAEI HESE/E ACC $idf 42
BSRAR T B ROR . R RISEEC 3 B, 1531 T BARE p 18 5.3819¢-07. BT ASCHTRA T IE R
BB B gnis 2% B3 B R AR AT R b, A5 22T COX ARAPAFIEE R, X m] LA BT Gt
ZIGRAEAALIE DL S AR BRI B . ARSOGETE T ACC Hi A8 538 [ g fid 8% ST
COX AEAERMEIE BTG OL T, BHEC 3 I, R0 R ECH 02360529, p fH N 4.43744¢—05. £ BRCA
J& SARC ¥l &E [, 3518 B 4nlid 88 RISHEECN 2 i) p EAR G, IFHEEREUE TRAGER; X+
Mgt F i s, RAPF R R BURARE R, HREHLTEEKY, BAEEERGER; T
Fem H 4mfid 35, 7E SARC B £ LRIAES, M3 T 8IS N REGFEARN p (5, {H27E BRCA #¥
SERPBHEHCH 2. 5 BPRH BRI B SG . ASCITIR B A wiSaE, TEAZIT COX AAFRHIEE R
PRSI, AR B3RS TRURK p E, IS T LI RREIR.

XT3 FEERE, A AR ST AT ER H A SR i i SR AT B B TS WA o p (ESRARET, 3 e i i e
RBEHII N 3. MERAERBECT ) 7 A E A1) Kaplan-Meier AEAEHIZE, 4015 2 BoR.
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Figure 2. Kaplan-Meier survival curve for 3 types of cancer

& 2. FhEEAERY Kaplan-Meier 4 77 HhZ%

XFF MCAEI HEZE (1) 22 Rk o0, DU BRR B2 JiidE ACC NBIEIF U . BT X ACC HEidtiT 5
9, FRECN 2 B 3RAT B RS B R, WO SOR R o e 2 (R KU 2 S 4, A R i
S0 limma BT ZEFIEERIESH18]. B —ANEI 77 Z I I R R, 456
FE AR R SR, iE AR D73 AT B ARG . TREH p < 0.05 MIFTA &, 3L 383 /4~ I
MHIERE p (B EBARIIAT 30 MNEFE L) 2 R AR RIARE, wE 3 iR,

Hor Clorf88 [ L IE S ACC FEAE TS A C[19]. MSC X i S el i e 5 2AE
5 ACC BEAELAE R EEMMI20]. 5]\ CYPLIB] BRI BRTIREUA, REMEEAL iR, (H75 % 1
JIR R S 4515 5 T R ) 7= AR DR BR (21 ] BRI, S A SCOVES B 73 BT R0 ) R 35 B IR, Re A AL
X HEAT A P fR R
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Figure 3. Heat map of differential gene expression for the top 30 genes

3. B 30 NEEEFEERIEAE

3.3. EERIBRSH

IR 2= FIER, AR R ES 1 clusterProfiler 4T GO (gene ontology) & £EIH 7
Mr[22]0 & SEIEEK AT 0] DARRRE— IR N AE AR A I F2(BP) A ERL(CC) 40 FIIRE(MF) (1) & R A2
ARG T IX =FhBERAAE p ERARRTVUF S . £ BP F1, 2 7l2 BN K & (Spleen Devel-
opment). YP¥fd% & (Ovarian Follicle Development). & Ifl Btk EL 28 B (1) & & (Hematopoietic or Lymphoid Organ
Development). 2P & & (Female Gonad Development). 7 CC #1, 435l 5& HCobiiz i N B JE4)(Centriolar
subdistal Appendage). ZENHBHIETE & 5 4)(Acetylcholine-Gated Channel Complex). %45 325 £ 1714 22 Jiki
(Dynein Axonemal Particle). il izt VLEE-3-J 52 A4 (Phosphatidylinositol 3-Kinase Complex). fE MF H1,
o 2R 45 ] (Quaternary Ammonium Group Binding). A FEF% FE RS 14 (Cytidylyltransferase Activity)-
LI REAR 45 5 (Acetylcholine Binding).  Z1#% it S BF(NAD+)7% 14 (Aldehyde Dehydrogenase (NAD+) Activity).
XS E SEEE Ty, W1 CPRAER. AL -3 -V A e I 5 B B R R U AT BRI AR (23] [24]

4. G518

BERRAE > T TT i, AR I 7 A T 2 A A B RS A 2 I 4 1 E g8 MCAEL HESE.
BB E RIS EIEL R E T = MERER A T2 RSO H 22 B i R AR5 10 T i i 75 V5 g
Boxt 3 PR AEAE UM AN R A AEAF A . 9 TR AT R, R TR S AR e 4 5
W B PR E AL AT XL . GERARW], ASCHTR I MCAEBI HEZRLE LA 73045 7 AR p
EANE = (R0 R 5 o B A BT AR BIMS5 R, A SCERAT T 72 57 3 R 30k 43 i A s SR 2 4
B, $RE T IR 2 AT 30 ANEE AN = FIE RIAR, SRR ARG AT VAR 0 B R H R, BE
BGREAT A BV EY AR . FORTASCHI I IAAE 3 MR AR LRb AT TS, AR TARR A Y% 77
TRAE T 2 e Bt 5 AT IR o0t LA [ 2H A B0 O RCR
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