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Radioactive multi-omics collaborative learning for adaptive radiation
therapy eligibility prediction in nasopharyngeal carcinoma

QIU Chengyu'”, LI Bing™*, LAM Saikit’, SHENG Jiabao', TENG Xinzhi', ZHANG Jiang',
CHENG Yuting’, ZHANG Xingyun’, ZHOU Ta"*, GE Hong’, ZHANG Yuanpeng"**, CAI Jing"*

(1. Department of Health Science, Technology and Informatics, Hong Kong Polytechnic University, Hong Kong 999077, China;
2. Department of Medical Informatics, Nantong University, Nantong 226019, China; 3. The Affiliated Cancer Hospital of Zhengzhou
University, Zhengzhou 450008, China; 4. The Hong Kong Polytechnic University Shenzhen Research Institute, Shenzhen 518057,
China; 5. Department of Biomedical Engineering, Hong Kong Polytechnic University, Hong Kong 999077, China)

Abstract: Traditional radiation omics models, including radiomics, dosiomics, and contouromics, typically adopt fea-
ture splicing, which tends to ignore the specific statistical attributes of different omics and therefore leads to overfitting.
A multi-omics collaborative learning (MOCL) algorithm focused on consistency constraints and adaptive weights was
proposed in the study to address this problem. The MOCL algorithm employs consistency constraints to explore comple-
mentary patterns among heterogeneous omics features and adaptively learns their weights using Shannon entropy while
avoiding overfitting through compactness mapping. An experiment was conducted on the clinical imaging data of 311
patients with nasopharyngeal carcinoma using MOCL. The experimental result is compared with three traditional ma-
chine learning algorithms and two multiperspective algorithms. The results demonstrate that MOCL has certain advant-
ages in collaborative learning of multi-omics and can provide a valuable prediction basis for adaptive radiotherapy quali-
fication in the case of nasopharyngeal carcinoma.

Keywords: data fusion; machine learning; feature extraction; feature selection; forecasting; image analysis; adaptive al-

gorithms; nasopharyngeal carcinoma; multi-omic
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B RRARRAE ; 40, FEVR YT I RIBBL, SC 5 PTVn_
low_dose 2Z [A] 1) Fe KR /N R 85 43 0V Sl 25 it
R OVH E B RS o 7EAWTSEH, OVH it
FEMET T Wu S B . ANE BT HEE
B Z K (projected overlap volume, POV), Bl —4~
VOI 5 55—~ VOI 78 1§ 5& #5% f1 BE /Y AT 105
HE, KiE—L#R VOI MR AR, AR
WEFE LN 4 X VOI P2 T 132 A48 BRFRAE .
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1 B TIME A B 4 Fh g 2R AR T S )
VOIs HRIE (“— 27 ToAI N 4 2240 ) o

R 1 3FAFHEL REIK VOIs KR
Table1 Source of VOIs involved in the three histological

profiles
MR R 2H A FEERLH 2
CECT-GTVnp GTVnp PTVn_low_dose-SC
CECT-GTVn GTVn GTVnp-IpsiPG
CECT-IpsiPG IpsiPG GTVnp-ContraPG
CECT-ContraPG ContraPG GTVnp-SC

CET1w-GTVnp BS —
CET1w-IpsiPG SC —
CET1w-ContraPG PTVn_high dose —
T2w-GTVnp PTVn_low_dose —
T2w-IpsiPG — —
T2w-ContraPG — —

22 FHEIERE

TE S /M AEAY 3sk BE 005 0 IXURS: ), ARp AIE 2 4%
(feature selection, FS) RE /> HEA By B 1 TUAR AR
FHOCME B 5 YRR AE, SR ALAR 27 > b R AT D iy 25
B FEXIATS R, 05 BT Li 4P B 05 sk e i
T 6 Bl A JC W B FSTEIA M 4 Fpof Wi B FS 57
B 24 H FS 4G o AT 2 RBEDL 73 F1/E R
SRR IESE, LUREFN FS 416 19 m] 43 B M A
B Y S R S P 8 b, HL 45 21 7 3r R 47 Ry
TESE R, BAHTCS M o S fE M RRAE e 5 07 1k
WK JE: #4457 /R #5941 Fisher Score Fll Pearson Score ,
T score Fll Pearson Score, T score Hl Lap_score, 2
Ji 311x35, 311x4 Fl 311x8 4 4E
23 EWIEE

T A PR MOCL 33k X T £ 4 22 50 s
TN PR RE, BT 3 R AL G B AR Bl e
Ak SVM., C4_5 PL3R M . Adaboost JGHH 1 Fll Zhang
224 451 9 DICS ., Yang 25 #2119 WeightReg
PP Z 0 fR B AT LA . A X B AR AR, R
FL G RRE DR T 1, B8 R g
R R L 2E Y 3 L RRAE 1) o DR B — AR R AT ]
i, T IH S B R R A R X PR S
I i AR, ASEIS TN P i B A CE
PEAERRE gl £8 T 1) 1 FX (area under curve, AUC)
F1F1_score,

R T AT A IE R AL, B R EA R AT T
FEXF 2 B S 808 FIPEIN Fa A5 o T A B S 0
ETEFE R T winl0 BAE RS HLE BisfTiy . B
AR E 2 R, Hod s dpm s Al (support vec-

tor machines, SVM) 53 Fl MOCL 5. 32 #f 4t 1 it
FH 10 3728 gk S R 5 4244 T Adaboost TG
AL R O A O AR WAk o 2R AR PR e,
T 20 43 258 h B L 43 25 4 1 S B kS BEAE
10 K BEBLRI 43 145 ROFRME . R 2 45t T 58
Wk, SRRSO OEE

FIbGE s
251 BB 2510 YEHERENL
¥ R4 (R=0.8) || %14 (R=0.8)
10 #1538 X
EF4% F___L__W
w5
+ Ve ke
(80%) (20%)
REESH J
B 10K
v
10 YRE5 SR

2 HikmiE
Fig.2 Algorithmic process

®2 REESHEER

Table 2 Parameter settings for each algorithm

Sk SRR
RBFH i $lye {~10:1:10},
SVM IEMEI R ELCe {-10:1: 10},
s=10",v=10
C4 ST Bt L4 25N €{5,6,7,8,9,10}
Adaboost N=20

Kl :5, K3 :10, K2 :5, K4 :10,

DICS a=0.1, =10, y=100, i=200, £~10
WeightReg y=1.0, =200, e =5x10"
0.01,0.1,1,10}, #¢{0.01,0.1,1,10},
MOCL Bed el }
1€{0.01,0.1,1,10}
MOCLJHflt 1€{0.01,0.1,1,10,100}

24 ISR

T, 45 H MOCL B H X Eb 53k 19 43 2 1
RN 3 s, Al LB B R G20 500 L g
22 ) B A E, SR A 38 A F1— B R
MOCL B e U8 L 75 iy se g g 21 . Hop
SVM F1 Adaboost 7G5 ¥ &R A B4 1y 25 51, 7]
RE A2 KA T 0 FH A 25080 v, SE AR 2 R AE o L
BOR, N T PR G YRR 1) 1, 5 i 4 2 RS
2 2F A A R B B2 A LA /N o [ R RE 6 PR R
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BEXF 2 00 B9, MOCL 809 B W U 1 50
75 M SE 40 45 5 . DISC SR A E U0 [ 43 i
W 22 O B 43 it oA 2 S 43 T T A 4
T X A 2 1) 485 R0 1 23 [H] 4R 550RH >4 Uk, 7
T % AN [A] R 35 2 B 45 2R 22 57 AR K5 WeightReg 5
BBt T R T A 1R S A AE SR 2 A TR R
it WS B g8 — AR A R 5] s 1], JFRIA T —4
A 2 o] (B S B0 B T 4 0 T 1% A G B AR
5 BAEBGY 725 Al b, X R 7E b B [W) 4R £
FEOEECH AN 45 1Y 1 5280 B 5 i AT BE AR AE —
AL o
%3 MOCL REXILEZERFIE GREE)

Table 3 Mean of results for MOCL and its comparison al-
gorithims (standard deviation)

DA =R AUC F1_score
) SVM 0.7657(0.0573) 0.7738(0.0462)
AL ,
ok C4_ SRR 0.6236(0.0560) 0.6104(0.052 1)
AdaboostUCHE  0.7310(0.0602) 0.7298(0.0480)
P DICS 0.7188(0.0806) 0.6012(0.0892)
foes WeightReg  0.7161(0.0709) 0.7163(0.0483)
MOCL 0.7950(0.0522) 0.7067(0.0639)
2.5 HELSHT

R TR E SR 22 41 A AR A S SRTE R
AR R FH B — 2 2 R A oy A5 A A S A A 25
5, ¥ MOCL B ikt riHml, B LB A CH
T8 o R A — SO 2 A A, o e Sk X
B — 2] 2R NRAE S [ Y B o X 3 S 2 S R AR
ATH M 10 W BEHLR] 43 J5 . YISk A5 iR, JF LA
10 RS 45 R i S E AR e A 45 R, 25 R 3k 4
s, ATLLE W, 286 % 8 AUC il F1_score M
TPF A 8 b, R Z 41 25 U 2 2T 1 7 X0p e A
YA PO B 2% P — 21 2P R AR S [R], REHUS T 4f
1) T A

*4 MOCLEHEHBEZHERMWILFHE GREE)

Table 4 Mean of results for MOCL and its ablation al-
gorithms (standard deviation)

MOCLJH it AUC F1_score
FHIEZS M LFERRAH2S)  0.6444(0.0366)  0.6027(0.0364)
FRIEZSR2GRI A7) 0.7274(0.0358)  0.6687(0.0278)
FRIEZSRIBGEARZE)  0.7711(0.0339)  0.6907(0.0356)

IMFHEZHIGTE 0.7143(0.0262)  0.6541(0.0224)
MOCL 0.7950(0.0522)  0.7067(0.0639)

2.6 FitHoHh

AT — 2 W B — Fh O EE LR FT MOCL

BT AAAEG AT L 2200, AR X H Bk
5 MOCL #4757 T 5, W a K 0.05, HAkZ
Rk s Fim. ATLLEH, MOCL k5 SVM
BIETE AUC NFEFE R E M 225, RER B
e, (HN Fy M BEEITAL 5 SVM i f7 — E 2518
T 5 HA B A 1, MOCL 2k B8k & /0 7F — 0
WA e bR L BB B 22 5, uEW 0 5
£ RN FL AR S B I 2 00 B HE, MOCL
A BN TS 1 43 e BE FIER E 1 . MOCL 7 fil
VLR MOCL 1 i 2 22 St o — DR, [l £
A 2EPME 2% 2T 10 7 MR T 7 o — 2 1 ) X
FE A 4y (AR AR PE BE
R®S5 MOCL 5EXEEXRFITFIEER

Table 5 Statistical comparison of MOCL with its compar-
ison algorithm

IS} 7Kj: = =] 7[:5}- 2

S H g AUC R F B

(p-value) ZEFH) (p-value) ZF+(H)
MOCL-SVM  0.52 0 0.03 1
MOCL-C4 5  133x10° | 0.0003 1
MOCL_Adaboost 0.048 1 0.68 0
MOCL-DICS  0.0501 0 0.0027 1
MOCL-WeightReg 0.0258 1 08717 0
MOCL-MOCLiHF! 0.000295 1 0.0021 1

3 ZAKiE

H TR A R R 0 FF B 25 5 32 B 2
R, (] 2 4 2E Rl A 2T F 58 0 O 1B O
W E A T ANl 42 18 A R 4 2% 2 o) i B S
s 2 AR ) OCEE . XTI, AR SR T AP
LT 22 20 2 0 D [R) 27 20 S50 FH T 100 e ik s
BE BT EHAT ART, IR A & F AR
BB 311 45 B3 1Y S s b od gt . M e
A — BB X 22 M AR DGR, RS T AF bl Y 2
2 2E R, A BT SRR BE . HAH L SVML, Ad-
aboost M F 2 ML HL A% 2% > 550, A R4
Tha BRI 22 5 . AT e R i 1 FH A a4
i FR) R A A RS R A 2 R AR R BN, AT
AR ACE S AL, R ORI T s &
T390 o 2 2 RN 4G A 2 B R AE B ORI B, AT
REP R IE B . BN R U, AR B8 78 TR £
M g H A R S 75 ZEE AT ART B, o LA Iifs IR pe 5
RAEATENSZ BN, HREIHA AL
MW, S mm AN ARTE 3
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