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Abstract

In this paper, we mainly selected the three omics data of copy number variation, RNA gene ex-
pression, and RNA exon expression from the breast cancer data on the TCGA database that have
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been collated in the UCSC Xena database. Firstly, based on the characteristics of the three omics
data whose dimensions are much greater than the sample size, the variance threshold filter is
performed on the three omics data, the variables with little change are filtered out initially, and
then the variable selection method is filtered by using mRMR, that is, to maximize the correlation
between the features and the categorical variables, minimize the correlation between the features,
and filter 50 variables each. For the discrete number of days phenotypic data, the threshold me-
thod is used to convert it into a 0-1 categorical variable, and finally the dependent variable is
merged with the independent variable, and the test set and the training set are divided, and the
outcome variable is predicted by svm, XGBoost, Logistic, randomForest, and the four algorithms
are compared with specific indicators, and the training set is applied to the training set, and finally
XGBoost. The prediction effect of logistic algorithms is better than that of svm and RandomForest.
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1. 51§

IR BAH T 2020 2R AT T BORT A BRIERE AR 5, R A H T Hh e T A 49 AN BE T 451
I ECAP 20 b A BRI IE A FIBET -1 23.7%. 30.2%, ¥ THRE AN O G 4R N D tepl[L], Heb, A
CBCN LM E B I AL R K (15.5%) . T4k, BEEEY) . BEREFEFRIRIE, RUE TGy
PR T GIRATRE, (HAEILA MBI KR, FRIE A6 T N7 sk A Bl i At T A1) 30%.
REIE PR DL EEE, R AT, MR A R A R, W F AN, PIAE AR
03k 13.4% [2]; B/ B BB T R s 75%2% . T kD MR 193 175 % J TROIRT oK B 4252 % it
MRIT, HEIE VIRITBE . BUS A AR RL R 2 1B AT TR AR R ACRE BIFR R, X
NEFREE ST RRSRAE TAERE, RUk, HHTEER. WERRITUS TRl B ER . JEER, ERREE
(TR 43T 52 B B P Ah 3 1T 2 08, TTHRYE A TG 400 411 75 8 o0 B A IR B R IR A BE (1 IR 2 A8
B RFIE 55 2 A2 R0 TS I R 2R [3]0 B, I RRERAR [F] (e iE 2, TG &5 T Al £z . 4,
ERERREB ST EEMEE AR EEER . kTR B0 FLE B 5% F PGLYRP2.
SEMA3G. PROL1 J SLC7A3 ZERfm#Rik, HAEZCREN T SKAL, BIRC5. RRM2 Hil AURKA J
Rl A B (4] M R EEERMASCE . MEmIA. RRE . BRI G5 EBSE &
IS IR SR A AN R AR 2707 T 2 IRV R S 2 AH LA A 9K [5] - T BB R R A 2 5 AR 2 2 T2 F T v kG
W27, SRR AU B AR T ok . R, #8003 T N TR SR BURAL SoHL 28 2 3] 592
Wiz F 230 B RS 0 2% b, Bl Haralick Z5[6]4% HY 7 — Rl 48 i () 2K 1 3% A 5 [ (Gray-Level
Co-occurrence Matrix, GLCM) K42 B EIE 1) SCHAFE . Kowal 25717 F B 38 I B8 AR A= R & 2t
PR 4 55 2 PG r (R 4 M A 3R AT 401, 2 500 1 7L R e 93 22 S L I HERR 58 92%~98% . 1 J L4,
BEE THE N RE PR WT G G, — LI ZRUR FE 4% (PR B AR iz B 3 8 2 BRSO R 4 SR . X
JiTH R DTRR AL . AraCjo S5 [8]4 FH 4 22 I 2% B U L e 4L S0 B % EUR IR 2R, IR SCHRE 0L
BEATOr3S, T SRUERIREIE 90%, DU K miERIE Ny 85%; Han Z5[9]7F BreaKHis ¥4 FikiT T
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S, R T AR TR MRS A ML, 23T 3. ZoREIE 90% L RIHER
K,

TEARSCH, FATEREAH 2 HHE, SRR e PR RO 2L s N AT IS T AT = A
FHIHAE S mRMR JPEFTRHEILESE, 0 0liiik & B33 50 MFIE, HIXERHE#HITE S, [ —
AN EA 150 4E 2 085, MR X LehAE 43 B A XGBoost. svm. RandomForest. Logistic PO 7%
BT HUG T . A, XGBoost f&—F3ET GBDT BTG, &R FHEIn— B kil Bl m— 4
ST RBCFO IR, HISRILE E— Rk 2, B SR RIGHIR S svm e — Rl T i o 20 51
2, B DR o) AT e e, T P RO, DR A R B B 4 B Logistic 15 AR5
SRR R, SR AR R AT R, DRIt AT T 40240 randomForest S —FhgE &
TSR OB RS, BT HOERBRARAE . FEARMBENLE, (FRBEAMZ N RIF. &5, A
FEHEE . AUC. ROC MIZE4EAR, SKRIFM7iEMTERE, ARHEIX =Fifabs, ¥IEETFH XGBoost. Logistic —
R TNRRZ LT svm. RandomForest.

2. BRI E
21 HiREE

ASCHAEEE K H UCSC Xena B M 26T TCGA #df FE 1) 1000 247 B A1 2 425000, A
P UL 5. RNAseq RIS & SN =ANHSHEE, AT — RAVBRKAEL I L RFEAG I G, 193]
A 22 RE T8 R T RE A E ) e B R 4

TRV 2 B AU N AR, Bz S O R 4k, BIAERE I R K F AR, il
N L, AR EVNT TUER, ] 0, R3] 0-1 AR E . KT exon HFHHE, HTHAF -T2
AR, RIS TEZ A 2 00 9 3B AT M A 3G, SRR M SRR BN T 0.1 AR, Y =EZ
ARG HEA AR R, T LGB, BE/REIMN T2 AL E.

HIR, Al E=AEE N B AR T 22 R0, SRR s/NME 10% 148 &, #7572 BME IS
B = HEHE, 3R mRMR AT R BRSNS, =N8R4 WLk 1.

Table 1. Dimensions of multi-omics dataset

Tl ZNEFRIEERE

HEAE
¥ IR 57 24,777 identifiers x 1080 samples
RNAseq #®ik & 20,531 identifiers x 1218 samples
MR T 239,323 identifiers x 1218 samples

2.2. FHEEEEL

BARACHIE PG FTRMR L, HRRZERRRM; TERNFEL, MERRRFLEITTRIKR,
KRR G, FERRRR R BRI R ISR AR o FENLAS 2 ST A, FRAV T i B 4 1) 7 32
RAAFIX — R, I 20, I Epor 7. LASSO [IHSE; 1A SCR A2 mRMR 5
5[10], FERFESRIVSUSAAT Z IR, B — s R RHIE S H AR R 2 (A A SRR 5%, A
MEAFRWE, W ELITCREEMA RN, KRS AR =2 s, 2dverTs
ZEI Y8, ATIAFAE AL B RO e O ) R, ORI S 0 ek = LB 3 AT B 4E , ik 4% E 4531 1080 % 50
K AR
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2.3.svm t&H&Y

svm [L1]A BT b —Fh = op SR, FUAR T2 (A ARRAE 2 () (R BE Be R A 1 2036, RIVHR 31— N1
[T EE5E TRy i 1Tl I N CT] N EN 8 SN I =3 222 /s Rt e ot/ @5/ % LTF 183 3 N~ AP
BIA TR U, R AR T 2 () 0 BE B, HAS T8 1 T 7 o PRI R A s B A 2 2, TR S 2 4,
1F 3 B AR, AR A AR BRI, Rtk B H e 7%, A KKT SR S5 i) et
AL BRI R, AR . Horb, RN B R R R R g, BT AREER R R,
AR A R A% R BOR BRAR BV B A, 35 WL A% BRSO S 14 A% ek 5 (linear kernel function). 2 T %
BR % (polynomial kernel function). & #i4% e% %5 (gaussian kernel function) LA & sigmoid 1% pf 5%

2.4. XGBoost &%

XGBoost [12]4 i L& —Ff boosting 5 IEE K S 598, 5 GBDT KA F, M HFREIF R %L
PLA PR TN IE NI LA K B sh A Bk S AR X S LA 7 I HEA T — e Ak, e RER AR B — e )
BA. OBk

1) S5ATU0E, AW, AW TRAE 2> 2R A K — R, SR JE T IR B T B
WG/ RAE, 3, FIHEIN— ARSI BRI — A2 T R f0Q IR, A L —IkK)
TR 2 5

2) MIATNGFEREARTT R m AR, AHES BRI FOAEA B 5050 SRR X —REARIRE, 75
AP 2 — N RL I35 0, BN LUt B — AN A B 435

3) e, KGEEARAIE B 4 B AR, S A A 1 A
2.5. Logistic [E]Y3

Logistic [ElJA & —Ff)~ S ERIZR MRS, H T 2RIZ98, 2o HaeWr, Lo mm SR, Ko
SRR R M AU EAN R A e, 37 y N, X —FA BRI 0 2] 1 1, FERAK
LR THEZ BRI, HFHRAN R T E LR, FEE A0 58 n] 805 23 2
IESATIERIA], A FHVE T, B A S R AR B A, R IES AR — 5, it
A AR AT T T
2.6. RandomForest BE##&#k

RandomForest BEHLARMK 1] LLE 15 /2 W W 1 —Fh boosting B2 51k, BENLEECE THEAS . $51E, £
B TR, XSS, MO — ARk, IER M X — Sk mIBENLIESI N, (6% 5 ETT 5 1
HiX— i, I HEA B PR S B SRS N AR R, BEREACEE B HOR AR, bk
EEMEREE . ASCHEIRFE R LI 1.

itk IR PURACITE S I 2 Toem

Figure 1. The flow chart of methods proposed in the paper
B 1 AXFERIZE

2.7. VR HEN

ST AR, AV T, A S35 R AR (Confusion matrix) 45 Sk A HEATIPA (1L
% 2):
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Table 2. Confusion matrix

2 RIBEEME

HSE
‘ 0 1
0 TN FN
1 FP TP

HA, P (Positive): 183 1; N (Negative): 183 0; T (True): /RF M IEH; F (False): {XE T4 % ; ROC 2k (Receiver
Operating Characteristic Curve) LA 2 AUC (RecieverOPeration Characteristic): ROC B4k Ll FPR AREALFR, TPR AL
br, BEAHEBZ, ROC ML, AUC {2 ROC MIZk T A IIHAN, MEaLT 1, AR, MEHL s
RR .

3. &ig

FAEA RN 2, WHETREEIUAR, RIMEMMRRE, WmmSSudils, HEARE T &R
R A SO, FEBATRAESE U AT, B 5555 B ATAL 172 N2 Eie 1) 05 Z B 3h 1 L (L 2), L RNAseq
X AR R T 22 AR, AL A R AR R T RS B IR, A Tk,
BETXT % B H A B AT Rk . X T fm 3 BRI E B, HEHTREAR 5 Rk 4e. %k
B9y, BINGE SRR LG REFE 4:1, HX AR & (05— SBEHUAE, ORISR s e wi
JEREAARSERI R — 2, AR TRz A

variance visualization of three types of omics data

variance

1 == =

copy n'umber exbn RNA'seq
variable

Figure 2. Variance visualization of three types of omics data
B2 =MAFRENTESFEFIRK

FEUI R 58 AR T 22 3] 2, 23 390t Rl ) L MR SR BEAT SCHF 1) AL XGBoost. FEALAR#K . Logistic

DOI: 10.12677/aam.2022.119713 6727 I3RS


https://doi.org/10.12677/aam.2022.119713

e

DU Fsh Sy 005 T, ) FH A A A58 2R A5 280 P 000 &5 SR A B2 R VRVE AR R, FFiE S TP TN EH AT G L
B, AR R TS L (L% 3), M FE A XGBoost. Logistic 1 P fh 5232 i T &4 8 A T 53 4k
[LEL

Table 3. The prediction accuracy of the four algorithms on each of the five test datasets

= 3. MMEES A ERANIRE LR FUNREE

Dataset XGBoost SVM Logistic RandomForest
1 0.7813953 0.6046512 0.7534884 0.7674419
2 0.7953488 0.6372093 0.7881395 0.7674419
3 0.7302326 0.5953488 0.7860465 0.7581395
4 0.8 0.6837209 0.7920930 0.7767442
5 0.7627907 0.5581395 0.7813953 0.7534884

MEETEI(LIE 3), Wtz fAk XGBoost HiZ:, K& FR SVM Hi%, A falhZ3* Logistic
B, #2103 RandomForest 5%, [E4k y = x [REBENEI, "TLLEH, SVM. RandomForest 5
R HARRT AUC BB AR T HAR PR R L R B8/, XGBoost. Logistic 5.3 R 1) AUC {EECR, M
A A F, JERREREIER TR R,

AUC of four models
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Figure 3. ROC curve of four models
3. MEEIE) ROC hZk

4. B4

ACH =P R AR R T mRMR BE TR G, daE— BRI EdESE, K
FI1) 150 NEEAE B RHE A R o S8R5 3T 0X — 8 1 22 2H 2555080 43 Sl gk A7 DU FLAS 2 21 7 iR I 25,
W 55 A5 B AR TR ER b, o DUFP V280474 B2 LU AL, 45 21 XGBoost. svm., Logistic. RandomForest
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