%16 % 453 W YR B Vol.16 No.3
2018409 A Chinese Journal of Bioinformatics Sep. 2018

DOI:10.12113/j.issn.1672-5565.201711002

BETEBR SO MEZNRLX S ESRRETRE
HBV 5B & 53 2 f il

EXKHE X" B
(1.FE T K2 (B, BerE 2503532, I AR Mg EE xR X, 35/ 250117)

W OE.RAMMNE(PLC) BEARHMTY & LA %% (HBV) B #0E £ —f % L3R E, XM oy TN 17 47 86 I8 1% &
R RHTE, ARV . ZRWHERESY W HBV BB O TS E, B8R 2 T4 R 2 24T (NCA) By FAES 35 7
B HBY B E M A E & AR EH A, 2 )6 205 2 3 4 Bayes th L 3T 5 8 38 m BEALAE A (SVM) Af3x 2 % 42 4R 4F T &
R AN AE EHAT 2 L TN, L% 45 £ 5% . ¥ HBV DNA A -F KPS iF 4, 4 £ 7 & 4b sk 3 V25 Bk 8 4 31 TNM, Child-
Pugh 48 2 % HBV BB Al E &, P E NCARMEXFZF LI V2SS ZECEFRREERLEHA R P EREY
AR E R, 10 47 X IE T4AAE4 & HBV DNA K- Shikaa Fb V25 By TR E & 3k 86.11% . 3¢ E Al 2 & 7 DR
WA TZAFRRETRENAL LB R ERTEAGETERR N L,

KR LA M KA (HBV) ;2048 R 2T (NCA) s AR 35 5 3% 1 E AL

FE 42K S . TP391 XHERFRERD . A XEHES.1672-5565(2018)03-163-07

Classification and prediction of HBV reactivation after radiotherapy of
primary liver cancer based on neighborhood component analysis
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Abstract ; Hepatitis B virus (HBV) reactivation is a common complication in patients with primary liver cancer
(PLC) after precise radiotherapy. Predictive protection can reduce morbidity and mortality. In this paper, we first
found the risk factors and characteristics of HBV reactivation by a new feature selection method based on
neighborhood composition analysis. Then the support vector machine classifier (SVM) was established before and
after Bayes optimization. Finally, these key feature subsets and initial feature sets were classified and predicted. The
results showed that HBV DNA level, KPS score, segmentation, extroversion border, V25, tumor staging TNM,
and, Child-Pugh, etc. are the risk factors of HBV reactivation. V25 found in this paper after NCA feature selection
was the risk factor firstly proposed in the study of HBV reactivation. The prediction accuracy of the characteristics of
the combination of HBV DNA levels, extroverted border, and V25 under 10 fold cross validation were up to
86.11%. Support vector machine classifier can be applied to the study of HBV reactivation, and the key feature
combination after feature selection has better classification performance.
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Table 1 Feature numbers and the corresponding medical name

FHE S5 P22

1 el

2 AR

3 KPS #¥4)

4 HbeAg

5 IR A
6 Jid9ed 4335 TNM
7 Child-Pugh

8 & AFP
9 HBV DNA /K-
10 BT R
11 SERUEYIR
12 TR EK
13 JESTRT TACE
14 Win W E-N

15 GTV ﬁifﬁ( gross tumor volume )
16 PTV & FH( planning target volume)
17 LV sukis
18 V5

19 V10
20 V15
21 V20
22 V25
23 V30
24 V35
25 V40
26 V45
27 B PNk
28 SR

22 SEIAE

AT NCA BRI ZR 0 -5 A (BT R A 452 bR
BAERIBGT AR 0T (NCA ) X S A ERAE 25 [R] A T4
fiERERE , e B0 HBY PRG0S AaR R 2= 4L80s i
TERHIE T . TEXZRTFER AT b 438 SURIE ke 5%
NCA FIIEMMESELA | BARTAEIA 1 fis,

¥late AE

g

TIEE A R
INERENEE (]

g

iRk iR AE AR

g

ST NCA FiFY
YR TM
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Fig.1 Process of adjusting the A value
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Table 2 Regularization parameterAvalue to choose

2

s AME A MME
1 0 11 0.083 5
2 0.0084 12 0.091 9
3 0.0167 13 0.100 3
4 0.025 1 14 0.108 6
5 0.033 4 15 0.117 0
6 0.041 8 16 0.125 3
7 0.050 1 17 0.133 7
8 0.058 5 18 0.142 0
9 0.066 8 19 0.150 4
10 0.075 2 20 0.158 7

(2) SRAf R AR IR) BT LA S8 IO ot £ S R AR
5 RHE T A TS AR HREAE A B B ST
PR o T SR ) S 4R I LA [R] B X 0 2%
PIINGRREA S Al 2 FR
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BT S B KRR AR 2R
JHF 905 20 AN FE AR ARSI 20, LR AR
FY=1, RBE N REAR SR R 70, BLRREASR
WON V=2, FEARKE P=90, B F1H N we+b=0;FF
A B R BN

B2 ZfFmENER

Fig.2 Support vector machine model
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Fig.3 Bayesian global optimization algorithm
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Table 3 Classification and prediction results of unoptimized SVM

BALRHE T4 " _ _ I _ ) _
) WERRR (3 $1/5 $1/10 37) FESE(3 $/5 1710 91) R (3 /5 i/10 9r)
WIIRFHIESE
917 0.800 0/0.843 3/0.815 6 0.939 1/0.961 4/0.951 4 0.342 9/0.430 0/0.340 0
9 0.755 3/0.747 8/0.753 3 0.969 6/0.937 1/0.962 9 0.051 4/0.085 0/0.020 0
3917 0.805 3/0.818 9/0.804 4 0.972 2/0.970 0/0.960 0 0.257 1/0.290 0/0.260 0
69 0.800 7/0.815 6/0.806 7 0.967 0/0.972 9/0.965 7 0.254 3/0.265 0/0.250 0
67917 0.786 0/0.803 3/0.784 4 0.955 7/0.938 6/0.931 4 0.228 6/0.330 0/0.270 0
39 0.824 0/0.836 7/0.837 8 0.974 8/0.968 6/0.980 0 0.328 6/0.375 0/0.340 0
3914 0.802 7/0.811 1/0.813 3 0.945 2/0.942 9/0.957 1 0.334 3/0.350 0/0.310 0
91417 0.792 0/0.808 9/0.833 3 0.950 4/0.945 7/0.954 3 0.271 4/0.330 0/0.410 0
6917 0.779 3/0.795 6/0.817 8 0.950 4/0.944 3/0.960 0 0.217 1/0.275 0/0.320 0
691417 0.784 0/0.793 3/0.802 2 0.960 0/0.958 6/0.965 7 0.205 7/0.215 0/0.230 0
36917 0.792 7/0.802 2/0.802 2 0.967 0/0.957 1/0.960 0 0.220 0/0.260 0/0.250 0
67 0.788 7/0.810 0/0.808 9 0.957 4/0.952 9/0.962 9 0.234 3/0.310 0/0.270 0
79 0.766 7/0.782 2/0.786 7 0.944 3/0.947 1/0.934 3 0.182 9/0.205 0/0.270 0
367917 0.770 7/0.791 1/0.788 9 0.973 0/0.982 9/0.982 9 0.105 7/0.120 0/0.110 0
679 0.756 7/0.795 6/0.795 6 0.933 9/0.955 7/0.960 0 0.174 3/0.235 0/0.220 0
369 0.773 3/0.784 4/0.773 3 0.950 4/0.947 1/0.951 4 0.191 4/0.215 0/0.150 0
914 0.748 7/0.730 0/0.726 7 0.960 0/0.922 9/0.928 6 0.054 3/0.055 0/0.020 0
91722 0.820 0/0.840 0/0.861 1 0.963 5/0.964 3/0.988 6 0.348 6/0.405 0/0.470 0
3691417 0.795 3/0.806 7/0.822 2 0.967 0/0.967 1/0.974 3 0.231 4/0.245 0/0.290 0
37917 0.786 0/0.793 3/0.804 4 0.969 6/0.968 6/0.982 9 0.182 9/0.180 0/0.180 0
67914 0.745 3/0.756 7/0.731 1 0.933 0/0.934 3/0.911 4 0.128 6/0.135 0/0.100 0
()RR RS 0.766 7/0.777 8/0.777 8 1.000 0/1.000 0/1.000 0 0.000 0/0.000 0/0.000 0
%z 4 Bayes fL{LHY SVM 43 KT L R
Table 4 Classification and prediction results of Bayesian optimization SVM
T T4 WERRR (3 47/5 #7710 #7) e (3 47/5 #7710 1) RANE(3 /5 Ti/10 31)
917 0.812 7/0.831 1/0.855 6 0.944 3/0.957 1/0.974 1 0.380 0/0.390 0/0.450 0
9 0.766 7/0.774 4/0.777 8 0.963 5/0.995 7/1.000 0 0.054 3/0.005 0/0.000 0
3917 0.798 0/0.821 1/0.824 4 0.985 2/0.985 7/0.988 6 0.182 9/0.245 0/0.250 0
39 0.829 3/0.838 9/0.844 4 0.973 0/0.968 6/0.961 0 0.357 1/0.385 0/0.440 0
3914 0.815 3/0.826 7/0.842 2 0.944 9/0.962 9/0.961 9 0.351 4/0.390 0/0.430 0

91722

0.820 7/0.843 3/0.835 6

0.923 5/0.922 9/0.914 3

0.480 0/0.480 0/0.510 0
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Table 5 Bayesian optimized parameter values

AL T4 Sigma 5 Box {8
917 17.998 4 9.243 1x10°
9 48.784 0 3.878 5%x10°
3917 1.011 6x107* 0.619 9
39 2.382 9x107* 6.337 7x10°
3914 0.009 4 322.770 7
91722 43.002 1 2.825 6x10*
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L BP0 R IE AR5 b IR A R A N i 4 25
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A, FRESRS 9 BRI RIS R 2 19, k2 il
HBV DNA 7K 52 M3 B0 7 J5 HBV F-30 1Y
KRR, 3 PTES P8 IRUE T FE R A S
9 17 WY TG FE N 84.33% F5fiF T 414 3.9
2 TNRS B R 83.67% FFAEFHE G 9.17.22 1Y
SYAETRMKERE g 84.00% o TE 10 #7238 LI UE T RAE
THEAH 3.9 MoK B h83.78% , it T-4E 41
B 9.17 .22 WY 2 F0MORG B2 AT 3k 86.11%, LA XL
ANREEF SR ZH G (0 F00I0A 2 W) e T AR i
SN A I TNRE B2, i AT DS HBV PR Y ¢
HER IZ R T HBV DNA /K EAMNEA KPS $E4> 4%
I SN R V25 AF T E G I PR R KT
KF R TFEHA R 917 .22 MR EAL T Hof 4
TELLA  7E 10 738 SUBAIE N F-HIRE 00 5 T3k 47% .,

F6 BEIFIRSKETXNAFIERF
Table 6 Danger signature number and corresponding

feature factors

RFAES 5 EAE DI T
3 KPS 43
6 Jigg 43181 TNM
7 Child-Pugh
9 HBV DNA /K-
14 i VE:N
17 AN T
2 V25

4 RBERIE T S AE 28 Bayes MUALZ IR 1
SVM FER R iy 432 R B, i 4l Al 1, 25 HBV DNA
IR b S S K DN ZOR R B, 2 At =2 1Y
SVM FERA EELE 3 47 .5 47 10 Pr3c LRAES R T
AR TORMEALRY SVM FEINHER B . o 5 P52 X
Bk ™, LA EEAEAE TS &5 1 2.66 4~ 7r iid, Hh

KPS 1143 HBV DNA 7K~V AMiftid F2H sl my i s P 2=
HATE 10 P738 LEAE T, b )a e fb g & 1 2
NAES R KPS PE4r HBV DNA /KF- 4% 5 =
MR fER N R A A AE 10 I8 XIAE R, L) kb
PEALHTHE R T 2.89 N E 4w, T HBV DNA 7K
HNIGH AR FE R R R AT 10 T8 XEGIE T,
AR AL RT3 T 4 AN E 43, M R R A
K 7 10 P8 XRAIE T, A CHERRIE TR A
AR R T B2 B 4 i T UL AR T, 7T UL Bayes 14k
PR SR I LS B0 T4 5 FLBH R A 1 IE 12
W&, 25 F iR, HBV DNA ZKF-Af DA
MR HBV PSS S /el 2 KPS 43 AMik
B V25 JERZ HBV PO 1 CEE R 22 | 1 4107
R M43 TNM  Child-Pugh W25 0 HBV FRETE
PEZERE,

5 #EWiE

BT £ AT 2 0 75 PR , PR AR A
JEA SR A 5 AR IR T B TR 52K
BT 2 )5 I e A SRR AL , A S 2 d
RV AR 53 73 A 5 2 & B HBV DNA JK-F- (KPS 1
o3 oy SN SE V25 i 53 38] TNM Child -
Pugh SF#F 2500 HBV FR0E 0GR N 3R Fhd
AL BODEAL R Y S35 1] S LA 23 31 % B2 B 14
I ARV AR 19 4145 2R 47 70 26 0N, 45 R 3R W HBV
DNA K SMiGA S V25 2R RAE F S 0 7 2R 3R
BEALTHARH S . 10 P32 I AL [ & HBV
DNA 7K A1 il 2 V25 2 B TIOIORS B e ik
86.11% AT 2B IR I3 73 M 12 S — P AT S8 B AR 8 4% J7
%, AT RS2 DTS S Bt—E A D
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