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Establishment and evaluation of early prognosis models of acute intracerebral hemorrhage

based on support vector machine
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[Abstract] Objective:To compare the performance of predictive models which were established by support vector machine (SVM)
and traditional logistic regression and to study the new method of early prognosis in the patients with ICH. Methods: Totally 339
patients with ICH were collected and followed up the clinical outcomes for 21 days. Using the random number method,the original
sample was divided into two groups according to the proportion of 3:1. One group (254 cases) was regarded as a training set for
screening the variables and establishing the prediction model and the another group (85 cases) was used as validation set for
evaluating the model effect. SVM and the conventional statistical methods of logistic regression were used to construct the predictive
models. Results: Through the discriminant validation of the forecast of 85 patients with ICH,the predictive ability of SVM1 was the
strongest in the four models. The accuracy and Youden index of four models were as follows, logistic regression;72.9%(62.0%~81.7%) ,
0.441(0.249 ~0.633) ;SVM1:82.4% (72.3% ~89.5% ),0.632(0.465 ~0.799) ; SVM2.78.8% (68.4% ~86.6% ),0.557 (0.379 ~0.735);
SVM3.78.8% (68.4%~86.6% ) ,0.563(0.385~0.741). Conclusion; The model based on SVM could better predict the early prognosis
of the patients with ICH. The efficacy of SVM model is superior to that of logistic regression model.
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Table 1 Univariate analyses of 254 patients with ICH to

screen the model variables

FALISES B WG BRI (n(%)] x> 18 P
FR I 5 4814 0.028
x 192 106(55.2)
H 62 44(71.0)
PR M FBG, mmol/L) 7.421 0.006
2.8<FBG<7.0 180 116(64.4)
FBG=7.0 74 34(46.0)
4 H 14 4.160 0.041
EH 179 113(63.1)
ot 75 37(49.3)
KA 14.964 <0.001
X 178 119(66.9)
H 76 31(40.8)
R AN 11.316 0.001
1B 198 106(53.5)
ot 56 44(78.6)
S I (mL) 24.587 <0.001
<30 215 137(63.7)
30~50 26 8(30.8)
>50 13 5(38.5)
ki 7K o 2% 21.117 <0.001
Te g7k i 46 32(69.6)
I IR 2% i 104 71(68.3)
2+HINEZ R 63 35(55.6)
3+ AL 41 12(29.3)
TR R K ) 97.031 <0.001
il 111 101(91.0)
-5 4 74 36(48.7)
A 50 11(22.0)
My EE A 19 2(10.5)
A 10.799 0.029
7N 15 13(86.7)
it 27 19(70.4)
E-i ) 162 93(57.4)
Fe i 28 13(46.4)
i+ 8 7(87.5)
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) +4.746x (H% T Y ) +0.943 x(FF 7 40 i 3450 +

1.086x (& #4)+0.910x (JIH &) -0.81 Ix(FGIT H 5 ) -
6.095, Hrft PR (RIS A R ) M3,
0.5 AW AE, Bl P=0.5 BENBUG AR P <
0.5 IR TG RAF B RIESEREA 85 6l & i 5
AT R I ZE R WK 3,
2.3 SVM AR FRM 2k REN

FT2ANE ICH B3 A BEET 400 45 454 L S
[A] SVM BRI >S8R (SVM1:¢=0.03,C=
1;SVM2.2=0.03,C=1;SVM3.¢=0.03,C=2), 435k
ST 34 SVM Fui AR A H—E R HZ &K Logis-
tic (Al 1Y 5 AR TR A RRAE 1] fE A T I 25T
IR SVML; H TR B R R AT E R 9 A4~
7 g VR SR A 1) d fE AT U0 25 9 ST A AR SVM2;
SVM3 ¥ 43 26 M MEFE AR 1E A A In] & 64T
YR ABETY AR A7 1Y 3 /1 SVM ST AS Y Xof
UG UESEAEAS A T , 25 SR LK 3,

3BT, SVMI T N RBUE | R
HEH R0 & Youden 488007 M 300 T HoAth 3 M4
AU SVMIL 1Y F5000 ) 5 GE ) 02 4 A BEA R R iy,
Youden F§%% 4 0.632(0.465~0.799) ; SVM2 Al SVM3
AT 285 R A iz, 2255 A T Youden 48
B9 0.557(0.379~0.735) 1 0.563(0.385~0.741) ;
RIGHRER Y Logistic [A[IHAHE ,SVM A E B
) SR 53]

3 3 i

A5 N TR B Y SVM O Bl
IR AZ Y8 I T EOR T, B 7 B 2 el b A
BRI B AT LA Bl RS 25 52 A i EiE
X LA BT R AR AR | DA ELA (R 1914 s LA 1Y
U A

SVM Hi Vapnik"7E 20 42 90 4-/0H2H | 2 7E
A BRAEAS A AL 27 2] ) R b ST 08— Ffoin i B =X
WUk, BRIz AR S IR e TR RS 4
SRR S . ARG ST I AL, SVM 1
A LAZ 56 XU fre /M S U kg Bty T S AE S
) BB FNZEA A AR e IME I 22 | H 32
REJR BT XS 00 2R R, M AR A T8 5 = e M 7 o 7
B A R AERRRAESS (8], SRS TE XY RE A 25 (8]
Hh FH— D U T AR P 23 DU TE B
AN AT SRR 2 SVM TE MR D/ INEEAR RSt I
R A PN T R B 2R A R fF G B
SRR A PR RRER T, OF Bz o7 ik 5 S (A
TR G IEATHE) . HRT, SVM & 2500 i fi



536 B4 1 SRR, 2 2, 2y A ST SCRp ISR Skt e e - 0 B 8

2016 4 1 1 (ST SR (). B BRI (A SRR ,2016,36(1) : 80-84 - 83 -
£ 2 ZFEZE Logistic OAfFETE
Table 2 Toscreen variables by multivariate logistic regression

A EVEES i PR X MH PiE OR 95%CI
o RUR 2SI W43 43 4% (43) 61.878 <0.001

R (14~26) 2.633 0.454 33.619 <0.001 13.922 5.716(33.908)

I (27~39) 3.910 0.547 51.187 <0.001 49.919 17.101(145.714)

W (=40) 4746 0.916 26.862 <0.001 115.072 19.125(692.377)
rRHER AR (= 70%) 0.943 0.473 3.968 0.046 2.567 1.015(6.493)
KA 1.086 0.386 7.941 0.005 2.963 1.392(6.308)
JIE [ B ( =5.2 mmol/L) 0.910 0.464 3.849 0.050 2.484 1.001(6.167)
SIS -0.811 0.374 4701 0.030 0.445 0.214(0.925)

ARt KA « T RS2 T 0 0 R (LVR B S L SR WS 8387 ) s A (A =1, T6=0) s 16T T R (TG RS =1, TH E=0) ,

®3 BUNEBETNE REBRITEN

Table 3 Results and predictive performance of the prediction models

Tm{E WA ; Wﬁm SRl R (%) FESBE (%) R (%) Youden #5%X
Logistic [a114 64.9(47.4~793)  79.2(64.6~89.0)  72.9(62.0~81.7)  0.441(0.249~0.633)
HEAR 24 10
WiE R4T 13 38
SVM1 75.7(58.4~87.6)  87.5(74.1~94.8)  82.4(72.3~89.5)  0.632(0.465~0.799)
=Y NS 28 6
WiE R4T 9 42
SVM2 70.3(52.8~83.6)  85.4(71.6~93.5)  78.8(68.4~86.6)  0.557(0.379~0.735)
=Y NS 26 7
iE RA4T 11 41
SVM3 73.0(55.6~85.6)  83.3(69.2~92.0)  78.8(68.4~86.6)  0.563(0.385~0.741)
AR 27 8
ia RAT 10 40
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