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Prediction and threshold of early recurrence of liver cancer based on data mining

LIU Haiyu, QU Haicheng

(College of software engineering, Liaoning technological university, Huludao Liaoning 125105, China)

[ Abstract] The early recurrence rate of liver cancer after operation is very high. However, the symptoms of liver cancer after
operation are not obvious, and the accuracy of traditional medical methods to determine whether liver cancer has early recurrence is
not ideal. In order to deal with this problem, the information of hospital patients was selected as the data object, and data mining
technology was adopted to explore the application effect of machine learning method on disease prediction of early recurrence of liver
cancer and the optimal threshold value of early recurrence of liver cancer. Firstly, data preprocessing operations such as data cleaning
were carried out on the patient information data, and multiple feature engineering methods were used to increase the accuracy of the
prediction. Logical regression, random forest, SVM support vector machine and GBDT gradient lifting tree were compared. Finally,
GBDT gradient lifting tree was selected to build the prediction model. Four indexes of accuracy, precision, recall and AUC were
selected to evaluate the established model, and the optimal threshold for early recurrence of liver cancer was obtained, which
provided a certain reference for related research and clinical application in the field of medicine.
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Fig. 1 The Structural diagram of CART decision Tree

GBDT /2B LB THEM AT Boosting (=)
o FOBR PR ORI A 55 0 2K e At R 1 B AR S 7
TE, T A58 702 i 25 4005 152 22 BR B0 15 0 1 1)
B7E (BR 22 e T E 5 HSEH Z M AR 2 ) , H
55 43 2RI R IUE AR 4 B Sk dn
T

BRIMNGREEREAR: D = { (x,,y,) , (x,,7,) ,,
(%,0,7,) |, RIERIREBCN T, f b iR 2] &5 4
flx) o DB BB R IR N «

L(y.f(x) ) =log (1 + ), (1)
(1) WhG 5527 > s«
f(x) = arg mcin;L(yi,c). (2)

() MERRE e =1,2,---,T:
ORFEA = 1,2, m HBEAREIRE .
aL(y,f(x,) Yi

e {fy(%)} FCO =i G T 4 i) 3)

QM (x,,r) (i = 1,2,+,m), BE&—
CART 1R, A5 2056 ¢« BRIEAR, HXF R A 5
SIS (= 1,2, 0) o Hed A IIASE ¢ p
T A

@XM FIXIH j = 1,2,---, T, HERAERE
PEE

¢, =argmax M,
M= log(1 + ¢ 1¥me 1
Xp=ry
> (r)
X €Ty

~ , 4
Y Lr 1 (1 =17, 1) )

Xj€ry

B 2 2] 2
J
f(x) =f_,(x) + 2 c,/(x € R)), (5)
19 3]smaz A de Rk,

Ty
f(x) = fi(x) = folx) + Z Z c,l(x € R,). (6)

i-1 j-1




5 8 1]

XEFER , 25 o BT RS2 4 4 e 70 52 2 B -5 B (ELATT 52 37

2 WEEE

2.1 HiETmALIE

TESEAT SC R AR A T, 38 2 A A IR iR EE 3R
DIk BIABEE R A 2 N AR SEE B, ik
PEO IS MR AL BT X . A SGEFEAE T Excel &5
B, mT LRI B AR AE AT 8 SR A B,
LS Rm 1D | PERIA5 B o AR i A i
AR R R /N A R R AR AR A i B A AR o
FH T SR AR i ) R A T 0%, DRI R 2 X
SO A AR 1 SRS — SRy AT D B A B s 7
HRY % 2k R B AR B ER 43 1AL B A A R B L
£1,

£1 WMABHBSBBERET

Tab. 1 Partial data presentation before data preprocessing

1D B RN a/em B K/N e/em R AR/ A
1 2.5 NaN 3.0

4 3.4 NaN 28.0

5 3.6 NaN 1.0

30 2.4 1.8 1.0
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Tab. 2 The data type of partial data
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Tab. 3 Partial outlier data display

JE Tk LlINER/ Y o AR AST ARHi AFP
Count; 1 733.000 0 1 381.000 0 1 231.000 0
Mean ; 0.025 9 37.295 1 1 077.540 8
Std 0.159 0 33.5399 17 890.433 0
Min 0.000 0 9.900 0 0.570 0
25%:; 0.000 0 20.800 0 3.710 0
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Max 1.000 0 434.900 0 611 000.000 0
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Tab. 4 The missing number of partial feature
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Tab. 5 Partial data Minmax data normalization results

ENI=E i AHI GT ik R RE K
0.332 036 0.190 334 0.0 1.0
0.426 938 0.346 659 0.0 1.0
0.325 952 0.381 265 0.0 0.0
0.472 495 0.276 777 0.0 0.0
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Tab. 6 Evaluation index results in different characteristics

e Accuracy  Precision Recall AUC
fEEERCR 0.690 1 0.751 1 0.556 9 0.732 3
HEHE 0554 1 0.548 0 0.542 5 0.589 8
AHEFE 0.6759 0.699 7 0.601 3 0.740 5
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Tab. 7 Learning model evaluation results

BT Accuracy — Precision Recall AUC
BHMIH 0.6759 0.699 7 0.601 3 0.740 5

SVM 0.561 8 0.681 9 0.583 1 0.673 6
BEMLARMR  0.699 1 0.709 6 0.658 8 0.743 6

GBDT 0.695 2 0.720 4 0.631 4 0.765 5

F TR o A LN PR 22 | 22 [T JE A SVML 32
R LR BA AL 22 3k 7 al LUE ), R
S RERD FEALARARA GBDT A8 EESE TR 7EIAT 55 |
FEINARERE , P I8 5 51X P AR R 47 I 25 5
it

N T RR N IR L B, B TR BE
PEATVERE A PR, T 0 i AN R A B, b K
FYE bR B R 26 1F R AR A 2 B AUC 73
B A Z BE BN R B E AT HE R, 15 2
R BIE, O T kS AR S S 4 R AR E
XA BE AR T B BAE BELHE Y, 2547 T = H0k
T B Z A0 I EEE N R R

3 XBREERSW

3.1 TIEEHER

AR YR S5 43 BT BT FH 0 9 i 4 B 2 DA xls SCRY
HIIE X RAE B9, AT LA Python H 47 ) Pandas AbFE
BHnt— 78R — W ARV i 5%, & H AR
7 R ARG ) 25 AR B 5 B — 8 R — A 0GR
B ALARARIY ) A A B RN R B S T
B EARITE R, A R R WK 8,

AT VR B3 1 734 47 .47 31, B
SR B A 3 91, Al S HE bR A 39 811, I A O
TRbRA 4 511, el W BdRgE R 2, nl DR 3
A EAE S e K, IE RAEARRGE L 1 1, Fdi A
Xof -



40 B o /5 M5 MM

RS

®8 HRHERRER
Tab. 8 The basic description of the data
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Tab. 9 Model test results
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