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FOUAEL | S PEFOAE F1 23 BORER FORIPAG BB RE . S5k 2 986 Wil E W AARWT I, Hirp 251
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[ Abstract | Objective To explore the feasibility of constructing prediction models of postoperative
sepsis mortality risk based on machine learning in patients undergoing abdominal surgery. Methods A case-
control trial was designed and conducted on the patients diagnosed with sepsis after abdominal surgery from
Medical Information Mart for Intensive Care IV ( MIMIC-IV ) database, and 90-day mortality was defined as
the primary endpoint event after hospitalization. The dataset was ramdomly split into training (70% ) and test
(30%) datasets according to wether diagnosed with postopertive sepsis or not. On the training dataset, logistic
regression (LR), gradient boosting decision tree ( GBDT), random forest ( RF), support vector machine
(SVM) and adaptive boosting ( AdaBoost) were used to develop the prediction model for death. The area
under the receiver operating characteristic curve ( AUC), sensitivity, specificity, positive predictive value,

negative predictive value, accuracy and F1 score were used for model evaluation on the test dataset.
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Results A total of 986 patients were finally analyzed, of whom 251 patients (25.5% ) died within 90 d after
hospitalization. The AUC values of LR, GBDT, RF, SVM and AdaBoost prediction models were 0. 852,

0.903, 0.921, 0. 940 and 0. 906, respectively. The model based on SVM yielded the best AUC value,
higher differentiation and better prediction performance, while LR performed the worst among them. Conclusion

The performances of the prediction model of postoperative sepsis mortality based on GBDTT, RF, SVM and

AdaBoost are all better than that of traditional LR model, which may help to assist clinical decision making

and improve adverse outcomes.
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A FRTHEPE 4> 1T (simplified acute physiology score I,
SAPS-11) 2t AE B2 FAg P (e R BC P 23 1T (acute
physiology and chronic health evaluation 11 ,APACHE-TI )
N A B 147 (sequential organ failure assessment,
SOFA) & (H B AR 2 & 5L T HE I 47 % (intensive
care unit, 1CU) BF BT, RBEEN X ARG s IiE &
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22565 1 B E R ¥ 995 43 28 (international classification of
diseases-tenth revision, ICD-10) 5 %8 AR & & 1A [H
FKISHATIA BT AR JFIRTFAR TR BRR
BTN LMAFERGET AR AER>18 % 2 W) & Ik
BEAE ™ MREEIE R TE R 505 A58 MR EEIE 3. 0 121
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MIMIC- IV Eudfs BB C S 00, AT IE SR 4R T 4 26
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PR B4 (body mass index , BMI) ; @ AR Hij#6:56: ( LI
BT R TT Ih i ) f Jf B — g ) P Wl TR
(alkaline phosphatase, ALP ) . Ifil /. Ifil &0 . Il & . JR &
F L/ B 3 % (platelet, PLT) | 5 40 g 31 %5 ( white
blood cell, WBC ) . #E Ifil i J& b5} [A] ( prothrombin time,
PT) .3l ik ifil & 5% & ( arteria blood pondus hydrogenii,
PH) .3hffkifl CO, 43} (arterial partial pressure of carbon
dioxide ,PaCO, ) . gl Jk Ifil .43 [ ( arterial partial pressure
of oxygen,PO,) Il FLFR (lactic acid, Lac) . H 457 48 ity
559 B2 48 g bt ( neutrophil-lymphocyte ratio, NLCR) . Ifil
2145 H (hemoglobin , Hb) | [E FrFr 4L H{H (international
normalized ratio, INR) £ 40 }fI [t %% ( hematocrit, HCT) |
1.7 255 B8 . I L BT ( creatinine , sCr) . Ifil jR Z % ( blood

urea nitrogen, BUN) | 5 HZT. 2% (total bilirubin, TBIL) |
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K SPSS #4-( V. 26.0,IBM) F1 R #f4:(V.4.2.2)
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THSAHEAN— MR R LR 1, SAE484E
FEL , SET- 2 B 2 WHEL 2 I SOFA 743 (SAPS-TT
P43 \OASIS 45 Fil IfiL 7L B2 7K F- 58 &1, /A DIC I
TV U 1R R | I s 0 T L e & )
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*1 BEBFARGRSERCHSHEERAN—BERILE [M(Py,Pys) ,#1(%) ]
it T4 (n=251) A (n=735) P
RS % 69.33(60.23,79.73) 69.56(58.77,80.41) 0.818
BMI/kg » m™ 27.61(23.83,32.78) 28.16(24.67,33.33) 0.263
Lk 120(47.8) 353(48.0) 0.952
WK 26.0(21.0,33.0) 22.0(17.0,28.0) <0. 001
295 APt 161(64.1) 501(68.2) 0.242
G IHAE
DIC 31(12.4) 16(2.2) <0.001
Y- 122(48.6) 277(37.7) 0. 002
FlL 77(30.7) 200(27.2) 0.291
I B8 161(64.1) 258(35.1) <0.001
Wb 87(34.7) 160(21.8) <0.001
Wi IR 79(31.5) 230(31.3) 0.957
COPD 42(16.7) 78(10.6) 0.010
e 197(78.5) 457(62.2) <0.001
JF I 9 9 98(39.0) 125(17.0) <0. 001
S g 79(31.5) 162(22.0) 0.003
A i g 176(70. 1) 284(38.6) <0.001
FARHAL <0-001
SRR A 67(26.7) 260(35.4)
THAMARZETFAR 2(0.8) 6(0.8)
JFA 1(0.4) 3(0.4)
WIRAZFAR 16(6.4) 160(21.8)
HIEFAR 165(65.7) 306(41.6)
NGRSO
ALP/U - L™ 128.0(73.0,249.0) 120.0(74.0,234.0) 0.756
1l %4/ mmol - L7 137.0(134.0,140.0) 137.0(135.0,140.0) 0. 360
114/ mmol - 1! 4.20(3.70,4.70) 4.0(3.60,4.40) 0. 006
1144,/ mmol - L7 104.0(99.0,108.0) 104.0(100.0,108.0) 0.947
JREE/mg - AL 30.0(0,30.0) 30.0(0,30.0) 0.274
PLT/x10"? - L™ 185.0(110.0,274.0) 196.0(139.0,284.0) 0.013
WBC/x10° « L™ 10.10(5.80,17.50) 12.70(7.90,18. 80) <0.001
pl/s 15.90(13.20,21.30) 15.10( 13.20,17.50) 0. 004
pH 7.32(7.21,7.39) 7.34(7.28,7.40) <0.001
PaCO,/mmHg 41.0(34.0,47.0) 40.0(35.0,45.0) 0.265
Pa0,/mmHg 94.0(67.0,186.0) 93.0(51.0,179.0) 0.346
Lac/mmol - L 3.60(1.80,9.0) 1.40(1.0,1.80) <0.001
NLCR 0.83(0.58,0.93) 0.84(0.66,0.96) 0.200
Hb/g - dL™ 10.30(8.70,11.70) 10.80(9. 10,12.30) 0.017
INR 1.50(1.20,1.90) 1.30(1.20,1.60) <0.001
HCT/% 32.0(27.10,35.90) 32.90(28.20,37.20) 0.031
1M A4/ mg - dL™! 116.0(90.0,155.0) 122.0(100.0,158.0) 0.034
sCr/mg + dL™' 1.20(0.80,2.10) 1.10(0.80,1. 80) 0.071
BUN/mg - dL™' 27.0(18.0,45.0) 22.0(16.0,38.0) 0.002
TBIL/mg - dL™* 1.60(0.60,4.50) 1.60(0.60,4.0) 0.421
AST/IU - L™ 59.0(28.0,135.0) 54.0(25.0,133.0) 0.402
ALB/g - dL™ 2.60(2.20,3.10) 2.80(2.40,3.30) 0.003
NN iy
izt SOFA/ 4y 5.0(3.0,7.0) 3.0(2.0,5.0) <0. 001
SAPS-11 /%) 57.0(47.0,69.0) 42.0(34.0,52.0) <0.001
GCS/ 4y 15.0(14.0,15.0) 15.0(15.0,15.0) 0.155
OASIS/ %3 45.0(37.0,51.0) 36.0(29.0,43.0) <0.001

BMI: f4 Jit 4% £, DIC : SR 4k o % 195k o, COPD) ;5% b [ 58 bk i 7k % , ALP ; 20bE 3% 8 B, PLT: o/ 413t 46, WBC: & 29 it 4,
PT. % o 85 /% B 18] , pH ; 3 Bk fe B2 4%, PaCO, : 3h Bk e = R AL 8% 5 /&, PaO), : 3h Bk de 8.4 /& , Lac: o $LER , NLCR ; ¥ 14 4 49 i 5
E et Hb: f 4 & & INR: B AR EAC AL HCT 40 20 i b0, sCr: S ILEF, BUN : do Jk % %, TBIL: %Az r % AST. 53 £ 5
B, ALB. & & & ,SOFA . 55 5B R BF 4, SAPS- 1T : 4L 2k 2 52 5 4 3% & 11, GCS: #4545 27 B i% #F 4, OASIS: 4 % 2 Mk
A
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B &sepsis3.0i2 iR (n=4 149)

(n=56747) )

H:
REVEEIRBERATRRR (1=1 467)

ARIBFESHES (n=671)
WORETCABRITSONEAE (1=1 025)
( RIERSEIE (1=986) )

! !

( wmeme2s) | #mEEe1s)

2 EGITEERIEE
2.3 EBAME

FEMRR S 10 TE P0G 5 R B IR A A
Ja MEFEAE SRS 90 d SETRIW AT AE 1. a0k 3 Fiw,
LR .GBDT .RF .SVM % AdaBoost #5714 AUC {&IKX N
0.852.0. 903.0. 921 .0. 940 #1 0. 906, H: 1, SVM fiy
AUC S5, M T Hofth 4 FhbLaR 2 S4B 1) [X 43 o
=, B PERE AT (& 3) o [AlE, SVM Ay iy %5 PPV
Je F1 48ty T Hopth 4 FiBRL, Hox) By BEAS 0 1
A B 1) ¢ i, L XE FH R A R 1 ) BB T B T
GBDT (1) 2 0% 50 /=7 , B B % fcih % 3048 T XU /&1 119
BE . BER L3 4 Bh AR Ay o) S AR AR Y T K g
PIHAE SR LR AR T 5, H SVM B9 F P RE T 4 A

2 LASSO SR EREREH

A FHE R A FRIE R AL
AR 0. 000 000 00 PT 0.011 876 89
BMI -0.001 201 15 pH 0. 000 000 00
5 0.185 971 33 PaCo, 0.001 417 75
B 0.018 685 82 Pa0, 0. 000 000 00
ABE -0.039 617 03 Lac 0.469 754 18
DpIC 0.348 786 15 NLCR -0. 000 638 85
DR 0. 000 000 00 Hb ~0. 009 728 46
7 0. 000 000 00 INR 0. 000 000 00
I 285 0.577 193 47 HCT 0. 000 000 00
TR 0.441 228 39 N2 4% -0.002 076 03
VaAne 0. 000 000 00 sCr 0. 000 000 00
COPD 0.497 430 35 BUN 0. 000 000 00
W 0. 000 000 00 TBIL 0. 000 000 00
LR 0.359 474 29 AST 0. 000 000 00
iR 0.110 268 12 ALB -0.064 269 11
ALP 0. 000 000 00 AT I 0.394 188 04
14 0. 000 000 00 FAREBNL 0. 153 065 53
gz 0. 000 000 00 Wizt SOFA  0.057 620 16
& 0. 000 000 00 SAPS-T 4 0.037 894 51
REH -0.001 465 97 GCS ¥4y 0. 000 000 00
PLT -0. 000 206 84 OASIS P43 0. 006 350 74
WBC -0.016 378 27

HRERABTATHEZAELEZ WA E

1.0 4
0.8 -
e 0.6
T 0.4+ £ LR (AUC=0.852)
GBDT (AUC=0.903)
0.2 4 —— RF (AUC=0.921)
—— SVM (AUC=0.940)
AdaBoost (AUC=0.906
0 T T T T
02 04 06 08 1.0
1455

W, B3 SHERTMNESFARGKRSEIN dIETH
ROC %
£33 5 HHEREIHOTNER LR
TR AUC,95% CI Sens( %) Spec( %) PPV(%) NPV (%) F1 435k ACC (%)
LR 0.852,0.799~0. 905 66.2 92.0 74.6 88.5 0.702 79.1
GBDT 0.903,0. 856~0. 950 78.7 91.4 75.6 2.6 0.771 85.0
RF 0.921,0. 888~0. 955 62.7 9. 6 79.7 88. 1 0.702 78.6
SVM 0.940,0.909~0. 972 76.0 95.5 85.1 92.1 0. 803 85.7
AdaBoost 0.906,0. 868~0. 944 66.7 90.9 71.4 88.9 0. 690 78.8
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3 itig

e e B SR AN ARIEA ICU HFE 0T 2
JE, BT AR KA AR st o 1 T Meta 4347 R
IR R AL BRI PET -5 Ry 26. 7% ~41. 9% | A B
FEMEFRFARAR G MFEAE B ABLIE 90 d JET-F 2N
25.5% , AT AE T KRS, RS HETR TT AT B 1k e 1
FFHERUERE . SR B RTIE R E B T HARE A
THRAE, Temt 2 01 AR o HEHfR 7 18 PRBER
T A RE D B RULSR , B B SR ORI R A it , %o Bk 7
BE TG LEKR,

Wit R TR LA R A B 3 T AR B
AP R , MLER 2 2T EA5 88 A B B 7 5di vh e B
W R BIPER, BRTE )2 W I R B0 14 & A J 1
JE BT e R AE KR S Me TR A T
PR BRAG T T RO R R T
ARG AL A B R mmt” ICU mE T
JRUS: P F ) 2511

TEAB S, FATH T LR, GBDT RF,SVM J¢
AdaBoost M E T I FAA G MEHIE B EIET- X
6 T A4S TR I BL B T X 5 RO R T ARk
GBDT .RF .SVM J% AdaBoost J& H i i Fil &) 12 i 4 Fil
RN ) L, o RF 322k H Bagging 777, GBDT
F AdaBoost 3= %% F Boosting J77%, SVM FEF AR £k 4
W55 B S TR A3 R RAE 2 [R] (1) e - 1T, 7250 % 1E R
PEZ I AR OC R | REHAETE AR DG 2R 119 i 1k U4 im S 35k
IR, 47 T ANE DS AR R g S5 TT R e a2k
SRRl g 8109 30T 5 s, )2 6
TFHRVTBE I FE 1 PR 28 sl AR 45 e xR 2R T 6 & A
AMEREE , H XTIAO 25720 R 5 — se Pl s o > Bk
AHEE B SE ) LR F 22 30 T e 25, X —
SERTEAI IR 45 P33 TUESE LR #5750 AUC 7 0. 852,
UK ) 66. 2% , K 5 92. 0%, PPV 3l 74.6%,
NPV Jy 88.5% ,F1 3%k 0. 702, YERf JEH 79. 1% , 1E
5 FsE AR rb T 0 AR RE S 22 5 T FR B A A SVML LAY
AUC 2 0. 940, f R BE 4 76. 0% , 45 52 FE R 95. 5%,
PPV ¥ 85.1% ,NPV } 92. 1% ,F1 43% 4 0. 803, YT
FER 85. 7% i B Y X 43 FE 4, %) I A3 FF A T 1F fff
) e e, HXF IR XU 5 1) R e i

BEAR , ABESE B B 2R A e 46 SR R B, =52 B
B2 BF SOFA TE4) . &5 SAPS-11 #E4) . 5 OASIS 3
43 BUN (i 2L AR AR (B 2 B /KF DA R 2 6 910
v L &, WY RE 233G 0 E AR T AR AR 5 M AE AL T
B 03X —25 185 REAE AT 9T Bl PR 48 56 A0 — 2, [5) B
1E LASSO [R5 31 THEsE . Horp, i LR /K

F-(3.60 vs 1.40,FET-41 vs f715 41, P<0. 001) J& i 7%
SEARTERIS WS bR, R R AR 5T R AR T
SE TN PR, BB PE T 2R A] B L R K T 1 1 s T
U A PR T SRR .

AWFFEAFAE—E W RBRYE . 1 %6, ARFoE 3 T
N FBE ZE MIMIC- IV 45 9 2 b0 [l B 5T, R4S
£ 20 AT RRISCAE I 3 T AR AR I Ik 2 0 0 91, {HLRE AR
WKIFE— S RFEARBFFE /0N, H AR BT SN SR B 12 (1 56
UE, BT AP RE IR 77 22 22 TRl L KAEAS (R HE M I AF 5T
HE— BB, ok, BT MIMIC-TV 504 P2 e i) i i A
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