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Abstract

Sepsis is a life-threatening organ dysfunction caused by the imbalance of infection response. Early
identification and prediction of high-risk groups is the key to reduce the risk of death of patients. In
this study, multiple indicators were used to evaluate the reliability score of the basic classifier, and
Bayesian optimization algorithm was introduced to construct the death risk prediction model of
sepsis patients. The prediction effect and performance of the model are comprehensively evaluated
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by AUC, accuracy, recall, accuracy and F1 score, and the predictive results of the model are interpret-
able by using feature importance analysis, so as to improve the timeliness and accuracy of assisting
clinical decision-making. The results show that the Stacking model has excellent performance in
AUC, accuracy, precision and other evaluation indexes. Characteristic importance analysis showed
that APACHE III score was an important factor affecting the death risk of sepsis patients. The mor-
tality risk prediction model of Stacking sepsis patients constructed in this study has high prediction
accuracy, and can effectively assist medical staff to evaluate the mortality risk of patients, so as to
take timely intervention measures and improve the prognosis of patients.
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1. 51§

FRAE 35 — R B RE B B 3L R 1) 5 S, BRBRIERE SO B AE E TG I B 2 18 51 RS R S A A R 28
IhfeRErS[1]. FEIRE, SIREERSESECET 1100 5 AT, WHKPERET RN 40%E 4[2],
] A A R B RE R 4 486 TN, DRI ERIE S BT N 204 83 15 A [3]. MRERAE ISR RILZFE, K
MU A, RIS RRER N e R IAFIEE ML) ARG & 2 A 7, Bt R RIGE, FET 35K
e HTHE MR AR, (AR WAL T RSP ARSI R . DRI, S v i 000 e
BRRE AR AR TR, A7 B T4 B PRI 25 N\ 53 %o B8 AT DAl ) 8 MARGTR T 7 6, B SR T
Jiti, oA TS 4].

AESR, BEA N TR R ARM KRR, HUA 5 IRy T SR p i Fo R T B2k R [5]. BLAs %% ) Sk
FEAC PR R« AREMERER ST T A R ES, JCHRXT T B A R T R B R s e e .
FNAZRES N B EA . CRFAIRAL. 2 RS 2 M LA8 25 2] J7 VR 0] e 0 R0 2 A 1 XU ik
ITTN, BRG] BEAEREFLIIRN, SRR TR S G 2 AN R RTINS R, AT
WIREIRER R RME R, FEARTUI TR BRI, A b m B AL K72 A0 58 77 A T A M ) e 34 R B
Wk, N T ST MRS [7]. H, S (Stacking)fE N — Rl e S i ) 5k, it oear 2k
WA A B AR, DR S BRI R . (HAN R R AR AE R B AT 55 R BRI AT BRAF(E
ZE 5, VERBIRZE MR 73 S 2% T Be PR IC B AR I TN B 77 o AP A Bir A Al 7 28 2%, 72 A
REZE S, STUmRABAIMERE . AL — B N TR RS, BRI IS 2 2]z ek, HARER
R 3R ER I DL P B AR A 5 VR R R AR TR ) T . DU B A Ak (Bayesian Optimization, BO) &
HF 2 R T A B 71, oA O AR AR AR 35 50 40 A5 BE AL A= 1A U6 5005 Hh I 3 T 7 Bt
e, T2 H bR R BRE R A AL, IR L REUHT IS TE B LR, %0 B 4 2 48 1 2% #F[8] - BO fiE
ARV e R R B T L 5 BES 1 RECRE S URSI[9] . &5V 2 M H TS HOA A . SE3 it
H A AHLES 2 ) A0, AL AR GRS R ABENLE %R, DU TG R 08 3 = O R R S 52 1),
WA BB TR . Bk, TEARREFL P RS P AR R 2 R, L 2 AR AR VAN B BT
Tl 7> FEARAE N IO R M T 5 B, (AR R E N i AR E R N B o0 7 B8 b, SR TR R A P R

AP T T I EEE A AR T AR A R (1) Stacking TR, RAH 5 #7128 XUGHIE TSR Lt 7 2K 2%
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RIVERESRIR , 43 2 T AR VA4 bR B AR BGRB8 O T 45 B2 A5 23, A DU AL A e R AL &
SIABE I H NI KRB AR BGE, DRI BV RE . 5 R 32 R IE I /e A
TS T e R, AT R B PR 95 N DRt SR AT AU T A VA, AT B I SR A, A
T -

2. F&
2.1. BiIBKkiE

WA FH BB U5 T35 2 A 2 T80 MIMIC-IV E5E W 47 B2 77 348 125 (Mediical Information
Mart For Intensive Care IV, MIMIC-IV V2.2), %34 i35 [ G HE T 22Be(MIT)THENLER: 5 N TR R
SLI6 % (CSAIL) . DU DL 51 4 h 5 2 rp i (BIDMC) JE M 2 [10]. MIMIC-IV V2.2 22— AR, K
B HCRE, A7 2008 452 2019 4 IA] & SE e 4 == A 1 SR SR IR R BE (B B I BREE RS A
Agiihae. BFEMEIE. LI ERES R YR Wi A ariRES 5 2 J7 il R B AR &
SR, AIEREFFIRAE T F 5 8. BT B AERE BRI, R EFEREEMANARE, H
12 S B MR I SRS UL M Z S 22 Hh S U F 1 7 B 1

2.2. MNFIHERRIFE

R Sepsis-3 7€ X, HIEMAIRME: (1) FH =18 % (2) kAN ICU HAEA KRG (3) H—ik
SOFA>2; (4) fEHEM Y= LB [FEId 24 /N, DA ORA LW AR AT b R aRid T uiss
T 18 %5 ICU {ERBEI K/ T 24 /NS s 8 TE N BC S M AU 10 %A 2 I BE HEER AR A

2.3. BURREUR AL

fdi H] PostgreSQL (Fit A 10.3-1) 4% A AN N AR XS IEEAE 2838 B HEAT SR, FF AR HERR R v i e Hicdls
FEHUE BN DGt S5 (R M. RE . ICU (ERER K &) IR VE 2 (4 5 990 [ B 27 A 1iE
(Systemic Inflammatory Response Syndrome, SIRS). /7 51 #% B % ¥ 7 77 (Sequential Organ Failure Assessment,
SOFA). 2471 518 (i BEvF-4) 4 45 (Acute Physiology and Chronic Health Evaluation 111, APACHE 111)4%)
RS2 = FR bR (E 40 T £ (White Blood Cell, WBC). IfiLJR % & (Blood Urea Nitrogen, BUN). Il /M i1-$1%5)
S, 0T S i Ok B AR IBURFAE ) e KA A e /MEL,  DASE 4 T PP Al Hoos 45 R AR BRI SEM . D ORAE
FHJHERATE,  MHBRGR AL 20%0 B8 edls SORFEAR &, R0 IELEAR B kAT AR, 7 R BN
FASGERNA T 2, IR R AR DRIE RS 7 AT RN, fs R PR BE /M3 B2k . 1 R e (0T
RRLIS2M, SR 3 fEbn i 20 B 2 AT S WA AR AN 3 B, DAERE— 2D 20y, W DR T FE A AR 1
IR S U

AN 15,581 Ik #RE B, HAAg 2610 #lBEEANRTE 30 RAFET-(GC ARAS) . Bl ik
BRI B BAE AR BN N SREEFIIRUESE, 1 BO% M Huds FH TR AL 2R, 20061 %H A T VT Ak i) 22
BRI e . FER B 2 [, R RFEEAT AR AEAGAL 3R, ARvEfb AL B ) 7 Ran A Q) o, Hor
X oor IR SEIOBUE, X AEIEREARRFIEIMEL, X NEFEARRFIE RO, Xy NIEFEARFAE (bR UE
%, GO BT iR A A (S SO B A R

X — Xmean
o ST 1)

std

R T R o 4 JR AR B B AT B A DG ARRAIE AN SR B R b AH 5¢ 2 8l (Pearson Correlation Co-
efficient) fEAPRHIEE PEAUIRYE, BUEVEEA [-11] Z M), 1 FoR BTk PR RHIE 5 45 )R A8 S A7 AE 58 4 IEAH R

X
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ZE AR

KR, -1 NFRRFTEAFKKR, 0 RRmWE AR EEM M. HitE AKX @R, Hx fMy, 7o
MFRARHNZERMINME, XAy RAHENEEAE, n IEREE.

r o= Zinzl(xi -X)(¥:-V)

Xy n — n —

I 060 =%) = (v -y
JET Pearson A= KRBT BTN 43 MEMEAE 545 /A& 2 RIFAHZEM:, B> 254

SHESTHEY, WK 1 s, Hp iR rs A s, WK RS54 R ERMECRELSE. RiE
15 s e, BUHEZ AT 20 HAFAE/E AR B (KRR AR & . il Pearson $F 11 5 77 VA RO FRAR R E 4E 7
[FJ I LR B8 X 45 = A8 i B B A B B T AR, AT B2 s A Y P 1 e A T e o

@

death30 A

apsiii A
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Figure 1. Pearson characteristic plot of the correlation coefficient

1. B/REMER REHEE

2.4. Stacking #EBI#EE

N T AP AL 7> AR A ERE, R 5 T AR Uik, RIR B RBENL> N 5 T8, BRHR
A 4 DTRENIZGE, RBIR 1ATHRENRIESE, BR 5 KU REDS THEMPH TRHE. it
FAFANER > R AUCE, ERRAE . HIRIEE REH AT FL 2» 8Os MR Redabr, LAA i & 57 2K ae 7).
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HI T AR FR R BB VL AN R, X473 — AL B, (WU AE [ — RUBE b, PRUEHARFR AT EE
A S ARPR AL BRI REBAR IR RPN T b S L B MO L, TSR AR ) SR AR K RTAF
g s, WEITEMAX@) i, Hhi=1--,5, w & MIFIRIrrIBE, L

W+ W, +W, +W, +W, =1,

S =w, *AUC +w, *accuracy + w, * recall + w, * precision + w; * f;score 3

ZARbR Al R RO SRR Al 73 2R 858 AT (S B A, AR AREAR A A e iy K i it T2 INE R,
PEALJE 48 Stacking B A A0 AR

DUH-HE AR 32 B4 5 = 17 1] 9 (Gaussian Process Regression, GPR) LK 574 bR 31 (Acquisition Function)
PR [11]. Horh GPR F 2R T4 HAR BRI, BE HARREON f (X)), W2 i, RIS EAM
HRET AFRIR A A @), Hodm(x) AEREL  k(x X)) AR, FIF A BRI T T, etk
L

f(x)~GP(m(x),k(x,x")) (4)

KA R B R AN E VR e B DX AT R, SR AE I 4 SR e AR AR, PR 0 R B AL
o R DX SEEEAT KA, A G — 2B AR M HRIRAS T B AL, 200 AT D B AU nT 4R 314 R B L
DA G T B A5 1% Stacking B84 i AL E S8, SREVELLT I VERER I

Stacking J& —Fuiid &5 & 2 N Al 7 S 1 TN 25 RN ZRoe 7 R AR AR BT i, DS TR AR Y
PERE. ABEFUMIEREE T Stacking FRIMKEEAE B A0 T2 XU TN AUAE 2L 4N 14] 2 P o AR AR 22 S5 S Lk
REX BEMLAR PR (Random Forest, RF), #5 F& # F+ ¥ 5 B (Gradient Boosting Decision Tree, GBDT), [l &AL
(Support Vector Machine, SVM){E A&t 73 35 &%, 12 %8 n] 5 (Logistic Regression, LR){E A7t/ K48 . K T i
— AR AR RE, E Stacking HEZErh 5| AL /M RCHENS, TR/ KA B FEAS 4, AT A DL-H
AT E AR LA, AFAUE L GBI A 2, AR e 2 T 1E FEAF R N o o0 S AR R IE B AR B K
P, BT AU JE R A JC o K8 il Ze. SRtk Stacking #BEAUAHEL, HIHN 1 2 Fa AR vEAL AN DL
MALER 5, B TACE, I Had s BT i A 5 AL &8 5 SRR T M e, R BB R Y
BRI BERLA, Al B PR 2% A ke B 0 A6 3 A0 T XU TR A3 17 T S A48

RE  — R
] w2
GBDT —> ; Wy — 2 LR
s 5 l
Bt £ < il
SWM — S LWV W — FHIE3

EZ LI RLTER DU At

Figure 2. Model framework
E 2. REESR

2.5. {REIPEY

TE R, YRV HE R (Confusion Matrix) & PEAG A8 1 BE ) 36 Al T B o 32 B3 PUAS CHEH B b -
HFHA(True Positive, TP, BIAEAAR A BH 1 HAR AL Tt 4 BE VR FORE A ) - B F45(True Negative, TN,
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ZE AR

RPREAARAS B P ELABE RS0 A I PR R A B i) B BH 5 (False Positive, FP, BIFEAARZE B P B AR
T A o 1 (R A %5 ) AEL B 451 (False Negative, FN, BURE AR S BH 1 FLASEY 350000 9 BA P O RE AR S0
TRIEFE BT ST A Y T 25 SR R AR B A, (FOS AR B EORES, AR E E S PP AR R P e T
RE NG . Rk, 38 FE TR IE S0 B3k — 5 S vE R - (Accuracy) . 5 i &£ (Precision) . 73 A1 (Recall)
FFL 43 8(F1 Score) %4845, LATE A HIHBIT AR AU PERE .

N ATV B RE, SR DL FEAR:

THERFI 2 (Accuracy) S B i 2R Tl 45 S 5 B S hR 28 1) — Ui .

Accuracy = TP+ TN ®)
TP+FN+FP+TN

K551 JEZ (Precision) 27 £E T3 TN B BOREAS oy, SRS 00 IR 14 EEAGT

Precision =

6
TP+FP ©)

I8 % (Recall) & os 7 fir A SR VERIREA b, BORTIINIER A EL B, REBUTRE, SRR IE
FRFEA R A BE SRR o

Recall =

7
TP+FN )

F1 53 %((F1 Score): Zx& % RS AR VER P TR AR, 4308 5 T 1 B BHAE A Lo ) 42230~ i I
R FRFR L DL RO AR A e
2*Precision*Recall 2*TP

Precision + Recall B 2*TP+FN+FP

SR, TEREARAPHTIE LR, X8 A5 n] B8 TC 1A A S IR 7R 1) B S PE R o DU, A2l RRAIE il
4 (Receiver Operating Characteristic Curve, ROC) 1 i 2k T~ [ #2 (Area Under Curve, AUC) A B & 1& () vFfili
T.H. ROC #iZk LAELBH = (True Positive Rate, TPR, E# (1) 2%, {E 02 (False Positive Rate, FPR)
2], TPR MR, SEEIVEREELT; FPR NHE(GEREF . ROC 2k 5% BN e 7R B Y 72 AN [F] 73 25
ETFTERERI. AUC & ROC HhZ THYHIAR, HAABEL 1, KUK vEaeil. ROC HiZAn
AUC RE T 4 [ S RSTS84 (0 70 SR AR, JUHRAE IE IFEAR S A A RIS, AUC
RERE R AL B 9 Ra (i B PERE VA

3. &R

S5 AR W], Stacking R 7E fife REAE £ HE T KU TN R B 5, M AUC {8 825 i T AR
BeAh, BB RABUE R AR T B Rk, R R ARz A RE I E .

BRETHER

RS2 E R T & an 15 3 Frow, S 0E] 4 Fros i LR, sk 28 ULt i (Gaussian Naive Bayes, Gauss-
ianNB). ¥ i $1 F+(Extreme Gradient Boosting, XGBoost). H i W 2 Ft(Adaptive Boosting, Adaboost).
SVM 1% ZBEIHL(Multilayer Preceptron) 8 84 [ 57 X3 R AiE i Z8AH b, BT i 11 Stacking #2781 AUC 250
A, LF]0.88. BIAYHERAZE . FEHAEE. A IR EMEREPEALFEAR4E R U3 1 Fas. Stacking A LR-6 1
RER R, AT AR G885 I KA hn 3 — e AR BE I H o A 73 S48 BT 5 FH (R R AL S FEAR R (1 A8
AR E 5 R, S8R EIR, APACHE N5 . WBC 251X 648 b AR5 (1) 35000 7= A= 3 L5
[ B 3 L FE AR A2 T R R AT Gt 22 A, RIS B B A D0 T RS LA L v A O PR [ R AR AR

F1 score=

®)
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o L, IXEERFAEAS DO N B A ST RS AT BB, 0 HOA AT BAEN Stacking A5 7R ) SRy
ik, X F RN T IRERAE SR ST XS R 3 R AT 1
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Figure 3. Receiver operating characteristic curve of stacking model
3. Stacking 188 i Z4FAEHhZ
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Figure 4. Receiver operating characteristic curve of models

B 4. EMREZ I EFEHLZ

Table 1. Performance comparison of models

=1 REREXIEE

A HERfZ KL (EICES F1 7%t AUC
LR 0.87 0.85 0.87 0.85 0.82
GaussianNB 0.82 0.83 0.83 0.83 0.81
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+
=
XGBoost 0.88 0.87 0.88 0.87 0.85
Adaboost 0.87 0.86 0.88 0.86 0.87
SVM 0.83 0.70 0.83 0.76 0.75
MLP 0.86 0.85 0.87 0.84 0.81
Stacking 0.88 0.87 0.88 0.87 0.88
Feature Importance of RF and GBDT Feature Importance of SVM
I RF ) . SVM
sirs = GBDT urine min
bicarbonate min urine_max
totalco2 max = sapsii
bicarbonate_max = po2_max
ph_max — bun max
bun_max j whe_min
ph min — abs neutrophils min
lactate_max — bun_min
age totalco2_max
) fr— ]
% abs_neutrophils_min — g age
g inr min — :}(5; apsiii
= ) =
urine min bicarbonate_min
whe_min — bicarbonate max
po2_max — los_hospital
lactate min{ ey lactate max
LR L =====m sirs
sapsii —— lactate min
apsiii | — inr_min
iR S————— ph_min
los_hospital | ph_max
0.00 0.05 0.10 0.15 0.20 0.25 0.30 0.35 0.40 3 4 5 6 7

Importance

Figure 5. The characteristic importance of RF, GBDT and SVM
5.RF. GBDT #1 SVM H$HEEE M

4. g

Importance

FEABEFEH, A Stacking AL e REAE B A0 T2 XU HEAT ST, I 15 1% e RO ML A% 2 > T A

BT LU SRR, 5EGu AU LG, Stacking AEALZE LB A0 T AR 77 T R A L5, /53] 7 AUC
MR AEAEAR IS 3 . AW FTIEH E BL4% APACHE I 35>, WBC 250 ik 350 e a0 1 KUK B 9 B
HERE R R, X 5IA TR 2 —2[12] [13].

APACHE 1153 & —FhEr &5 8 2 /M EBARFR AR RS &, DLUP A% 382 PR 7 B AT T3S XU )
Wy RGt. BEH) APACHE Vo kA BFRIE O™ B, IRE R EEAN IR A, 7RI ERAE T
Ja PPl A — o B N EE 77 [14] [15].

WBC & — g S B ML H 1 40 B 250 SR PP Ail A\ AR G928 D R BB AR o TR BEAE 11 ST A2 B 15 i 1) 2R
VR4 5 SORE RN ZEAAE,  JRAE S BB T IR ERRE A B AR B AR [16], A ANpRrE R ORIE T EEAEA .
WL RM, ESEAVRE ARG T, A B ST AR NG 0%, I EAER S BT, A
T D AT RE R BN IR EERE[17] -

AT ER ) Stacking A5 AL 7E TN e 250 A8 2 A0 T2 U 7 THT A 1 R AF R TN SE SR, RIS
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AT APACHE I, WBC SRR A5 B, Ay ik e 5 (0 A B4 (0t 7 B () B AR B
5. &g

AR SR IE o ) A o} R EEE R SR T XK I Stacking TR AL, SRA 5 #7238 XEAIF T H AN itk 43

RESIIVERESRAR, M ZARAR VP o B AR il 7 SR & AR (5 245 20, o DL e fIE A B a2 o AL

He

» BIABLE T HL, Noesr KA A F AR, DUERBUEIL R BRI PE RE . SRIR 45 AR,

T X A AR P IAE L, J9Ter RAR IURAE AL, AR5 e U P RE 5 T BAT 2B IR %S, RENE NIl
PROCHSEME PSR SCHF, ORI (83 SE T RS IO AT FU 4R A3t 18 (K BB AV o AR T, AN e AT
FEAE—E IR BRI, B BRI B —, RRAG R AT Z A SN BRI T, 2 — PR 2 1k
BETT. M, AWETONMKERAE B SET S TSR AL 1 — R 07 %

SE 3k
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