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Abstract

A method has been proposed to address the problem of being unable to predict sepsis infection
risk in injured patients lacking ICU diagnostic conditions. The method involves building a sepsis
prediction model based on multiple vital signs using a deep neural network (CNN-LSTM). The
CLASS_WEIGHT technique was introduced to address severe data imbalance. The model was
trained and tested using ICU patient datasets from hospitals, and was compared with traditional
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medical diagnosis scoring systems (such as SIRS and SOFA) and early machine learning methods
for predicting sepsis. The model achieved a high score on the AUROC evaluation metric, indicating
that the approach is effective and feasible.
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JeEERE BT Bt R SRR SR E RN E I RE —, BESEkEE KT, £
5 B YIRE RIS LR A IE(MODS) M B 22 R K 2 —[1]. BAREE %K H Sepsis-3. SIRS. SOFA Z59F- 7 FRbrxt ik
BREATIZWT. HeAh, BLES 200 B s i b B f ) 2 I N L& e iR 22— Fleuren S8 [2]X L85 )
FE R B 00 77 T AR AE DG ST AT T RGP NS0 . B PE KR8 bR, Desautels Z5[3]42H 1
—HP44 2y “Insight 597 I TRINJT %, AT RASE FH fe b 1) LA D S 50 S BIORE 1ICU NI B30 R 1%
BURITRI,  IF HIE T AVEE I TR

Seymour CW ££[4]F 2016 /44 1 Sepsis-3 HIHTE S, FRUT T MEEERE 12 Wb v A0 T iy R EYE . 98
MM, MEERERIRR R AR, KRBT E RAAEIR KBS, MRS 1 IHFl A Rtk 14k,
FHREEAE (1) B AR IR A A e e 1, 2 WibR AN —B[5], XK 7 MRFAE 2 Wi . AR, Balm =
FPERN Z RGN T BN ARSI B BRER[6] . BLAS S STARL I T R i 12 52 BB T & RRIEIE R DL L
B P 1 5 22 O T R R RS, I AR 45 R EERE 1 TS R T B Bk AR

N T g EIRH SO AR R &R I R, ACHIE TR A BRI R T B e AR 0 U7, IR
a2 I I SRR A R A5 R DUKS T HHE B A T BOHE B B . 45 G M A I A BT R 5] N
CLASS_WEIGHT FEAR KA AL HE A7 0] 38, TS S AL R P v i e o ViR B 4T, AR
TG 75 AT B T s S B AS AR 7, AR 18 2D B {d B cais B w] SE IR0, JF AR 7 AR IR . TR
PR T AL THEFE, RN 7B AR E, 405 7 B K2 WA,

2. EfEiR
2.1. REEEMNE

PR E A2 H R 1R ) i 3 S e S SRR T 3 B0 B A i ) 22 4% B D RERR AR [7] [8]. Ak BEEAR ST 2 —
ot S AR R, o SONMRERIE & ™ E MG HE . AR 3REL, A0 T XU 5 Bl ik 2 5 /=i [ 7]

R 0 AT B A PR A A B R 2 v T A ) B B PR 1) A TR A IR S R B 1900
73, Ferp A 600 T3 B E SRS, WAEAHIE 14 A4S ) R, 2406 300 5 NAFLE N KN DS RERRAS[9] [10] [11].
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2.2. CNN-LSTM MIEE R4

CNN-LSTM #2& H Shi Z5[12] N1E 2015 42 H ) — PR FE 2 S 28 254, R AR 22 9 2% (CNIN) A
FE A2 2% (LSTM) ARG & o 145 1 T CNIN O N\ B8 EA T RRAE SR BN B2 48, PRI LSTM X747
AT EEASRI AL B, AT R 6% B8 A H ok i 25 (5 B AT @A, IR B TR L AR e ik .

CNN-LSTM M/ aiEHMNE. BRE. WLZE. LSTM EfMf i ZE LA . Mg,
K CNN [ /E A LSTM [N, LAFE 2 FIH CNN [SFESE BRI B 468 . TR, O T M ofeh
TH SRS B RN I, R DA LSTM AR 145 B e FEAZ e AT BR 1], AT AR S . A
o] Je FE B TR AR AL T CNIN-LSTM R 28 3347 I R AR AL B2 1
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Figure 1. Scheme flowchart
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3.1 BURSKIRENS TR

3.1.1. BRI

e B TN B4 FH e SRk T 58 20 J 4 ER AR B BBk R 2% (PhysioNet/CinC Challenge 2019). %%
AR LR B WA MALER RGN 1ICU B HEE, it 2 B8 . BUREERI A AIIZE. T4,
BLE T A AR NSO SR I 45 TR 2 R . AN B I BAE DL 1 /N e ARl AT R A

3.1.2. BUREIRIRIHIE
BHE AR AR I e R B T 98 [ 5 BT 70 (NEWS) YE 0 bRAE[13], 7 1 A [ 52 50 7
VP4 (NEWS) S5 bt .

Table 1. National early warning score
#* 1. REEREHMETS (NEWS) TS IRE

AR bR 34 24y 14 0 4> 14 24y 34
IR A28/ (X min) <8 9-11 12~20 21~24 >25
AR RN 1% <91 92~93 94~95 >96
&N 3 %
LERJ(IR/min) <40 41~50 51~90 91~110 111~130 >131
W48 /mmHg <90 91~100 101~110 111~219 >220
PRI C <35.0 351~36.0  36.1~38.0 38.1~39.0 >39.1
BIKF A V,P,U

SR T ORI RS =R, S TR ar e Bl , B BE LR MAWAE. 4K
I Wi B IRIEA Bk . Bl P I EEAR2S SepsisLabel s i 2 5 A MKERAE, Hb 0
R B RBRRIAE, 1 RREEH BRI & 2 oR T E 0 Sda .

Table 2. Data set
=2 BIRERT

HR 02Sat Temp SBP MAP DBP SepsisLabel
72 100 37.3 105 70 51 1
101 100 36.33 155 98 65 1
102 97 38 135 81 54 1
91 100 36.11 168 102 74 1
71 98 374 150 915 68.5 1
90 90 37.6 96.5 75.67 72 1
112 99 38.44 180 118 92 1
58 98 36.11 116 69 44 1
126 96 38 102 77 64 1
90 100 37.72 84 70 66 1

m
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3.1.3. BiRKTEALE

22 T AR AR 5 MR AE HOdR e P I SR B R B, AR B A s S BURE R R 2, 76 20 4k
YRR AE AT RE DAL ], AR DI RN ()1 8 O — /N, O B SRARR T AT HE AN 78 T A N B AR
K 2 BR R A AL BRI
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HIHEZ #fR
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Figure 2. Dataset null processing flowchart

E 2. BRE=ELERER

BiRiREE

|

S B A REAT AR I, AT R SR B AT OR B, A A7 AE 2 A A S R AT RT3
SRS INAEA, A AR B AT E KR v b, SRR RS TN 2 ) A B SO B e e e . A M BLAT B R A
PR DU S G HESGRAS IR, B A BB I AT B et . DRI AR AR SR AR A AE 2 N 5

ERIBLG, T DAL JE HEEAR R SEAG A, AT 2 2 42

R 3 5 4 N EB AR

Table 3. Datasets with null values
# 3 STEERESE

PN

REfS

B F . AR BARERIT RS,

HR 02Sat Temp SBP MAP DBP SepsisLabel
NaN NaN NaN NaN NaN NaN 0
74 96 NaN 136 82 NaN
75 95 NaN 151 NaN NaN 0
77 94 36.56 133 85 NaN 0
77 95 NaN 127 76 NaN 0
75 94 NaN 129 87 56 0
71 NaN 36.56 116 74 54 0
85 94 NaN 116.5 67 60
71 96 NaN 122 76 71
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Table 4. Datasets without null values

=4 NETERBIES

HR 0O28Sat Temp SBP MAP DBP SepsisLabel
74 96 36.56 136 82 56 0

74 96 36.56 136 82 56

75 95 36.56 151 82 56 0

7 94 36.56 133 85 56 0

7 95 36.56 127 76 56 0

75 94 36.56 129 87 56 0

71 94 36.56 116 74 54 0

85 94 36.56 116.5 67 60 0

71 96 36.56 122 76 71 0
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Figure 3. Feature engineering flowchart
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3.3. HERBEI SIS

3.3.1. CNN-LSTM #=&ig3t

CNN-LSTM 2 F] LUHT T ok 73 S IR0, R 72 P 1 o3 S il 7
WP 5 el (K 25 AV RRAIE A3 AN ) D AR B AR AT B RIS S, SRR R RSP AORFE. LSTM
TARIUF SR (I PR AR, 24 LSTM REATHES, WTRBCERZ KN FPE R . £l

A3 CNN PHZ 2638 73 T4
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CNN-LSTM MIZ&I}, A —AE A O 2 BRBOR T 2 0 iR 22, A S A 3B SR TR N 4% S50
1] Adam AL 28  nak Il 2k 72, FH7n Dropout 1E AL H A &%, 5] N CLASS_ WEIGHT
ZHH DA P B B9 S 18 1n) 8, P4 4 S CNIN-LSTM 8 45 Ry 7R 2 1 o
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Figure 4. Schematic diagram of CNN-LSTM network structure
4. CNN-LSTM Mg &5 R EE

3.3.2. WA

1) Dropout IF L4 A

Dropout #&—Ffi H I IE B A, FH T8l b % 5 4 28 I 4% (1) 3k 48L& 1)@ . Srrivastava 25 [14] i -4
Srivastava, ‘B¢ R B CE I ZRd #E DA — 8 RSB AL B 78— B0 #2200, M s il 4 26 2% 2] &
BEIRIER R . RN AR, I Mo R, (A T2 sh 2 0 i % 8 3 LI 2Rt
&R, DARRH HE A . 15 5 Jy Dropout 7~ & Kl

SR INDropout 2w SNTNDropout 2 &

Figure 5. Dropout schematic
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CNN-LSTM #2225 1) Dropout JZ 1] AITEB T WALE . LSTM ER A& 2. 75 LSTM
JZH N Dropout J2 1T LABEALILZE 75— & 4> LSTM Socfifn hRas, Al il G . fEaidEs 2 i
i Dropout JZ 7] DABENLHN 2 57— B4 40, M HE S 2 172 A e

2) CLASS_WEIGHT &%

RushiLongadge %5[15]7E 2013 41 1 A48 1) K AR A Bk K, 3R T CLASS_WEIGHT
REEA BRI 2 AR AT 0 8, 5T 0 R 4%, CLASS_WEIGHT 4] ULk & N — A7,
HA AR N A E W] AR shi8 2 . EIIZRE R, 1040 0 4 S MR IX e A AT R4k, AT B A
K DBETNIREA, 8 o i FE O Z BN R A

AL 5]\ Dropout 1ERIMALHAINSE] THEERYIZGF IS IEINER, H 5N CLASS_WEIGHT 4
FH CASR DR800 B 1 LU AG i v R, PRS2 DX 286 P A 1 [ B 184 0 77 A 28 P Tk /% o

3.3.3. AN EIE

RTINS AR, FRATRA T 6 B P s8 KAE A R w5k, AT
4:1 [ LEBITE S BEALHT BLACFE J5 BB 4 R4 IR AL AR AR - B2, 7E IS4 Btk AT B AL I 4k,
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Figure 6. Five-fold cross-validation diagram
6. AMXNEIETREE

3.3.4. RAEHRITBIREN

YINZRBE TR 453 5% BR300 ) — B %2 XA (Binary Cross-Entropy), —EAC S — P A 45 2 B 4L,
R %o H 45 2k R B (Log Loss), 38 & T 40 2K inl i rr o H = S SEAE R LU BRI A L PR % 5 L SE AR
BMMER Z 2SR, IR ME . AR T AT & R R 2 2 F Y Adam LSS, BEE R
SRR B R HARSIOE FE TR . IR BRI U6 7 ] W E N 10e—4. HETZ (ACCE RIFM s %L, 1
(1)

TP +TN

" TP+TN+FP+FN

WIZEFr BX 1) Batch Size %8By 128, L3540 100 MR H, B 2K HERR R VP4 B B AR A A,

ACC 1)
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3.4. BB 51

3.4.1. BREBEFHISRE

Raith EP %5[16]7E 2016 fF42 tH [ IRFAEVE A S AR, f35 7 SOFA. gqSOFA # SIRS &1T 73
A4, Fawcett [17]/+44 7 ROC £k F1 AUROC #5#r. AUROC (Area Under the Receiver Operating Cha-
racteristic Curve)s&—FhF T VP0G 0 AR B T 8 S (i bs . A SO AR Y & LR () 4y AR, Rt T
SR 7 F A BB IS 2 VR B B R AT AL . B 7 DR R s

Fm{E
EHE AL N
FN: False Negative

W N FREAR, (BFsE ERIEFEA
FNFEACBE

3+ % K

FP: False Positive

BHENIEREAR, (H3E RAFEA

¥

TN: True Negative
BRI AGREAR, FLEHLRPEAR

fa
zﬁ FPHEAEE TP: True Positive

BHENIEREAR, FL RS

Figure 7. Diagram of the confusion matrix
7. REEMEREE

TEEE 224, AUROC 28 F R VP AL 12 Wil iy vEE ff 1 AT P S o () IS E AN 08 SR ARE Y (1% Foit )
HE RT3 T SRS A [ 2 (Recall),  DASEREAR & S J 3 A . 32T 3 [R50 9645 4 AUROC i 45 3R 5
FEfRRTT % o

AUROC AL 2 0 2] 1 2 [i], Hr 0.5 RoARBENLEN, 1 £R5aFEHM. @FHEL T, AUROC
ERT 0.7 BA A2 A A, MRT 0.9 MBI A2 JE 5 HER 1 .

ROC fh£k /e 7 AN [ 48 K L IE 5] 2 (True Positive Rate, TPR) 51 1E 51 % (False Positive Rate, FPR)
Z IR R TPRARZ 23 K48 IEF R0 R EEREA I ELB, T FPR 48 102 7 8 88 A iR ks B VERE A 3
FAEER LG, tHEWTR

TP

TPR = @)
TP+FN

R - @
FP+FN

AUROC T 75122 Sk A5 2 1) Tl &5 SR 4% B sy SR DO HEFF SR 5 1B A T 23 S 38 1 e ok
BE, FEFEAHRIA TPR M FPR. 5%, ¥ TPR 5 FPR &l fE4445 R rh, 153] ROC #izk. AUROC )
E % ROC #IZE N fTH B

HAEIZ (Recall, [F] 13 TPR)FE M TEFTA SEbn A IEREARIREA 43228 IERR IR Bt BH PR A
Bil. A B 20T DL SR VPAS 2 280 T IEREAR IR EE 10, A [l 2R R 43 S A8 AR B0 B 7 il i) Hy E R
A, AHAH AT RE TR A A = G 0.
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3.4.2. REZENSHFETRL
FRAEXT CNN-LSTM BRIl 2Rl B, AT T3 7 S i 2 v R, DA AT RS S L 1) AUROC
fH. REFENRMEIEN 0454, [FIRS, FRATZH T ROC M4k, IR T S, REREHM, Bk

WrE 8 =K 9 AR,
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IEEREAR FARER
iE
## 17
i
=l
=
&
7
## 183
Vi
Figure 8. Confusion matrix for prediction
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Figure 9. Predicted ROC curve
B 9. M ROC Hhzk

ZAAE AUROC T EAS ERILH (G, A3 7 0.98 (im0, HEIFEMIZES T 0.95, 70 EM T
HHERTNEE J7. X — 55 F NS 47 s P00 iR 350 F 3 R 3R T F1 3 K.
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BEATRIEAALAC R, DA DR B SR 5, IR 3R AR AL I TH S RE T o NS T Hh R Y A 2k A
SettE, BATHEAT 75 ATFSCHR[3] [18]-[23]H BLA B A pP i fabn i L, HAE VA4 4R F5 AUROC L EK
BV RMAEIR . BAAORY, AT RIEEAT 7 AR, IR LLEE R T4 5 e

Table 5. Comparison of related studies
2 5. HHEMRRTIEL

=4 kit et kIR Fo$ i & AUROC
ML =0.88
SIRS =0.61
Desautels InSight MIMIC-I1I 4h SOFA =0.73
QSOFA =0.77
MEWS =0.8
Horng SVM MIMIC-11I 4h ML =0.86
ML =0.92
. University of California, San Fran- NEWS =0.76
®Mao InSight cisco MIMIC-III 4h SOFA = 0.63
SIRS =0.75
. Emory University Hospitals ML = 0.85
Nematl APeX MIMIC-III 4h SOFA =0.87
Calvert InSight MIMIC-111 3h ML =0.83
Kam Deep neural network MIMIC-111 3h ML =0.92
Faisa Logistic regression York ho_spltal Northemn _I.mcoln- 4h ML =0.78
shire Google hospital
Yajun He Deep neural network PhysioNet/CinC Challenge 2019 10h ML =0.98

ML = HLE% 2T, SIRS = 45 RJE RV LR&E, SOFA = J7 5 33 B AL L9 P43, QSOFA = Uy B 8% L35 P43,
MEWS = ot R AR & P47

DRI, 3 S M ST T 4 et EL AT DA HH 4514, A SCTAR Hh OB R T T 00 75 F ek R AT T S
4, 4Eip

AW TUR PR X 28 S 8 NAR A G AE B, 02 75 A IR BRI EAT Y00, X B HEAT T 2
ik, SINT CLASS_WEIGHT 5 Dropout $A, fHAFEAYGET: 7R INRAEAS IR v 52 52 AL RE T,
ot BB HREERE 1A T BE AR, R TE DA AR DGR S (0 R Atk 2 PR RT T BUI T () A, A EE 2 R UR o bt
IR BT R B T RRERRE I TAT T, AH LG TR G AR s Wi S LA o) v, SIAME
WL8 S5 3 T IR RCE, AR IR T BT S Wi R A LR RIS, BT T RE AR R E,
IXAEIA T VRIS R S ek

ARSI T A — B TR G 2 b, AR KRR T2 B s, DA EE 2 Ak
fEFEAR, BORIEA S 455 7 AR M B 2 A R 70 5 TN AERA JE . BEAE W2 468 7 VR N 2240
B, FREEEHT IERE, WIURHE WS LE =2 Wr ek B R R B R .

SE
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