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F, 54 (20.5% ) %'t DEACMP, N JH Lasso [FIH3E 05 5E H 8 AT K 25, AR4E L iRTs bR,
AR IS5 JE R ¢ 9 MLasE BT ) AUC {H A& EME R, DIZREEALE 0.92~0.99 JE [, &6
JEAETE 0.85~0.91 W, Hirp RE AL, AUC{HUIZR4E R 0.99, WiF4E N 0.9, HAHEL
DCA MR ERIR T, N SHAP J5 3k %F RF BEALIUES 7ol Ak, WA 000 PX 25 A A TR P s IR AR TR
JE GCS 4y, Bpkiflal . 40 . BRAERLCHGSE . CK-MB /K-, PRAZARIEACE . TR, HIm .
£ RF BIAITUN ACOP [ & /1: DEACMP AL RER: 1, S0 PR 3 10 o vk s 2R R
GCS iy, BakINtH] | AR08 . BRSO . CK-MB KF . FUZARMIKSF . &75KE , ol

[ kiR ] 2tk mehas ; kiR hFRR R MERE 5 JLak2~T 5 Bl

EEWB WA S SRR H (24A320025) ; T H54E w2 A R ST 4R -
TERHE AT A

DOI: 10.3760/cma.j.cn114656-20250610-00440

Construction and validation of prediction models for delayed encephalopathy after acute carbon
monoxide poisoning based on machine learning

Yu Yanwu, Zhang Yan, Yuan Ding, Hao Huihui, Yang Fang, Yan Hongyi, Jiang Pin, Guo Mengnan, Xu
Zhigao, Sun Changhua, Yan Gaiqin, Che Lu, Guo Jianjun, Chen Jihong, Li Yan, Gao Yanxia

Emergency Department, the First Affiliated Hospital of Zhengzhou University, Zhengzhou 450000, China

Corresponding author: Gao Yanxia, Email: gaoyanxiazzu@163.com

[ Abstract ] Objectives To investigate the risk factors for delayed encephalopathy after acute
carbon monoxide poisoning (DEACMP) in patients with acute carbon monoxide poisoning (ACOP) and
to develop predictive models based on machine learning algorithms. Methods Patients with ACOP
hospitalized at the First Affiliated Hospital of Zhengzhou University from August 2019 to October 2024
were included, with the occurrence of DEACMP as the outcome measure. The dataset was randomly
divided into training and validation sets at a ratio of 7:3. Lasso regression was used to select features
influencing the outcome in training sets. Nine machine learning models—including Random Forest (RF),

Extreme Gradient Boosting (XGBoost), and Support Vector Machine (SVM)—were constructed. Receiver
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operating characteristic (ROC) curves were plotted and the area under the curve (AUC) calculated for each
model. Calibration curves were used to assess accuracy, and decision curve analysis (DCA) was applied
to evaluate clinical utility. The SHapley Additive exPlanations (SHAP) method was employed to visualize
and interpret the best-performing model. Results A total of 264 ACOP patients were included, of whom
54 (20.5%) developed DEACMP. Lasso regression identified eight key feature variables. Based on these
factors, predictive models were constructed, showing good AUC stability across the nine machine learning
models in both training (0.92-0.99) and validation sets (0.85-0.91). The RF model performed best, with
an AUC of 0.99 in the training set and 0.90 in the validation set; its calibration curve and DCA curve also
demonstrated excellent performance. SHAP analysis of the RF model revealed the importance ranking
of factors from highest to lowest as follows: Glasgow Coma Scale (GCS) score, duration of coma, age,
history of coronary heart disease, CK-MB level, monocyte count, diastolic blood pressure (DBP), and
drinking history. Conclusions The RF model exhibited the highest predictive performance for DEACMP
occurrence in ACOP patients. The influencing factors, ranked in order of importance from highest to

lowest, are as follows: GCS score, duration of coma, age, history of coronary heart disease, CK-MB level,

monocyte count, DBP, and drinking history.

[ Keywords ] Acute carbon monoxide poisoning; Delayed encephalopathy after acute carbon

monoxide poisoning; Machine learning; Prediction model
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U1 St 2tk — % ki # (acute carbon monoxide
poisoning, ACOP ) 3, Rk PR =EFEHREA
WA ZR G 0, Horh— SRk b R & Al
J# (delayed encephalopathy after acute carbon monoxide
poisoning, DEACMP ) J2& /™5 H & VLI #H 28 2 50 )5 it
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MJRERE AL, W IR AN« BEHLARAK (random
forest, RF ), i FR % B #& F+ (extreme gradient

boosting, XGBoost ), 28 [’ 4% ( neural network,
NeuralNet ). # J& 2 J+ #L (GBM ). LightGBM,
7 FF M = #L (support vector machine, SVM ), K
iz iF 4B 7% ( K-Nearest neighbors, KNN ), Il i
7 2 %% (Naive Bayes ), Logistic [1] 5 ( Logistic
regression ), 5 FIHLAR 2 2] FOAN W B Pidk,
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IRIREE e B2 01 S b, R BRGR S : 2019-KY-
190 KA [ BRI, # e 1 R 2 8 M Tl
BB REHE 5
1.2 ARRITEEERR

AT SE L BEPERFTE . 99 H 2019 4F
8 J1 % 2024 4F 10 H, TERSMIR 255 — B B2 e
BEf ACOP By, #R5E ACOP & DEACMP [1)
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1.3 WHARMNRHEBRIRAE

ARSI (1) 7E CO @ E T AR 2,
ZWi A ACOP ; (2) 4= 18 % 5 (3) BHEMIG
IR e, ToH s

HEBRARAE - (1) e 2R AR AR RS, 7F
ABEgtieht, B k4 DEACMP, & AE|HEEa
HEIARR DI ORE 5 (2) BRAEA SR . MAEAR . K
Sr54ESE 5 DEACMP A AHRUEIR GG # 5 (3) &
JEERAMY L IR TR (4) 2T
B (5) IIRBERHEE = 20% 45 .

1.4 BiRpIWE

ZIRFER TAE N R RABIZW  CO hEEr
B, SN TAEN B E ARG E . N
B KAKIAE R R R, AR L B
REAE s A AN AR 5 AR AL, R et Bk PF40
( glasgow coma scale, GCS ) P-4, kR[] ; K56
R WALH FL . SAEFEPR . JFDIRE . B Uh6e . Faf
OWUEE , BEIMINAESS . ECG %5 5 LAMJETS 24 h AT
A AN AE B, ERR IR SR AR B
X8 S5 NS B T 2SR e 3
1.5 MRERKEEHETERNESE

K275 B DEACMP 15 25 Jmda . B H
Be 2 HIGE T HIEREY, PP 3 DEACMP,
1.6 GitFAH*

B HE 4> M R A R 4.3.3 X {4 A1 IBM SPSS
Statistics 26.0 BT, LR i B IE SR SR
FH Shapiro-Wilk ¥, TE&S U LIAEL £ brifE
2 (xxs) Fon, HEZERHNA K53 ; AE
IES AR LA AL g (DA iEL ) [M(Q,,05)] %
7N, 4 [A] 255 Wilcoxon Bk 50 #r . THE%E
BHUE RN, 422 7R R ke sk, Fisher
HUIREA 00T . KBk «=0.05.

Va4 7+ 3 LB BEAIL 53 Sk I 25 4 RN 55 iR
45 N HH Lasso 191 A 7E 1| 25 45 i 156 52 e 25 Jmy 1) ¢
fEH =, RIEHEE R, R ML A
7% (RF, XGBoost, NeuralNet, LightGBM, GBM
SVM. KNN. Naive Bayes. Logistic [7] 5 ) #4 & il
WAEAY 2zl 32808 TAERIERTZE (receiver operator
characteristic curve, ROC ) 1155 1 £& T ifg FX (area
under curve, AUC ), [RIFJ T3 HERG R, BURE . ¢
S FLVF58hR, SR G IPAG RV A Tl g
T bR 2P E IR e B, I RO i 26
(decision curve analysis, DCA ) Pt %8S 4 lfe AT FHME

iz FH VD38 1 ATt R AE 7 BE 57k (shapley additive
explanations, SHAP ) X AL FAfBEFT AT AL R

2 #£R

2.1 ACOP ZEHIELIFIE

I g4 A 264 ) ACOP 1Y B &, Hobh & 4
DEACMP 1 8 # 47 54 5] (20.5% ). PHALFEAF
ANEICU, @i, w@os . GCS W, &
by 21 IS 1 O R v DD O = R %
Mg X${E . CRP. PCT. ASFEEME . 755552
HEM, BRI E, B/ sk R, Jlasin
( myoglobin, Myo ). LEZIARA T# MB ( CK-MB )
EIRPREFAGIEE L (P<0.05), HAbRE bR 0
PERT. B BEAHEOBE L © g . A A s
LA T A F e 22 I TG A (P> 0.05 X £ 1),
2.2 [ FH Lasso [E)3##1T4HEIERF

VR He 7:3 LB REHL S R I 2R RS e 4E
PB4 ) DEACMP 1Y & PER] . AR IS4
TR ZER TG I2HE L (P>0.05), MH
Lasso [F1HFEYIZREE I e 52 45 Jm AR IE I 2R, d
LGN 8 TR 2R ¢ AR . BRSO s 2Rl
AN &5 (DBP), GCS ¥4y, BakAf[a],
FRZAN LA . CK-MB 7KF-,
2.3 ZMHBEFIERWHESITEMN

i FH 9 FhAIL A% 27 > S Al s O A A, 45
Bon, 44 AUC {HAE 0.92~0.99 0 [l % 3, 4
UEHE AUC 1H7E 0.85~0.91 Ju Pk 3., Hidhf A
Wi A~ 455 B L RF Al SVM A A, RF #5 & AUC i
YIZRAER 0.99, FAESEH 0.9 ; SVM BLAL ) AUC
HINZREER 096, BUEEEHR 091 (LK 1), #EZ
FEARIEREITAL h, RF FI SVM AR [A] Af 7R H 4%
Ui o 25 he 7. FL A B A 40 XGBoost, Logistic,
NeuralNet, LightGBM %5 #% Y b & 81 | 4f, 7F
AUC JE R AR BE 7 A Bem a3 2).

R fE i 26 R, RF B AL SVM A5 A 78 |
SRAE RN 56 E AL R B R A4 (3 Brier 434K < 0.25),
RF HARIBE AL F SVM AR (LK 2 ). DCA £k
7R, RF Al SVM AL IG R 4K 5 K 4f, RF BiAY
WAL T SVM B AL ( DLIE 3). 28 A 45645, RF
ZHI ACOP 3% % = DEACMP AL L%
IR
2.4 [N SHAP %3t RF 1=V fR %

N SHAP J732:%F RF T4 Y3484 7 m] 404k A
file e, A5 BB AE R 5 R R (0 5 ) B 5 4%
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Table 1 Clinical Characteristics of patients with ACOP
" DEACMP .

i H SR (n=264) % (1=210) R (n=54) PfH
(% )® 50.5 (32.25, 59) 48 (31.5, 54) 55 (33.5, 67.25) <0.001
Bt (n,%) 134(50.8) 107(51) 27(50) 0.511
A TCU(1,%) 78(29.5) 48(22.9) 30(55.6) <0.001
Ol (n,%) 0.128

£ 109(41.3) 83(39.5) 26(48.1)

TA 20(7.6) 14(6.7) 6(11.1)

SEYIN 8(3) 5(2.4) 3(5.6)

FAtr 127(48.1) 108(51.4) 19(35.2)
WEAE S (n,%)

WEPRR 25(9.5) 20(9.5) 5(9.3) 1

R I 55(20.80) 38(18.1) 17(31.5) 0.039

IR 21(8) 18(8.6) 3(5.6) 0.583

i IKERs] 12(4.5) 10(4.8) 2(3.7) 1

RN 16(6.1) 5(2.4) 11(20.4) <0.001

B 1(0.4) 1(0.5) 0 1

Jibgeg 5(1.9) 5(2.4) 0 0.587
AN (1,%)

2 A 41(15.5) 29(13.8) 12(22.2) 0.142

el 35(13.3) 25(11.9) 10(18.5) 0.259

GCS W47 15 (13, 15) 15 (15, 15) 8 (6, 10.5) <0.001
Rk A TE] (1,%) <0.001

¥ 74 (28) 71(33.8) 3(5.6)

<24h 141(53.4) 123(58.6) 18(33.3)

>24h 49(18.6) 16(7.6) 33(61.1)
SBP(mmHg) * 125 (119, 135) 124 (120, 133) 125.5 (105.5, 135.25) 0.899
DBP(mmHg) * 78 (70, 84) 77 (68, 82) 79.5 (66.75, 85) 0.554
HR( ¥X /min)* 80 (76, 89) 80 (78, 92) 80 (72.75, 88.25) 0.702
HAIM (x 10°/L) * 9.59 (6.91, 13.29) 9.68 (7.09, 12.95) 12.1 (9.59, 18.67) 0.002
ZI40M (x 10/L) 4.3 (3.99,4.7) 4.5 (4,4.95) 432 (4.01, 4.67) 0.293
I/ (x 10°/0) * 224 (188, 263) 222 (193.5, 259.5) 215.5(174.25,251.75) 0.08
Rk 4 SHE (x 10°/10) 7.48 (4.95, 11.7) 7.76 (5.07, 10.85) 10.56 (8.16, 16.65) 0.003
R AN XHE (x 10°/0) 1.2 (0.87, 1.64) 1.3 (0.96, 1.75) 1.1 (0.86, 1.63) 0.296
BRI X HE (x 10°/L) ¢ 0.42 (0.28, 0.62) 0.42 (0.26, 0.54) 0.52 (0.36, 0.93) 0.001
CRP(mg/L)* 5.4 (0.88, 36.93) 2.48 (0.78, 14.03) 44.29 (13.63, 81.62) <0.001
PCT(ng/mL)* 0.08 (0.036, 0.34) 0.56 (0.02, 0.25) 0.34 (0.17, 1.95) <0.001
147 (mmol/L) * 3.85(3.61, 4.16) 3.85(3.52, 4.14) 3.82(3.67, 4.16) 0.474
144 (mmol/L) * 140.5 (139, 142) 140.5 (139.05, 141.85) 140.7 (138.87, 142.02) 0.113
BN (U/L) 21 (12.5,35.5) 16 (12, 26.5) 33.5 (13, 57) <0.001
A B (U/L) 23 (17, 43) 20 (15, 30.5) 44 (24, 154.25) <0.001
HEM (L) ° 41.2 (38.6, 43.5) 42.2(39.65, 44.85) 38.15 (36.72, 42.2) <0.001
ML E (pmol/L) * 8.3(6.2,12.21) 8.5 (6.14, 12) 10.1 (7.2, 14.12) 0.17
HHNELLER (pmol/L) 3.8(2.6,5.1) 3.8(2.6,4.9) 4.65 (3.85, 6.15) 0.008
[ HHLLZR (. mol/L) * 4.8(3.3,7.1) 4.7(3.25,7.1) 5.35(3.12, 8.25) 0.1
AT (p mol/L) * 63.5(51,78) 63 (53.5,76.5) 64.5 (58.5, 81.75) 0.077
(SN2 S0 105.87 (94.08, 117.86) 105.75 (98.82, 118.76) 99.23 (74.99, 111.15) <0.001
D K (mg/L)* 0.19 (0.08, 0.42) 0.12 (0.07, 0.27) 0.59 (0.21, 1.22) <0.001
Myo(ng/mL) * 52.97 (26.1, 302.6) 41.9 (22.11, 137.65) 344.05 (45.18, 1016.5) <0.001
CK-MB(ng/mL)* 3.55(1.29, 15.56) 2.93 (1.22,7.95) 17.06 (4.82, 47.64) <0.001
ECG 5% (1,%) 98(37.1) 68(44.4) 30(66.7) 0.011
24 h NATRIES (n.%) 122(46.2) 102(48.6) 20(37) 0.168

T " [M(0,,05)]

LI GCS W4 hl, Bt GCS PE4rFE(%, SHAP fi
B K, % DEACMP Ay nf BEME R 7RI IR
TAEH, XA, B ol AR 4 A A s & A
DEACMP FIMER

SRR AN 4A B, S22 A RCER i E
AR Z: GCS P4y, Brakmtfa], 4Fu% . REd O
g . CK-MB /K V-, FLAZ 47K F- . DBP. 1Rl
(UL 4), &R S5 R R R AN 4B TR,
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ROC comparison in training dataset

ROC comparison in validation dataset

LTI

050
1-Speccity

B AFSRTEIIZE . Bk i ROC Mk b4k

Fig 1 ROC curves of different models on the training set and validation set

A Multiple calibration curves

Models

RandomForest
s
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B Multiple calibration curves

Models
RandomForest
sw

Observed Risk

00 o1 02 03

04 05 06 07 08 09 10
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B 2 RF A SVMBEIIZAE (A) SEIEE (B) MIRHEIML
Fig 2 Calibration curves of the training set (A) and validation set (B)
for the RF and SVM models
3 g

AWFETRE], FT 8 MR

‘Standerdized Net Benefit

Standardizad Net Boveft

3 IE (A) SHEE (B) MPSRIMZS T (DCA)
Fig 3 Decision Curve Analysis (DCA) of the training set (A) and the
validation set (B)
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Fig4 Visualization and explanation of the RF model using the SHAP method
SRR RF 558 1 ACOP % 4= DEACMP
BRI TN PR 2 A e e BRI YR GCS T
g3 BRRRESE] AR | BRSO S . CK-MB 7K
HRAHKF- . DBP, 4RI L.

DEACMP J& ACOP J& % WAH BT 1 ph 48 R 40
JE I . SR E XTI —[ET R TR 25T, H
T TS R, SO bR e 2R 2R 1
E 13 W 5% ¢ T DEACMP {14 T 455 78 ) 5 BE 45 %
A5 . AEWY, W IME, CO FIE, CO %5 i [a],
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Table 2 Comparison of Prediction Performance Indicators of Different Models
BN ez M RETE bR

FoiAY AUC i B A Fl  Bim AUC W BURE R Fl

XGBoost 0.998 0.978 0914 0.993 0.941 XGBoost 0.879 0.835 0.631 0.9 0.648
NeuralNet 0.991 0.967 0.885 0.986 0911  NeuralNet 0.859 0.835 0.736 0.866 0.682
KNN 0.971 0.908 0.571 0.986 0.701 KNN 0.867 0.86 0.526 0.966 0.645
NaiveBayes 0.928 0.881 0.828 0.893 0.725  NaiveBayes 0.857 0.81 0.789 0.816 0.666
SVM 0.962 0.962 0.828 0.993 0.892 SVM 0.909 0.822 0.578 0.9 0.611
RF 0.996 0.972 0.885 0.993 0925 RF 0.9 0.835 0.631 0.9 0.648
LightGBM 0.998 0.972 0914 0.986 0.927  LightGBM 0.87 0.835 0.631 0.9 0.648
GBM 0.962 0.924 0.742 0.966 0.787 GBM 0.877 0.835 0.631 0.9 0.648
Logistic 0.949 0.924 0.742 0.966 0.787  Logistic 0.882 0.835 0.684 0.883 0.666

COHb /K-, GCS P43, Ko, Mkimi ik =0 e 2s,
M5 WUBR ARG, SORE e e bn s U520, Bk
KE, MAERR 4R SAT S A MR 8RR, Hib
FEAE—EMZES, THREEEFITH.

ARG R R, GCS P42 5 1 2 i Fil
K2, GCS PE4r I, % = DEACMP f{) a] GEME#OK
REAEVE Z B A A AR Y GCS WA AE Ry il 5
br, {H GCS Wil FHUE 22 K. AR EY] GCS
PE4y < 9 43215 DEACMP Ay E3i g R & P22,
T H Al B 5T P % B GCS < 13 43 Fil il DEACMP
KA RIHERTE R (AUC 4 0.936 ). ASHIF 5% Ao A% 75
AR ELR GCS VR4 X4 Jmysg i, B s 4
Kt . BLAh, WS s Bk i (R A EE A A5
M I35, ek i )i, %4 DEACMP FER ALK
AT E] 5 GCS PF4r 3412 W 2 D Rk A& 1 4
b, R G AT RESZ TR | RREEA R
& DEACMP [ n] GEMERUR

AW E N, B ECOF B A LKL
DEACMP By EZHMH R Z —, HEEAER—E
BEE A, AR R g BRI RE R . 40i
AT, WA EFaEALAERGR, CO Rt FEUNR
WS, AR DEACMP % A= s 1,

AW 5% R B W CK-MB K F F+ & &
DEACMP Wfal A %=, S, BEfEA sk
W L3 CK 7K SF- T 5 J& DEACMP Ry Tl e &%
ACOP i}, CK-MB Jt &m0 Nz, O
AR, T FHURHETAL, I K52 3 1% B
AN, AR SR, o 2 AU DEACMP
IR R 2R, IRAT 0. e O -5 Sk FERE 1k
YR, T Sh KRR AL 22 Rl 22 RGP 1)
RN R, WFEOHRBENS, BTk sh ik
AR AL R BORR S ke, MRS I T g2z 45,
ACOP i+ il BE IR MR AR L, 1 T 34 n & A=
DEACMP MR BhZ, #5 B A O W SE i

e P A PO UL, & 4 DEACMP
FIRESE 2 KRG

CO H#EJ5 12 h Pk 40 M A A A0 T 4k
B, ARk, &4 DEACMP Bl fig
PEF R . ML AT BB HaiE SAE N A . ACOP
B AT A 15 AU A S RAE N, B 2R
PEo TS AN TE S8 S0 R AE A1 v K 7
YER, ABEARMPLEIAA Rt —2BaoE . HAbdsdn
W DBP., RV S B A A AR HiE, ARWEIE R
WIRX PR AR, HEARLE T ALEIE A
FriE—2E 5% .

KT COHb, FRE%LFIHAWATHRYE COHb
KA PEAl ACOP H 35 ()9 1 ™ B F2 B, {H COHb
HAB R RRYE AT M. COHb Y221
EAFMATE R 2ERER, FEERNESTH 250 ~
320 min, 7EWZ A 100% %04 90 min, 7F &5 &
SAEME T R 30 min" . E A R B A HGE I B4
J7 RIE AT BB COHb Pk & 31 1E % /K F, H It
COHb 7KV F M ELA B¢ . V258 %W COHb
5 DEACMP & J& 2 [a) %4 i 35 ¢k, 4R, WA
5T S F5 COHb /K5 il 2 V1A ¢ 0 i A ff
FARYIA COHb, — 2% [EF| COHb APt fCil2s
o HKSFE, T COHb Skis %, MHLE Bk,
WK K iF, COHb S 3% HAT — % i T 1 .
H5 R M A G 1 L 28 25 T 4807, T D) R — 5 VRS
IEEE, Rl COHb &b+ 1E 5 /K, AR 24k
BRI &/ DEACMP XS . BRI, Iife R S I 7E K
COHDb TE R TR RIS, T 25 &% IEE I =,

FISEMR IR A BITA ff e

EERBAER XET - OPRBOE ST, b/ #
BRSO 5 A, =T BRI SOEMTA.
WY s R, W, EIEL, A, FSERAE - B
Wedk R et oA s R, INEE, FElE), 4%,
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