Advances in Clinical Medicine I/REE%34 &, 2022, 12(11), 10081-10090 Hans X3
Published Online November 2022 in Hans. http://www.hanspub.org/journal/acm
https://doi.org/10.12677/acm.2022.12111454

ETINSFEI0IREYEARREBERERNIETH
TR 53

A i, REWH
BB REMBER OIS AR, LR 5

Weks H 3 20224610 H9H; FHHM: 2022411 H2H; KA HM: 20224E11H14H

H E

HE: MWE IR BB AT AR, Jrigk: FIFIMIMIC-IIEHEBE, W8 N DARAE. LR =R
. BIFESEST MR T IIEERE S, AV, LogisticElJA. XGBoost. HBIME M4 H
B, WERTIEE., AR, FRRE. MERTER. HHEREBOX4MER R, E8: EXW
BFREI8044% B, F2094 BH (26%) HIIBE NFET: . FETIIRE WFET R, POAVBERN fodselic s T/ed:
4 # 28 (ROC) H 1 28 T T AR (AUC) #E0.757 £ 0.848FITEE W . TEFT A A F, XGBoostH REE B H
(87.3%), F¢FME(81%)FERHIERH(84.6%). Giik: MLEES I B EwT DIVERA T VR MR 52 B B
WIET-RK, HEXGBoostiiA,
i

Plas%, BPER, OIRMERT

Research on Prediction Model of
Cardiogenic Shock in-Hospital
Death Based on Machine Learning

Chi Zhou, Zhexun Lian*
Department of Cardiology, The Affiliated Hospital of Qingdao University, Qingdao Shandong

Received: Oct. 9", 2022; accepted: Nov. 2", 2022; published: Nov. 14", 2022

"EAEE Email: lianzx566@163.com

SCEGI M M, B BT HLE S ST K VR YRR S0 R B BT T B BT ). KBRS HERE, 2022, 12(11):
10081-10090. DOI: 10.12677/acm.2022.12111454


http://www.hanspub.org/journal/acm
https://doi.org/10.12677/acm.2022.12111454
https://doi.org/10.12677/acm.2022.12111454
http://www.hanspub.org

Jlst, B

Abstract

Objective: To construct a prediction model for in-hospital death in patients with cardiogenic shock.
Methods: Using the MIMIC-III database, 87 indicators of demographic characteristics, laboratory
tests, and comorbidities were collected and then feature selection. Logistic regression, random for-
est, XGBoost, and convolutional neural network algorithms were employed to build models. Sensi-
tivity, specificity, accuracy, and area under the curve were applied to access the performance. Re-
sult: Among 804 patients enrolled in this study, 209 patients (26%) died in hospital. In the predic-
tion of the in-hospital death, the areas under the curve (AUCs) of the receiver operating characte-
ristic curves (ROCs) of the four models ranged from 0.757 to 0.848. Among all models, XGBoost
achieved the highest sensitivity (87.3%), specificity (81%) and accuracy (84.6%). Conclusion: Ma-
chine learning algorithms can accurately predict the in-hospital mortality of patients with cardi-
ogenic shock, especially the XGBoost model.
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Figure 1. Model building flow chart
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Table 1. Comparison of baseline information of patients with and without in-hospital mortality

* 1 RARERERTBERLIRER

AERE N FET: B NFET: (RS
Hoe 595 209
R 68.10 + 12.46 71.94 +12.72 <0.001
Z (%) 230 (38.7) 77 (36.8) 0.703
5 11 B _ e /IME 13.79 £ 2.85 15.80 + 4.42 <0.001
1 1R B _ s K E 17.69 £ 4.26 20.10 +5.28 <0.001
Tk R UMt /IMA 20.55 + 4.23 18.68 + 4.99 <0.001
RN Kl 24.21 +3.79 22.79 + 4.42 <0.001
MHLT /M 0.87 £0.79 1.25+1.54 <0.001
IEEAR- NS SN 1.06 + 1.30 1.31+1.41 0.016
WUEF_f5/IME. 1.45 + 1.46 1.78 +1.32 0.004
NS N 1.82+171 2.16+1.48 0.01
M5 _f/ME 101.93 +5.61 100.55 + 6.80 0.004
lIE S SN 106.76 + 5.95 106.48 + 6.36 0.571
M4 b e /ME 29.93 +6.52 29.75 + 6.41 0.72
MR A _ R ME 37.65 +5.66 37.19 +5.79 0.317
MersEE_fm/ME 10.20 £ 2.27 10.01 £2.18 0.289
M EH_RKE 12.60 + 1.94 12.35 £ 2.02 0.116
LR _f/ME 1.79 £ 0.97 2.67+221 <0.001
FLBR R oRME 3.60 £ 2.67 5.23+4.16 <0.001
/MR _f/MA 195.97 + 85.37 188.51 + 100.06 0.299
N T INE] 256.92 + 97.30 250.45 + 109.44 0.424
M4 _fe/MiE 3.68+0.54 3.76 £ 0.62 0.089
MR _fHoRAE 4.93+0.95 5.06 + 0.94 0.072
kM O eI 1]/ ME 36.35 + 16.86 41.82 £ 22.41 <0.001
Tk MO B I 8] _ A R fE. 69.85 + 42.39 79.20 £ 45.50 0.007
I Brr it Ak P AR /IME 1.41+0.64 1.61+0.74 <0.001
I B vt 4k PO At R 1.90 + 1.57 2.18 £ 1.60 0.025
5% 100 09 J5R P 1] /M 14.99 + 3.69 16.55 + 4.61 <0.001
ik 1 ot JSLI T KA. 17.96 + 8.31 20.85 + 14.49 <0.001
B4 _fx/MA 11.28 £ 4.59 12.68 £5.90 <0.001
SEN RS INE] 15.50 + 6.23 17.32 £7.42 0.001
PR INE_f/ME 645.25 + 1174.40 761.40 + 1415.30 0.245
A YN 1376.23 + 2048.26 1416.47 + 2187.30 0.81
BERRNUER R LRG_fe/MA 47.62 +87.03 48.29 + 83.56 0.923
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Continued
AN AR N | 107.14 + 173.57 102.55 + 161.51 0.738
B NFE N _f/ME 142.63 + 440.18 182.61 + 423.71 0.254
AN N 166.99 + 503.64 279.94 + 723.25 0.014
PR 2062.43 + 1300.27 1521.44 + 1308.78 <0.001
U5k 111975 (%) 103 (17.3) 73 (34.9) <0.001
181 Jii 95 (%) 94 (15.8) 39 (18.7) 0.395
Fe LA 0 77 3 v (%) 110 (18.5) 49 (23.4) 0.148
i R (%) 45 (7.6) 15 (7.2) 0.976
BT (%) 102 (17.1) 39 (18.7) 0.696
I PES75 (%) 38 (6.4) 18 (8.6) 0.353
JAEFR 95955 (%) 15 (2.5) 12 (5.7) 0.045
A0 A I8 5974 (%) 72 (12.1) 25 (12.0) 1
5 1L (%) 80 (13.4) 35 (16.7) 0.29
IR (%) 5(0.8) 2 (1.0) 1
5 5535 (%) 109 (18.3) 47 (22.5) 0.227
JFF9% (%) 23(3.9) 17 (8.1) 0.024
W5 (%) 0(0.0) 3(1.4) 0.023
TS (%) 22 (3.7) 8 (3.8) 1
% 75 (%) 11 (1.8) 3(1.4) 0.932
A BAIEIT (%) 33(5.5) 16 (7.7) 0.353
(%) 380 (63.9) 156 (74.6) 0.006
WA _fw/ME 12.33£9.59 10.08 + 10.58 0.005
N RPN 13.31+10.53 21.84 + 148.70 0.164
M55 R/ MA 1.05+0.12 1.02+0.13 <0.001
A%t KAH 1.18 £0.15 1.16 +£0.18 0.329
ZLA ML 53 A TR/ ME 14.49 + 1.75 15.28 +2.12 <0.001
ZLA ML 53 A B KB 14.94 +1.95 15.72 +2.18 <0.001
FE BNk N BRFE A8 (%) 235 (39.5) 75 (35.9) 0.401
SMEA AP 1 51.38 + 19.09 67.10 + 22.82 <0.001
I e U R 81.83 + 15.69 79.60 + 14.92 0.075
AR e & 42.07 +10.56 38.32+10.01 <0.001
Fic e LA 220.77 £ 97.25 244.41 +129.14 0.006
R I 109.63 + 35.92 112.32 + 41.85 0.374
S 45 10 156.90 + 44.16 169.89 + 56.66 0.001
RIBOE 72.43 + 1551 75.69 + 16.60 0.01
SRR 87.42 + 15.64 92.71 +16.28 <0.001
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RO E 106.34 + 19.36 116.18 + 24.48 <0.001
YN e 27.89 + 6.67 29.61 + 6.45 0.001
=UNGR € 12.76 + 3.87 12,53 +4.05 0.468
S5 B 19.49 + 3.78 20.59 + 4.07 <0.001
RREE 99.68 + 0.72 99.62 + 1.33 0.404
RNEE 89.98 +10.33 84.74 + 15.92 <0.001
SEHE S 97.24 +2.28 96.15 + 3.43 <0.001
SN &S 140.82 +21.90 134.33 + 23.55 <0.001
S W 4 108.21 + 14.06 101.13 + 10.24 <0.001
=N E S 80.70 + 14.85 73.34 12,93 <0.001
A IR 37.60+0.80 37.55+1.06 0.512
HRARARIR: 35.95 + 0.87 35.72 £ 1.00 0.002
S A IR 36.84 + 0.69 36.75+0.87 0.139
TR 7.43 £0.07 7.42 £0.07 0.052
T 4 0.36 +3.85 —0.51 +4.62 0.008
TEAR 25.95 + 4.49 25.02 +5.58 0.017

3.2. MERBIHER

FEE ) Logistic [ AY | BEHLARARBLAL . XGBoost B K 4 F i 4 I 26 78 B I 4 Hh AT P S 8AIE

SEREIR, BRI AUC H8E, KRN 0.786. 0.826. 0.848. 0.757. H5:ARZ: 48 AR R — L,
FERESEIE . BURTE . HERATEMR YN 0.687. 0.852. 0.751. XGBoost A5 7 [{1 2 Bl e, HABUREE A h 0.81.
R0 0.873. IR Ny 0.846, &ML FRIUGHLANE 2 Fras, ROC ’IZRAEE] 2 7R . 223 Delong
test %6, XGBoost f AL B R4 T Logistic [FJH(P < 0.05). XGBoost A5 % H1 & bp 4 W7 () v ik B 4n 4] 3
FiR, SR BT IME . PSR 2 e B TR R, LR B e AR 0 21 200 B 7 A 5 B A/
fEHo [, FRATHXT XGBoost #AY i SANFAERHAT SR v Wifk . 7RI 4 1, AF—17 Hr i e e AR
RTRrETEIVMMMEREENS 5, M XA T SHAPE, B4 TR M. BIe 2 S imn
FHESN AT & A (SHAP [ IEAE) B3 A K £ (SHAP [ 6UE) . Biltn: & 4 v o RAERe 2 B 5 B (T,
MU O S B TE SHAP fH/N T 0 X EK, 165 = ZAEPTE SHAP (KT 0 1IIXIR, wf WLAER /NG
BEARRE BT R AR R RS, A R O 2 3 e A B0 T A R AU

Table 2. Comparison of the prediction performance of the models in the test set

2. HRAAENKXE DTN RE

fE A RS et HERf 2 AUC
Logistic [F] 54524 0.699 0.686 0.717 0.786
BEALARARAR R 0.778 0.867 0.824 0.826
XGBoost 7 0.810 0.873 0.846 0.848
R X 45 A Y 0.687 0.852 0.751 0.757
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Figure 2. Area under the curve as a measure of predictive performance
of whether in-hospital death occurs in patients with cardiogenic shock
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Figure 3. Feature importance graph for machine learning models
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Figure 4. The first 20 clinical variables affecting the model in the Xghoost model
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