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Prediction of early mortality of severe ischemic stroke patients based on machine learning algorithms
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University), Shanghai 200433, China

[ Abstract ] Objective To evaluate the effects of 3 machine learning algorithms (support vector machine [SVM],
random forest, and extreme gradient boosting [ XGBoost]) and logistic regression in predicting the 30-d mortality of severe
ischemic stroke patients. Methods The data of 2 358 patients with severe ischemic stroke who qualified for the criteria
in the Medical Information Mart for Intensive Care IV (MIMIC- IV) database from 2008 to 2019 were used. SVM, random
forest, XGBoost and logistic regression combined with synthetic minority oversampling technique (SMOTE) were used
respectively to build early mortality prediction models. The prediction performance of models was evaluated by the area
under curve (AUC) of receiver operating characteristic curve, accuracy, F1-score, and Brier score. Results The AUC values
of SVM, random forest, XGBoost and logistic regression models using original unbalance data were 0.78, 0.81, 0.84 and
0.83, respectively. After using SMOTE-based synthetic data, the AUC values of SVM, random forest, XGBoost and logistic
regression models were 0.72, 0.84, 0.83 and 0.83, respectively. Except for SVM, random forest and XGBoost had similar
predictive ability to logistic regression, but their accuracy and Brier score were better than logistic regression, and their overall
classification performance was better. Conclusion Machine learning algorithms have better performance than traditional
logistic regression in predicting early mortality of ischemic stroke patients.
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technique
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Tab 1 Basic characteristics of severe ischemic stroke patients with different 30 d prognoses

Variable Survival group N=2 095 Death group N=263 Statistic P value
Gender, 1 (%) =129 0.26
Female 1 009 (48.2) 137 (52.1)
Male 1086 (51.8) 126 (47.9)
Agelyear, x s 71.2+14.4 783+11.4 t=9.26 <0.01
Body weight/kg, x +s 80.2+21.0 74.94+20.3 t=3.98 <0.01
Smoking history, 7 (%) =171 0.19
Yes 401 (19.1) 41 (15.6)
No 1 694 (80.9) 222 (84.4)
History of alcohol consumption, 7 (%) 7=0.01 0.97
Yes 61(2.9) 7(2.7)
No 2034 (97.1) 256 (97.3)
Hypertension, 7 (%) 1=14.68 <0.01
Yes 1127 (53.8) 108 (41.1)
No 968 (46.2) 155 (58.9)
Hyperlipidemia, n (%) 1 =23.42 <<0.01
Yes 1418 (67.7) 138 (52.5)
No 677 (32.3) 125 (47.5)
Diabetes mellitus, 7 (%) 2£=0.10 0.75
Yes 534 (25.5) 70 (26.6)
No 1561 (74.5) 193 (73.4)
COPD, 1 (%) 2£=0.10 0.75
Yes 534 (25.5) 70 (26.6)
No 1561 (74.5) 193 (73.4)
Coronary heart disease, 7 (%) 7 =0.49 0.48
Yes 800 (38.2) 94 (35.7)
No 1295 (61.8) 169 (64.3)
Atrial fibrillation, n (%) 1=8.13 <<0.01
Yes 732 (34.9) 116 (44.1)
No 1363 (65.1) 147 (55.9)
Heart rate/min ', X+ 79.2+14.5 86.2+17.1 t=6.31 <0.01
Systolic blood pressure/mmHg, x+s 130.4+18.6 132.2£0.7 t=1.39 0.16
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Variable Survival group N=2 095 Death group N=263 Statistic P value
Diastolic blood pressure/mmHg, x +s 68.1+12.8 67.5+12.2 t=0.71 0.49
Mean blood pressure/mmHg, x s 85.2+12.8 849+12.9 t=0.30 0.76
Respiratory rate/min ', x%s 18.8£3.1 20.8t4.2 t=17.56 <0.01
Temperature/'C, x s 36.9+0.4 37.0£0.5 t=3.94 <0.01
Oxygen saturation/%, X +s 96.9+1.7 97.5+19 t=5.32 <0.01
Glucose/(mmol*L™"), x£s 75423 8.61t2.9 t=6.12 <0.01
Cholesterol/(mmol-L "), X+ 2.740.1 2.7£0.2 t=0.76 0.45
Erythrocyte specific volume/%, x+s 35.6+6.0 357164 t=0.39 0.70
Hemoglobin/(g*L "), ¥+ 118.0+21.0 117.0422.0 t=0.95 0.34
WBC/L ™', X10%),x+s 10.8+4.5 13.4+6.1 1=6.84 <0.01
Anion gap/(mmol<L "), x+s 14.4%3.0 162+3.8 t=17.66 <0.01
Bicarbonate/(mmol<L "), x+s 235%3.1 222436 t=5.34 <0.01
Blood urea nitrogen/(mmol-L "), X+s 12.2+8.7 16.2+11.9 t=5.31 <0.01
Calcium/(mmol-L "), X+ 8.61+0.7 8.61+0.7 t=1.78 0.07
Chloride/(mmol+L "), ¥+ 10424438 1043458 t=0.20 0.84
Sodium/(mmol'Lfl),)fcis 139.1+4.0 139.9+54 t=247 0.01
Potassium/(mmol*L "), x+s 42+0.5 43%0.6 t=231 0.02
International normalized ratio, x+s 1.3£0.5 1.4+0.7 t=2.59 0.01
Prothrombin time/s, x £ 142+58 15.3+6.8 t=2.57 0.01
Partial thromboplastin time/s, x = 35.6+16.3 36.4+18.6 t=0.74 0.46
SOFA score, M (Q,, Op) 1(0,2) 1(0,3) 7=3495 <001

1 mmHg=0.133 kPa. COPD: Chronic obstructive pulmonary disease; WBC: White blood cell; SOFA: Sequential organ failure

assess; M (O, Op): Median (lower quartile, upper quartile).
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Tab 2 Performance of 4 models on original dataset

Indicator Logistic regression XGBoost Random forest SVM
AUC (95% CI) 0.83(0.77, 0.89) 0.84 (0.78, 0.90) 0.81(0.77, 0.89) 0.78 (0.72, 0.84)
F1-score 0.38 0.24 0.15 0.26
Brier score 0.08 0.08 0.09 0.09

Accuracy (95% CI)

Sensitivity (95% CI)

Specificity (95% CI)

Positive predictive value (95% CI)
Negative predictive value (95% CI)

0.90 (0.87, 0.92)
0.28 (0.19, 0.39)
0.98 (0.96, 0.99)
0.61 (0.45, 0.75)
0.91 (0.89, 0.93)

0.89 (0.87, 0.91)
0.11 (0.06, 0.20)
0.99 (0.98, 1.00)
0.64 (0.39, 0.84)
0.90 (0.87, 0.92)

0.89 (0.87, 0.91)
0.09 (0.04, 0.17)
0.99 (0.98, 0.99)
0.50 (0.27, 0.73)
0.90 (0.87, 0.92)

0.89 (0.86, 0.91)
0.18 (0.11, 0.28)
0.98 (0.96, 0.99)
0.52 (0.34, 0.69)
0.90 (0.88, 0.92)

XGBoost: Extreme gradient boosting; SVM: Support vector machine; AUC: Area under curve; CI: Confidence interval.
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Tab 3 Performance of 4 models on synthetic dataset
Indicator Logistic regression XGBoost Random forest SVM
AUC (95% CI) 0.83(0.77, 0.89) 0.83(0.77, 0.89) 0.84 (0.78, 0.90) 0.72 (0.65, 0.79)
Fl-score 0.41 0.31 0.24 0.12
Brier score 0.16 0.09 0.10 0.11

Accuracy (95% CI)

0.77 (0.73, 0.80)
0.72 (0.61, 0.81)

0.88 (0.86, 0.91)
0.23 (0.15, 0.33)

0.89 (0.86, 0.91)
0.17 (0.10, 0.26)

0.87 (0.84, 0.90)
0.08 (0.04, 0.16)

Sensitivity (95% CI)

Specificity (95% CI)

Positive predictive value (95% CI)
Negative predictive value (95% CI)

0.77 (0.74, 0.80)
0.29 (0.23, 0.35)
0.96 (0.93, 0.97)

0.97 (0.95, 0.98)
0.46 (0.32, 0.61)
0.91 (0.88, 0.93)

0.97 (0.96, 0.98)
0.43 (0.27, 0.61)
0.90 (0.88, 0.92)

0.97 (0.96, 0.98)
0.26 (0.13, 0.46)
0.89 (0.87, 0.91)

XGBoost: Extreme gradient boosting; SVM: Support vector machine; AUC: Area under curve; CI: Confidence interval.
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Fig1 Relative importance ranking of variables of
2 machine learning algorithms and logistic regression model
A: Logistic regression model; B: XGBoost (extreme gradient
boosting) model; C: Random forest model. WBC: White blood
cell; BUN: Blood urea nitrogen.
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