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Prediction of in-hospital clinical outcomes of coronavirus disease 2019 patients based on machine learning algorithms
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[ Abstract | Objective To construct prediction models for the clinical outcomes of coronavirus disease 2019
(COVID-19) patients using machine learning algorithms, and explore the outcome-related factors. Methods The clinical
indexes and outcomes (in-hospital mortality and receiving tracheal intubation) of COVID-19 patients who were admitted to
Wuhan Huoshenshan Hospital or Guanggu Branch of Tongji Hospital of Tongji Medical College of Huazhong University
of Science and Technology from Feb. 5 to Apr. 15, 2020 were collected. The prediction models for the clinical outcomes
were constructed using artificial neural network (ANN), naive Bayes, logistic regression and random forest algorithms.
Results A total of 4 804 COVID-19 patients were included, of whom 100 (2.08%) patients died and 87 (1.81%) patients
received tracheal intubation during the hospitalization. White blood cell (WBC), albumin, calcium, blood urea nitrogen,
creatine kinase-myocardial band (CK-MB) and age were the most correlated variables with in-hospital mortality. WBC,

lymphocyte, hypersensitivity C reaction protein (hs-CRP), total bilirubin, calcium and age were the most correlated variables
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with in-hospital tracheal intubation. With the above variables and based on the 4 machine learning algorithms, the prediction
models for in-hospital mortality and tracheal intubation were constructed. In the 4 prediction models, the model constructed
based on naive Bayes algorithm had the best performance in predicting in-hospital mortality (area under curve [AUC] =0.952,
95% confidence interval [ CI] 0.925-0.979) and tracheal intubation (AUC=0.948, 95% CI 0.896-0.965) versus the models
constructed based on ANN, logistic regression and random forest algorithms (the AUC [ 95% CI] values for predicting in-
hospital mortality were 0.938 [ 0.882-0.993 ], 0.926 [ 0.865-0.987 ] and 0.867 [ 0.780-0.954 ], and the AUC [ 95% CI] values
for predicting in-hospital tracheal intubation were 0.932 [ 0.814-0.980], 0.935[0.817-0.981 ] and 0.936 [ 0.921-0.972 ],
respectively). Conclusion The 4 machine learning algorithms have good performance in predicting the clinical outcomes
of COVID-19 patients. WBC, albumin, calcium, blood urea nitrogen, CK-MB and age can be used to predict the in-hospital
mortality of COVID-19 patients; while WBC, lymphocyte count, hs-CRP, total bilirubin, calcium and age can be used to
predict the in-hospital tracheal intubation.
[ Key words | machine learning; algorithms; coronavirus disease 2019; hospital mortality; intertracheal intubation
[ Acad J Sec Mil Med Univ, 2021, 42(10): 1115-1123 ]
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Tab 1 Literature review of predicting in-hospital mortality in patients with COVID-19

Study Predictive factor Method n AUC
Kaufmann, et al”> Mid-regional pro-ANP Cox regression 213 0.832
Zhang, et al”! CT features, age, LDH, diarrhea XGBoost 198 0.924
Zhang, et al”’ D-dimer Cox proportional hazard model 343 0.890
Bertsimas, et al *’ Age, oxygen saturation, CRP, BUN, creatinine XGBoost 3927 0.920
Zhao, et al *’ Heart failure, procalcitonin, LDH, COPD, oxygen Logistic regression model 641 0.830

saturation, heart rate, age
Utrero-Rico, et al” NLR, LDH, IL-6, age, PaO,/FiO, Logistic regression model 1477 0.910
Li, ctal® Age, severity at admission, dyspnea, cardiovascular ~ Logistic regression model 4086 0.920

disease, LDH, TBil, glucose, urea

COVID-19: Coronavirus disease 2019; AUC: Area under curve; pro-ANP: Pro-atrial natriuretic peptide; CT: Computed

tomography; LDH: Lactate dehydrogenase; CRP: C reactive protein; BUN: Blood urea nitrogen; COPD: Chronic obstructive

pulmonary disease; NLR: Neutrophil-to-lymphocyte ratio; IL-6: Interleukin 6; PaO,: Arterial partial pressure of oxygen; FiO,:

Fraction of inspired oxygen; TBil: Total bilirubin.
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Top features

Oversampling:
In-hospital mortality cohort n=>5 331
Intubation cohort n=5 922

l

Machine learning algorithm
training to develop the models
(ANN, NB, LR, RF)

Testing the models
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Fig1 Flow chart of data training and testing
COVID-19: Coronavirus disease 2019; ANN: Artificial neural

network; NB: Naive Bayes; LR: Logistic regression; RF:

Random forest.
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Tab 2 Missing data of whole group of cases
N=4804, n (%)

Variable Missing Variable Missing
WBC 54 (1.12) AST 140 (2.91)
Lymphocyte 54 (1.12) ALP 146 (3.04)
Monocyte 54 (1.12) TP 144 (3.00)
Neutrophil 54 (1.12) Albumin 145 (3.02)
Eosinophil 54 (1.12) TBil 145 (3.02)
Basophil 55 (1.14) DBIil 158 (3.29)
RBC 54 (1.12) Co, 278 (5.79)
Hemoglobin 54 (1.12) TBA 177 (3.68)
Hematocrit 54 (1.12) Na™ 281 (5.85)
MCV 54 (1.12) K" 286 (5.95)
MCH 54 (1.12) ca’* 286 (5.95)
Platelet 55 (1.14) cl- 277 (5.77)
MPV 54 (1.12) Creatinine 205 (4.27)
hs-CRP 397 (8.26) UA 209 (4.35)
ALT 150 (3.12) CK-MB 824 (17.15)

WBC: White blood cell; RBC: Red blood cell; MCV: Mean
corpuscular volume; MCH: Mean corpuscular hemoglobin; MPV:
Mean platelet volume; hs-CRP: Hypersensitivity C reactive protein;
ALT: Alanine aminotransferase; AST: Aspartate aminotransferase;
ALP: Alkaline phosphatase; TP: Total protein; TBil: Total bilirubin;
DBil: Direct bilirubin; TBA: Total bile acid; UA: Uric acid;
CK-MB: Creatine kinase-myocardial band.
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Tab 3 Baseline characteristics of COVID-19 patients with different outcomes

In-hospital mortality

In-hospital tracheal intubation

Characteristic Alive N=4 704 Died N=100 Non-intubation N=4 717 Intubation N—=87
General condition

Age, n (%)

<18 years 21 (0.45) 0 21 (0.45) 0

18-44 years 900 (19.13) 1(1.00) 901 (19.10) 0

45-59 years 1507 (32.04) 12 (12.00) 1507 (31.95) 12 (13.79)

=60 years 2276 (48.38) 87 (87.00) 2288 (48.51) 75 (86.21)
Male, 7 (%) 2220 (47.19) 66 (66.00) 2226 (47.19) 60 (68.97)

RR/min" ', M (Q,, Ov)
Pulse/min "', M (Q;, Q)
SBP/mmHg, M (Q,, Ov)

20.0 (19.0, 20.0)
84.0 (78.0, 94.0)
130 (120, 140)

21.0 (20.0, 24.0)
88.0 (78.0, 98.0)
130 (120, 144)

20.0 (19.0, 20.0)
84.0 (78.0, 94.0)
130 (120, 140)

21.0 (19.0, 23.0)
88.0 (78.0, 98.0)
131 (120, 143)

DBP/mmHg, M (Q,, O,) 80 (75, 89) 76 (67, 86) 80 (75, 89) 78 (68, 86)
Clinical symptom, 7 (%)

Cough 2717 (57.76) 45 (45.00) 2717 (57.60) 45 (51.72)

Fatigue 1651 (35.10) 38 (38.00) 1 657 (35.13) 32 (36.78)

Fever 2917 (62.01) 61 (61.00) 2924 (61.99) 54 (62.07)

Sputum 243 (5.17) 4 (4.00) 243 (5.15) 4 (4.60)

Gasp 719 (15.28) 20 (20.00) 722 (15.31) 17 (19.54)
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Characteristic

In-hospital mortality

In-hospital tracheal intubation

Alive N=4 704

Died N=100

Non-intubation N=4 717

Intubation N=287

Laboratory test, M (Q,, Q)

WBC/(L ™', X10%)

Lymphocyte/(L™", X 10%)
Monocyte/(L ™', X 10%)
Neutrophil/ (L™, X10%)
Eosinophil/(L™", X 10%)
Basophil/(L™', X 10°%)

RBC/(L™', X107

Hemoglobin/(g*L™")

Hematocrit/%
MCV/fL
MCH/pg

Platelet/(L ', X 10°%)

MPV/fL
hs-CRP/(mg*L™")
ALT/(U-L ™)
AST/(U-L™ "
ALP/(U-L™"
TP/(g*L ")
Albumin/(g*L ")

Creatinine/(pmol=L ")

TBil/(umol<L ")
DBil/(umol-L ")
CO,/(mmol+L™")
TBA/(umol-L ")
BUN/(mmolL ")
UA/(umol+L™"
Na*/(mmol-L™")
K*/(mmol-L™")
Ca”"/(mmol+L™")
Cl /(mmol*L ")
CK-MB/(U-L™")
Medical history, 1 (%)
Hypertension
Diabetes
CHD
COPD
Kidney disease
Cancer

5.70 (4.70, 6.90)
1.53 (1.16, 1.90)
0.41 (0.32, 0.52)
3.44 (2.67,4.47)
0.11 (0.07, 0.19)
0.02 (0.01, 0.03)
4.07 (3.73, 4.41)

126.0 (116.0, 137.0)

37.30 (34.50, 40.30)

92.30 (89.60, 94.90)

31.20 (30.20, 32.20)

221.0 (181.0, 270.0)
9.80 (9.20, 10.60)
1.59 (0.63, 3.77)

21.60 (14.00, 36.10)

18.40 (14.40, 25.10)

69.80 (58.00, 84.00)

67.00 (62.70, 71.50)

38.30 (35.40, 40.70)

64.10 (55.00, 75.60)
9.40 (7.30, 12.40)
3.50 (2.60, 4.70)

24.10 (22.70, 25.60)
3.80 (2.40, 6.10)
4.41 (3.62, 5.46)

284.0 (231.0, 347.0)

141.0 (139.0, 143.0)
4.18 (3.90, 4.49)
2.17(2.10, 2.24)

106.0 (104.0, 108.0)
7.30 (1.20, 9.70)

1 429 (30.38)
630 (13.39)
269 (5.72)

43 (0.91)
124 (2.64)
42 (0.89)

8.50 (6.45, 12.10)
0.64 (0.42, 0.93)
0.36 (0.24, 0.56)
7.25 (5.30, 10.7)
0.02 (0.01, 0.06)
0.01 (0.01, 0.01)
3.90 (3.39, 4.23)

117.0 (102.0, 132.0)

35.20 (31.10, 38.50)

92.30 (88.00, 96.70)

31.00 (29.70, 32.60)

152.0 (88.2, 230.0)

10.50 (9.75, 11.40)

12.10 (6.26, 84.60)

24.00 (15.70, 44.60)

30.60 (21.50, 47.40)

89.60 (68.80, 117.00)

60.20 (55.40, 65.40)

30.50 (27.10, 33.40)

76.40 (62.40, 105.00)

13.00 (9.55, 19.50)
6.90 (4.47, 10.50)

22.10 (19.60, 25.90)
4.30 (2.58, 6.82)
8.46 (5.29, 12.40)

262.0 (192.0, 337.0)

140.0 (137.0, 145.0)
4.30 (3.80, 4.60)
1.97 (1.87, 2.03)

104.0 (9.0, 110.0)

12.80 (8.10, 22.50)

28 (28.00)
25 (25.00)
22 (22.00)
6 (6.00)
16 (16.00)
3 (3.00)

5.70 (4.70, 6.90)
1.53 (1.16, 1.90)
0.41 (0.32, 0.52)
3.44 (2.67,4.47)
0.11 (0.07, 0.19)
0.02 (0.01, 0.03)
4.07 (3.73, 4.41)

126.0 (116.0, 137.0)

37.30 (34.50, 40.30)

92.30 (89.60, 94.90)

31.20 (30.20, 32.20)

221.0 (181.0, 270.0)
9.90 (9.20, 10.60)
1.59 (0.63, 3.77)

21.60 (14.00, 36.00)

18.40 (14.40, 25.10)

69.80 (58.00, 83.90)

67.00 (62.60, 71.40)

38.30 (35.40, 40.70)

64.10 (55.10, 75.80)
9.40 (7.30, 12.40)
3.50 (2.60, 4.70)

24.10 (22.70, 25.60)
3.80 (2.40, 6.10)
4.41(3.62,5.48)

284.0 (231.0, 348.0)

141.0 (139.0, 143.0)
4.18 (3.90, 4.49)
2.17 (2.10, 2.23)

106.0 (104.0, 108.0)
7.30 (1.20, 9.80)

1 429 (30.29)
634 (13.44)
276 (5.85)

42 (0.89)
126 (2.67)
41 (0.87)

8.80 (6.65, 12.80)
0.74 (0.42, 1.02)
0.36 (0.24, 0.60)
7.25 (5.35, 11.90)
0.02 (0.01, 0.06)
0.01 (0.01, 0.02)
3.96 (3.37, 4.25)

121.0 (104.0, 134.0)

36.00 (31.40, 39.30)

92.50 (89.00, 97.20)

31.40 (29.80, 32.50)

159.0 (96.2, 249.0)

10.30 (9.65, 11.40)

16.10 (6.66, 84.00)

26.00 (16.90, 49.80)

27.10 (19.80, 42.20)

91.20 (69.00, 116.00)

61.00 (56.10, 66.10)

31.40 (27.50, 34.90)

73.80 (58.90, 90.90)

12.60 (10.10, 18.90)
6.45 (4.43,9.52)

23.60 (20.60, 26.60)
4.00 (2.70, 6.88)
6.66 (4.97, 11.20)

230.0 (176.0, 319.0)

140.0 (136.0, 144.0)
4.30 (3.74, 4.60)
1.97 (1.88, 2.05)

104.0 (99.4, 108.0)

10.30 (5.62, 17.30)

28 (32.18)
21 (24.14)
15 (17.24)
7 (8.05)
14 (16.09)
4 (4.60)

1 mmHg=0.133 kPa. COVID-19: Coronavirus disease 2019; RR: Respiratory rate; SBP: Systolic blood pressure; DBP:
Diastolic blood pressure; WBC: White blood cell; RBC: Red blood cell; MCV: Mean corpuscular volume; MCH: Mean corpuscular
hemoglobin; MPV: Mean platelet volume; hs-CRP: Hypersensitivity C reactive protein; ALT: Alanine aminotransferase; AST:
Aspartate aminotransferase; ALP: Alkaline phosphatase; TP: Total protein; TBil: Total bilirubin; DBil: Direct bilirubin; TBA: Total
bile acid; BUN: Blood urea nitrogen; UA: Uric acid; CK-MB: Creatine kinase-myocardial band; CHD: Coronary heart disease;

COPD: Chronic obstructive pulmonary disease; M (Q,, Qy): Median (lower quartile, upper quartile).
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Fig2 ROC curves of prediction models for clinical outcomes of COVID-19 patients based on machine learning algorithms

A: ROC curves for in-hospital mortality; B: ROC curves for receiving in-hospital tracheal intubation. COVID-19: Coronavirus disease

2019; ROC: Receiver operating characteristic; ANN: Artificial neural network; NB: Naive Bayes; LR: Logistic regression; RF:

Random forest; AUC: Area under curve.

R4 ET4MNBFFIEEMEN COVID-19 BE
Il P 5 Fo T I A B0 7 it £ B T R
Tab 4 Predictive performance of prediction models for
clinical outcomes of COVID-19 patients based on

4 machine learning algorithms in test set

Outcome Sensitivity ~ Specificity ~ Accuracy

In-hospital mortality

ANN 0.812 0.954 0.952
NB 0.750 0.967 0.963
LR 0.750 0.954 0.951
RF 0.000 1.000 0.982
In-hospital tracheal intubation
ANN 0.844 0.897 0.896
NB 0.938 0.887 0.888
LR 0.844 0.915 0.914
RF 0.406 0.976 0.966

COVID-19: Coronavirus disease 2019; ANN: Artificial

neural network; NB: Naive Bayes; LR: Logistic regression; RF:

Random forest.
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