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Background：The outbreak of coronavirus disease 2019 (COVID-19) that occurred in Wuhan, has
become a global public health threat. It is necessary to find the optimal predictors for the clinical
outcomes of COVID-19 patients.

Methods：This was a retrospective cohort analysis including 126 patients diagnosed with COVID-19 from
Wuhan Fourth Hospital, hospitalized for treatment during Feb. 1th to Mar. 15th, 2020. Among them, 7
patients were excluded because they have no clinical outcome. Clinical characteristics were analyzed
between discharged patients and those who died via a random forest algorithm. An oversampling
method was employed for a serious imbalance of patients outcome, and a random forest classification
model was used to find the optimal diagnostic predictors for the patients' clinical outcomes between two
groups, the areas under the ROC curve (AUC) of the training data (100%) and test data (100%) showed
the high accuracy of the classification model. Partial dependence correlation was used to evaluate the
relationship between COVID-19 survival and predictors.

Results：Of 119 patients, 103 of them were discharged and 16 died in hospital. The random forest (RF)
algorithm identified two optimal diagnostic clinical characteristic predictors of COVID-19 patient outcome
after an oversampling method, which were LDH and Myo, and their partial correlation showed negative
correlations between the survival and these two variables. Moreover, a substantial increase was found in
the risk of in-hospital mortality for the increase of Myo（OR=7.54, 95% CI, 3.42 to 16.63）and LDH
（OR=4.90, 95% CI, 2.13 to 11.25).

Conclusion：In summary, we applied a random forest algorithm to find that LDH higher than 500U/L, and
Myo higher than 80ng/ml were considered as potential risk factors to help doctors find patients with poor
COVID-19 prognoses at an early stage and provide scientific data for mortality reduction.
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18 Abstract：

19 Background：The outbreak of coronavirus disease 2019 (COVID-19) that occurred in Wuhan, 

20 has become a global public health threat. It is necessary to find the optimal predictors for the 

21 clinical outcomes of COVID-19 patients.

22 Methods：This was a retrospective cohort analysis including 126 patients diagnosed with 

23 COVID-19 from Wuhan Fourth Hospital, hospitalized for treatment during Feb. 1th to Mar. 

24 15th, 2020. Among them, 7 patients were excluded because they have no clinical outcome. 

25 Clinical characteristics were analyzed between discharged patients and those who died via a 

26 random forest algorithm. An oversampling method was employed for a serious imbalance of 

27 patients outcome, and a random forest classification model was used to find the optimal 

28 diagnostic predictors for the patients' clinical outcomes between two groups, the areas under the 

29 ROC curve (AUC) of the training data (100%) and test data (100%) showed the high accuracy of 

30 the classification model. Partial dependence correlation was used to evaluate the relationship 

31 between COVID-19 survival and predictors.

32 Results：Of 119 patients, 103 of them were discharged and 16 died in hospital. The random 

33 forest (RF) algorithm identified two optimal diagnostic clinical characteristic predictors of 

34 COVID-19 patient outcome after an oversampling method, which were LDH and Myo, and their 

35 partial correlation showed negative correlations between the survival and these two variables. 

36 Moreover, a substantial increase was found in the risk of in-hospital mortality for the increase of 

37 Myo（OR=7.54, 95% CI, 3.42 to 16.63）and LDH（OR=4.90, 95% CI, 2.13 to 11.25).
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38 Conclusion：In summary, we applied a random forest algorithm to find that LDH higher than 

39 500U/L, and Myo higher than 80ng/ml were considered as potential risk factors to help doctors 

40 find patients with poor COVID-19 prognoses at an early stage and provide scientific data for 

41 mortality reduction.

42 Key words：COVID-19, predictors, random forest algorithm, patient outcome   

43 Introduction

44 In December2019, an outbreak of acute respiratory syndrome coronavirus pneumonia 

45 occurred in Wuhan, Hubei Province, China (Phelan et al. 2020), and attracted an intense amount 

46 of attention worldwide. The WHO named the virus 2019-nCoV by identifying it from a patient's 

47 pharyngeal swab sample. The scientific community and infection control agencies are facing 

48 enormous challenges in controlling the increasing intensity of epidemics. However, the disease is 

49 developing rapidly around the world. By April 14, 2020, COVID-19 had affected 210 countries, 

50 with over 1929000 confirmed cases and 119754 deaths, and the epidemic situation in Wuhan 

51 come under substantial focus in China (Dhungana 2020). As of April 2020, the mortality rate of 

52 COVID-19 was relatively lower than those of Middle East respiratory syndrome and SARS, the 

53 death toll in Hubei Province accounts for about 97% of the country according to WHO. Severe 

54 COVID-19 patients can develop severe pneumonia, ARDS, and multiple organ failure leading to 

55 death, while nonsevere COVID-19 patients can present with general symptoms of respiratory 

56 infection (Chen et al. 2020; Huang et al. 2020a). Studies shows that high-dose corticosteroid, the 

57 elder, diabetes, cardiovascular disease, chronic respiratory diseases, and cancer are all associated 
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58 with increased risk of COVID-19 death rate in the world (Guan et al. 2020; Ji et al. 2020; Wu & 

59 McGoogan 2020; Zhou et al. 2020，Huang et al. 2020b; Wang et al. 2020b), so it was important 

60 to explore the risk factors to predict patients‘outcome in Hubei province.

61 Currently, machine learning is widely used in the field of medical diagnosis, an RF is one 

62 of machine learning that can analyze complex interactions between clinical characteristics, 

63 resulting in good risk prediction and it can yield a large number of classification accuracies 

64 obtained by using a set of decision trees(Touw et al. 2013). Although individual conditions 

65 vary between different COVID-19 patients, clinical characteristics that could serve as optimal 

66 diagnostic predictors for patients' clinical outcome are worth exploring. In this study, we aim 

67 to describe the clinical characteristics of patients during hospitalization and apply an RF 

68 model to find risk factors of in-hospital mortality for COVID-19 patients to provide scientific 

69 data for mortality reduction.  

70

71 Methods

72 Study population

73 This is a retrospective cohort analysis including 126 patients aged 27 to 87 years, from 

74 Wuhan Fourth Hospital, who were diagnosed with COVID-19 according to the World Health 

75 Organization interim guidance. Among them, 7 patients were excluded for losing the outcomes. 

76 These patients were hospitalized for treatment from Feb. 1st to Mar. 15th, 2020. This study 
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77 obtained the approval of the Ethics Committee of Wuhan Fourth Hospital（KY 2020-032-01), 

78 and informed consent from the study participants was waived by the Ethics Committee of the 

79 hospital due to the apparently high transmissibility of the disease.

80  Among patients, the criteria of discharge were as follows: the highest temperature has 

81 recovered to normal for more than three days, the chest CT imaging showed significant 

82 inflammation absorption, the respiratory symptoms have substantially improved. Two 

83 consecutive throat swabs nucleic acid tests were negative and the time interval was at least one 

84 day. Finally, after the evaluation and unanimous decision by the expert team, a patient can be 

85 discharged. 

86 Data collection

87 Clinical characteristics, including medical history, exposure history, clinical symptoms, 

88 demographic information and laboratory findings, were obtained from the Wuhan Fourth 

89 Hospital electronic medical record system. Three independent researchers collected and judged 

90 all the information. Access was granted by the director of the hospital. 

91 Statistical analysis

92 Descriptive data were compared with quartiles and medians, and the χ2 test, or Fisher’s 

93 exact test was employed to analyze the categorical data. Kolmogorov-Smirnov test was used to 

94 analyze the normality of discharged patients (n=103), and Shapiro-Wilk test was employed to 

95 analyze the normality of died patients (n=16). After that, normally distributed laboratory results 
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96 were employed to analyze by independent samples paired t tests, while the nonparametric Mann-

97 Whitney-Wilcoxon test was used for data that did not satisfy a normal distribution. All the data 

98 above were processed by IBM SPSS Version 26.0. 

99 A distribution-sensitive oversampling procedure for imbalanced data was employed to 

100 analyze the clinical characteristics between COVID-19 discharged patients and those who died , 

101 and the final ratio of these two groups were 1:1 (103：103). Then a random forest classification 

102 model and a five-fold cross-validation were used to the process to persuasively find out the 

103 optimal diagnostic predictors for the clinical outcomes. The mean value of the AUC in the 5 

104 different testing sets of 1 mtry was the highest with 0.87, so the 1 mtry of random forest 

105 classification model was chosen, and a bagging algorithm was used to randomly collect the 

106 clinical characteristic samples of all patients with COVID-19 for a total of 500 times, with all of 

107 the results voted upon the final decision in the RF prediction. Moreover, the data was divided 

108 into a training set and a test set with a ratio of about 4: 1 (166：40). Graphpad 8.0 was 

109 performed to analyze the level of two variables in discharged and died groups.

110 All data were processed with Rstudio (R 3.6.3), the oversampling algorithm was processed 

111 with caret package (http://CRAN.R- project.org/ package=caret)，the RF model was constructed 

112 by randomForest package (https://cran. r-project. org/web/packages/randomForest/),and the rpart 

113 package (https://cran.r-project. org/web/packages/rpart/index.html). The CART method was used 

114 to calculate the decision tree, and the final result was obtained by voting for the results of the 

115 combined predictions, using the Gini index as the split criterion. The greater the change in the 
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116 Gini of the nodes before and after the split, the more important the variables are.

117 Moreover, to give a graphical depiction of the marginal effect of a variable on the 

118 classification during the calculation process, a partial correlation was employed to analyze the 

119 relationships between clinical data and patient prognosis (Greenwell 2017). The function being 

120 plotted was defined as:

121   𝑓(𝑥) =
1

n
∑𝑛𝑛 = 1

𝑓(𝑥,𝑥𝑖𝑐)
122

123 where x is the variable corresponding to the chosen clinical characteristic, and xiC represents the 

124 other variables in the clinical information. The summand was the predicted logits (log of a 

125 fraction of votes) for classification:

126     𝑓(𝑥) = logPk (x) -
1𝑘∑𝑘𝑗 = 1

log𝑃𝑗 (𝑥)

127 where K is the number of classes, and Pj is the proportion of votes for class j. Pearson correlation 

128 was used to calculate the correlations among the important variables that could predict the 

129 prognosis in patients with COVID-19 to avoid overfitting the model from excessive correlation. 

130 Graphpad 8.0 was used to analyze the levels of two variables in survival and non-survival 

131 patients.

132 Results

133 Clinical demographics of COVID-19 patients on admission
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134 To study the demographic characteristics of patients with COVID-19, 126 patients who 

135 were hospitalized at Wuhan Fourth Hospital were analyzed (Table1). Seventy-eight patients 

136 (61.9%) were younger than 65 years old, and the median age of the patients was 60 years (IQR 

137 53-69.5). The COVID-19 patients were generally accompanied by fever (116 [92.0%] patients), 

138 39 (34.8%) of whom had peak temperatures above 39 °C, and the median temperature was 38.6 

139 °C (IQR 37.4°C-40°C) (Table 1). COVID-19 infection was basically gender-neutral, that is, the 

140 proportions of male and female patients was almost identical. Seven of the 126 patients (5.6%) 

141 had visited the South China Seafood Market in Wuhan. Most of these patients on admission had 

142 cough (n=95，75.4%), followed by fatigue (n=74, 58.7%), dyspnea (n=70, 55.6%), myalgia 

143 (n=41, 32.5%), and diarrhea(n= 14, 11.1%). In addition, many patients also suffered from other 

144 comorbidities, including hypertension (n=44, 34.9%), diabetes (n=21, 16.7%), cardiovascular 

145 and macrovascular disease (n=15，11.9%), chronic lung disease (n=13, 10.3%) , gastric 

146 disease(n=7, 5.6%), tumor(n=6, 4.8%), chronic kidney disease (n=3, 2.4%) and endocrine system 

147 diseases (n=2, 1.6%). In the process of treatment, 83 patients (65.9%) used nasal cannula, 35 

148 (27.8%) used NMV, and 5 (4.0%) used IMV. In terms of clinical severity, 61 of these patients 

149 (50.0%) were in a moderate state, 38 (31.1%) were in a severe state, and 23 (18.9%) were in a 

150 critically ill state. Judging from the current treatment results, 103 (86.6%) patients were cured, 

151 while another 16 (13.4%) patients died.

152 Laboratory findings of COVID-19 patients on admission

153 To analyze the physiological and biochemical changes of patients with COVID-19, the 
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154 laboratory results of the 126 patients with Corona virus Disease 2019 (COVID-19) were 

155 collected in Table 2. More than 80% of patients had lymphopenia reduction, especially CD4 + 

156 and CD8 + T lymphocytes (91.3%), and approximately half of the patients had a decrease in the 

157 Th/Ts ratio. C-reactive protein (CRP) was elevated in 85.6% of patients, and procalcitonin (PCT) 

158 showed a slight increase. The coagulation function of some patients was affected, with 

159 prothrombin time (PT) prolonged in approximately 1/2 of the patients and fibrinogen (FIB) 

160 increased in 2/3 of the patients. D-dimer was increased in 76.2% of patients. Cardiac dysfunction 

161 may have been present in some patients because 60% of patients had elevated B-type natriuretic 

162 peptide (BNP) and 25% of patients had increased creatine kinase MB (CK-MB). A small 

163 proportion of patients had elevated aspartate aminotransferase (AST) and alanine 

164 aminotransferase (ALT) levels, and about 1/3 have elevated triglyceride (TG). In addition, 

165 patients with elevated lactate dehydrogenase (LDH) accounted for 76.2% of the total.

166 Comparison of clinical characteristics between discharged and deceased 

167 patients

168 The different clinical variables were produced after comparison between discharged patients 

169 and deceased patients with univariate analysis. Table 3 shows that the patients in the deceased 

170 group were older than those in the discharged group (p<0.001), and the majority were male 

171 (75%). The proportion of dyspnea was remarkably increased in the deceased group (p=0.018), 

172 while the rest of the clinical symptoms on admission, such as fatigue, myalgia and diarrhea, 

173 showed no obvious difference. Compared with the discharged group, PCO2(p=0.023), 
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174 PO2(p<0.001), SO2(p=0.029) and admission oxygenation (p<0.001) were significantly reduced 

175 in the arterial blood gas analysis of the patients in the deceased group on admission. Laboratory 

176 analysis revealed that the deceased group had a higher proportion of neutrophils (p=0.042) and a 

177 lower proportion of lymphocytes (p=0.047) than the discharged group. Additionally, the NLR 

178 was notably increased (p=0.005) and the LMR was significantly decreased (p=0.005) in the 

179 deceased group. Moreover, T lymphocytes in the deceased group were remarkably lower than 

180 those in the discharged group (p<0.001), and CD4+ (p=0.006), CD8+(p<0.001), and the Th/Ts 

181 ratio were increased in the deceased group (p=0.002). Compared with the discharged group, the 

182 inflammation-related indices, CRP (p=0.080) and PCT (p=0.009), were significantly higher in 

183 the deceased group. There was no obvious difference in coagulation function indices between the 

184 deceased group and the discharged group, except that D-dimer(p=0.003) was increased 

185 significantly in the deceased group. In addition, there were some elevated biochemical indices in 

186 the deceased group which represented the condition of cardiac dysfunction such as 

187 Myo(p<0.001), CK(p=0.019), CK-MB (p=0.024), and LDH (p<0.001).

188 Construction of a classification model to predict important factors for clinical outcomes

189 After screening significant clinical characteristics (p<0.05) that were associated with 

190 COVID-19 from Table 3, an oversampling procedure for imbalanced data was employed to 

191 analyze the clinical characteristics between COVID-19 discharged patients and those who died，

192 the final ratio between two groups reached 1：1（103：103）,  the RF classification 

193 procedures were employed on these screened factors for the identification of important clinical 

PeerJ reviewing PDF | (2020:05:48501:1:1:NEW 24 May 2020)

Manuscript to be reviewed



194 characteristics to predict the prognosis of COVID-19 patients. RF has become a very popular 

195 tool for analyzing high-dimensional data (Statnikov et al. 2008). Through the use of CART for 

196 multiple calculations and the accuracy of step-by-step testing, variables that significantly 

197 affected the prognosis of COVID-19 were found. As shown in Figure 1, the larger the Gini 

198 coefficient, the more important the information content of the independent variables was. The 

199 importance ranking of the variables was Myo，CD8, LDH, age，CK，D-dimer，all T 

200 lymphocyte，CD4，CD45，Th/Ts, LMR, lymphocyte, NLR, neutrophil, monocyte, 

201 oxygenation, dyspnea, gender. LDH and Myo were considered the two optimal diagnostic risk 

202 factors for COVID-19 patient prognosis (Figure 1A). The accuracy of these variables screened 

203 by RF is shown in (Figure 1B)，the accuracy of Myo ranked the first，followed by CD45 and 

204 LDH.

205 Identification of the accuracy of the prediction signature 

206 To evaluate the accuracy of RF classification model, a Pearson correlation coefficient test 

207 were processed, and a heat map shows the correlations between variables in the form of a matrix, 

208 where each element in the matrix is the Pearson correlation coefficient between the variables, 

209 and the range [−1, 1] is used to evaluate the relevant significance between two continuous 

210 variables. When the correlation coefficient is greater than 0.6, the correlation is strong, indicating 

211 that the factors are not relatively independent but are affected by more complex interactions. The 

212 Pearson correlation coefficient test avoids model overfitting of from excessive correlation.

213  The increase in total T lymphocytes in COVID-19 was the result of increases in CD8+, 
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214 CD45+ and CD4+ T cells, and increases in CD45 can improve the production of CD8 and CD4 

215 in patients’ bodies. Furthermore, when faced with the virus, the NLR increases as a result of the 

216 increase in the number of neutrophils and the decrease in the number of lymphocytes. Except for 

217 these associations, the clinical characteristics did not have strong correlations, and a special 

218 process was not necessary (Figure 2A). An ROC curve was used to represent the diagnostic 

219 capability of the RF classification calculations. The area under the ROC curve (AUC) represents 

220 the accuracy of the model. It can be seen that the accuracy of both the training group is 100% 

221 and that of the test group is also 100% (Figure 2B) and the threshold of training data ROC was 

222 0.445. Moreover, out-of-bag (OOB) samples represent the generalization ability of RF to 

223 calculate the proportion of misclassification (Ishwaran & Kogalur 2010). The OOB error 

224 gradually decreased and stabilizesd as the forest size increased,  finally it reduced to lower than 

225 0.05 (Figure 2C), meanwhile the death and survival errors were gradually reduced to the level 

226 same as OOB.

227 Relationship between clinical characteristics and survival in COVID-19 patients

228 To identify the difference between LDH and Myo levels of discharged patients and 

229 deceased patients, we compared the mortality rates of patients with different levels of LDH, and 

230 Myo (Figure 3A). The mortality rate increased significantly(P<0.05) when Myo was higher than 

231 80ng/ml or when LDH was higher than 500U/L. In these cases, there is a substantial increase in 

232 the risk of in-hospital mortality with the increase of Myo（OR=7.54  95%CI，3.42 to 16.63）

233 and LDH（OR=4.90， 95%CI , 2.13 to 11.25). The changes of LDH and Myo in discharged 
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234 alive and deceased groups were compared and analyzed (Figure 3B). The median and IRQ of 

235 these two variables of the deceased group were higher than that of discharged patients(p<0.001). 

236 The partial dependence plot showed the impact of various clinical symptoms and laboratory 

237 results on survival when controlling for marginal effects in the process of RF classification. LDH 

238 and Myo were analyzed by partial dependence plot to study their impact on survival rate. As the 

239 figure shows (Figure 3C): there is a clear negative correlation between the survival and LDH or 

240 Myo, their increase was a precursor to the poor prognosis of COVID-19 patients. Their 

241 respective ROC of predicting COVID-19 patients' prognosis was processed with IBM SPSS 

242 Version 26.0, the AUC of Myo was 0.857 and the cutoff was 46.95ng/mL, the AUC of LDH was 

243 0.807, and the cutoff was 327.5U/L (Figure 3D). They all have high accuracy of COVID-19 

244 patient prognosis prediction, while their accuracy was lower than that of the RF classification 

245 model.

246

247 Discussion:

248 The spread of COVID-19 in Wuhan is highly contagious and has a high critical illness rate. 

249 In this case, approximately 50% of the cases were severe, and the disease had a 13.4% mortality 

250 rate. Most of the patients with COVID-19 had cough (75.4%), fatigue (58.7 %), dyspnea 

251 (55.6%). Fever (92%) was the most common symptoms. 65% of the patients with COVID-19 

252 had comorbidities like hypertension (34.9%). Nasal endotracheal intubation seems to be the most 

253 common oxygen therapy in treating COVID-19. More than 80% patients showed lymphopenia, 
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254 CD4 + and CD8 + were decreased account for 91.3% patients, and about half of the patients had 

255 a decrease in Th / Ts ratio, in the same time, inflammatory factors such as C-reactive protein 

256 (CRP) was increased in 85.6% patients. After comprehensive treatment, such as antiviral 

257 treatment, dialectical treatment with traditional Chinese medicine, and symptomatic support, 

258 most of the infection patients gradually improved and the prognosis was better, but there were 

259 still patients who died. Therefore, it is important to seek optimum indicators that can affect the 

260 prognosis. 

261 In Table 3, we observed that several factors were associated with the mortality of COVID-

262 19 patients, such as older men were susceptibility factor, dyspnea, neutrophil count, lymphocyte 

263 count, NLR, LMR, total T lymphocyte count, CD4, CD8, CD45, Th/Ts, Myo, CK, PCT, LDH, 

264 CK-MB, D-dimer with p-values below 0.05. As for the immunity system, studies have found that 

265 the body cannot produce sufficient protective immunity to eliminate SARS-CoV, however, the 

266 immune response to this pathogen may actually exacerbate their disease(Chen et al. 2005). CD45 

267 was closely related to CD8 and CD4 according to Pearson correlation. Research shows that it 

268 plays an important role in the activation of immune cells (Hermiston et al. 2003; Rheinländer et 

269 al. 2018). As we studied as the increase of CD45, patient's own immunity was strengthened and 

270 prognosis of patients becomes better. 

271 Due to a serious imbalance of patients’ outcome, an oversampling algorithm was used to 

272 eliminate the error caused by minority samples from died group, and some samples were 

273 randomly selected from died group for copying to increase the proportion of the non-survivor 

PeerJ reviewing PDF | (2020:05:48501:1:1:NEW 24 May 2020)

Manuscript to be reviewed



274 group, to reach the same sample size as the discharged group. The RF algorithm, combining with 

275 several random decision trees and aggregating their predictions by averaging, has achieved great 

276 success in empirical research，and its mechanism has been actively studied(Heitner et al. 2010). 

277 All of the data chosen by univarite analysis were selected for building an RF classification model 

278 to analyze the optimal predictor of COVID-19 patients. Results showed that LDH higher than 

279 500U/L, and Myo higher than 80ng/ml were associated with the high risk of dying.

280  Myoglobin (Myo) (Premru et al. 2013) is a myocardial marker that has important 

281 significance in the clinical detection of patients with severe pneumonia, in this study, we found 

282 that 75% of the non-survivors whose Myo higher than 80ng/mL were accompanied with 

283 hypertension, suggesting that hypertension may accelerate heart damage in patients with 

284 COVID-19. After evaluating the different level of myo in non-survivors and survivors, we found 

285 that a high level of Myo which beyond 80ng/mL can results in high mortality rate (61.5%) of 

286 COVID-19, and the risk of the mortality rate elevated significantly (p=0.013). Partial correlation 

287 analyzed that as the increase of Myo, the survival became less. Patients with severe pneumonia 

288 are often accompanied by different degrees of myocardial injury, so they are more prone to heart 

289 failure and other complications. Study shows that the elevated concentration in venous blood of 

290 Myo was found to predict the severity of the COVID-19 (Han et al. 2020) and patients in the 

291 deceased group are susceptible to multiple organ failure, especially heart failure and respiratory 

292 failure(Du et al. 2020). This study identified the importance of Myo in COVID-19 disease，and 

293 doctors need careful observation of patients’ heart condition，and control their hypertension 
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294 with early intervention to prevent the mortality rate of COVID-19.

295 In this study, 96 (76.2%) patients’ LDH values were higher than the normal reference range, 

296 and the average level of LDH of the nonsurvivors was higher than that the survivors 

297 (p<0.001***). The level beyond 500U/L of LDH lead to high mortality rate risk. Study showed 

298 that when lung tissue damage occurs, LDH is released outside the cell, causing an increase in its 

299 blood circulation (Yang et al. 2020). Most COVID-19 patients have severely reduced lung 

300 ventilation, leading to hypoxia and carbon dioxide retention (Huang et al. 2020a). Moreover, in 

301 influenza, LDH is considered to be a marker that reflects the degree of virus damage to the tissue 

302 and the severity of the disease, especially the damage to myocardial cells(Mamas et al. 2008; 

303 Warren-Gash et al. 2009). In COVID-19 patients, microcirculation disorders caused by the 

304 infection and insufficient tissue perfusion lead to lung tissue damage and LDH accumulated, and 

305 in severe patients, its abnormal elevation often represents rapid disease progression, and an acute 

306 respiratory failure (Wang et al. 2020a), therefore an increase in LDH was a risk factor for death.

307     Moreover, we are in support of the suggestion that the measurement of cardiac and lung 

308 damage, patients’ comorbidities should get enough attention for a COVID-19 treatment.

309 Conclusion

310     The outbreak of COVID-19 that occurred in Wuhan, has become a global public health 

311 threat. According to a random forest algorithm, LDH higher than 500U/L, and Myo higher than 
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312 80ng/ml were considered as optimal risk predictors to help doctors find patients with poor 

313 COVID-19 prognoses at an early stage and provide scientific data for mortality reduction.

314 Limitations

315 This study has several limitations. First, due to the inclusion and exclusion of a large 

316 number of patients, it is inevitable that some relatively important factors for the disease were 

317 omitted, such as smoking, and a history of allergies, etc. Second, we only studied some patients 

318 who were relatively severe during the epidemic, which may have led to a statistical bias because 

319 of limited medical resources. Third, a small portion of the data were lost from the COVID-19 

320 patient list. In the process of RF classification modeling, the count variable uses median, and the 

321 categorical variable uses the mode, which perhaps led to a small bias.

322 Abbreviations 

323 RF: Random forest; ROC: receiver operating characteristic; AUC: Area under the ROC curve; 

324 IQR: Interquartile range; ARDS: Acute respiratory distress syndrome; Lym:Lymphocyte; Myo: 

325 Myoglobin; NMV：Noninvasive mechanical ventilation；IMV：Invasive mechanical 

326 ventilation；CRP：C-reactive protein；PCT：procalcitonin ; FIB: fibrinogen; BNP: B-type 
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444 Table 1. Demographic Characteristics of Patients With COVID-19.
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446 Table 2. Initial Laboratory Indices of Patients With COVID-19.

447 Table3. Clinical characteristics between the discharged and deceased groups.

448 Figure 1. Identification of optimal diagnostic clinical characteristics for the prognosis of 

449 COVID-19 patients. (A) Ranking of clinical characteristics according to Gini.  (B) Ranking of 

450 clinical characteristics according to standardized drop in prediction accuracy. 

451 Figure 2. The accuracy of RF classification models.
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452 (A)Heat map visualization shows Pearson correlation coefficient of clinical characteristics

453 (B) ROC curve shows the accuracy of training data and test data in RF classification models. (C) 

454 Tendency chart of the relationship between OOB, death, survival error rate and the number of 

455 decision trees.

456 Figure 3. The different levels of Myo and LDH in death and survival groups.

457 (A) The table shows the mortality rate increased significantly as the level of Myo and LDH 

458 elevated. (B)The scatter plot shows the different levels of Myo /LDH in death and survival 

459 groups. (C)The tendency chart shows the partial dependence correlation of Myo /LDH and 

460 survival. (D) ROC curve shows Myo and LDH accuracy of predicting the COVID-19 patients' 

461 outcome.

462

463
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Demographic Characteristics of Patients With COVID-19.

Demographic Characteristics of Patients With COVID-19.
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1 Table 1. Demographic Characteristics of Patients With COVID-19

Variable Number of patients (%) 

No. of patients 126

Age, median (IQR), y 60(53 -69.5)

≥65 48(38.1)

<65 78(61.9)

Highest patient temperature, median (IQR),℃ 38.6(38- 39 )

≥39（high fever） 39(34.8)

<39 73 (65.2)

Gender

Male 65(51.6)

Female 61 (48.4) 

Contact history of epidiemic area 7(5.6)

Initial common symptoms

Fever 112 (88.9)

Cough 95(75.4)

Productive cough 21 (16.7)

Hemoptysis 6(4.8)

Dyspnea 70 (55.6)

Fatigue 74 (58.7)

Myalgia 41(32.5)

Diarrhea 14 (11.1)

Comorbidities  

Hypertension 44(34.9)

Diabetes 21(16.7)

Cardriovascular and Macrovascular disease 15(11.9)

Liver and gall disease 5(4.0)

Nervous system disease 6(4.8)

Chronic lung disease 13(10.3)

Chronic kidney disease 3(2.4)

Endocrine system disease 2 (1.6)
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Immunological disease 1 (0.8)

Hyperlipidemia 3(2.4)

Gastric disease 7(5.6)

Tumor 6(4.8)

Highest level of oxygen therapy

Nasal cannula 83(65.9 )

NMV 35(27.8 )

IMV 5(4.0)

IMV with ECMO 0

Severity of clinical condnition 

Moderate 61(50.0)

Severe 38(31.1)

Critical 23(18.9 )

Clinical outcomes

Discharged alive 103(86.6)

Died 16 (13.4 )

2 Abbreviations: IQR, interquartile range; NMV, noninvasive mechanical ventilation (including high flow supply and 

3 face mask); IMV, invasive mechanical ventilation; ECMO, extracorporeal membrane oxygenation.
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Table 2(on next page)

Initial Laboratory Indices of Patients With COVID-19.

Initial Laboratory Indices of Patients With COVID-19.
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1

2

3  

Hematology

White blood cells, ×109/mL 3.5-9.5 126 6.14(3.96-8.29) 26 (20.6) a

Neutrophils, ×109/mL 1.8-6.3 126 4.51(2.77-7.34) 41(32.5) a

Lymphocytes, ×109/mL 1.1-3.2 126 0.73(0.53-1.01) 102(81.0) b

Monocytes, ×109/m L 0.1-0.6 126 0.29(0.20-0.43) 6(4.8) a

NLR NA 126 5.99(3.07-12.59)

LMR NA 126 2.39(1.65-3.68)

CD4+ Tlym, ×106/mL 450-1440 116 142.16(78.50-271.84) 1 08(93.1 ) b

CD8+ Tlym, ×106/mL 320-1250 116 109.84(61.35-154.52) 1 08(93.1 ) b

Th/Ts 1.5-2.9 116 1.52(0.96-2.08) 55 (51.9 ) b

CD45, ×106/mL NA 116 481.92(338.36-724.95)

Biochemical analysis

AST, U/L 15-40 1 26 27.5(19-44) 48(38.1) a

ALT, U/L 9-50 126 25(15-43.5) 22(17.5) b

TG, mmol/L 0.45-1.69 126 1.49(1.16-1.89) 41(32.5) a

Creatine, μM 57-111 126 66(54-81.25) 7(5.6) a

TnI, μg/L 0-0.6 91 0.03(0.03-0.03) 1(1.1) a

Myo, ng/mL 0-80 111 27.2(18.1-38.05） 13(11.7) a

CK, U/L 0-171 119 63.2(35.25-138.05) 18(15.1) a

Table2：Initial Laboratory Indices of Patients With COVID-19

Laboratory Indices   

Reference 

values

Number of all  

patients
Median (IQR)

Number of patient with value                          

（ ）
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CK-MB, ng/m L 0-2.37 92 1.1(1-2.33) 23(25.0) a

BNP, ng/mL 0-100 88 196.5(42.25-754.25) 53(60.2) a

CEA , μg/L 0-5 57 2.08(1.51-5.53) 15(26.3) a

LDH, U/L 120-150 126 306.50(241-389) 123(97.6) a

Infection indices

CRP, mg/L 0-5 126 40.31(21.27-86.56) 166 (85.6) a

PCT, ng/mL 0-0.5 121 0.04(0.04-0.08) 5(4.1) a

Coagulation function

PT, s 9-13 126 13.6(11.3-41.2) 61(48.4) a

APTT, s 20-40 126 35.5(22.4-69.9) 22(17.4) a

TT, s 14-21 126 16.3(12.8-72.3) 3(2.4) a

INR 0.8-1.25 126 1.10(0.86-4.33) 7(5.6) a

FIB, g/L 2-4 126 4.79(1.01-37.9) 83(65.9) a 

D-Dimer, mg/L 0-0.2 126 1.96(0.03-60.14) 96(76.2) a

4 Abbreviations: IQR, interquartile range; NLR, neutrophil lymphocyte ratio; LMR, lymphocyte monocyte ratio.

5 aAbove reference；b Below reference.

PeerJ reviewing PDF | (2020:05:48501:1:1:NEW 24 May 2020)

Manuscript to be reviewed



Table 3(on next page)

Clinical characteristics between the discharged and deceased groups.

Clinical characteristics between the discharged and deceased groups.
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1 Table3. Clinical characteristics between the discharged and deceased groups  

  Variables
No. of 
patients

Deceased

 (n=16)

statistics p-value

Demographics

Male 61 49(52.8) 12(8.2) 4.170 d 0.041

Female 58 54(50.2) 4(7.8)

Age 119 58.65±1.21 71.81±1.85 -5.948 a 0.000

Peak temperature 106 38.54±0.06 38.73±0.16 1.645 b 0.100

Dyspnea

Yes 68 54(58.9) 14(9.1) 5.598 d 0.018

No 51 49(44.1) 2(6.9)

Fatigue

Yes 72 61(62.3) 11(9.7) 0.526 c 0.468

No

Hematology

47 42(40.7) 5(6.3)

WBC, ×10⁹/mL 119 6.49±0.37 8.22±1.22 1.079 b 0.281

Neu, ×10⁹/mL 119 5.21±0.34 7.24±1.18 2.060 a 0.042

Lym, ×10⁹/mL 119 0.87±0.06 0.58±0.07 -2.551 b 0.11

Mon, ×10⁹/mL 118 0.32±0.02 0.35±0.04 1.091 a 0.275

NLR 119 8.46±0.83 16.16±3.15 -2.785 b 0.005

LMR 119 3.29±0.22 1.64±0.27 2.880 a 0.005

Total Tlym, ×106/mL 109 369.89±27.62 168.71±27.53 -3.677 b 0.000

CD4+ Tlym,×106/mL 109 202.67±15.38 115.62±22.70 -2.741 b 0.006

CD8+ Tlym,×106/mL 109 150.17±12.37 51.35±7.92 4.468 b 0.000

Th/Ts 109 1.57±0.10 2.45±0.32 2.951 b 0.003

CD45,×106/mL 109 635.82±43.43 346.70±57.66 3.070 b 0.002

Biochemical analysis

AST, U/L 119 32.3±1.8 41.9±5.7 -1.831 b 0.067

ALT, U/L 119 33.6±3.0 42.1±9.1 -1.266 b 0.205

TG, mmol/L 119 1.64±0.07 1.57±0.13 0.055 b 0.957

Discharged

（n=103）
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Creatine, μM 119 69.76±2.91 82.25±0.88 -1.611 a 0.110

Myo, ng/mL 111 31.80±3.19 109.4±23.93 -10.77 b 0.000

CK, U/L 112 100.33±14.21 152.73±30.36 -2.354 b 0.019

CK-MB, ng/mL

Infection indices

85 2.37±0.44 2.89±0.58 -2.250 b 0.024

LDH, U/L 119 312.95±12.54 481.94±43.23 -3.981 b 0.000

CRP, mg/L

Coagulation function

119 49.49±3.91 67.37±10.38 -1.753 a 0.080

PCT, ng/mL 114 0.07±0.10 0.20±0.24 -2.610 b 0.009

APTT, s 119 35.06±0.62 36.80±0.06 1.176 b 0.239

TT, s 118 15.99±0.27 15.72±0.43 -0.830 b 0.407

PT, s 119 13.58±0.31 14.19±0.66 -1.068 b 0.286

INR 119 1.09±0.03 1.13±0.05 -1.169 b 0.242

FIB, g/L 119 4.82±0.85 4.64±0.40 0.651 b 0.515

D-Dimer, mg/L

Blood gas analysis

115 1.25±0.29 3.19±1.27 -3.003 b 0.003

PH 119 7.43±0.01 7.41±0.04 0.507 a 0.619

PCO2, mmHg 118 38.75±0.47 33.80±1.91 2.514 a 0.023

PO2, mmHg 119 81.98±3.07 55.06±3.49 -3.837 b 0.000

SO2, % 119 93.88±0.47 83.63±4.83 -3.582 b 0.029

oxygenation, mmHg 119 282.8±13.9 124.3±10.6 9.072 a 0.000

2 Abbreviations: NLR, neutrophil lymphocyte ratio; LMR, lymphocyte monocyte ratio;

3 a: t-test，b: Mann-Whitney U test，c:χ2 test，d:Continuity Correction

4

5

6
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Figure 1
Identification of optimal diagnostic clinical characteristics for the prognosis of COVID-19
patients

(A) Ranking of clinical characteristics according to Gini. (B) Ranking of clinical characteristics
according to standardized drop in prediction accuracy.
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Figure 2
The accuracy of RF classification models.

(A)Heat map visualization shows Pearson correlation coefficient of clinical characteristics. (B)
ROC curve shows the accuracy of training data and test data in RF classification models. (C)
Tendency chart of the relationship between OOB, death, survival error rate and the number
of decision trees.
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Figure 3
The different levels of Myo and LDH in death and survival groups.

(A) The table shows the mortality rate increased significantly as the level of Myo and LDH
elevated. (B)The scatter plot shows the different levels of Myo /LDH in death and survival
groups. (C)The tendency chart shows the partial dependence correlation of Myo /LDH and
survival. (D) ROC curve shows Myo and LDH accuracy of predicting the COVID-19 patients'
outcome.
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