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Establishment of Routine Clinical Indicators-Based Nomograms for Predicting the Mortality in Patients With COVID-19
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This study aimed to establish and validate the nomograms to predict the mortality risk of patients with coronavirus disease 2019 (COVID-19) using routine clinical indicators. This retrospective study included a development cohort enrolled 2,119 hospitalized patients with COVID-19 and a validation cohort included 1,504 patients with COVID-19. The demographics, clinical manifestations, vital signs, and laboratory tests of the patients at admission and outcome of in-hospital death were recorded. The independent factors associated with death were identified by a forward stepwise multivariate logistic regression analysis and used to construct the two prognostic nomograms. The nomogram 1 was a full model to include nine factors identified in the multivariate logistic regression and nomogram 2 was built by selecting four factors from nine to perform as a reduced model. The nomogram 1 and nomogram 2 showed better performance in discrimination and calibration than the Multilobular infiltration, hypo-Lymphocytosis, Bacterial coinfection, Smoking history, hyper-Tension and Age (MuLBSTA) score in training. In validation, nomogram 1 performed better than nomogram 2 for calibration. We recommend the application of nomogram 1 in general hospitals which provide robust prognostic performance though more cumbersome; nomogram 2 in the out-patient, emergency department, and mobile cabin hospitals, which depend on less laboratory examinations to make the assessment more convenient. Both the nomograms can help the clinicians to identify the patients at risk of death with routine clinical indicators at admission, which may reduce the overall mortality of COVID-19.
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INTRODUCTION

With the continuing pandemic of severe acute respiratory syndrome coronavirus 2 (SARS-CoV-2) infection, there have been more than 200 million patients with coronavirus disease 2019 (COVID-19) globally and more that 4 million deaths as of August 8, 2021. The clinical manifestations and outcomes of COVID-19 have been delineated in several studies, with 81% of patients presenting with subtle or minor symptoms, and 19% severe or critical cases (1). The mortality of COVID-19 was 11% as first reported (2), dropped to 2.3% (1,023 of 44,672 confirmed cases) on February 11, 2020, in China (3) and was reported to be 2.1% according to the data provided by WHO as of August 8, 2021. The previous studies have reported that the risk factors, such as age, pre-existing comorbidities, and neutrophil-to-lymphocyte ratio (NLR) were associated with higher mortality risk in COVID-19 (1, 4–7). During the initial outbreak of COVID-19 in Wuhan, the MuLBSTA score (8) was reported to be associated with the outcome of COVID-19 in a few observational studies (9). However, the MuLBSTA score was developed to assess the outcome of influenza A, rhinovirus, and other respiratory virus pneumonia and has not been rigorously tested in predicting the risk of death in patients with COVID-19. A nomogram, widely used output of the prognostic model, generate an individual probability of a clinical event with a visualized interface. There are few studies of nomograms in predicting the death risk of COVID-19 (10–13). The nomograms developed from those studies provided useful tools for the researchers and clinicians in stratifying patients with COVID-19. However, the size of participants enrolled was limited in all the above studies, and a lack of independent validation was noted in one study (10).

In this study, we aimed to (1) develop a full model (nomogram 1 designated as Nomo1) and a reduced model (nomogram 2 designated as Nomo2) with routine clinical indicators to predict the risk of death using 2,119 cases of confirmed COVID-19; (2) compare the predictive efficacy of Nomo1 and Nomo2 with the MuLBSTA score; (3) assess Nomo1 and Nomo2 in an external validation cohort comprising 1,507 cases.



MATERIALS AND METHODS


Study Design and Participants

This retrospective study included a training cohort before being tested in a validation cohort. Within 10 days, from January 22 to February 2, 2020, an emergency hospital with 1,000 beds named Huo-Shen-Shan (HSS) hospital was built in Wuhan (Hubei Province, China) by the Chinese government to admit confirmed patients with COVID-19. In the training cohort, the patients admitted to HSS Hospital from February 4 to March 31, 2020, were retrospectively screened and were followed up to April 15, 2020, when the HSS Hospital closed. A validation cohort included the patients with COVID-19 admitted to Jin Yin-tan Hospital (Hubei Province, China) from January 26 to February 1, 2020 and the patients with COVID-19 admitted to Taikang Tongji Hospital (Hubei Province, China) from February 19 to April 2, 2020. In this way, we almost covered the whole spectrum of time from the COVID-19 outbreak to remission in Wuhan in the validation cohort to ensure the data are representative. The study followed the Transparent Reporting of a multivariable prediction model for Individual Prognosis Or Diagnosis (TRIPOD) checklist, and was approved by the ethics committee of Xinqiao Hospital (2020-yd073-01), Chongqing, China with written informed consent waived due to the retrospective nature of the study.



Inclusion and Exclusion Criteria
 

Inclusion Criteria

The patients diagnosed according to the WHO interim guidance for COVID-19 were included in the study (14).



Exclusion Criteria

(1) Receiving cardiopulmonary resuscitation on admission and fail to survive; (2) the cases with missing data of some important demographics and clinical indicators; (3) duplications due to readmission or in-hospital transfer between wards.




Procedure and Data Collection

The eligible patients were enrolled and categorized into the two groups according to the outcome of in-hospital death. The enrollment flowchart is shown in Figure 1. The electronic medical records, nursing records, and laboratory tests of included patients were reviewed by a team consisting of experienced clinicians and statisticians. The dates of admission, discharge, and death were recorded and cross-checked. We collected data on age, sex, pre-existing comorbidities (hypertension, diabetes, cardiovascular diseases, chronic lung diseases, and liver diseases), symptoms from onset to hospital admission (fever, cough, sputum, dyspnea, chest tightness, hemoptysis, fatigue, nausea, abdominalgia, diarrhea, and anorexia), the duration time for initial symptoms, vital signs at hospital admission [body temperature, breathing rate, heart rate, blood pressure [the worst of the first 24 h]], and the basic laboratory values on admission [white blood cell [WBC], neutrophil count, lymphocyte count, hemoglobin [Hg], platelet count [PLT], total bilirubin [TB], alanine aminotransferase [ALT], aspartate aminotransferase [AST], albumin [ALB], C-reactive protein [CRP], creatinine, creatine phosphokinase isoenzyme [CK-MB], interleukin 6 [IL-6], procalcitonin [PCT], and erythrocyte sedimentation rate [ESR]]. The above laboratory tests were carried out in the approved laboratories. The MuLBSTA score for each subject was calculated by the two investigators (EL and JH) as reported previously (8). When disagreement occurred, a senior investigator (SY) decided the final result.


[image: Figure 1]
FIGURE 1. Enrollment flowchart of the study population in the training and validation cohorts.




Statistical Analysis

The variables with missing data over 20% (IL-6, ERS, PCT, etc.) were not included for further statistical analysis. The remaining items were the routine clinical indexes, and the proportion of observation with missing data was <12%. We employed mean substitution for imputation and completed some of the missing data by follow-up with a phone call. The detailed information about missing data was reported in Supplementary Table 1 in the supplement. The continuous variables were expressed as the median [interquartile range (IQR)] or mean ± SD, and categorical variables were presented as n (%). The differences in the demographical, clinical characteristics, and laboratory values between the survivors and non-survivors were compared using Mann–Whitney U-test, t-test, chi-squared test, or Fisher's exact test as appropriate. The predictors with P-values <0.05 were fed to a forward stepwise multivariate logistic regression model to identify the independent candidate variables associated with COVID-19 fatality. The factors finally included constructing the nomograms were determined by both the statistical significance and clinical values. To assess the discrimination of established nomograms, the area under the receiver operating characteristic curve (AUC) was measured. A calibration curve was generated for the evaluation of calibration and judged with Hosmer–Lemeshow test (15). The clinical usefulness of the established score was evaluated with the decision curve analysis (DCA) by assessing the net benefits at various threshold probabilities (16). In addition, the performance of the MuLBSTA score was compared with the established nomograms using the same methods described above, and the optimal cut-off value for the MuLBSTA score was adjusted according to Youden's index. The statistical analyses were performed using the IBM SPSS 23 statistics software (SPSS Inc., Chicago, IL, USA) and R software (version 3.4, R Foundation, Vienna, Austria. www.R-project.Org). All the P-values were two-sided, and P < 0.05 was considered statistically significant.




RESULTS


Characteristics of the Training and Validation Cohorts

In total, 2,271 COVID-19 cases were screened from the HSS Hospital, among which 2,119 cases were included as a training set according to the inclusion and exclusion criteria. Total 92 COVID-19 cases from Jin Yin-tan hospital and 1,412 cases from Taikang Tongji hospital were included as a validation cohort (Figure 1). The characteristics of the training and validation cohort were listed in the supplement (Supplementary Table 2). In comparing the training and validation cohort, the majorities of symptoms and part of underlying diseases were similar; whereas some of the laboratory tests were different. The in-hospital mortality rate was 3.1% in the training cohort and 2.0% in the validation cohort.



Building Nomogram Prognostic Models

In univariate analysis, the variables between the survivors and non-survivors in the training cohort were compared, and the P-value <0.05 was chosen as the potential factors associated with in-hospital death of COVID-19 (Table 1). The variables chosen above were put in a forward stepwise multivariate logistic regression analysis to explore the independent risk factors. We identified age, dyspnea, anorexia, NLR, PLT, AST, ALB, and CRP as independent risk factors associated with in-hospital mortality of COVID-19 (Table 2). We first built up a full model (Nomo1) with all the indicators above. Considering the clinical practicability of applying a model including nine variables is cumbersome, we then constructed a reduced model (Nomo2) regarding the weight value, the previous reports of significance as well as accessibility in a clinic setting. The nomograms can be used to generate an individual probability of in-hospital death, to fulfill our needs of quick stratifying COVID-19 at the risk of death. To use the nomograms, a ruler ranging from 0 to 100 points was scaled on top, with independent prognostic factors array on the relevant axis below. First, age of a subject was converted to a score by drawing a straight line upward to the ruler on the top and get the score related to age, the procedure was carried out for every covariate, and the final risk score was calculated by adding up the score of each item to estimate the probability of in-hospital death referring to the risk axis at the bottom (Figure 2 and Supplementary Figure 1).


Table 1. The demographics, clinical characteristics, vital signs, laboratory findings, and MuLBSTA score between the survivors and non-survivors with COVID-19 [n (%)/median (25–75%)/mean ± SD].
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Table 2. The multivariate logistic regression modes used to construct Nomo1 and Nomo2 (N = 2,119).

[image: Table 2]


[image: Figure 2]
FIGURE 2. Establishing the nomograms with the identified risk factors. (A) Nomo1 was established by including nine identified independent risk factors. (B) Nomo2 was established by including age, dyspnea, neutrophil-to-lymphocyte ratio (NLR), and C-reactive protein (CRP).




The Performance of Nomograms and the Comparison With MuLBSTA Score in the Training Cohort

We first used AUC to compare the discrimination of the established nomograms and MuLBSTA score in predicting the mortality of COVID-19. Both Nomo1 and Nomo2 performed better discrimination than MuLBSTA score (AUCNomo1 = 0.920, 95% CI 0.882–0.957 vs., AUCMuLBSTA = 0.814, 95% CI 0.76–0.868, P < 0.001; AUCNomo2 = 0.896, 95% CI 0.855–0.936 vs. AUCMuLBSTA = 0.814, 95% CI 0.76–0.868, P = 0.001) (Figures 3A,B and Supplementary Table 3). The calibration curves of Nomo1 and Nomo2 showed high consistency between predicted survival probability and actual survival proportion, better than the calibration curve of MuLBSTA score (Figures 3C–E). Furthermore, the generated curve of DCA indicated that employing the Nomo1 and Nomo2 to identify the patients with a high risk of death would be advantageous over the MuLBSTA score (Supplementary Figure 2).


[image: Figure 3]
FIGURE 3. The performance of the Nomo1, Nomo2, and the MuLBSTA score in predicting the mortality of COVID-19 in the training cohort. The area under the curve (AUC) curve analyses were generated to test the discrimination of Nomo1 and the MuLBSTA score (A) or Nomo2 and the MuLBSTA score (B). The calibration curves were generated for Nomo1 (C), Nomo2 (D), and the MuLBSTA score (E). The dashed line represents an ideal prediction.




External Validation of the Nomograms

The predictive values of Nomo1 and Nomo2 were further validated in the external datasets. The Nomo1 showed an AUC of 0.92 (95% CI 0.86–0.98) and Nomo2 showed an AUC of 0.89 (95% CI 0.83–0.96) in the validation cohort (Figures 4A,B and Table 3). For calibration, Nomo1 showed a better agreement of observed proportion of death with predicted one than Nomo2 presented. Overall, the DCA also showed that Nomo1 is more beneficial in predicting the mortality of the patients with COVID-19 than Nomo2 in a validation cohort (Figures 4C,D).


[image: Figure 4]
FIGURE 4. Nomo1and Nomo2 in predicting the mortality of COVID-19 in the validation cohort. The calibration curves for Nomo1 (A) and Nomo2 (B). A decision curve analysis for Nomo1 (C) and Nomo2 (D).



Table 3. The nomograms in predicting the COVID-19 mortality with external datasets (N = 1,504).
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DISCUSSION

Coronavirus disease 2019 pandemic has emerged as one of the greatest challenges of our time and has caused more the 4 million deaths up to now. To control the mortality of COVID-19 is of greatest importance to reduce the public crisis and health budget. Considering no effective anti-viral medicine and breakthrough infections after vaccination, how to recognize the patients who are at risk of death became an urgent issue. In consideration of those current predictive models that were built by a relatively small number of patients, and some indicators included were not routinely detected in the out-patient department, emergency room, or underdeveloped regions or countries, we explored the routine clinical predictive factors and developed nomograms to predict the risk of death for the patients with COVID-19 using a total of 3,623 cases.

In this study, we have identified nine factors, including age, dyspnea, anorexia, WBC, NLR, PLT, AST, ALB, and CRP, that were the independent risk factors for COVID-19 fatality. Age is an acknowledged risk factor associated with disease severity and prognosis of COVID-19 (17). The mortality increased sharply to 7.8% in the aged patients over 80, while the overall death rate was estimated to be 0.66% (18). In our study, the median ages in the survivors and non-survivors were 60.0 (49.3~68.0) and 69.0 (62.0~78.0). Zhou et al. reported the median age of non-survivors was 69 (63.0–76.0) in China (19). A study carried out in Italy, showed 69 years or older had significantly decreased survival probability compared with the younger patients [HR: 4.25 (3.68–4.92)] (20). Another study in New York showed the median age of non-survivors was 68 (60.0–75.0) (21).

Dyspnea can reflect the severity of the disease as it was associated with an increased risk of developing acute respiratory distress syndrome (ARDS) in another study (3). We observed that 18 (25.35%) non-survivors were common type when admitted, who reported symptoms of dyspnea but no respiratory distress, ahead of their subsequent disease progression into severe type. The involvement of dyspnea in the score compensates for underestimating death in patients in the early stage before disease progression. Another symptom, anorexia, is an independent predictor of death in our study. Consistently, gastrointestinal involvement has been observed in the patients with COVID-19 (22, 23) and anorexia was associated with intensive care unit (ICU) admission for the patients with COVID-19 (24).

For laboratory parameters, a higher neutrophil count and lymphocytopenia were noted in the non-survivors. Lymphocytopenia is a characteristic of severe patients with COVID-19 since the lymphocyte count in the ICU patients was 0.4 (0.2–0.8) compared with 1.0 (0.7–1.1) in non-ICU patients (25). The lymphocyte count was integrated into a predictive model for COVID-19 fatality (26). The net effect of elevated neutrophils and decreased lymphocytes resulted in raised NLR. The value of NLR ≥ 2.22 had been used to recognize COVID-19, and NLR ≥ 4.06 was an indicator of severe disease (27).

In our study, the PLT count was lower in non-survivors compared with the survivors [190 (87~265) vs. 227 (184~280), p < 0.01], which is in line with a previous report (7). However, PLT was reported to be significantly higher in the ICU patients than in the non-ICU patients (25), while the study carried out in Jin Yin-tan Hospital that enrolled 52 critically ill patients showed that the non-survivors had elevated PLT (28). We speculate that the difference between these studies might be influenced by selection bias and the number of patients enrolled.

The CRP, significantly elevated in the non-survivors compared with the survivors [52.38 (7.76~132.7) vs. 2.46 (0.92~10.07) mg/L], was an independent risk factor for mortality of COVID-19. Similar to our study, a retrospective study delineating the clinical characteristics of 113 non-survivors with COVID-19 showed that the CRP was significantly elevated in deaths compared with recovered patients with severe diseases [113 (69.1–168.4) vs. 26.2 (8.7–55.8)] (29).

Regarding the liver function, AST and TB were higher while ALB was lower in the non-survivors compared with the survivors, while ALT was comparable between these two groups. A meta-analysis including 35 studies of 6,686 patients with COVID-19 showed that the pooled prevalence of abnormal liver function was 19%. ALT, AST, and TB predicted severe cases with pooled odds ratios (ORs) of 1.89 (1.30–2.76), 3.08 (2.14–4.42), and 1.39 (0.78–2.47), respectively (3).

Here, based on these predictive factors, the two nomograms to evaluate the mortality risk of COVID-19 were developed, validated, and compared with the MulBSTA score. The MuLBSTA score was previously used to predict the mortality risk of viral pneumonia. The model was established mainly by the patients with influenza pneumonia and other viral pneumonia. Seven parameters, including multilobular infiltrates, lymphocytes, bacterial coinfection, acute smoker, former smoker, hypertension, and age ≥60 years were included. It has been reported that the death with COVID-19 had high MuLBSTA scores (2). In our study, the non-survivors had higher MuLBSTA scores than the survivors [11 (7~13) vs. 7 (5~9), P < 0.001]. However, the AUC of the MuLBSTA score was 0.814 [95% CI 0.76–0.868], with a sensitivity of 40.91% (28.79–53.03%). The poor sensitivity of the MuLBSTA score made it unsuitable for predicting the mortality risk of COVID-19. By adjusting the optimal cut-off value from the reported 12–10.5 according to the Youden Index, the sensitivity of the MuLBSTA score increased to 66.67% (95% CI 54.55–77.27%).

The medical nomograms, using biological and clinical variables to determine a probability of a clinical event, are a pictorial representation of a predictive model. In the present study, we constructed two nomograms, Nomo1 and Nomo2, that predicted the mortality of COVID-19 with AUCnomo1 of 0.92 (95% CI 0.86–0.98) and AUCnomo2 of 0.89 (95% CI 0.83–0.96) in validation. Nomo1 consisted of nine indexes, the procedure to calculate the total score by adding the nine scores together is slightly cumbersome and time-consuming. To get a more user-friendly score, we constructed a reduced model Nomo2 regarding the weight value, the previous reports of significance as well as accessibility in a clinic setting. Age, dyspnea, NLR, and CRP were included to construct Nomo2 and showed AUCnomo2 of 0.89 (95% CI 0.83–0.96) in validation. In an out-patient or emergency department, the risk of COVID-19 mortality can be acquired easily using Nomo2 while we recommended the use of Nomo1 in general hospitals.

A number of similar studies before us have constructed nomograms to predict the outcome of COVID-19. Nguyen constructed a nomogram using 279 hospitalized patients with COVID-19 to predict the 14-day probability of an unfavorable outcome defined as the need for artificial ventilation and/or death. Age, male gender, BMI, respiratory rate, body temperature, lymphocyte count, CRP, and TNI were used to construct the predictive nomogram with a C-statistics of 0.75 (10). However, it was a single-center study without external validation of the model, and the definition of endpoint consisted of the patients receiving artificial ventilation. Furthermore, the factors, such as TNI (10, 11), D-dimer (12), NT-proBNP (13) included were not routine laboratory tests, and the application of the nomograms was hindered in out-patient department, mobile cabin hospitals, or emergency healthcare centers. Compared with the above nomograms, our models included a large number of patients with COVID-19; all the variables included in the nomogram are routine clinical indexes, making it applicable in most medical institutions worldwide; the two nomograms were built for different purposes, Nomo1 is more robust and Nomo2 is more convenient, a clinician may choose either one appropriate according to the situation.

As with any retrospective study, there are several limitations in our study. First, as a retrospective study, bias is inevitable, and the results should be interpreted carefully as an exploratory study. Second, since the study was carried out in a single city (Wuhan, China), the results are not fully representative. Third, from the beginning of 2021, the new virus strains, such as B.1.617.2 (Delta) variant spread worldwide, showed increased ability to transmit, pathogenicity, and lethality, the predictive potency of the nomogram needs to be verified in countries and areas with new virus strains. However, despite these limitations, we have successfully identified the in-hospital mortality risk factors of COVID-19 and have constructed predictive nomograms to estimate the in-hospital mortality risk of COVID-19 based on the routine clinical indicators.



DATA AVAILABILITY STATEMENT

The original contributions presented in the study are included in the article/Supplementary Material, further inquiries can be directed to the corresponding author/s.



ETHICS STATEMENT

The studies involving human participants were reviewed and approved by the Ethics Committee of Xinqiao Hospital (2020-yd073-01). Written informed consent from the participants' legal guardian/next of kin was not required to participate in this study in accordance with the national legislation and the institutional requirements.



AUTHOR CONTRIBUTIONS

SY and YX: had full access to all the data in the study and are responsible for the authenticity, accuracy of the data manipulation, and analysis. SY, MH, and YX: design and organization. JH, XL, YL, XR, CZ, WZ, WD, YT, and PL: data collection, extraction, and cleansing. EL and HL: statistical analysis. JH and YX: drafting of the manuscript. QL and ZX: technical support. HW and CS: administrative support. All authors contributed to the article and approved the submitted version.



FUNDING

This work was supported by a Joint grant from the Science/Technology Commission of Chongqing and the National Health Commission of Chongqing, China (Grant Number: 2020FYYX115).



ACKNOWLEDGMENTS

The authors thank all the medical staffs who arrived at Wuhan, China at the initial outbreak of COVID-19 in China, and designers and workers who built the Huo-Shen-Shan Hospital to treat the patients with COVID-19 in emergency.



SUPPLEMENTARY MATERIAL

The Supplementary Material for this article can be found online at: https://www.frontiersin.org/articles/10.3389/fmed.2021.706380/full#supplementary-material



REFERENCES

 1. Wu Z, McGoogan JM. Characteristics of and important lessons from the coronavirus disease 2019 (COVID-19) outbreak in china: summary of a report of 72314 cases from the chinese center for disease control and prevention. JAMA. (2020) 323:1239–42. doi: 10.1001/jama.2020.2648

 2. Chen N, Zhou M, Dong X, Qu J, Gong F, Han Y, et al. Epidemiological and clinical characteristics of 99 cases of 2019 novel coronavirus pneumonia in Wuhan, China: a descriptive study. Lancet. (2020) 395: 507–13. doi: 10.1016/S0140-6736(20)30211-7

 3. Wu C, Chen X, Cai Y, Xia J, Zhou X, Xu S, et al. Risk factors associated with acute respiratory distress syndrome and death in patients with Coronavirus Disease 2019 pneumonia in Wuhan, China. JAMA Intern Med. (2020) 180:934–43. doi: 10.1001/jamainternmed.2020.0994

 4. Cook TM. The importance of hypertension as a risk factor for severe illness and mortality in COVID-19. Anaesthesia. (2020) 75:976–7. doi: 10.1111/anae.15103

 5. Liu Y, Du X, Chen J, Jin Y, Peng L, Wang HHX, et al. Neutrophil-to-lymphocyte ratio as an independent risk factor for mortality in hospitalized patients with COVID-19. J Infect. (2020) 81:e6–12. doi: 10.1016/j.jinf.2020.04.002

 6. Shi L, Wang Y, Wang Y, Duan G, Yang H. Dyspnea rather than fever is a risk factor for predicting mortality in patients with COVID-19. J Infect. (2020) 81:647–79. doi: 10.1016/j.jinf.2020.05.013

 7. Guan WJ, Ni ZY, Hu Y, Liang WH, Ou CQ, He JX, et al. Clinical Characteristics of Coronavirus Disease 2019 in China. N Engl J Med. (2020), 382:1708–20. doi: 10.1056/NEJMoa2002032

 8. Guo L, Wei D, Zhang X, Wu Y, Li Q, Zhou M, et al. Clinical features predicting mortality risk in patients with viral pneumonia: the MuLBSTA score. Front Microbiol. (2019) 10:2752. doi: 10.3389/fmicb.2019.02752

 9. Iijima Y, Okamoto T, Shirai T, Mitsumura T, Sakakibara R, Honda T, et al. MuLBSTA score is a useful tool for predicting COVID-19 disease behavior. J Infect Chemother. (2021) 27:284–90. doi: 10.1016/j.jiac.2020.10.013

 10. Nguyen Y, Corre F, Honsel V, Curac S, Zarrouk V, Burtz CP, et al. A nomogram to predict the risk of unfavourable outcome in COVID-19: a retrospective cohort of 279 hospitalized patients in Paris area. Ann Med. (2020) 52:367–75. doi: 10.1080/07853890.2020.1803499

 11. Pan D, Cheng D, Cao Y, Hu C, Zou F, Yu W, et al. A predicting nomogram for mortality in patients with COVID-19. Front Public Health. (2020) 8:461. doi: 10.3389/fpubh.2020.00461

 12. Weng Z, Chen Q, Li S, Li H, Zhang Q, Lu S, et al. ANDC: an early warning score to predict mortality risk for patients with Coronavirus Disease 2019. J Transl Med. (2020) 18:328. doi: 10.1186/s12967-020-02505-7

 13. Dong YM, Sun J, Li YX, Chen Q, Liu QQ, Sun Z, et al. Development and validation of a nomogram for assessing survival in patients with COVID-19 pneumonia. Clin Infect Dis. (2021) 72:652–60. doi: 10.1093/cid/ciaa963

 14. World Health Organization. Clinical management of severe acute respiratory infection when novel coronavirus (2019-nCOV) infection is suspected: interim guidance, World Health Organization (2020). Available online at: https://apps.who.int/iris/handle/10665/330893. 

 15. Moons KG, Royston P, Vergouwe Y, Grobbee DE, Altman DG. Prognosis and prognostic research: what, why, and how? BMJ. (2009) 338:b375. doi: 10.1136/bmj.b375

 16. Van Calster B, Wynants L, Verbeek JFM, Verbakel JY, Christodoulou E, Vickers AJ, et al. Reporting and interpreting decision curve analysis: a guide for investigators. Eur Urol. 74: (2018) 796–804. doi: 10.1016/j.eururo.2018.08.038

 17. Liu Y, Mao B, Liang S, Yang J-W, Lu H-W, Chai Y-H, et al. Association between ages and clinical characteristics and outcomes of Coronavirus Disease 2019. Eur Respir J. (2020) 55:2001112. doi: 10.1183/13993003.01112-2020

 18. Verity R, Okell LC, Dorigatti I, Winskill P, Whittaker C, Imai N, et al. Estimates of the severity of coronavirus disease 2019: a model-based analysis. Lancet Infect Dis. (2020) 20:669–77. doi: 10.1016/S1473-3099(20)30243-7

 19. Zhou F, Yu T, Du RH, Fan GH, Liu Y, Liu ZB, et al. Clinical course and risk factors for mortality of adult inpatients with COVID-19 in Wuhan, China: a retrospective cohort study. Lancet. (2020) 395:1054–62. doi: 10.1016/S0140-6736(20)30566-3

 20. Grasselli G, Greco M, Zanella A, Albano G, Antonelli M, Bellani G, et al. Risk factors associated with mortality among patients with COVID-19 in intensive care units in Lombardy, Italy. JAMA Intern Med. (2020) 180:1345–55. doi: 10.1001/jamainternmed.2020.3539

 21. Chilimuri S, Sun H, Alemam A, Mantri N, Shehi E, Tejada J, et al. Predictors of mortality in adults admitted with COVID-19: retrospective cohort study from New York City. West J Emerg Med. (2020) 21:779–84. doi: 10.5811/westjem.2020.6.47919

 22. Pan L, Mu M, Yang P, Sun Y, Wang R, Yan J, et al. Clinical characteristics of COVID-19 patients with digestive symptoms in Hubei, China: a descriptive, cross-sectional, multicenter study. Am J Gastroenterol. (2020) 115:766–73. doi: 10.14309/ajg.0000000000000620

 23. Su S, Shen J, Zhu L, Qiu Y, He JS, Tan JY, et al. Involvement of digestive system in COVID-19: manifestations, pathology, management and challenges. Therap Adv Gastroenterol. (2020) 13:1756284820934626. doi: 10.1177/1756284820934626

 24. Mao R, Qiu Y, He JS, Tan JY, Li XH, Liang J, et al. Manifestations and prognosis of gastrointestinal and liver involvement in patients with COVID-19: a systematic review and meta-analysis. Lancet Gastroenterol Hepatol. (2020) 5:667–78. doi: 10.1016/S2468-1253(20)30126-6

 25. Huang C, Wang Y, Li X, Ren L, Zhao J, Hu Y, et al. Clinical features of patients infected with 2019 novel coronavirus in Wuhan, China. Lancet. (2020) 395:497–506. doi: 10.1016/S0140-6736(20)30183-5

 26. Xie JF, Hungerford D, Chen H, Abrams ST, Li SS, Wang GZ, et al. Development and external validation of a prognostic multivariable model on admission for hospitalized patients with COVID-19. medRxiv [Preprint]. (2020). doi: 10.2139/ssrn.3562456 

 27. Shi NN, Ma Y, Fan YP, Zhao C, Li GX, Zhang XF, et al. Predictive value of the Neutrophil-to-Lymphocyte Ratio (NLR) for diagnosis and worse clinical course of the COVID-19: findings from ten provinces in China. SSRN [Preprint]. (2020). doi: 10.2139/ssrn.3569838 

 28. Yang X, Yu Y, Xu J, Shu H, Xia J, Liu H, et al. Clinical course and outcomes of critically ill patients with SARS-CoV-2 pneumonia in Wuhan, China: a single-centered, retrospective, observational study. Lancet Respir Med. (2020) 8:475–81. doi: 10.1016/S2213-2600(20)30079-5

 29. Chen T, Wu D, Chen H, Yan W, Yang D, Chen G, et al. Clinical characteristics of 113 deceased patients with coronavirus disease 2019: retrospective study. BMJ. (2020) 368:m1091. doi: 10.1136/bmj.m1091

Conflict of Interest: The authors declare that the research was conducted in the absence of any commercial or financial relationships that could be construed as a potential conflict of interest.

Publisher's Note: All claims expressed in this article are solely those of the authors and do not necessarily represent those of their affiliated organizations, or those of the publisher, the editors and the reviewers. Any product that may be evaluated in this article, or claim that may be made by its manufacturer, is not guaranteed or endorsed by the publisher.

Copyright © 2021 He, Song, Liu, Liu, Wu, Lin, Liu, Li, Xu, Ren, Zhang, Zhang, Duan, Tian, Li, Hu, Yang and Xu. This is an open-access article distributed under the terms of the Creative Commons Attribution License (CC BY). The use, distribution or reproduction in other forums is permitted, provided the original author(s) and the copyright owner(s) are credited and that the original publication in this journal is cited, in accordance with accepted academic practice. No use, distribution or reproduction is permitted which does not comply with these terms.



OPS/images/fmed-08-706380-t001.jpg
Male
Age
Fever
Fatigue
Respiratory symptoms
Cough
Sputum
Dyspnea
Chest tightness
Hemoptysis
Gastrointestinal symptoms.
Vomit
Abdominal pain
Diarrhea
Anorexia
Duration for initial symptom lasting
Hypertension
Diabetes
Cardiovascular disease
Chronic lung diseases”
Liver diseases’
Bodly temperature (Mean & SD)
Respiratory rate, breaths per min
Heart rate, beats per min
SBP, mmHg
DBP, mmHg
WBC, x 109/L
Neutrophil count, x 109/L
Lymphocyte count, x109/L
NLR
Hemoglobin concentration, g/L.
Platelet count, x 109/
Total birubin concentration, wmol/L
ALT, UL
AST, IULL
Albumin concentration, g/L
CRP, mg/L

Serum creatinine concentration, molL

CK-MB concentration, IU/L.
MULBSTA score

All(V =2,119)

1,083 (51.1)
61.0 (50.0~68.0)
1,496 (70.6)
1,174 (55.4)
1,683 (79.4)
1,488 (70.2)
237 (11.2)
651 (29.0)
415 (19.6)
703
684(32.3)
46(2.2)
18(0.8)

100 (4.7)
584.(27.6)

20 (13.0~30.0)
678 (32.0)
280(13.2)
122(5.8)

106 (5.0)
64(30)
378+ 1.04
20,0 (19.0~22.0)
85.0 (78.0~95.0)
129.0 (120.0~140.0)
80.0 (73.0~88.0)
57 (4.8~7.1)
35 (28~4.7)
15(1.1~19)
2.4(1.7~35)
124.0 (118.0~135.0)
226.0(183.0~279.0)
95 (7.3~12.3)
24.1 (15.0~38.9)
199 (16.7~27.1)
37.5 (34.6~40.1)
2.4(09~98)
645 (55.0~75.7)
9.1 (7.0~13.6)
7.0(6.0~9.0)

Survivors (n = 2,053)

1,041 (60.7)
60.0(50.0~68.0)
1,455 (70.9)
1,129 (65.0)
1,625 (79.2)
1,440 (70.1)
233 (11.3)

573 (27.9)

391 (19.3)
6(03)

652 (31.8)
43(2.1)
1708)

97 (4.7)

553 (26.9)

20 (14.0~30.0)
651 (31.7)

263 (12.8)
113(6.5)
95(4.6)
62(3.0)
37.8+1.04
20.0 (19.0~21.0)
84.0 (78.0~95.0)
129.0(120.0~140.0)
800 (74.0~88.0)
5.7 (4.8~7.0)
35(2.8~4.6)
15(1.1~1.9)
24(1.7~3.4)
1240 (113.8~135.0)
227.0 (185.0~279.0)
9.4 (7:3~122)
24.1(15.0~38.8)
19.8 (16.7~26.6)
37.6 (34.7~40.2)
23(0.9~8.7)
64.3(55.0~75.3)
90 (7.0~133)
7.0(5.0~9.0)

Death (n = 66)

42 (63.6)
69.5 (62.0~78.0)
41 (62.1)

45 (68.2)
58(87.9)
48(72.7)
46.1)

42 (63.6)

18 (27.9)
1(1.5)

32 (48.5)
3(4.5)
1(1.5)
3(45)
31(47.0)
14.5 (10.0~25.3)
27 (40.9)

17 (25.8)
9(13.6)
11(16.7)
2(30)
378+ 1.14
22.0(20.0~26.0)
88.5(80.8~101.0)
131 (119.8~149.0)
80.0 (68.0~88.0)
7.6 (6.6~12.9)
63@.7~11.4)
08(05~13)
11.1(2:8~216)
115 (102.3~131.0)
1910 (88.5~265.3)
109 (8.3~185)
257 (15.9~42.9)
275 (17.5~47.2)
31.8(28.0~35.1)
532 (6.5~140.5)
68.7 (55.9~87.8)
1139 (8.7~22.7)
11.0(9.0~135)

P-value

0.039
0.000
0.126
0.034
0.084
0.651
0.180
0.000
0.110
0.199
0.004
0171
0.436
1.000
0.000
0.003
0.116
0.002
0.005
0.000
1.000
0.831
0.000
0.003
0.250
0.182
0.000
0.000
0.000
0.000
0.001
0.000
0.000
0.486
0.000
0.000
0.000
0.021
0.000
0.000

WBC, White blood cells; NLR, Neutrophil to lymphocyte ratio; ALT, alanine aminotransferase; AST, aspartate aminotransferase; CRF, C reactive protein; CK-MB, Creatine kinase-MB.
*Including bronchitis, chronic obstructive pulmonary diseases, pulmonary tuberculosis, and lung tumors.
tIncluding Hepatitis (A, B, C, D, and E), cirrhosis, fatty liver, and liver tumors.





OPS/images/fmed-08-706380-t002.jpg
Nomo1

Nomo2

Age
Dyspnea
Anorexia
WBC
NLR
PLT

AST
Albumin
cRP
Age
Dyspnea
NLR
CRP

OR

1.043
3.306
2828
1114
1.038
0994
1.006
0.898
1.012
1.064
3.682
1.073
1.015

OR 95% CI

Lower limit  Upper |
1.017 1.071
1.806 6.052
1535 5.208
1.040 1.192
1.005 1.072
0.990 0.998
1.002 1.011
0843 0.958
1.008 1.017
1.038 1.091
2066 6564
1.039 1.107
1010 1.020

P-value

0.001
0.000
0.001
0.002
0.023
0.001
0.004
0.001
0.000
0.000
0.000
0.000
0.000





OPS/images/fmed-08-706380-g003.gif





OPS/images/fmed-08-706380-g004.gif
Actual rate.

Net Benefit

o-Nomot

~o-Nomoz

ideatcurve 7 = leeaicurve
p
ae o8-
.
a6 g oo
H
os 2 oo
s
P
o2 o2
'’
o o
© 02 4« s a1 o oz os doo»
PredicedProbabilty Predicteaprobaiy
°
o0 ons
—Treatan
—Treatiione
om —Nomot o
Foor
o &
Four
o0t
o 4

¢ oz ox o5 s

[ ——

[E———





OPS/images/fmed-08-706380-t003.jpg
N AUC

(95 %Cl)

Nomot 1,504 092
(0.86-0.98)

Nomo2 1,504 0.89
(0.83-0.96)

Sen
(%, 95%Cl)

86,67
(74.50-98.83)
7667
(61.53-91.80)

AUC, Area under the curve; Sen, Sensitivity; Spe, specificity; Acc, accuracy.

Spe
(%, 95%Cl)

88.74
(87.12-90.35)
89.82
(88.28-01.87)

Acc
n (%, 95%Cl)

88.70
(87.10-90.30)
89.56
(88.02-91.11)

Youden’s
index

0.75

0.66





OPS/xhtml/Nav.xhtml




Contents





		Cover



		Establishment of Routine Clinical Indicators-Based Nomograms for Predicting the Mortality in Patients With COVID-19



		Introduction



		Materials and Methods



		Study Design and Participants



		Inclusion and Exclusion Criteria



		Inclusion Criteria



		Exclusion Criteria









		Procedure and Data Collection



		Statistical Analysis







		Results



		Characteristics of the Training and Validation Cohorts



		Building Nomogram Prognostic Models



		The Performance of Nomograms and the Comparison With MuLBSTA Score in the Training Cohort



		External Validation of the Nomograms







		Discussion



		Data Availability Statement



		Ethics Statement



		Author Contributions



		Funding



		Acknowledgments



		Supplementary Material



		References

















OPS/images/cover.jpg
’ frontiers
in Medicine

Establishment of Routine Clinical

Indicators-Based Nomograms for

Predicting the Mortality in Patients
With COVID-19





OPS/images/fmed-08-706380-g001.gif
it T

PR v e, ey
ST

==

ey Do
-t by =

i
H






OPS/images/fmed-08-706380-g002.gif
~ femet v ooz










OPS/images/crossmark.jpg
©

2

i

|





OPS/images/logo.jpg
, frontiers
in Medicine





