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Objective: We developed and validated a prediction model based on individuals' risk profiles to predict the severity of lung involvement and death in patients hospitalized with coronavirus disease 2019 (COVID-19) infection.

Methods: In this retrospective study, we studied hospitalized COVID-19 patients with data on chest CT scans performed during hospital stay (February 2020-April 2021) in a training dataset (TD) (n = 2,251) and an external validation dataset (eVD) (n = 993). We used the most relevant demographical, clinical, and laboratory variables (n = 25) as potential predictors of COVID-19-related outcomes. The primary and secondary endpoints were the severity of lung involvement quantified as mild (≤25%), moderate (26–50%), severe (>50%), and in-hospital death, respectively. We applied random forest (RF) classifier, a machine learning technique, and multivariable logistic regression analysis to study our objectives.

Results: In the TD and the eVD, respectively, the mean [standard deviation (SD)] age was 57.9 (18.0) and 52.4 (17.6) years; patients with severe lung involvement [n (%):185 (8.2) and 116 (11.7)] were significantly older [mean (SD) age: 64.2 (16.9), and 56.2 (18.9)] than the other two groups (mild and moderate). The mortality rate was higher in patients with severe (64.9 and 38.8%) compared to moderate (5.5 and 12.4%) and mild (2.3 and 7.1%) lung involvement. The RF analysis showed age, C reactive protein (CRP) levels, and duration of hospitalizations as the three most important predictors of lung involvement severity at the time of the first CT examination. Multivariable logistic regression analysis showed a significant strong association between the extent of the severity of lung involvement (continuous variable) and death; adjusted odds ratio (OR): 9.3; 95% CI: 7.1–12.1 in the TD and 2.6 (1.8–3.5) in the eVD.

Conclusion: In hospitalized patients with COVID-19, the severity of lung involvement is a strong predictor of death. Age, CRP levels, and duration of hospitalizations are the most important predictors of severe lung involvement. A simple prediction model based on available clinical and imaging data provides a validated tool that predicts the severity of lung involvement and death probability among hospitalized patients with COVID-19.
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Introduction

Severe acute respiratory syndrome—coronavirus-2 (SARS-CoV2) has caused a fatal pandemic that has become an intense global health threat (Rothan and Byrareddy, 2020). Although most patients with severe coronavirus disease 2019 (COVID-19) may experience respiratory dysfunction, the disease can also cause severe complications in other organ systems, e.g., cardiovascular, neurological, and renal dysfunction contributing to death (Gavriatopoulou et al., 2020). The reported clinical manifestations of COVID-19, thus, far have indicated substantial heterogeneity in the prognosis of COVID-19 infection, spanning from asymptomatic patients to those with mild, moderate, and severe disease forms with low survival rates (Borges do Nascimento et al., 2020).

Several potential risk factors of poor prognosis in patients with COVID-19 have been reported. For instance, previous studies indicated that old age, male sex, and chronic comorbidities including hypertension, cardiovascular diseases (CVD), diabetes, and malignancies are associated with a higher mortality rate in critically ill patients with laboratory-confirmed COVID-19 (Parohan et al., 2020). Other predictors such as oxygen saturation (SaO2), immunosuppressive therapies, and neurological complications, including de novo seizure, headache, and delirium, are also related to poor outcomes in patients with COVID-19 (Louapre et al., 2020). Biomarkers on admission, such as D-dimer level, may also predict mortality risk (Ponti et al., 2020).

The diagnostic role of chest computed tomography (CT) in assessing the severity of COVID-19 infection has already been highlighted. Previous studies investigated predictors of COVID-19 exacerbation according to chest CT scans and showed factors such as serum albumin, C reactive protein (CRP), and coronary plaque burden as predictors of COVID-19 outcomes (Supplementary Table 1) (Arkoudis et al., 2022; Fukumoto et al., 2022; Inoue et al., 2022; Ke et al., 2022; Koch et al., 2022; Lu et al., 2022; Wang et al., 2022; Yang et al., 2022). However, these studies were limited by a low number of patients included, thus limited power to conclude. The lack of cross-validations also limited the findings' generalizability in previous studies.

Therefore, in the current study, we studied the predictive values of individuals' risk profiles in the extent of lung involvement according to chest CT scans in a large dataset that included hospitalized patients with COVID-19 infection in Iran. We further studied if lung lesion severity and its risk predictors could help predict the likelihood of mortality among these patients. The current study applied machine learning techniques to develop a prediction model in a training dataset (TD). The model was further validated in internal (iVD) and external (eVD) validation datasets.



Methods


Study setting and study population

We used prospectively collected data on 2,491 (TD) and 1,132 (eVD) patients with positive polymerase chain reaction (PCR) hospitalized in Kurdistan University hospitals (Kavsar and Besat) in Sanandaj, a capital city of Kurdistan Province in the west of Iran. Data collected were from 20 February 2020 to 21 April 2021- the first, the second, and third waves of COVID-19 infection in Iran and before starting COVID-19 vaccination. After applying in and exclusion criteria, our datasets included 2,251 patients in the TD (Kavsar hospital) and 993 in the eVD (Besat hospital) for our analyses; patients of all ages with the CT data evaluating lung involvement were enrolled (Figure 1). None of the individuals included had received vaccination at the time of hospitalization. The Medical Ethics Committee of Kurdistan University of Medical Sciences has approved this study (registration number: IR.MUK.REC.1400.114).
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FIGURE 1
 Flowchart of the study population. TD, training dataset; eVD, external validation dataset.




Assessment of predictors and ascertainment of outcomes

Data on twenty-five demographic and clinical symptoms and diseases (Supplementary Table 2) were collected at the CT examination through the hospital health information system (HIS). An internist (ER) and a pulmonologist (NS) reviewed the patients' medical records and abstracted this information.

According to the Regional Health Authorities Protocol and the patient's consent, a chest CT scan was performed in all PCR- positive patients with a SaO2 rate of <95%. The CT examination was done identically for all eligible patients during hospitalization. Non-contrast enhanced CT images were acquired on an 80-row scanner (Aquilion Prime S.P., Canon Medical Systems), with parameters based on the patient's morphotype (tension 100e135 kV and maximum mAs 2e50).

The primary endpoint was the severity of lung involvement expressed by the first CT scan scores performed during hospitalization. The day of first CT imaging was different for each patient and varied from 1 to 32 days in the TD and 1 to 37 days in the eVD after hospital admission (for each patient, the duration of hospitalization was calculated at the first CT examination). In each dataset, two radiologists performed visual quantification of the lung involvement in the CT; they were blinded without knowing the patients' clinical conditions. The consensus was made through consultation with a pulmonologist (NS) in case of discrepancies. We calculated a total CT scan score for each patient as the sum of the individual lobar scores that range from 0 (no involvement) to 25 (maximum involvement) when all the five lobes showed more than 75% involvement. The percentage of lung involvement affected by COVID-19 infection was calculated by multiplying the total score times four (Revel et al., 2020). The CT images were then classified as per the percentage of lung involvement in the following three groups applying the advice from the European Society of Radiology (ESR) and the European Society of Thoracic Imaging (ESTI) (Revel et al., 2020): mild (≤25%), moderate (26–50%), and severe >50% (Revel et al., 2020). The secondary endpoint was in-hospital death due to COVID-19 infection.



Validation

We performed internal and external validation to study the accuracy of the fitted prediction models. In contrast to internal validation methods, which evaluate the model's performance in individuals from the same dataset/population, external validation evaluates model performance in new individuals from different but related practices that investigate the model's generalizability (Debray et al., 2015). We randomly split the TD into a training set (70%) and a test set (30%) for the internal validation.



Statistical analysis

Baseline characteristics are presented as mean [standard deviation (SD)] for continuous variables and frequency (percentage) for categorical variables. In the complete case analyses, we compared each variable between different groups in the two datasets (the TD and the eVD) using the Chi-square (categorical variables) and ANOVA (continuous variables) statistical tests. To study predictors of the severity of lung involvement, we applied two supervised machine learning techniques, including (i) the Polynomial Kernelized Support Vector Machine (SVM) (Ben-Hur et al., 2001) and (ii) the random forest (RF) classifier (Breiman, 2001). We further compared the results to select the best technique for our analyses. According to the best technique (RF in our study), a prediction model was created. The complete prediction methods, statistics, and procedures are presented in the Supplementary Material. We also applied multivariable logistic regression analysis to study the association between severity of lung involvement and mortality risk presenting an adjusted odds ratio (OR) and 95% confidence interval (CI). The association was adjusted for age, sex, comorbidities, smoking, and respiratory distress.

The accuracy of the prediction models was evaluated using the area under the receiver operating characteristic (AUC-ROC) curves. A p < 0.05 was considered statistically significant. All analyses were performed using SPSS (version 26.0) (SPSS Inc., Chicago, IL, USA) and R (Mice version 3.14.0; Ggplot2 version 3.3.5; randomForest version 4.6-14; dendextend version 1.15.2) software.




Results


Baseline characteristics

According to the severity of lung involvement, patients were categorized into three groups: mild [1,663 (73.9%) and 708 (71.3%)], moderate [403 (17.9%) and 169 (17.0%)], and severe [185 (8.2%) and 116 (11.7%)] lung involvement, in the TD and the eVD, respectively. They were also categorized as dead [180 (8%) and 116 (11.7%)] and survived [2,071 (92%) and 877 (88.3%)] in the TD and the eVD, respectively; the rate of in-hospital death was substantially higher among patients with severe (64.9 and 38.8%) compared to mild (2.3 and 7.1%) and moderate (5.5 and 12.4%) lung involvement in the TD and eVD, respectively.

Comparisons of baseline clinical symptoms and comorbidities stratified by the outcomes of interest are presented in Table 1.


TABLE 1 Baseline characteristics of the patients with COVID-19 according to the extent of lung involvement and in-hospital death.

[image: Table 1]

In the TD, the mean (SD) age was 57.1 (17.9) years in patients with mild, 58.4 (18.4) years in moderate, and 64.2 (16.9) years in severe lung involvement. Patients with severe lung involvement were significantly older than the other two groups (p < 0001). In the eVD, patients were, on average, 8 years younger than those in the TD; the mean (SD) age was 52.1 (17.4) years in patients with mild, 51.2 (17.6) years in moderate, and 56.2 (18.9) years in severe lung involvement. Patients with severe lung involvement were significantly older than the other two groups (p = 0.04).

In the two datasets, the distribution of men was higher than women across different groups, with the highest among patients with severe lung involvement and a higher rate of in-hospital death.

The mean (SD) of the duration of hospitalization (days) was higher in severe lung involvement [4.2 (4.7) in the TD and 5.4 (5.0) in the eVD] than in groups with mild and moderate lung involvement.

In the TD, cough, respiratory distress, loss of consciousness, gastrointestinal disorders, headache, and dizziness at first CT examination were among clinical symptoms with statistically significant differences between patients in different categories of lung involvement severity. Prevalence of comorbidities such as diabetes and CVD was significantly higher in patients with severe lung involvement (24.3%) than mild (17.7%) and moderate (15.9%) lung involvement. The SaO2 value was significantly lower among patients with moderate and severe than mild lung involvement. The intubation rate was significantly higher among patients with severe lung lesions (18.9%), whereas the rates were lower and almost similar in mild (4.6%) and moderate (4.5%).

In the eVD, respiratory distress, SaO2 values and intubation rate, loss of consciousness, and seizure were statistically higher among patients with severe lung involvement than those categorized with mild or moderate involvement.

In both datasets, C reactive protein (CRP) levels were significantly higher among patients with severe lung involvement (Table 1).

The results of cluster analyses in both TD and eVD are presented in Supplementary Materials (Supplementary Figures 1, 2).



Prediction analysis
 
Analyses of the training dataset
 
Random forest

Our study is composed mostly of categorical variables. Despite having a heterogeneous distribution of outcomes (most of our population had mild lung involvement or were alive), the RF showed a higher predictive power than the SVM method; therefore, the RF has been selected as the best technique for our analyses. Theoretically, our dataset has a good fit for a decision tree since the decisions made by the random forest would be easily understood if a subject had or did not have a certain, e.g., clinical symptom. The RF analysis and the Mean Decrease Accuracy plot showed age, CRP levels, and duration of hospitalizations with the highest predictive value for lung involvement (Figure 2).
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FIGURE 2
 Predictors of lung involvement severity in hospitalized patients with COVID-19 infection in the training dataset. CRP, C reactive protein; GI, gastrointestinal.





Analyses of the validation dataset

The analyses in both internal and external VDs provided similar results to the TD for the RF algorithms (Supplementary Figure 3). The confusion matrices showed similar precision and sensitivity during the testing phase.

Logistic regression analysis showed a significant strong association between the extent of lung involvement (as a continuous variable) and mortality risk in the adjusted model [(OR: 9.3; 95%CI:7.1–12.1) and (OR: 2.6; 95%CI:1.8–3.5)] in the TD and the eVD, respectively and with a high discrimination value of AUC-ROC >0.8 in both datasets.

To study whether predictors of lung involvement are associated with mortality in this population, we studied the AUC-ROC values. The results showed that predictors of lung involvement failed to discriminate between patients who died compared to survivors in the TD (AUC-ROC <0.7) (Figure 3). However, the results showed a high discrimination value of CRP levels (AUC-ROC >0.8) in the eVD (Supplementary Figure 4).


[image: Figure 3]
FIGURE 3
 Under the receiver operating characteristic (AUC-ROC) curve to study the predictive value of the most significant predictors of lung involvement severity in the likelihood of death in hospitalized patients with COVID-19 infection (training dataset).






Discussion

We developed and validated a prediction model applying machine learning techniques that showed good performance and discrimination in training and validated datasets. To our best knowledge, this is the largest study to support the values of patients' symptoms and risk profiles to predict the severity of lung involvement and in-hospital death due to COVID-19 infection. Our study showed that in hospitalized patients with COVID-19 disease, age, CRP level, and duration of hospitalizations were factors in patients' risk profiles that can discriminate the extent of lung involvement. However, these factors failed to predict death (AUC-ROC <0.7) except CRP in the eVD. In the group of severe lung involvement, patients were older, and the prevalence of comorbidities, respiratory distress, intubation rate, and loss of consciousness was significantly higher than in mild and moderate lung involvement. Our findings suggest a strong prognosis value of the extent of lung involvement to predict mortality with high discrimination power (AUC-ROC >0.8); the majority of patients who died in the hospital due to COVID-19 had severe lung involvement (65% in the TD).

The initial COVID-19 strain caused serious disease, and the virus will cohabit with humans, probably forever. The number of infected people with COVID-19 and complications due to infection is rapidly growing. It is important to prioritize patients with severe COVID-19 for intensive care unit (ICU) admission, particularly in low and middle-income countries with limited resources and high demand (Tyrrell et al., 2021). There is an urge to identify early biomarkers of COVID-19 severity that may help effective treatment strategies. COVID-19 disease is mainly characterized by symptoms such as fever, weakness, muscle pain, cough, headache, and high levels of CRP and inflammatory cytokines, with severe symptoms involving multiple organs; respiratory failure, acute cardiac, and kidney injuries result in patients' death eventually. The scientific community should develop strategies to fight the illness by developing preventive strategies and effective therapies. At the same time, it is necessary to develop means to mitigate the effects of any unusual circumstances, such as during the surge in cases with severe COVID-19 (Kim et al., 2021; Van Hout and Wells, 2021). For COVID-19, predictive modeling is used broadly to help in different purposes. For example, predicting fatal outcomes in hospitalized patients based on symptom severity enables physicians to prioritize patients for ICU admission and mechanical ventilation and relieve such decisions' ethical burdens and concerns (Wynants et al., 2020; Merlo et al., 2021).

We observed that the top predictors of lung involvement severity in hospitalized patients with COVID-19 are age, CRP level, and duration of hospitalization. Similarly, previous evidence indicated that the incidence of fatalities from a COVID-19 outbreak depends crucially on the infected age groups. This is hazardous not only for elderlies but also for middle-aged adults (Levin et al., 2020). A meta-analysis with more than half a million patients with COVID-19 from different countries highlights the determinant effect of age on mortality (Bonanad et al., 2020). In addition, Wang et al. found that CT findings of multi-affected lobes were more commonly seen in elderly patients than in young patients (Wang et al., 2020). Older adult patients should be prioritized in implementing preventive measures (Sudharsanan et al., 2020). Elevated CRP level indicates the severity of COVID-19 in many cases, and it has been introduced as the main predictor for mechanical ventilation in patients with COVID-19 (Zhang et al., 2020) and reflects inflammatory reaction (Yitbarek et al., 2021). Various inflammatory mediators induce CRP produced by hepatocytes in the liver, e.g., interleukin (IL)-6, and it is associated with chronic inflammations (Luan and Yao, 2018). In our study, patients with COVID-19 and severe lung involvement were in the hospital longer than the other two groups. Patients who experience severe symptoms of COVID-19 may spend weeks to months in the hospitals (Liu et al., 2020). Their need for more care and therapies might explain this, and one might view longer duration as a consequence of infection severity. However, this needs to be assessed to rule out reverse causality in which longer hospitalization may lead to complicated lung involvement due to pneumonia and other concomitant hospital infections. Long time duration of hospitalization is associated with the risk of secondary infection such as hospital-acquired pneumonia, which can affect the survival rate of COVID-19 infected people (Langford et al., 2020).

Despite we developed a prediction model and identified predictors of lung involvement, these predictors failed to discriminate between patients who died compared to survivors in the TD. However, the predictive value of CRP in mortality rate was shown in the eVD. Unlike our result in the TD, a study in the United Kingdom evidenced CRP as one of the most accurate predictors of death (Stringer et al., 2021); this might be explained by the low rate of mortality due to the short time of death investigation (in-hospital mortality), and single CRP measurements in our study. Hence, future studies need to evaluate this.

Previous prediction studies highlighted the history of comorbidities as one of the important factors associated with mortality risk in patients infected with COVID-19 (Lopez-Pais et al., 2021; Oh et al., 2021; Ryan et al., 2021). Though the rate of comorbidities, respiratory distress, and intubation was statistically higher in patients with severe lung involvement, our models failed to pick these factors as strong predictors of COVID-19 outcomes. Besides, we showed that patients with severe lung involvement than mild and moderate had a higher loss of consciousness, which is interpreted as decreased SaO2 level; loss of consciousness is associated with cerebral hypoxia and other neurological complications due to COVID-19 infections (Bentivegna et al., 2021; Kannapadi et al., 2022).

While our study is not the first prediction model of COVID-19-related outcomes, to the best of our knowledge, this is the largest prediction study involving CT scan data. Our model strengths also include the validation in a large external dataset. This study effectively assists clinical decision-making for combating patients with COVID-19 by providing the risk of severe lung involvement and death. Our study helps clinicians pragmatically prioritize high-risk hospitalized patients according to their risk profile to prevent severe outcomes related to COVID-19 infection. However, caution is warranted when generalizing these findings to other populations and settings; the results may not be generalized to populations with different geographical and socioeconomic conditions and national health services. Another important limitation of our study that should be acknowledged is the retrospective nature of this study; we were not able to follow the extent of lung lesions and the association with mortality rate after discharging. We believe future studies should investigate how severe lung involvement changes after discharge in hospitalized patients with COVID-19. Patients in our datasets were enrolled during the three pandemic waves in Iran; therefore, the prediction model may not fit during other epidemic periods with different virus strains and the severity of the infection.



Access to data

ER and FA have access to the data. This data is accessible after a motivated request.



Data availability statement

The raw data supporting the conclusions of this article will be made available by the authors, without undue reservation.



Ethics statement

The studies involving human participants were reviewed and approved by the Medical Ethics Committee of Kurdistan University of Medical Sciences. The patients/participants provided their written informed consent to participate in this study.



Author contributions

ER and FA are responsible for the study concept and design. ER and MA collected the data. FA, AR, and SEB composed the statistical analyses. ER, MSh, and FA wrote the manuscript. FA is the guarantor of this study and takes responsibility for the integrity and accuracy of the data analysis. All the authors contributed to interpreting the data, critical revision of the manuscript, and approved the submitted version.



Acknowledgments

This research is a part of the MSc project of MA, a Medical Student at the School of Medicine, Kurdistan University of Medical Sciences, Sanandaj, Iran. We are grateful to all doctors, nurses, and staff in Kowsar hospital who contributed to data collection for this study. We wish to thank all the patients included in this study.



Conflict of interest

The authors declare that they have no known competing financial interests or personal relationships that could have appeared to influence the work reported in this article.



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.



Supplementary material

The Supplementary Material for this article can be found online at: https://www.frontiersin.org/articles/10.3389/fmicb.2022.893750/full#supplementary-material



References

 Arkoudis, N. A., Karofylakis, E., Moschovaki-Zeiger, O., Vrentzos, E., Palialexis, K., Filippiadis, D., et al. (2022). Covid Visual Assessment Scale (“Co.V.A.Sc.”): quantification of COVID-19 disease extent on admission chest computed tomography (CT) in the prediction of clinical outcome-a retrospective analysis of 273 patients. Emerg. Radiol. 29, 479–489. doi: 10.1007/s10140-022-02034-4

 Ben-Hur, A., Horn, D., Siegelmann, H. T., and Vapnik, V. (2001). Support vector clustering. J. Mach. Learn. Res. 2, 125–137.


 Bentivegna, M., Hulme, C., and Ebell, M. H. (2021). Primary care relevant risk factors for adverse outcomes in patients with COVID-19 infection: a systematic review. J. Am. Board Fam. Med. 34, S113–S126. doi: 10.3122/jabfm.2021.S1.200429

 Bonanad, C., García-Blas, S., Tarazona-Santabalbina, F., Sanchis, J., Bertomeu-González, V., Fácila, L., et al. (2020). The effect of age on mortality in patients with COVID-19: a meta-analysis with 611,583 subjects. J. Am. Med. Dir. Assoc. 21, 915–918. doi: 10.1016/j.jamda.2020.05.045

 Borges do Nascimento, I. J., von Groote, T. C., O'Mathúna, D. P., Abdulazeem, H. M., Henderson, C., Jayarajah, U., et al. (2020). Clinical, laboratory and radiological characteristics and outcomes of novel coronavirus (SARS-CoV-2) infection in humans: a systematic review and series of meta-analyses. PLoS ONE 15:e0239235. doi: 10.1371/journal.pone.0239235

 Breiman, L.. (2001). Random forests. Mach. Learn. 45, 5–32. doi: 10.1023/A:1010933404324


 Debray, T. P., Vergouwe, Y., Koffijberg, H., Nieboer, D., Steyerberg, E. W., and Moons, K. G. (2015). A new framework to enhance the interpretation of external validation studies of clinical prediction models. J. Clin. Epidemiol. 68, 279–289. doi: 10.1016/j.jclinepi.2014.06.018

 Fukumoto, W., Nakamura, Y., Yoshimura, K., Sueoka, T., Tatsugami, F., Kitamura, N., et al. (2022). Triaging of COVID-19 patients using low dose chest CT: incidence and factor analysis of lung involvement on CT images. J. Infect. Chemother. 28, 797–801. doi: 10.1016/j.jiac.2022.02.025

 Gavriatopoulou, M., Korompoki, E., Fotiou, D., Ntanasis-Stathopoulos, I., Psaltopoulou, T., Kastritis, E., et al. (2020). Organ-specific manifestations of COVID-19 infection. Clin. Exp. Med. 20, 493–506. doi: 10.1007/s10238-020-00648-x

 Inoue, A., Takahashi, H., Ibe, T., Ishii, H., Kurata, Y., Ishizuka, Y., et al. (2022). Application of the advanced lung cancer inflammation index for patients with coronavirus disease 2019 pneumonia: combined risk prediction model with advanced lung cancer inflammation index, computed tomography and chest radiograph. Exp. Ther. Med. 23:388. doi: 10.3892/etm.2022.11315

 Kannapadi, N. V., Jami, M., Premraj, L., Etchill, E. W., Giuliano, K., Bush, E. L., et al. (2022). Neurological complications in COVID-19 patients with ECMO support: a systematic review and meta-analysis. Heart Lung Circ. 31, 292–298. doi: 10.1016/j.hlc.2021.10.007

 Ke, Z., Li, L., Wang, L., Liu, H., Lu, X., Zeng, F., et al. (2022). Radiomics analysis enables fatal outcome prediction for hospitalized patients with coronavirus disease (2019). (COVID-19). Acta Radiol. 63, 319–327. doi: 10.1177/0284185121994695

 Kim, K., Ghorbanzadeh, M., Horner, M. W., and Ozguven, E. E. (2021). Identifying areas of potential critical healthcare shortages: a case study of spatial accessibility to ICU beds during the COVID-19 pandemic in Florida. Transp. Policy 110, 478–486. doi: 10.1016/j.tranpol.2021.07.004

 Koch, V., Gruenewald, L. D., Albrecht, M. H., Eichler, K., Gruber-Rouh, T., Yel, I., et al. (2022). Lung opacity and coronary artery calcium score: a combined tool for risk stratification and outcome prediction in COVID-19 patients. Acad. Radiol. 29, 861–870. doi: 10.1016/j.acra.2022.02.019

 Langford, B. J., So, M., Raybardhan, S., Leung, V., Westwood, D., MacFadden, D. R., et al. (2020). Bacterial co-infection and secondary infection in patients with COVID-19: a living rapid review and meta-analysis. Clin. Microbiol. Infect. 26, 1622–1629. doi: 10.1016/j.cmi.2020.07.016

 Levin, A. T., Hanage, W. P., Owusu-Boaitey, N., Cochran, K. B., Walsh, S. P., and Meyerowitz-Katz, G. (2020). Assessing the age specificity of infection fatality rates for COVID-19: systematic review, meta-analysis, and public policy implications. Eur. J. Epidemiol. 35, 1123–1138. doi: 10.1007/s10654-020-00698-1

 Liu, X., Zhou, H., Zhou, Y., Wu, X., Zhao, Y., Lu, Y., et al. (2020). Risk factors associated with disease severity and length of hospital stay in COVID-19 patients. J. Infect. 81, e95–e97. doi: 10.1016/j.jinf.2020.04.008

 Lopez-Pais, J., Otero, D. L., Ferreiro, T. G., Antonio, C. E. C., Muiños, P. J. A., Perez-Poza, M., et al. (2021). Fast track triage for COVID-19 based on a population study: the soda score. Prev. Med. Rep. 21:101298. doi: 10.1016/j.pmedr.2020.101298

 Louapre, C., Maillart, E., Roux, T., Pourcher, V., Bussone, G., Lubetzki, C., et al. (2020). Patients with MS treated with immunosuppressive agents: across the COVID-19 spectrum. Rev. Neurol. 176, 523–525. doi: 10.1016/j.neurol.2020.04.009

 Lu, X., Cui, Z., Ma, X., Pan, F., Li, L., Wang, J., et al. (2022). The association of obesity with the progression and outcome of COVID-19: the insight from an artificial-intelligence-based imaging quantitative analysis on computed tomography. Diabetes Metab. Res. Rev. 38:e3519. doi: 10.1002/dmrr.3519

 Luan, Y. Y., and Yao, Y. M. (2018). The clinical significance and potential role of C-reactive protein in chronic inflammatory and neurodegenerative diseases. Front. Immunol. 9:1302. doi: 10.3389/fimmu.2018.01302

 Merlo, F., Lepori, M., Malacrida, R., Albanese, E., and Fadda, M. (2021). Physicians' acceptance of triage guidelines in the context of the COVID-19 pandemic: a qualitative study. Front. Public Health 9:695231. doi: 10.3389/fpubh.2021.695231

 Oh, B., Hwangbo, S., Jung, T., Min, K., Lee, C., Apio, C., et al. (2021). Prediction models for the clinical severity of patients with COVID-19 in Korea: retrospective multicenter cohort study. J. Med. Internet Res. 23:e25852. doi: 10.2196/25852

 Parohan, M., Yaghoubi, S., Seraji, A., Javanbakht, M. H., Sarraf, P., and Djalali, M. (2020). Risk factors for mortality in patients with Coronavirus disease 2019 (COVID-19) infection: a systematic review and meta-analysis of observational studies. Aging Male 23, 1416–1424. doi: 10.1080/13685538.2020.1774748

 Ponti, G., Maccaferri, M., Ruini, C., Tomasi, A., and Ozben, T. (2020). Biomarkers associated with COVID-19 disease progression. Crit. Rev. Clin. Lab. Sci. 57, 389–399. doi: 10.1080/10408363.2020.1770685

 Revel, M. P., Parkar, A. P., Prosch, H., Silva, M., Sverzellati, N., Gleeson, F., et al. (2020). COVID-19 patients and the radiology department - advice from the European Society of Radiology (ESR) and the European Society of Thoracic Imaging (ESTI). Eur. Radiol. 30, 4903–4909. doi: 10.1007/s00330-020-06865-y

 Rothan, H. A., and Byrareddy, S. N. (2020). The epidemiology and pathogenesis of coronavirus disease (COVID-19) outbreak. J. Autoimmun. 109:102433. doi: 10.1016/j.jaut.2020.102433

 Ryan, C., Minc, A., Caceres, J., Balsalobre, A., Dixit, A., Ng, B. K., et al. (2021). Predicting severe outcomes in COVID-19 related illness using only patient demographics, comorbidities and symptoms. Am. J. Emerg. Med. 45, 378–384. doi: 10.1016/j.ajem.2020.09.017

 Stringer, D., Braude, P., Myint, P. K., Evans, L., Collins, J. T., Verduri, A., et al. (2021). The role of C-reactive protein as a prognostic marker in COVID-19. Int. J. Epidemiol. 50, 420–429. doi: 10.1093/ije/dyab012

 Sudharsanan, N., Didzun, O., Bärnighausen, T., and Geldsetzer, P. (2020). The contribution of the age distribution of cases to COVID-19 case fatality across countries: a nine-country demographic study. Ann. Intern. Med. 173, 714–720. doi: 10.7326/M20-2973

 Tyrrell, C. S., Mytton, O. T., Gentry, S. V., Thomas-Meyer, M., Allen, J. L. Y., Narula, A. A., et al. (2021). Managing intensive care admissions when there are not enough beds during the COVID-19 pandemic: a systematic review. Thorax 76, 302–312. doi: 10.1136/thoraxjnl-2020-215518

 Van Hout, M. C., and Wells, J. S. G. (2021). The right to health, public health and COVID-19: a discourse on the importance of the enforcement of humanitarian and human rights law in conflict settings for the future management of zoonotic pandemic diseases. Public Health 192, 3–7. doi: 10.1016/j.puhe.2021.01.001

 Wang, J., Zhu, X., Xu, Z., Yang, G., Mao, G., Jia, Y., et al. (2020). Clinical and CT findings of COVID-19: Differences among three age groups. BMC Infect Dis. 20, 434. doi: 10.1186/s12879-020-05154-9

 Wang, R., Jiao, Z., Yang, L., Choi, J. W., Xiong, Z., Halsey, K., et al. (2022). Artificial intelligence for prediction of COVID-19 progression using CT imaging and clinical data. Eur. Radiol. 32, 205–212. doi: 10.1007/s00330-021-08049-8

 Wynants, L., Van Calster, B., Collins, G. S., Riley, R. D., Heinze, G., Schuit, E., et al. (2020). Prediction models for diagnosis and prognosis of covid-19: systematic review and critical appraisal. BMJ. 369:m1328. doi: 10.1136/bmj.m1328

 Yang, B., Zhang, B., Gao, L., Zhang, J., Qiu, H., and Huang, W. (2022). Heterogeneity analysis of chest CT predict individual prognosis of COVID-19 patients. Curr. Med. Imaging 18, 312–321. doi: 10.2174/1573405617666210916120355

 Yitbarek, G. Y., Walle Ayehu, G., Asnakew, S., Ayele, F. Y., Bariso Gare, M., Mulu, A. T., et al. (2021). The role of C-reactive protein in predicting the severity of COVID-19 disease: a systematic review. SAGE Open Med. 9:20503121211050755. doi: 10.1177/20503121211050755

 Zhang, Z. L., Hou, Y. L., Li, D. T., and Li, F. Z. (2020). Laboratory findings of COVID-19: a systematic review and meta-analysis. Scand. J. Clin. Lab. Invest. 80, 441–447. doi: 10.1142/11877




OPS/images/fmicb-13-893750-g003.gif
ROC Curve

Predictors fng
Tesonsevery
—h
ul e
— D iz
[ v

ol

1-Specicy
[ ————





OPS/images/fmicb-13-893750-t001.jpg
Male, n (%)

Female, 1 (%)

Age, mean (SD), years
Previous COVID-19, 1 (%)
Smoking status (current),
(%)

*Comorbidities, 7 (%)
Lung disorders, (%)
Duration of hospitalization,
mean (D), days

Clinical symptoms

Fever, 1 (%)

Cough, 1 (%)

**Respiratory distress, n (%)
$20,, <93%, n (%)
Intubation rate, n (%)
Muscle pain, 1 (%)

Loss of consciousness, 1 (%)
Smell loss, 7 (%)

Taste loss, n (%)

Seizure, 1 (%)
Gastrointestinal disorders, n
(%)

Nausea, # (%)

Vomiting, n (%)

diarrhea, # (%)

Anorexia, 7 (%)

Headache, 1 (%)

Dizziness, n (%)
Paresthesia, 7 (%)

Plegia, 1 (%)

Chest pain, 1 (%)
Laboratory findings

CRP, mg/L, mean (SD),
Outcomes

Death, 7 (%)

Respiratory distress was defined as a respiratory ratc higher than 24.
ficant p-values (p value < 0.05).

Bold values are stat

lly

<25%

(n=1,663)

929 (55.9)

734 (44.1)

57.1(17.9)
12(07)
18 (1.1)

294 (17.7)
24(1.4)
38(2)

559 (33.6)
590 (35.5)
698 (42.0)
900 (54.1)
76 (4.6)
782 (47.0)
71(4.3)
21(1.3)
23(1.4)
4(02)
130 (7.8)

97 (58)
63(38)
21(1.3)
3923
106 (6.4)
99(6.0)
36(22)
9(0.5)
7(04)

7.1(14.6)

38(23)

n=2,251
26-50% >50%  P-value
(n=403) (n=185)

22(576)  114(616) 03

171(424)  71(384)

584(184)  642(169) <0001
1002 105) 06
2(05) 1(05) 05

64(159)  45(243)  0.04
8(2.0) 527) 0.4
41(37) 42(47) 0.007

147(365)  62(33.5) 06

153(380)  43(232) 0002

168(417)  47(524) 002

265(658)  120(649)  <0.001
18 (4.5) 35(189)  <0.001

176 (437)  73(395) 009
12(3.0) 26(141)  <0.001
10(2.5) 2(L1) 02
6(1.5) 5(2.7) 04
1(02) 0 08
16 (4.0) 158.1) 0.02
23(57) 11(59) 10
1127 7(38) 0.6
6(1.5) 3(16) 07
922 6(32) 07
40(99) 12(65) 0.04
370.2) 14(7.6) 0.05
$(20) 3(16) 09
4(1.0) 3(16) 02
4(1.0) 2(1L1) 03

109(136)  178(154)  <0.001
2(55  120(649)  <0.001

Training dataset (TD)

 standard deviation; CRP, C reactive protein; $a0;, oxygen saturation.

Survived
(n=2,071)

1,161 (56.1)

910 (43.9)

57.1(18.0)
13(06)
20(1)

352(17)
18 (0.9)
38(32)

710 (34.3)
749 (36.2)
861 (41.6)
1,164 (56.2)
86(42)
969 (46.8)
71(3.4)
32(1.5)
30(1.4)
5(02)
148 (7.1)

122(59)
73(35)
28 (1.4)
52(2.5)
149 (7.2)
141(6.8)
44(2.1)
14(07)
11(0.5)

124 (14.5)

Dead

(n=180)

114 (63.3)
66 (36.7)
67.9 (16.0)
1(0.6)
1(0.6)

51(283)
8 (4.4)
5.1(55)

58(322)
37 (206)
102 (56.7)
121 (67.2)
43(23.9)
62 (34.4)
38(11)
1(06)
422)
0
13(7.2)

9(5)
8(4.4)
2(1.1)
2(1.1)

9(5)

9(5)
3(17)
2(L1)
2(1.1)

17.4(14.5)

P-value

0.06

<0.001
<0.001
<0.001

<25%

(n=708) (n=169) (n=116)

390 (55.1)

323 (45.6)

52.1(17.4)
10(1.4)
38(5.4)

157 (22.2)
5(0.7)
43(3.7)

323 (45.6)
307 (43.3)
328 (46.3)
377 (532)
40(5.6)
351 (49.6)
41(58)
45(6.4)
32(45)
0
115 (16.2)

55(7.8)
33(47)
9(13)
27(38)
73(103)
50(7.1)
20 (2.8)
2(03)
14 (1.8)

7.9(10.3)

50(7.1)

Validation dataset (VD)

26-50% >50%
97674 72(62.1)
72(426)  44(379)

512(17.6)  56.2(18.9)

3(18) 2(17)
8(47) 7(6.0)
31(183) 24(207)

3(1.8) 0
47 (43) 5.4(5.0)
64(37.9) 45(38.8)
76 (45.0) 45(38.8)
85(50.0) 70(60.3)
93(550)  86(74.1)
9(5.3) 16 (13.8)
178 (46.2) 58 (50.0)
9(53) 16(13.8)
71 8(6.9)
7(4.1) 7(6.0)
0 1(0.9)
27 (16.0) 11(9.5)
17 (10.1) 3(26)
8(47) 5(43)
3(18) 10.4)
10(5.9) 6(5.2)
24(14.2) 10 (8.6)
17 (10.1) 5(43)
6(36) 2017)
1(0.6) 0
6(36) 1(09)

87(116)  136(152)

21(124) 45(38.8)

n=993

P-value Survived
(n=877)

03 492 (56.1)

390 (44.5)
0.04 511(17.6)
09 13(1.5)
09 45(5.1)
06 183 (209)
02 8(09)

0008 41(35)

0.1 383 (43.7)
0.6 380 (43.3)

0.01 418 (47.7)
<0.001 465 (53.0)
0.003 54(6.2)

07 430(49.0)
0.004 59(6.7)
05 56 (6.4)
0.7 39 (44)
0.02 0
0.2 143 (16.3)
0.06 72(8.2)
1.0 43(4.9)
02 14 (1.6)
04 37(4.2)
02 92(105)
02 65(7.4)
07 23(2.6)
07 10.1)
03 18(2)
<0.001 69(9)
<0.001 -

Dead  P-value

(n=116)

67(57.8)
49 (422)
626 (142)
2(17)
8(69)

29(25)
0
7.1(5.6)

49 (422)
48 (41.4)
65(56)
91(78.4)
11(9.5)
57(49.1)
7(6)
4(3.4)
7(6)
1(0.9)
10 (8.6)

3(26)
3026
2(17)
6(5.2)
15(12.9)
7(6)
5(4.3)
2(1.7)
3(26)

21.8(16.8)

<0.001





OPS/xhtml/Nav.xhtml




Contents





		Cover



		The risk profile of patients with COVID-19 as predictors of lung lesions severity and mortality—Development and validation of a prediction model



		Introduction



		Methods



		Study setting and study population



		Assessment of predictors and ascertainment of outcomes



		Validation



		Statistical analysis







		Results



		Baseline characteristics



		Prediction analysis



		Analyses of the training dataset



		Random forest









		Analyses of the validation dataset













		Discussion



		Access to data



		Data availability statement



		Ethics statement



		Author contributions



		Acknowledgments



		Conflict of interest



		Publisher's note



		Supplementary material



		References

















OPS/images/cover.jpg
& frontiers | Frontiers in Microbiology

The risk profile of patients with
COVID-19 as predictors of lung
lesions severity and
mortality—Development and
validation of a prediction model





OPS/images/fmicb-13-893750-g001.gif
Tl populsion
patents t ny agehospialzedde to
COVID-9 infsion
e e Excldod puticiponts wibout
(D (@-291); VD a-1132) frovresin
(TD 5240 VD v-134)
Excladed aticipunsifatures
alie>35D
Stadypeulation o anlyss WD)
(TD (@-2251) VD ¢-99)

Avalying chest CT Sans
quanifing he o res groups: Ml (TD:74%; VD: 71%), Moderte (TDIS%:
VD 17%), andSesreTD; eVDY: 129 g esions
uaniyin hem no o groups: ead (D%, VD: 11.7%)and surised (TD9%5;
VD §5.3%)
Comparing basline chrsiisis per th outomes wsing Chisquaeor ANOVA st

Cluster Amlyses

» Abiearcicalclusteingaproch using the Mashatan siilry
measute totdy the simlartybeteen ilfren varibls

> ricipa Component Anslysis o reduce e umber of s

Prdiction Anayses

 Plynonial Kemelzed Sppon Vector Maching (VM) &
Random Forst(RF)lasifer 1o sudyteprdicive fctors o
nglesions severya he e ofces CTscans

» Mulivarist ogso regresson anlyss o sudy whetherlng
Jeson sxerity and s sk predictors coudpeditthe ikeiboodof
morlity






OPS/images/fmicb-13-893750-g002.gif
Variable Name

Ao

-
Dusionosisasion:
Su-

o

ety s
Wocapan-

o

oo

2

Oazeess-

ibsin:

[

Nossea-

Glcongan
Lossolesinsoes -
Voniog-
Urgsories-
Dares-

heoeia-

oot
soiss-
Pega-
Partsa-
Chustpon-
Sockeg-
P Coi-
Seave

HH\

=......uuulllll“1“

P

10
Mean Decrease Gini










OPS/images/crossmark.jpg
@ Check for updates





OPS/images/logo.jpg
& frontiers | Frontiers in Microbiology





