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Abstract

:

We aimed to investigate the performance of a chest X-ray (CXR) scoring scale of lung injury in prediction of death and ICU admission among patients with COVID-19 during the 2021 peak pandemic in HCM City, Vietnam. CXR and clinical data were collected from Vinmec Central Park-hospitalized patients from July to September 2021. Three radiologists independently assessed the day-one CXR score consisting of both severity and extent of lung lesions (maximum score = 24). Among 219 included patients, 28 died and 34 were admitted to the ICU. There was a high consensus for CXR scoring among radiologists (κ = 0.90; CI95%: 0.89–0.92). CXR score was the strongest predictor of mortality (tdAUC 0.85 CI95% 0.69–1) within the first 3 weeks after admission. A multivariate model confirmed a significant effect of an increased CXR score on mortality risk (HR = 1.33, CI95%: 1.10 to 1.62). At a threshold of 16 points, the CXR score allowed for predicting in-hospital mortality and ICU admission with good sensitivity (0.82 (CI95%: 0.78 to 0.87) and 0.86 (CI95%: 0.81 to 0.90)) and specificity (0.89 (CI95%: 0.88 to 0.90) and 0.87 (CI95%: 0.86 to 0.89)), respectively, and can be used to identify high-risk patients in needy countries such as Vietnam.
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1. Introduction


The fourth wave of the coronavirus disease 2019 (COVID-19) epidemic in Ho Chi Minh City started with the first recorded case in a male patient admitted to Vinmec Central Park Hospital on 18 May 2021 [1]. According to the updated data, up to November 2021, this pandemic wave has caused the heaviest casualties in Vietnam with more than 440 thousand cases of COVID-19 infection in Ho Chi Minh City, and a mortality rate up to 3.85% [2]. Whilst infectious cases and mortality rates were very low in Vietnam during the first pandemic waves, in December 2021, the death rate from COVID-19 in Vietnam was 2%, equivalent to the worldwide 1.98% at that time [3,4].



Although chest X-rays (CXRs) have been used as a key diagnostic tool to document chest involvement in COVID-19 patients with dyspnea and/or hypoxia, chest radiographs alone are not recommended during the screening phase to diagnose COVID-19 pneumonia as findings on CXRs were deemed nonspecific with images that could overlap with those seen in non-COVID-19 infection [5]. Although they has a limited screening value in the general population in comparison to the reverse polymerase chain reaction (RT-PCR) [6,7,8,9,10,11,12], CXRs are often performed in patients hospitalized with COVID-19 due to their portability, wide availability, speed, and low cost. Furthermore, chest radiography is less associated with device contamination than computed tomography (CT), hence reducing exposure to healthcare workers. CXRs recorded on admission can therefore be used to assess the extent of lung disease prior to initiating any medical intervention that has the potential to establish the prognosis. Understanding the patient’s prognosis early at admission can in turn help guide patients and clinicians to the appropriate treatment. With a much higher frequency of use of chest radiographs than CT, radiologists can use radiographic findings to select patients who will likely benefit from intensive treatment, thus facilitating appropriate resource allocation right from the time of admission.



Thus, many developed predictive clinical models for COVID-19 outcomes in [13] often include age, comorbidities, and laboratory abnormalities and are rarely associated with CXR [14,15], though these imaging findings may provide prognostic information that cannot be obtained through other clinical and laboratory tests [16,17]. For the above reasons, the purpose of this study conducted at Vinmec Central Park Hospital was to evaluate the CXR scoring system’s ability, using chest radiographs performed at admission, to predict survival of COVID-19 patients.




2. Materials and Methods


We conducted a retrospective study on the records of all patients admitted to Vinmec Central from 26 July 2021 to 15 September 2021 with a positive RT-PCR test for SARS-CoV-2. This retrospective study was approved by our institutional review board, which waived the requirement for written informed patient consent.



Independent prognostic variables were collected, including epidemiological and clinical factors, such as age, sex, race, height, weight, date of admission, date of symptoms’ onset, current smoking status (defined as smoking within 1 year prior to admission), and chronic medical history, including: chronic obstructive pulmonary disease, diabetes mellitus, hypertension, coronary artery disease, cancer, pregnancy status, maximum temperature and maximum heart rate, maximum respiratory rate within 24 h of admission, capillary blood oxygen saturation (SpO2), patient’s oxygen requirements within 24 h of admission (ventilation, cannula, CPAP, HFNC, or intubation), treatment with Remdesivir and Molnupiravir, and vaccination status. To limit the confounding factors related to the treatment process, we only collected the first laboratory information within the first 3 days of admission, such as: blood count: neutrophiles, lymphocytes, platelets, hemoglobin, liver enzymes such as aspartate aminotransferase, and alanine aminotransferase.



Analysis of X-ray images within the first 24 h of admission: Digital X-ray images taken on the first day of admission were retrieved and anonymized as DICOM files, and images were interpreted using itk-snap software [18]. Three radiologists with varying years of experience (D.-T.T., T.-N.T.-M. and H.-D.T. with 6, 12, and >20 years), independently performed image analyses, and all were blinded to all clinical parameters except COVID-19 diagnosis in all patients. The CXR score [17] is assessed as follows: the two sides of the lung are divided into 4 regions based on two vertical lines between the middle and the horizontal line across the hilum on both sides. Extent score per area of lung parenchyma on chest X-ray: score 0–3 (0 = no lesion, 1 = less than one-third of area, 2 = one-third to two-thirds of the area, and 3 = more than two-thirds of the area). The severity score per area of lung parenchyma on chest X-ray (severity score) is assessed as follows: score 0–3 (0 = normal lung parenchyma, 1 = hyper-attenuated lesion does not obscure bronchial vascular structure, 2 = parenchymal hyper-attenuated lesions partially obscure bronchial vascular structures, and 3 = parenchymal hyper-attenuated lesions completely obscure bronchial vascular structures). The composite CXR score is the sum of severity and extent of 4 quadrants with equal weights. CXR score = ∑ extent score + ∑ severity score. Thus, no lung injury would be associated with 0 points, and the lesion covering the entire lung parenchyma would be associated with 24 points. Examples of AP radiographs and CXR reports of four patients with SARS-CoV-2 PCR-positive and different outcomes are shown in Figure S1.



The dependent variables include: The patient’s condition at the end of the hospitalization (survived, died); ICU status during hospitalization (no need, endotracheal intubation, dialysis, extracorporeal membrane oxygenation (ECMO)); classification of clinical severity during hospital stay according to Vinmec Healthcare System guidelines; and total number of days in hospital. Patients who had one of the following criteria were excluded from the cohort: those who were discharged within the first 24 H; those who had no chest X-ray data within the first 24 h; those who were intubated or died within the first 24 h; and those who were transferred to another hospital during treatment.



Statistical analysis: The 4-step statistical analysis process was conducted as follows: Step 1: evaluation of the agreement level among 3 different doctors regarding CXR score estimation by using Kendall’s coefficient of concordance (W) and corresponding significance test (Kendall and Gibbons, 1990); 1) survey on the degree of compatibility between CXR scores obtained from independent analysis results of 3 different doctors, based on Kendall’s W compatibility coefficient and chi-squared test according to Kendall and Gibbons (1990) [19]. This step is intended to check the authenticity and reliability of the CXR score data before they are used as the primary subject in further analyses. Step 2: exploratory data analysis: conventional descriptive statistics and data visualization were conducted to determine distribution characteristics of qualitative and quantitative parameters including CXR score among the subgroups of clinical outcomes (dead or survived, with or without ICU admission). Statistical inference on the difference in distribution of those parameters between groups was based on Mann–Whiney U test (for continuous data) and Pearson’s chi-squared test (for categorical data). Step 3: we performed an ROC analysis and a post hoc optimization process to determine the optimal cut-off points of the CXR score, allowing for prediction of death and ICU admission events. The effect of having high CXR scores on probabilities of occurrence of dead and ICU admission events was then estimated by non-parametric model Kaplan–Meier method [20] and log-rank test [19]. Step 4: time-to-event analysis was conducted to investigate the contribution of CXR score as a predictor of mortality and ICU admission. A time-dependent ROC AUC analysis was applied to evaluate the performance of the CXR score to make prediction of survival outcome at a given time point, in comparison with other routine clinical parameters. Next, we applied the “Select K-best” algorithm to determine the most efficient combination of 1 to 5 predictors which allow for accurate prediction of time to the occurrence of the event (death and ICU admission) through a Cox proportional hazard regression model, by optimizing the concordance index value of these models. For main statistical inference on the marginal effect of CXR score on the risk of death or ICU admission outcomes, we applied a Cox PH regression model [21] with CXR score and adjustment for patient’s age.



All statistical analysis was performed using Python programming language with the libraries pandas [22], scipy [23], lifelines [24] (survival analysis), matplotlib [25] (statistical graphics), and scikit-learn [26] (select K-best algorithm). Statistical inference was based on 95% confidence interval and null-hypothesis testing at significance threshold of p < 0.05.




3. Results


	
Clinical characteristics of study population 






Out of a total of 252 cases admitted to Vinmec Central Hospital from 27 July 2021 to 23 September 2021 with positive RT-PCR test results for SARS-CoV-2, 33 cases were excluded from the sample including 9 cases where no X-ray was taken within the first 24 h, 2 cases involved infants and pregnant women, 21 cases of incomplete medical records during the data collection period, and 1 case of ICU admission on the first day of hospitalization, so the final analysis was conducted on a dataset of 219 patients. Clinical characteristics of this cohort are presented in Table 1.



The mortality rate was estimated at 12.8% (28 patients died and 191 survived). About 15% of patients were admitted to the intensive care unit, and only 24% of them survived. The median in-hospital duration was 10 days, but it was significantly longer (19.5 days) for patients who died. Patients in the surviving group were significantly younger (median age of 52.7 vs. 69.15), but no difference was found for BMI. On admission, the vital signs, including breathing rate and pulse oxygen saturation, were significantly different between the two groups (p < 0.00001). A total of 58.9% of patients required supplemental oxygen, of which the majority of patients in the surviving group only breathed oxygen through a cannula 67/91, whereas the patients in the death group received high-flow oxygen (HFNC) or oxygen through a mask with a rebreather bag (26/28) within the first 24 h of admission.



Among the three most relevant comorbidities, including diabetes, hypertension, and cardiovascular disease, only diabetes showed a significant association with the death outcome in univariate testing.



Comparative analysis of biomarkers obtained from blood tests on admission demonstrated that a higher quantity of neutrophil cells, a lower quantity of lymphocytes, and an increased value in CRP, ALAT, and ASAT were significantly associated with the occurrence of a fatal outcome.



	
CXR score as a reliable measurement of lung lesions in COVID-19 patients 






As described above, the CXR score for each patient was determined as the mean of estimations by three attending radiologists. Before analyzing CXR data, we needed to evaluate the inter-rater reliability of CXR score estimation by evaluating Kendall’s W coefficient of concordance. Comprehensive results of this evaluation are provided in Table S1, and examples of clinical cases with X-ray images and corresponding CXR scores are presented in Supplemental Figure S1 data.



The levels of inter-rater agreement on assessing lung lesion extension were high for all four regions (from 0.772 to 0.794). Similarly, the agreement on severity was good for Q2 and Q4, and slightly lower but acceptable for Q1 and Q3. (W coefficient = 0.686 and 0.693, respectively). A very good agreement level was achieved for estimation of the total CXR score (W = 0.90, 95%CI: 0.886 to 0.919).



As shown in Figure 1 and Table 2, there was a clear contrast in distribution of CXR score values between two clinical outcome groups. The total CXR score and eight components were consistently and significantly higher for patients who died, in comparison with those of the surviving group. When stratifying by lung regions, lower parts show a higher extent and severity than upper regions. On a 0-to-3 scale, the left lower lung was the most severely damaged area, and the lower right lung was the area with the most widespread lesion in patients who died. The left upper lung was the part with the smallest extent in both groups of survivors and dead patients.



	
CXR score as a predictor for the risk of mortality and ICU admission events 






The results of ROC curve analysis in predicting death or ICU admission independently of the time factor (Figure S2) indicate that the CXR score could be a potential solution. The global predictive performance of the CXR score scale was excellent for both questions, with ROC-AUCs of 0.94 and 0.95, respectively.



At an optimal threshold of 16, the CXR score allowed prediction of death with a sensitivity of 0.91, a specificity of 0.86, and positive and negative predictive values of 0.87 and 0.90 (Figure S2 and Table S2). The same optimal cut-off could be applied for predicting ICU admission events, with very good performance (NPV of 0.87 and PPV of 0.88). A descriptive analysis using the Kaplan–Meier survival model and log-rank test (Figure S3) also confirmed that having a CXR score higher than 16 was significantly associated with a higher proportion of death and ICU admission events.



To evaluate the role of the CXR score alone or in combination with other potential clinical parameters in making predictions for time-dependent death and ICU admission events, we applied CoxPH regression analysis and the “selection K best predictors” algorithm. This process aimed to determine the most efficient combination sets of 1 to 5 predictors, allowing the corresponding CoxPH models to achieve optimal predictive performance (measured by concordance index).



For both prediction targets (death and ICU admission), CXR score was identified as the most important predictor, as the CXR variable participated in all best-performing models (which implies one, two, three, four, and five predictors). A significant effect of an increased CXR score value on the occurrence risk of death or ICU admission was found for all models (Tables S3A and S4A).



Based on the results of this exploratory analysis, we developed a simple model with only two variables, CXR score and patient’s age, for statistical inference about the independent contribution of CXR score to the risk of death/an ICU admission event. The content of these two models is summarized in Tables S3B and S4B. The results indicate a significant association between an increasing CXR score and higher risk of death (HR = 1.333, 95%CI: 1.097 to 1.621, p = 0.004) and ICU admission (HR = 1.641, 95%CI: 1.369 to 1.968, p < 0.0005). The marginal effect of CXR score levels ranging from 0 to 20 on the survival and ICU admission event function is visualized in Figure 2.



Furthermore, we compared the values of the time-dependent area under ROC curve (td-AUC) among 13 clinical parameters, including CXR scores, for predicting death at any time point within a follow-up period of 30 days. As shown in Table S5 and illustrated in Figure 3, the results indicate that CXR score is the strongest predictor within the first 10 days of admission. Its performance remained steadily good for a long period of 25 days (median = 0.853; 95%CI: 0.69 to 1.00). Other potential predictors include age (0.801, 0.637 to 0.932), AST (0.739, 95%CI: 0.638 to 0.932), and CRP (0.616, 95%CI: 0.406 to 1.00). After the 25th day of hospitalization, old age is the highest predictor of mortality.




4. Discussion


Study results for 219 patients hospitalized with COVID-19 at Vinmec Central Park hospital from July to September 2021 showed that the lung injury score for the chest X-ray could be a useful independent parameter with significant predictive power for mortality and hospitalization in the intensive care unit for patients with COVID-19. The high-risk CXR score, based on a cutoff of 16, provided 89% specificity and 90% sensitivity for predicting mortality, and nearly half of patients with high-risk scores died 30 days after hospitalization. With the above results, the CXR score can be applied to guide prognostic and early management decisions during the patient’s hospital stay.



We have developed clinical models to predict hospital mortality and ICU admissions. Many previous studies have shown worse outcomes in elderly patients with COVID-19 [5,14,15,27,28]. In our study, CXR score was the strongest predictor of mortality with a tdAUC of 0.85 (CI95% 0.69–1) during the first 15 days of hospitalization, and advanced age was the strongest predictor when the length of hospital stay increased over 3 weeks (tdAUC 0.78 95%CI 0.63–0.93) (Figure 3 and Table S5). We also investigated the prognostic value of other paraclinical indices for the predictive model, including CRP, AST, and neutrophils, which had high mean predictive strength with a tdAUC of 0.59–0.72 (Figure 3 and Table S5). Among the underlying diseases that influence prognosis, diabetes and obesity predicted mortality with a high tdAUC of 0.58–0.73 (Figure 3 and Table S5). In the multivariable regression equation with a c-index up to 0.839, only the factors CXR score, liver enzymes, and AST had statistical significance (p: 0.002–0.04); background diabetes was not statistically significant at p #-0.107 (Table S3, k = 3). When combined with the aging factor, the CXR score for the predictive model of mortality and critical course requiring ICU admission was statistically significant with a c-index of 0.825 and 0.925, respectively (Tables S3B and S4B). The above results are in agreement with previous studies on the predictability of radiographic lesions in COVID-19 pneumonia, although the previous authors did not incorporate laboratory indices in their model [27,29]. Previous studies that used CXR to predict outcomes in COVID-19 patients did not include laboratory indices [14,27] or were limited by a small sample size [30]. Some studies on the role of biological indicators recorded leukopenia and severity of lung injury on X-rays to determine their relation to the need for supplemental oxygen [30]; elevated and lymphocytes neutrophil ratio are associated with an increased risk of critical illness [10,15], and LDH is associated with disease severity [15] or the need for oxygen support [30].



Accurate and easy-to-apply scoring criteria are essential for a clinically useful prognostic scale. Various radiographic methods of severity have been developed to quantify the severity of lung disease in tuberculosis [31], severe acute respiratory infection [32], respiratory distress syndrome, and respiratory acute distress syndrome [33], and COVID-19 [10,27,34]. In our study, the lower lung area showed greater severity and spread than the upper lung area. This lower lobe predominance of COVID-19 has been described previously [11,12,14,27]. The scoring criteria used were suggested by Reeves et al. [17] and are similar to the Brixia score, although the Brixia score divides the lungs into six regions rather than four [34]. In addition, the Brixia score does not refer to the severity of COVID-19 pneumonia, while our composite CXR criteria consider both the extent and severity of the pneumonia lesion on imaging. We found a higher consensus among physicians for the CXR score (κ = 0.90; 95%CI, 0.89–0.92) than previously recorded results for the Brixia score (κ = 0.82; 95%CI, 0.79–0.86) [34]. Our CXR severity score indicates good reliability for radiologists with 6, 12, and over 20 years of experience, which was not reported in studies using Brixia points. Taylor et al. [32] observed high confidence among radiologists, clinical general practitioners, residents, nurses, and medical students for a simple classification system of only six severity levels for acute respiratory distress syndrome. Therefore, it is necessary to conduct extensive research on the assessment of CXR severity in different subjects from many different disciplines and training levels to ensure the widespread availability of the scale.



Due to the high mortality rates observed in patients with COVID-19 pneumonia, it is important to identify patients at risk. Toussie et al. ([27], p. 19) and Hui et al. ([30], p. 19) observed that CXR score severity was an independent predictor of intubation, although it was not associated with in-hospital mortality. However, in the study by Hui et al., the sample size was too small (n = 19) to predict mortality, and the study by Toussie et al. excluded patients over 50 years of age who belong to the highest-risk subgroup [27,30]. Cozzi et al. [14] observed that CXR severity was associated with an increased risk of ICU admission, but they did not evaluate patient mortality outcomes. Borghesi et al. [29] observed a relationship between CXR severity and hospital admission mortality using an 18-point severity scale, which is 6 points lower than the 24-point range used in our study. These authors reported a mortality comparable to our results for each 1-unit increase in CXR severity on multivariable regression (OR, 1.33; 95%CI, 1.20–1.47). In our study, each point increase in the CXR score increased the risk of death over time, HR, 1.33 times (95%CI, 1.10–1.62) (Table S3B). In the study by Reeves et al., with the same CXR score, each 1-unit increase in the composite CXR score was associated with a 17% increase in mortality (OR, 1.17; 95%CI, 1.1–1.24; p < 0.001). The difference in likelihood is due to differences in the status of patients admitted to different facilities. In the US, during the period of March and April, 2020 at the peak of the epidemic, only very serious patients were hospitalized; in contrast, at our institution, in August and September 2021, serious patients were mainly picked up from field treatment centers. The rest were patients who had come to the hospital on their own with varying degrees of severity.



Liang et al. [15] observed that any CXR abnormality was associated with an increased incidence of critical illness (OR, 3.39; 95%CI, 2.14–5.38), and this criterion was an independent predictor in their multivariate model. However, their binary scoring methods limit the differential risk assessment of patients with different degrees of disease severity [15,30]. In our study, the CXR severity score on admission was an independent predictor of mortality and critical progression requiring ICU admission. The results provide further insight into the role of CXR in predicting clinically meaningful outcomes, including mortality and progression in COVID-19 patients.



Many previous studies have explored the severity classification of COVID-19 pneumonia using computed tomography (CT) [35,36,37] However, unlike chest radiographs on admission, CT is not routinely used. Studies using CT for reclassification included a disproportionate number of patients who were imaged to assess for clinical worsening or to exclude other reasons for hypoxemia, such as pulmonary embolism. Therefore, CT is not as easily applicable to the prognosis of COVID-19 at the time of admission as chest radiographs, which are widely available, inexpensive, and, in the case of portable chest radiographs, easier to decontaminate [38,39,40]. Lung ultrasonography has also been documented as a diagnostic modality for COVID-19 pneumonia, with at least one study showing that lung ultrasonography is more specific and sensitive than chest radiographs [41]. However, ultrasonography is highly operator-, and technician-dependent, and evaluation of the entire lung is difficult due to the limited propagation of ultrasound waves through the air tissues. We therefore believe that chest radiographs are the ideal imaging modality for determining the severity of COVID-19 pneumonia and provide useful prognostic information for clinicians’ requirements.



Despite the positive results provided by our study, it also has limitations. First, our results were obtained from a single center in Ho Chi Minh City with relatively adequate facilities that may not be representative of patients from other regions. Second, patients were retrospectively identified based on known COVID-19 infection. Our chest X-ray severity score is not designed to differentiate between COVID-19 pneumonia and other lung diseases. Therefore, the results of our scoring system should only be applied to confirmed cases of COVID-19 by RT-PCR. However, CXR severity scores on admission can be obtained pending RT-PCR results because of the quick and easy nature of this imaging facility. Third, our CXR severity scoring system was used only for anterior or posterior radiological evaluation. The findings on the lateral radiograph may provide additional information that can be used for more precise classification. We did not evaluate lateral radiographs because most patients in our hospital system with confirmed or presumptive COVID-19 received anteroposterior radiographs only. Fourth, previous studies have shown that CXR severity peaks 10–12 days after symptom onset [11]; we found that the value of X-ray over time was highest at about 5–10 days after admission (tdAUC chart), then gradually decreased but still remained high compared to other tests. At the same time, in patients with a long hospital stay, age proved to be a strong prognostic factor, so we built a predictive model based on two factors: CXR score and age. Instead of building a model based on the disease stage, we designed a model based on the time of admission to ensure uniformity and informational utility for clinicians. Finally, the model did not include patients with comorbidities other than the underlying medical condition and did not compare other clinical risk scores such as the 4C score [42] due to the limitation of retrospective study design with limited available data. Future research directions include carrying out a prospective design and expanding the study population to be able to verify the validity of the established model.




5. Conclusions


In this study, we investigated a simple scoring system for grading COVID-19 severity that could be used by radiologists with varying years of experience working in hospitals where HRCT is not readily available. Chest radiograph severity score on admission was a significant independent predictor of mortality and hospital ICU admission. The CXR score had good sensitivity and specificity and can be used to identify high-risk patients. We combined additional CXR scores, epidemiological factors, underlying disease, and blood tests to build multivariable regression equations predicting hospital outcomes such as mortality and admission to ICU. The results can be applied to guide risk assessment and clinical decision making at the time of initial contact with a patient with COVID-19.








Supplementary Materials


The following supporting information can be downloaded at: https://www.mdpi.com/article/10.3390/jcm11123548/s1. Figure S1: Typical findings on chest X-ray and CXR scores in four clinical cases with pneumonia secondary to COVID-19. Figure S2: Prediction of Death (A) and ICU admission (B) based on CXR1 score. Figure S3: Survival function of Death (A) and ICU admission (B) outcome, stratified by CXR1 score best cutoff. Note that only in-hospital mortality is taken into account. Table S1: Inter-rater reliability of CXR scoring, measured by Kendall’s W coefficient. Table S2: Predictive performance of CXR-score at critical threshold of 16. Table S3. A: Five best models with optimal concordance index values (Survival outcome). B: Cox-PH model used for statistical inference. Table S4. A: Five best models with optimal concordance index values (ICU admission event). B: Cox-PH model used for statistical inference. Table S5: Time-dependent ROC AUC values.





Author Contributions


Conceptualization, T.-N.H.-T., D.-T.T., H.-D.T. and A.-T.D.-X.; methodology, T.-N.H.-T., D.-T.T., H.-D.T., M.-C.T., T.-M.T.-N., H.-M.T.-L., H.-N.L.-H., N.-M.L.-T., C.-T.T. and A.-T.D.-X.; validation, A.-T.D.-X.; formal analysis, A.-T.D.-X.; data curation, T.-N.H.-T., N.-N.L.-D.; writing—original draft preparation, T.-N.H.-T., N.-N.L.-D. and H.-D.T.; writing—review and editing, all authors; supervision, A.-T.D.-X.; project administration, T.-N.H.-T. and D.-T.T. All authors have read and agreed to the published version of the manuscript.




Funding


This research received no external funding.




Institutional Review Board Statement


This entirely retrospective study was approved by the Scientific Review Board—Vinmec International General Hospital Joint Stock Company Ref: 21.51.HCP/2021/QĐ-VINMEC on 16 September 2021.




Informed Consent Statement


This research waived the requirement for written informed patient consent.




Data Availability Statement


Link to publicly archived datasets analyzed: https://docs.google.com/spreadsheets/d/1kWnufPuE-tjOOvgl8k1imECUNI0GviLA/edit?usp=sharing&ouid=103358838265956753801&rtpof=true&sd=true, accessed on 20 April 2022.




Acknowledgments


The authors appreciate the valuable and profound comments of Scientific Review Board members of the Vinmec International General Hospital Joint Stock Company: Nam-Lam Phung, Quynh-Lan Phan, Cu-Linh Le, Xuan-Hung Nguyen, Nhan Ho Thi, and Huyen Vu Xuan.




Conflicts of Interest


The authors declare no conflict of interest.




References


	



Lộc, H.; Mai, X.; Thịnh, N.; Hòa, M. NÓNG: TP.HCM Phát Hiện ca Dương Tính lần 1, Khoanh Yùng Một Block Chung cư ở Thủ Đức. Available online: https://tuoitre.vn/nong-tp-hcm-phat-hien-ca-duong-tinh-lan-1-khoanh-vung-mot-block-chung-cu-o-thu-duc-2021051810493121.htm (accessed on 20 April 2022).

	



Anh, L. Bài Học Gì Từ đợt Dịch Thứ 4 Nhiều đau Thương? 2021. Available online: https://tuoitre.vn/bai-hoc-gi-tu-dot-dich-thu-4-nhieu-dau-thuong-20211118222229185.htm (accessed on 20 April 2022).

	



Diễn Biến Dịch. 2021. Available online: https://ncov.moh.gov.vn/ (accessed on 20 April 2022).

	



Worldometers.info. Available online: https://www.worldometers.info/ (accessed on 20 April 2022).

	



Kim, H.W.; Capaccione, K.M.; Li, G.; Luk, L.; Widemon, R.S.; Rahman, O.; Beylergil, V.; Mitchell, R.; D’Souza, B.M.; Leb, J.S.; et al. The role of initial chest X-ray in triaging patients with suspected COVID-19 during the pandemic. Emerg. Radiol. 2020, 27, 617–621. [Google Scholar] [CrossRef] [PubMed]

	



Schiaffino, S.; Tritella, S.; Cozzi, A.; Carriero, S.; Blandi, L.; Ferraris, L.; Sardanelli, F. Diagnostic Performance of Chest X-Ray for COVID-19 Pneumonia During the SARS-CoV-2 Pandemic in Lombardy, Italy. J. Thorac. Imaging 2020, 35, W105–W106. [Google Scholar] [CrossRef] [PubMed]

	



Cozzi, A.; Schiaffino, S.; Arpaia, F.; Della Pepa, G.; Tritella, S.; Bertolotti, P.; Menicagli, L.; Monaco, C.G.; Carbonaro, L.A.; Spairani, R.; et al. Chest X-ray in the COVID-19 pandemic: Radiologists’ real-world reader performance. Eur. J. Radiol. 2020, 132, 109272. [Google Scholar] [CrossRef] [PubMed]

	



Zanardo, M.; Schiaffino, S.; Sardanelli, F. Bringing radiology to patient’s home using mobile equipment: A weapon to fight COVID-19 pandemic. Clin. Imaging 2020, 68, 99–101. [Google Scholar] [CrossRef]

	



Franquet, T.; Jeong, Y.J.; Lam, H.Y.S.; Wong, H.Y.F.; Chang, Y.-C.; Chung, M.J.; Lee, K.S. Imaging findings in coronavirus infections: SARS-CoV, MERS-CoV, and SARS-CoV-2. Br. J. Radiol. 2020, 93, 20200515. [Google Scholar] [CrossRef]

	



Orsi, M.A.; Oliva, G.; Toluian, T.; Pittino, C.V.; Panzeri, M.; Cellina, M. Feasibility, Reproducibility, and Clinical Validity of a Quantitative Chest X-Ray Assessment for COVID-19. Am. J. Trop. Med. Hyg. 2020, 103, 822–827. [Google Scholar] [CrossRef]

	



Wong, H.Y.F.; Lam, H.Y.S.; Fong, A.H.-T.; Leung, S.T.; Chin, T.W.-Y.; Lo, C.S.Y.; Lui, M.M.-S.; Lee, J.C.Y.; Chiu, K.W.-H.; Chung, T.W.-H.; et al. Frequency and Distribution of Chest Radiographic Findings in Patients Positive for COVID-19. Radiology 2020, 296, E72–E78. [Google Scholar] [CrossRef]

	



Vancheri, S.G.; Savietto, G.; Ballati, F.; Maggi, A.; Canino, C.; Bortolotto, C.; Valentini, A.; Dore, R.; Stella, G.M.; Corsico, A.G.; et al. Radiographic findings in 240 patients with COVID-19 pneumonia: Time-dependence after the onset of symptoms. Eur. Radiol. 2020, 30, 6161–6169. [Google Scholar] [CrossRef]

	



Guan, W.J.; Ni, Z.Y.; Hu, Y.; Liang, W.H.; Qu, C.Q.; He, J.X.; Liu, L.; Shan, H.; Lei, C.L.; Hui, D.S.C.; et al. Clinical Characteristics of Coronavirus Disease 2019 in China. N. Engl. J. Med. 2020, 382, 1708–1720. [Google Scholar] [CrossRef]

	



Cozzi, D.; Albanesi, M.; Cavigli, E.; Moroni, C.; Bindi, A.; Luvarà, S.; Lucarini, S.; Busoni, S.; Mazzoni, L.N.; Miele, V. Chest X-ray in new Coronavirus Disease 2019 (COVID-19) infection: Findings and correlation with clinical outcome. Radiol. Med. 2020, 125, 730–737. [Google Scholar] [CrossRef]

	



Liang, W.; Liang, H.; Ou, L.; Chen, B.; Chen, A.; Li, C.; Li, Y.; Guan, W.; Sang, L.; Lu, J.; et al. Development and Validation of a Clinical Risk Score to Predict the Occurrence of Critical Illness in Hospitalized Patients With COVID-19. JAMA Intern. Med. 2020, 180, 1081–1089. [Google Scholar] [CrossRef]

	



Gatti, M.; Calandri, M.; Barba, M.; Biondo, A.; Geninatti, C.; Gentile, S.; Greco, M.; Morrone, V.; Piatti, C.; Santonocito, A.; et al. Baseline chest X-ray in coronavirus disease 19 (COVID-19) patients: Association with clinical and laboratory data. Radiol. Med. 2020, 125, 1271–1279. [Google Scholar] [CrossRef]

	



Reeves, R.A.; Pomeranz, C.; Gomella, A.A.; Gulati, A.; Metra, B.; Hage, A.; Lange, S.; Parekh, M.; Donuru, A.; Lakhani, P.; et al. Performance of a Severity Score on Admission Chest Radiography in Predicting Clinical Outcomes in Hospitalized Patients with Coronavirus Disease (COVID-19). Am. J. Roentgenol. 2021, 217, 623–632. [Google Scholar] [CrossRef]

	



Yushkevich, P.A.; Piven, J.; Hazlett, H.C.; Smith, R.G.; Ho, S.; Gee, J.C.; Gerig, G. User-guided 3D active contour segmentation of anatomical structures: Significantly improved efficiency and reliability. NeuroImage 2006, 31, 1116–1128. [Google Scholar] [CrossRef]

	



Kendall, M.G.; Gibbons, J.D. Rank Correlation Methods; Oxford University Press: New York, NY, USA, 1990. [Google Scholar]

	



Kaplan, E.L.; Meier, P. Nonparametric Estimation from Incomplete Observations. J. Am. Stat. Assoc. 1958, 53, 457–481. [Google Scholar] [CrossRef]

	



Cox, D.R. Note on Grouping. J. Am. Stat. Assoc. 1957, 52, 543–547. [Google Scholar] [CrossRef]

	



T. pandas development team. Pandas-dev/Pandas: Pandas; Zenodo: New York, NY, USA, 2020. [Google Scholar] [CrossRef]

	



Virtanen, P.; Gommers, R.; Oliphant, T.E.; Haberland, M.; Reddy, T.; Cournapeau, D.; Burovski, E.; Peterson, P.; Weckesser, W.; Bright, J.; et al. SciPy 1.0: Fundamental Algorithms for Scientific Computing in Python. Nat. Methods 2020, 17, 261–272. [Google Scholar] [CrossRef]

	



Davidson-Pilon, C. Lifelines: Survival analysis in Python. J. Open Source Softw. 2019, 4, 1317. [Google Scholar] [CrossRef]

	



Hunter, J.D. Matplotlib: A 2D graphics environment. Comput. Sci. Eng. 2007, 9, 90–95. [Google Scholar] [CrossRef]

	



Pedregosa, F.; Varoquaux, G.; Gramfort, A.; Michel, V.; Thirion, B. Scikit-learn: Machine Learning in Python. J. Mach. Learn. Res. 2011, 12, 2825–2830. [Google Scholar]

	



Toussie, D.; Voutsinas, N.; Finkelstein, M.; Cedillo, M.A.; Manna, S.; Maron, S.Z.; Jacobi, A.; Chung, M.; Bernheim, A.; Eber, C.; et al. Clinical and Chest Radiography Features Determine Patient Outcomes in Young and Middle-aged Adults with COVID-19. Radiology 2020, 297, E197–E206. [Google Scholar] [CrossRef] [PubMed]

	



Borghesi, A.; Zigliani, A.; Masciullo, R.; Golemi, S.; Maculotti, P.; Farina, D.; Maroldi, R. Radiographic severity index in COVID-19 pneumonia: Relationship to age and sex in 783 Italian patients. Radiol. Med. 2020, 125, 461–464. [Google Scholar] [CrossRef]

	



Borghesi, A.; Zigliani, A.; Golemi, S.; Carapella, N.; Maculotti, P.; Farina, D.; Maroldi, R. Chest X-ray severity index as a predictor of in-hospital mortality in coronavirus disease 2019: A study of 302 patients from Italy. Int. J. Infect. Dis. 2020, 96, 291–293. [Google Scholar] [CrossRef]

	



Hui, T.C.H.; Khoo, H.W.; Young, B.E.; Mohideen, S.M.H.; Lee, Y.S.; Lim, C.J.; Leo, Y.S.; Kaw, G.J.L.; Lye, D.C.; Tan, C.H. Clinical utility of chest radiography for severe COVID-19. Quant. Imaging Med. Surg. 2020, 10, 1540–1550. [Google Scholar] [CrossRef]

	



Ralph, A.P.; Ardian, M.; Wiguna, A.; Maguire, G.P.; Becker, N.G.; Drogumuller, G.; Wilks, M.J.; Waramori, G.; Tjitra, E.; Sandjaja; et al. A simple, valid, numerical score for grading chest X-ray severity in adult smear-positive pulmonary tuberculosis. Thorax 2010, 65, 863–869. [Google Scholar] [CrossRef] [PubMed]

	



Taylor, E.; Haven, K.; Reed, P.; Bissielo, A.; Harvey, D.; McArthur, C.; Bringans, C.; Freundlich, S.; Ingram, R.J.H.; Perry, D. A chest radiograph scoring system in patients with severe acute respiratory infection: A validation study. BMC Med. Imaging. 2015, 15, 61. [Google Scholar] [CrossRef] [PubMed]

	



Warren, M.A.; Zhao, Z.; Koyama, T.; Bastarache, J.A.; Shaver, C.M.; Semler, M.W.; Rice, T.W.; Matthay, M.A.; Calfee, C.S.; Ware, L.B. Severity scoring of lung oedema on the chest radiograph is associated with clinical outcomes in ARDS. Thorax 2018, 73, 840–846. [Google Scholar] [CrossRef]

	



Borghesi, A.; Maroldi, R. COVID-19 outbreak in Italy: Experimental chest X-ray scoring system for quantifying and monitoring disease progression. Radiol. Med. 2020, 125, 509–513. [Google Scholar] [CrossRef]

	



Sun, D.; Li, X.; Guo, D.; Wu, L.; Chen, T.; Fang, Z.; Chen, L.; Zeng, W.; Yang, R. CT Quantitative Analysis and Its Relationship with Clinical Features for Assessing the Severity of Patients with COVID-19. Korean J. Radiol. 2020, 21, 859–868. [Google Scholar] [CrossRef]

	



Li, K.; Fang, Y.; Li, W.; Pan, C.; Qin, P.; Zhong, Y.; Liu, X.; Huang, M.; Liao, Y.; Li, S. CT image visual quantitative evaluation and clinical classification of coronavirus disease (COVID-19). Eur. Radiol. 2020, 30, 4407–4416. [Google Scholar] [CrossRef]

	



Francone, M.; Iafrate, F.; Masci, G.M.; Coco, S.; Cilia, F.; Manganaro, L.; Panebianco, V.; Andreoli, C.; Colaiacomo, M.C.; Zingaropoli, M.A.; et al. Chest CT score in COVID-19 patients: Correlation with disease severity and short-term prognosis. Eur. Radiol. 2020, 30, 6808–6817. [Google Scholar] [CrossRef]

	



Sng, L.; Arlany, L.; Toh, L.; Loo, T.; Ilzam, N.; Wong, B.; Lanca, L. Initial data from an experiment to implement a safe procedure to perform PA erect chest radiographs for COVID-19 patients with a mobile radiographic system in a ‘clean’ zone of the hospital ward. Radiography 2021, 27, 48–53. [Google Scholar] [CrossRef]

	



Rai, A.; Ditkofsky, N.; Hunt, B.; Dubrawski, M.; Deva, D.; Mathur, S. Portable Chest Radiography Through Glass During COVID-19 Pandemic-Initial Experience in a Tertiary Care Center. Can. Assoc. Radiol. J. 2021, 72, 175–179. [Google Scholar] [CrossRef]

	



Rorat, M.; Zińczuk, A.; Szymański, W.; Simon, K.; Guziński, M. Usefulness of a portable chest radiograph in the initial diagnosis of coronavirus disease 2019. Pol. Arch. Intern. Med. 2020, 130, 906–909. [Google Scholar] [CrossRef]

	



Pare, J.R.; Camelo, I.; Mayo, K.C.; Leo, M.M.; Dugas, J.N.; Nelson, K.P.; Baker, W.E.; Shareef, F.; Mitchell, P.M.; Schechter-Perkins, E.M. Point-of-care Lung Ultrasound Is More Sensitive than Chest Radiograph for Evaluation of COVID-19. West. J. Emerg. Med. 2020, 21, 771–778. [Google Scholar] [CrossRef]

	



Knight, S.R.; Ho, A.; Pius, R.; Buchan, I.; Carson, G.; Drake, T.M.; Dunning, J.; Fairfield, C.J.; Gamble, C.; Green, C.A.; et al. Risk stratification of patients admitted to hospital with COVID-19 using the ISARIC WHO Clinical Characterisation Protocol: Development and validation of the 4C Mortality Score. BMJ 2020, 370, m3339. [Google Scholar] [CrossRef]








[image: Jcm 11 03548 g001 550] 





Figure 1. Distribution of CXR score values in surviving and dead groups. The blue and red color different was marked by the scoring of each one among 3 radiologist participant. 
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Figure 2. The effect of CXR score ranging from 0 to 20 on the survival and ICU admission event function. Note that only in-hospital mortality was taken into account. 
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Figure 3. Time-dependent AUC for predicting death within 30 days among 13 clinical parameters, including CXR scores. 
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Table 1. Clinical characteristics of study population.
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Variable

	
Pooled Data

	
Survival Outcome Subgroups




	
Survived

	
Died

	
p Value *






	
Number of patients

	
219

	
191

	
28

	




	
Age, year

	
57.77

(18.11–81.29)

	
52.72

(17.07–78.73)

	
69.15

(52.77–83.86)

	
<0.00001




	
Male gender: freq (%)

	
111/219 (50.68)

	
97/191 (50.75)

	
14/28 (50.00)

	
1.0




	
Body mass index, kg/m2

	
23.44

(17.86–30.04)

	
23.31

(17.8–29.78)

	
24.09

(19.77–29.52)

	
0.04




	
Admission measures




	
- Temperature, °C

	
37.0 (36.5–38.5)

	
37.0 (36.5–38.5)

	
37.00 (36.4–38.6)

	
0.41




	
- Respiratory rate, breaths/min

	
20.0 (18–31.75)

	
20.0 (18–29)

	
26.00 (20–41.4)

	
<0.00001




	
- Heart rate, beats/min

	
88.0 (68.95–115)

	
88.0 (68.55–113.9)

	
90.5 (71.35–120)

	
0.149485




	
- Pulse oxygen saturation

(SpO2) %

	
96.0 (83.4–98.0)

	
96.0 (86.4–98)

	
89.0 (70–97)

	
<0.00001




	
Oxygen support within first 24 h




	
Room air

	
90 (41.10%)

	
90

	
0

	
<0.0001




	
Canula

	
69 (31.51%)

	
67

	
2




	
HFNC

	
27 (12.33%)

	
18

	
9




	
Mask

	
23 (10.05%)

	
14

	
9




	
NIV

	
6 (2.7%)

	
1

	
5




	
Mechanical ventilation/Tracheal intubation

	
4 (1.8%)

	
1

	
3




	
Blood test and other biomarkers




	
White blood cell count, 109/L

	
6.4 (3.71–14.09)

	
6.10 (1.9–10.63)

	
9.10 (3.31–21.17)

	
<0.01




	
Neutrophil count, 109/L

	
4.6 (1.9–12.8)

	
4.30 (1.9–10.66)

	
8.50 (3.31–21.17)

	
<0.0001




	
Lymphocyte count, 109/L

	
1.0 (0.3–2.4)

	
1.10 (0.325–2.5)

	
0.60 (0.2–1.57)

	
<0.0001




	
Platelet count, 109/L

	
204 (115–401)

	
202.0 (115.3–383.7)

	
205.0 (96–431.5)

	
0.486075




	
Hemoglobin, g/dL

	
13.20 (10.2–15.9)

	
13.25 (10.13–15.96)

	
13.10 (11.13–15.62)

	
0.296964




	
Aspartate Aminotransferase, U/L

	
39.0 (17.55–137.35)

	
34.55 (16.96–118.98)

	
83.70 (36.73–213.88)

	
<0.00001




	
Alanine Aminotransferase, U/L

	
37.45 (12.37–132.03)

	
33.20 (11.54–121.38)

	
67.20 (26.87–212.29)

	
<0.0001




	
C reactive protein, mg/L

	
23.52 (0.93– 161.75)

	
18.40 (0.84–150.62)

	
86.71 (26.81–169.26)

	
<0.0001




	
Comorbidities




	
Diabetes

	
79/219 (36.07)

	
66/191

	
13/28

	
<0.001




	
Hypertension

	
75/219

	
60/191

	
15/28

	
0.09




	
Cardiovascular disease

	
15/219

	
10/191

	
5/28

	
0.04




	
Antiviral treatment




	

	
154/219

	
129/191

	
25/28

	
0.042




	
Remdecivir

	
152

	
127

	
25




	
Molnupiravir

	
2

	
2

	
0




	
COVID–19 vaccination




	
Dose 1

	
107/219

	
98/191

	
9/28

	
0.163838




	
Dose 2

	
6/219

	
6/191

	
0/28

	
0.518534




	
Severity degree on admission




	
1

	
90 (41.10%)

	
90

	
0

	
<0.0001




	
2

	
61 (27.85%)

	
57

	
4




	
3

	
65 (29,68%)

	
43

	
22




	
4

	
3 (1.37%)

	
1

	
2




	
Most severe degree during hospitalization




	
1

	
68 (31.05%)

	
68

	
0

	
<0.0001




	
2

	
63 (28.77%)

	
63

	
0




	
3

	
53 (24.20%)

	
53

	
1




	
4

	
34 (15.53%)

	
7

	
27




	
Intensive care unit admission,

	
34 (15.28%)

	
8/191

	
26/28

	
<0.00001




	
- Mechanical ventilation

	
29

	
7

	
22

	
<0.00001




	
- CRRT

	
16

	
1

	
15

	
<0.0001




	
- ECMO

	
3

	
0

	
3

	
0.0002




	
Length of symptom onset, day

	
16.0 (9–51.6)

	
15 (9–35.5)

	
27.5 (12.7–56)

	
<0.00001




	
Length of stay, day

	
10.0 (4–35.9)

	
10.0 (4–28)

	
19.5 (7.7–46.95)

	
<0.00001








Note: quantitative data are described as medians (5th–95th percentiles); categorical data are summarized as frequencies (%) for total number of patients with available data for each subgroup: ECMO = extracorporeal membrane oxygenation; CRRT = continuous renal replacement therapy; HFNC = high-flow nasal cannula; NIV = noninvasive ventilation. * p value: for quantitative variables, Mann–Whitney U test was used to test the null hypothesis that the 2 subgroups have a uniform distribution; for qualitative/discrete variables, the chi-squared test was used to test the null hypothesis of the independence between the two groupings.
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Table 2. Chest radiograph scores on the first 24 h from admission among surviving and dead patients.
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Pooled Data

	
Survival Outcome




	
Survival

	
Died

	
p Value *






	
Size

	
219

	
191

	
28

	




	
CXR score

	
9.33 (12.33)

	
7.33 (11.33)

	
19.67 (2.33)

	
<0.0001




	
Extent Q1

	
3.0 (6.0)

	
3.0 (5.0)

	
9.0 (1.5)

	
<0.0001




	
Extent Q2

	
4.0 (6.0)

	
3.0 (6.0)

	
9.0 (1.0)

	
<0.0001




	
Extent Q3

	
2.0 (5.0)

	
2.0 (4.0)

	
7.0 (7.0)

	
<0.0001




	
Extent Q4

	
4.0 (7.0)

	
3.0 (6.0)

	
9.0 (1.0)

	
<0.0001




	
Severity Q1

	
3.0 (4.0)

	
3.0 (3.0)

	
6.0 (1.0)

	
<0.0001




	
Severity Q2

	
4.0 (4.0)

	
3.0 (4.0)

	
6.0 (0.0)

	
<0.0001




	
Severity Q3

	
2.0 (3.5)

	
2.0 (4.0)

	
6.0 (2.0)

	
<0.0001




	
Severity Q4

	
3.50 (5.0)

	
3.0 (4.0)

	
6.0 (1.0)

	
<0.0001








* Note: data are described as medians (interquartile range); * p values are based on Mann–Whitney U test.
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