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Application of a prediction model with laboratory indexes
in the risk stratification of patients with COVID‑19
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Abstract. In the present study, a prediction model with
combined laboratory indexes in risk stratification of patients
with COVID‑19 was established and tested. The data of
170 patients with COVID‑19 who were divided into an
asymptomatic‑moderate group (141 cases) and severe or above
group (29 cases) were retrospectively analyzed. The clinical
characteristics and laboratory indexes of the two groups
were compared. Multivariate logistic regression analysis
was performed to construct the prediction model based on
laboratory indexes. A receiver operating characteristic (ROC)
curve analysis was used to compare the diagnostic efficacy
of different indexes. Decision curve analysis (DCA) was
performed to quantify and compare the clinical validity of the
prediction models. There were significant differences in blood
cell count, high‑sensitivity C‑reactive protein (hsCRP) and
procalcitonin (PCT) levels between the severe or above group
and the asymptomatic‑moderate group (all P<0.05). Among
all individual indexes, hsCRP had the highest diagnostic
efficacy (area under the curve= 0.870), with a sensitivity and
specificity of 0.828 and 0.802, respectively. The red blood cell
count, hsCRP and PCT were used to construct the prediction
model. The AUC of the prediction model was higher than
that of hsCRP (0.912 vs. 0.870) but the difference was not
significant (P= 0.307). DCA suggested that the net benefit of
the prediction model was higher than that of hsCRP in most
cases and significantly higher than that of PCT, lymphocytes
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and monocytes. The prediction model with combined
laboratory indexes was able to more effectively predict the
clinical classification of patients with COVID‑19 and may be
used as a tool for risk stratification of patients.
Introduction
Coronavirus disease 2019 (COVID‑19) is a novel respiratory
and systemic disease caused by severe acute respiratory
syndrome coronavirus 2 (SARS‑CoV‑2). It first appeared in
Wuhan (China) and spread rapidly worldwide, bringing great
challenges to global public healthcare (1‑3). Until July 1 2020,
>10 million people worldwide have been infected with
SARS‑CoV‑2 (4). Most patients with COVID‑19 had mild
symptoms and their clinical manifestations were mostly fever,
fatigue and dry cough, while a small number of patients were
critically ill; they developed severe pneumonia and multiple
organ failure, which eventually led to death (5‑7). Therefore,
it is crucial to predict and intervene with the disease as early
as possible.
Numerous studies have compared the clinical features
and laboratory test results in patients with mild and severe
COVID‑19 (8‑10). Certain prediction models have been
developed and studied, including the high‑risk population
identification model, diagnosis model and prognosis model
of COVID‑19 infection (11). The predictive factors of most
models are the patients' basic characteristics and imaging
features (12‑14). The present study aimed to establish a simple
and effective laboratory index model to predict the clinical
classification and risk stratification of patients with COVID‑19.
This is of great value for the early identification of critically ill
patients and these routine laboratory tests are easily available
even in resource‑poor environments.
Materials and methods
General data. The present study was a retrospective
cross‑sectional study. The data of patients with COVID‑19
who were hospitalized at the negative pressure ward of
Wuxi Fifth People's Hospital (Wuxi, China) from January
to April 2020 were analyzed. This study was approved by
the Institutional Ethics Committee of Wuxi Fifth People's
Hospital (Wuxi, China) for retrospective analysis (approval
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no. 2020‑016‑1). All data were anonymous. Therefore,
informed consent was not required. The inclusion criteria
were as follows: i) Novel coronavirus nucleic acid positive as
detected by real‑time fluorescence reverse transcription PCR;
ii) meeting of the diagnostic criteria outlined in the ‘Diagnosis
and Treatment Protocol for Novel Coronavirus Pneumonia
(Trial Version 7)’ (15). The exclusion criteria were as follows:
i) Pregnant females; ii) patients who did not have a complete
medical history, particularly the routine blood test results
and detection of infection markers. The general information,
complications and the results of routine laboratory tests were
collected.
Diagnosis. The clinical classification of patients with
COVID‑19 was mainly based on symptoms and imaging
manifestations. According to the Diagnosis and Treatment
Protocol for Novel Coronavirus Pneumonia (trial version 7)
published by the General Office of the National Health
Commission of China (15), patients with COVID‑19 were clas‑
sified as mild, moderate, severe or critical cases. Patients with
mild COVID‑19 had mild clinical symptoms and no pneumonia
signs on imaging. Moderate cases had fever and respiratory
symptoms with imaging findings of pneumonia. Cases
meeting any of the following criteria were defined as severe
cases: Respiratory distress (respiratory rate, ≥30 breaths/min);
oxygen saturation ≤93% at rest; arterial oxygen partial
pressure/fraction of inspired oxygen ≤300 mmHg. Lung
imaging indicated that the lesions progressed significantly
within 24‑48 h and patients with lung lesions occupying >50%
of the lung were treated according to management protocols for
severe cases. Cases meeting any of the following criteria were
defined as critical cases: Respiratory failure and requirement
of mechanical ventilation; shock; combination with failure of
other organs that required care at the intensive care unit.
Laboratory tests. The following parameters were analyzed:
White blood cells (reference range, 3.5‑9.5x109/l), the percentage
of neutrophils (Neur; reference range, 40.00‑75.00%), neutrophil
count (Neuc; reference range, 1.8‑6.3x10 9/l), percentage
of lymphocytes (Lymr; reference range, 20.00‑50.00%),
lymphocyte count (Lymc; reference range, 1.10‑3.20x109/l),
percentage of monocytes (Monr; reference range, 3.00‑8.00%),
monocyte count (Monc; reference range, 0.10‑0.60x109/l), red
blood cell count (RBC; reference range for females and males,
3.80‑5.10 and 4.30‑5.80x1012 /l, respectively), hemoglobin
(HGB; reference range for females and males, 115‑150 and
130‑17 5 g/l, respectively), hematocrit (HCT; reference range
for females and males, 35.0‑45.0 and 40.0‑50.0%, respectively),
platelet count (reference range, 125‑350x109/l), red blood cell
distribution width (reference range, 11.50‑14.90%), plateletcrit
(PTC; reference range, 0.108‑0.272 l/l), mean platelet volume
(reference range, 6.00‑11.50 fl), platelet distribution width
(reference range, 15.50‑18.10 fl), high‑sensitivity C‑reactive
protein (hsCRP; reference range, 0‑10 mg/l), procalcitonin
(PCT; reference range, 0‑0.05 ng/ml). A routine blood test was
performed using a Sysmex XN9000 blood analyzer (Sysmex
Corp.). The hsCRP was detected using a specific protein
analyzer HP‑083/4 (Hipro Biotechnology). PCT was determined
using the Autobio A2000PLUS automatic chemiluminescence
instrument (Sym‑Biotechnology).

Statistical analysis. Continuous variables are expressed as
the mean ± standard deviation, while categorical variables
were expressed as n (%). An unpaired Student's t‑test or
Mann‑Whitney U‑test as nonparametric tests were used to
compare continuous variables. Pearson's chi‑square test and
Fisher's exact test were used to analyze categorical variables.
Multivariate logistic regression analysis was used to
establish the prediction model and the best model parameters
were selected according to the minimum Akaike's information
criterion. The nomogram and a calibration curve of the model
were generated. Receiver operating characteristic (ROC)
curves were created for each model. The area under the
ROC curve (AUC) of different models was compared using
the DeLong method (16). The bootstrap resampling method
(times=500) recommended by the TRIPOD statement (14)
was used to verify the model internally and calculate the
95% confidence interval (CI) of the AUC. Decision curve
analysis (DCA) was used to quantify and compare the
clinical effectiveness of the model. This method was based
on the threshold probability to express the relative hazards
of false‑positives and false‑negatives. The net benefit was
obtained by subtracting the proportion of false‑positive results
from the proportion of true‑positive results and weighing the
relative hazards of false‑positive and false‑negative results.
The following formula was used to calculate the net benefit
of making decisions based on the model: Net benefit=True
positives/n‑[Pt/(1‑Pt)] x [False positives/n], where n is the total
number of patients in the study and Pt is the given threshold
probability.
Finally, stratification analysis was performed to
evaluate the possible effects of different subgroups on the
prediction efficiency of the combined indexes model. All
analyses were performed using R software, version 3.4.3
(http://www.R‑project.org). P<0.05 was considered to indicate
statistical significance.
Results
Patients. A total of 170 patients with COVID‑19 were enrolled
in the present study, including 94 males and 76 females with an
average age of 44.7 ± 17.8 years (range, 5‑91 years). According
to the symptoms and imaging findings on admission, there
were 13 asymptomatic cases, 37 mild cases, 91 moderate
cases, 27 severe cases and 2 critical cases (15 patients were
eventually classified as severe cases because they converted
from moderate to severe at 2 days after admission). According
to the treatment's clinical significance, the patients were
divided into two groups: The asymptomatic‑moderate group
(141 cases) and the severe or above group (29 cases). A
comparison of the general information between the two groups
is provided in Table I. It was indicated that in the severe or
above group, the age was higher (P<0.001) and the proportion
of cases combined with hypertension, diabetes mellitus and
cerebrovascular disease was higher (P<0.05). The proportion
of patients with a tumor history was also higher in this group
but the difference was not statistically significant (P=0.076).
Laboratory data. A comparison of the laboratory indexes
between the two groups is provided in Table II. After
adjusting for age, gender, hypertension, diabetes mellitus,
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Table I. Comparison of the general data between the asymptomatic‑moderate group and the severe or above group.
Clinical classification

Asymptomatic‑moderate group
(n=141)

Severe or above group
(n=29)

P‑value

Age (years)
41.6±16.9
59.6±14.8
<0.001
Age group (years)			
<0.001
<60
123 (87.2)
17 (58.6)
≥60
18 (12.8)
12 (41.4)
Sex			0.224
Female
66 (46.8)
10 (34.5)
Male
75 (53.2)
19 (65.5)
Hypertension
31 (22.0)
12 (41.4)
0.029
Diabetes mellitus
15 (10.6)
10 (34.5)
<0.001
Coronary heart disease
3 (2.1)
2 (6.9)
0.166
Cerebrovascular disease
0 (0.0)
2 (6.9)
0.002
History of tumor
1 (0.7)
2 (6.9)
0.076
HBV
1 (0.7)
0 (0.0)
0.649
Chronic renal disease
1 (0.7)
1 (3.4)
0.215
Chronic liver disease/cirrhosis
3 (2.1)
0 (0.0)
0.428
Alcoholism
4 (4.2)
1 (3.4)
0.855
Smoking
5 (5.3)
2 (6.9)
0.739
Values are expressed as the mean ± standard deviation or n (%). HBV, Hepatitis B virus.

Table II. Comparison of laboratory indexes between the asymptomatic‑moderate group and the severe or above group.
		
Laboratory index
Reference values
WBC (x109/l)
Neur (%)
Lymr (%)
Monr (%)
Neuc (x109/l)
Lymc (x109/l)
Monc (x109/l)
RBC (x1012/l)
HGB (g/l)
HCT (%)
PLT (x109/l)
RDW (%)
MPV (fl)
PDW (fl)
PTC (l/l)
hsCRP (mg/l)
PCT (ng/ml)

Asymptomatic‑moderate
group (n=141)

Severe or above		
(n=29)
OR (95% CI)

3.5‑9.5
5.0±1.5
5.5±2.7
1.190 (0.937, 1.513)
40.0‑75.0
58.8±11.9
70.5±16.1
1.072 (1.026, 1.120)
20.0‑50.0
30.4±11.1
21.1±12.6
0.935 (0.888, 0.985)
3.0‑8.0
9.6±3.2
7.5±3.7
0.762 (0.633, 0.916)
1.8‑6.3
3.0±1.3
4.1±2.8
1.375 (1.042, 1.815)
1.1‑3.2
1.5±0.7
1.0±0.5
0.300 (0.099, 0.911)
0.1‑0.6
0.5±0.2
0.4±0.2
0.058 (0.003, 1.018)
Females, 3.8‑5.1;
4.7±0.7
4.3±0.6
0.413 (0.148, 1.151)
males, 4.3‑5.8				
Females, 115‑150;
139.6±17.9
130.1±21.2
0.973 (0.946, 1.002)
males, 130‑175				
Females, 35.0‑45.0;
41.2±4.7
37.7±5.5
0.868 (0.775, 0.972)
males, 40.0‑50.0				
125.0‑350.0
184.3±58.5
173.9±56.5
1.006 (0.997, 1.015)
11.5‑14.9
13.1±1.9
13.6±2.8
1.191 (0.871, 1.629)
6.0‑11.5
11.0±1.2
10.9±1.2
0.734 (0.467, 1.155)
15.5‑18.1
14.8±3.2
15.3±2.1
0.980 (0.806, 1.192)
0.108‑0.272
0.2±0.1
0.2±0.1
0.904 (0.000, 10,957.021)
0.0‑10.0
13.6±21.0
78.3±63.8
1.041 (1.020, 1.062)
0.00‑0.05
0.15±0.18
0.46±0.64
13.774 (1.399, 135.619)

P‑value
0.154
0.002
0.012
0.004
0.025
0.034
0.051
0.091
0.066
0.014
0.173
0.274
0.182
0.840
0.983
<0.001
0.025

Adjusted variables: Age, sex, hypertension, diabetes mellitus, cerebrovascular diseases, history of the tumor. OR, odds ratio; WBC, white
blood cells; Neur, percentage of neutrophils; Lymr, percentage of lymphocytes; Monr, percentage of monocytes; Neuc, neutrophil count;
Lymc, lymphocyte count; Monc, monocyte count; RBC, red blood cell count; HGB, hemoglobin; HCT, hematocrit, PLT, platelet count; RDW,
red blood cell distribution width; MPV, mean platelet volume; PDW, platelet distribution width; PTC, plateletcrit; hsCRP, high‑sensitivity
C‑reactive protein; PCT, procalcitonin.
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When comparing the ROC curves of different laboratory
indexes and the model with combined indexes for the prediction
of clinical classifications of patients with COVID‑19 (Table III),
it was revealed that the AUC value of the prediction model
was higher than that of hsCRP (0.912 vs. 0.870, respectively),
but the difference was not statistically significant (P= 0.307).
However, the AUC of the model was significantly higher than
that of PCT, lymphocytes and monocytes (all P<0.001). The
decision curves of different indexes and the prediction model
were further generated (Fig. 3). In most cases, the model's net
benefit was higher than that of hsCRP and was significantly
higher than that of PCT, lymphocytes and monocytes.

Figure 1. ROC curves of different indexes used for the clinical classification
of patients with COVID‑19. hsCRP, high‑sensitivity C‑reactive protein; PCT,
procalcitonin; Lymc, lymphocyte count; Lymr, percentage of lymphocytes;
Monc, monocyte count; Monr, percentage of monocytes; AUC, area under
the ROC curve; ROC, receiver operating characteristic.

cerebrovascular disease and tumor history, it was revealed
that the Neur, Neuc, hsCRP and PCT in the severe or above
group were significantly higher than those in the asymptom‑
atic‑moderate group (all P<0.05), while the Lymr, Monr, Lymc
and HCT in the severe or above group were significantly lower
than those in the asymptomatic‑moderate group (all P<0.05).
Predictive value of individual laboratory indexes. The
Diagnosis and Treatment Protocol for Novel Coronavirus
Pneumonia (trial version 7) (15) pointed out that the peripheral
blood lymphocytes of patients with severe COVID‑19 were
progressively reduced. Therefore, ROC curves were generated
for the Lymr, Lymc, Monr and Monc in the two groups. The
cut‑off value, AUC and 95% CI of the above four indexes were
22.10, 0.710 (0.591‑0.828); 1.02, 0.734 (0.626‑0.842); 6.45,
0.655 (0.535‑0.776) and 0.34, 0.660 (0.540‑0.780), respec‑
tively, and the AUC of Lymc was the largest (Fig. 1, Table III).
Construction of prediction model using combined laboratory
indexes. Multivariate logistic regression analysis was
performed using whether the patient was diagnosed as a
severe case or above as the dependent variable and laboratory
indexes, including the Neur, Lymr, Monr, Neuc, Lymc, Monc,
RBC, HGB, HCT, hsCRP and PCT, as independent variables
(Table II; P‑value threshold was extended to 0.10) to establish
the risk prediction model. It was indicated that RBC, hsCRP
and PCT were independent risk factors for severe disease.
The prediction model formula established was as follows:
Logit (P)=6.88787‑2.36962 x RBC (x1012/l)+0.04830 x hsCRP
(mg/l)+2.62161 x PCT (ng/ml), where the P‑value referred to
the probability that the patient was diagnosed as a severe case
or above.
Next, the nomogram, calibration curve and ROC curve
of the prediction model were generated (Fig. 2A‑C). It was
revealed that the predicted value and the observed value were
in agreement with each other.

Comparison of the laboratory index model in different
subgroups. The prediction model indicated a similar trend in
different age, gender, hypertension and diabetes subgroups and
was a risk factor among different subgroups (all P<0.05), and
the interaction was not significant (all P>0.05; Table IV). As the
number of cases in the coronary heart disease, cerebrovascular
disease, tumor, Hepatitis B virus (HBV), chronic kidney disease
(CKD) and chronic liver disease/liver cirrhosis subgroups was
<20 cases, they were not included in the comparison.
Discussion
The present study mainly discussed the differences between
the clinical characteristics, blood routine results and routine
inflammatory indexes between mild and severe cases and a
prediction model based on laboratory indexes was constructed
to predict the clinical classification of patients with COVID‑19.
These laboratory indexes are simple and easy to obtain and are
quantitative indexes so that clinicians are able to evaluate the
patient's condition in a timely and effective manner.
The present study indicated that older people and patients
with underlying diseases, such as diabetes and hypertension,
had a higher risk of severe COVID‑19, which was consistent
with most studies (17‑19). Su et al (20) also pointed out that
19% of the hospitalized patients with COVID‑19 had diabetes
mellitus and diabetes mellitus is a risk factor of poor prognosis
for the disease.
The present results also suggested that neutrophils increased
significantly in patients with severe COVID‑19, while lympho‑
cytes, monocytes and hematocrit decreased significantly,
consistent with most previous studies (21‑24). A meta‑analysis
by Soraya and Ulhaq (25) suggested that progressive lympho‑
penia is an important marker for the severity of COVID‑19,
indicating that viral infection damages the patients' immune
system. The present results indicated that the lymphocyte
count had the highest diagnostic efficacy for severe COVID‑19
(AUC= 0.734), which was slightly lower than the result of
Soraya and Ulhaq (25) (AUC=0.870), but it was not an indepen‑
dent risk factor for severe disease. RBC are critical for oxygen
transport and off‑loading and Thomas et al (26) reported that
angiotensin and angiotensin converting enzyme 2 receptor
interacting proteins were identified on the RBC surface via
proteomics. This indicated that RBC, which theoretically do
not support viral replication, may be invaded by SARS‑CoV‑2,
thereby leading to the alteration of the RBC form and their
destruction, resulting in hypoxemia in patients and multiple
organ failure in severe cases. The results of the present study
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Table III. Comparison of the diagnostic efficacy of different laboratory indexes and the prediction model with combined indexes.
Index
Lymr (%)
Lymc (x109/l)
Monr (%)
Monc (x109/l)
PCT (ng/ml)
hsCRP (mg/l)
Model

Cut‑off

AUC (95% CI)

Specificity

Sensitivity

Accuracy

Positive‑LR

Negative‑LR

22.10
1.02
6.45
0.34
0.15
19.32
‑0.85

0.710 (0.591‑0.828)
0.734 (0.626‑0.842)
0.655 (0.535‑0.776)
0.660 (0.540‑0.780)
0.782 (0.696‑0.868)
0.870 (0.788‑0.952)
0.912 (0.839‑0.985)

0.777
0.748
0.871
0.770
0.513
0.802
0.943

0.621
0.655
0.414
0.552
0.958
0.828
0.792

0.750
0.732
0.792
0.732
0.589
0.808
0.904

2.783
2.602
3.195
2.397
1.967
4.184
13.854

0.488
0.461
0.673
0.582
0.081
0.215
0.221

Lymr, percentage of lymphocytes; Lymc, lymphocyte count; Monr, percentage of monocytes; Monc, monocyte count; PCT, procalcitonin;
hsCRP, high‑sensitivity C‑reactive protein; AUC, area under the curve; LR, likelihood ratio.

Figure 2. (A) Nomogram, (B) calibration curve and (C) ROC curve of the laboratory index model. RBC, red blood cell count; hsCRP, high‑sensitivity
C‑reactive protein; PCT, procalcitonin; AUC, area under the ROC curve; ROC, receiver operating characteristic.

indicated that this low‑cost and routine hematological index
may help diagnose and monitor the progress of COVID‑19
and should be continuously evaluated during SARS‑CoV‑2

infection. The present study also suggested that hsCRP and
PCT are risk factors for the progression of COVID‑19 to severe
disease. It has been reported that hsCRP has a significant
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Table IV. Comparison of the efficacy of the prediction model in different subgroups by age, sex, hypertension and diabetes.
Item

N

OR (95% CI)

P‑value

P (interaction)

Age group (years)				
0.452
<60
140
2.070 (1.363‑3.142)
0.001
≥60
30
2.959 (1.180‑7.423)
0.021
Sex				0.507
Female
76
2.007 (1.195‑3.370)
0.009
Male
94
2.579 (1.527‑4.354)
<0.001
Hypertension				
0.394
No
127
2.060 (1.387‑3.062)
<0.001
Yes
43
2.974 (1.339‑6.602)
0.007
Diabetes mellitus				
0.282
No
145
2.636 (1.628‑4.269)
<0.001
Yes
25
1.720 (1.003‑2.948)
0.049
OR, odds ratio.

Figure 3. Decision curves of different laboratory indexes and the prediction model. hsCRP, high‑sensitivity C‑reactive protein; PCT, procalcitonin; Lymr,
percentage of lymphocytes; Lymc, lymphocyte count; Monr, percentage of monocytes; Monc, monocyte count.

role in predicting the progression of COVID‑19 (27). PCT is
a useful marker for evaluating the severity and prognosis of
sepsis (28), which helps guide antibiotic treatment. Patients
with severe COVID‑19 have poor immune function, which
increases the risk of secondary infection. Elevated levels
of hsCRP and PCT in patients with severe COVID‑19 may
indicate mixed bacterial infection (29‑31). However, in the
literature, no significant change in the PCT levels in patients
with severe COVID‑19 was reported (25). Therefore, future
studies with an increased sample size should be performed to
investigate this issue further.
Studies have indicated that certain routine laboratory
tests are associated with the severity of COVID‑19 (32,33).

Although certain individual laboratory indexes may help
identify severe cases, the AUC, specificity and sensitivity
are generally low (5,17). Therefore, it is urgent to construct
a multi‑factor prediction model to evaluate patients with
COVID‑19 effectively. At present, the prediction models that
draw attention include a risk model for identifying a high‑risk
population with SARS‑CoV‑2 infection within the general
population, a diagnosis model for the identification of suspected
COVID‑19 cases and a prognosis model for predicting the
course of infection in patients with COVID‑19 (11). Most of
the models are based on clinical and imaging features (12‑14).
To identify patients with severe COVID‑19 early, a prediction
model based on three quantitative laboratory indexes was
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established: RBC, hsCRP and PCT. Although there was no
significant difference in the AUC between this prediction
model and hsCRP, the model's specificity was markedly higher
(0.943), which was conducive to diagnosing patients with severe
COVID‑19; it was not affected by age, gender, hypertension or
diabetes. In addition, DCA suggested that the clinical benefit
of the prediction model with combined laboratory indexes was
better than that of hsCRP in most cases. In the present study,
certain patients changed from moderate to severe cases, which
further highlights the importance of finding good prediction
models. Given the common clinical manifestations of viral
pneumonia in patients with COVID‑19, the progress of general
diseases is also short‑term (most of the time will appear within
a week, even in a week or less), and for such patients, the
prediction model may be used to re‑evaluate the corresponding
indicators in the short term, which can more effectively predict
the clinical classification of COVID‑19 patients.
The present study had certain limitations. First, it was a
retrospective, single‑center study; therefore, there may have
been a patient selection bias. Furthermore, due to insufficient
sample size, the number of cases in subgroups of coronary
heart disease, cerebrovascular disease, tumor, HBV, CKD and
chronic liver disease/liver cirrhosis is <20; thus, stratified vali‑
dation cannot be performed. In addition, the prediction model
was only subjected to internal verification and the feasibility
of the model is required to be further verified using external
data. Finally, the applicability of the model in 15 patients who
had changed from moderate to severe within 2 days after
admission was not independently assessed and the period
of re‑evaluation of laboratory indicators was not taken into
account.
In conclusion, in the present study, a prediction model
with the following laboratory indexes was constructed: RBC,
hsCRP and PCT. This model was able to more effectively
predict patients' clinical classification with COVID‑19 and
may be used as a tool for risk stratification, which is conducive
to allocating medical resources and improving the treatment
outcome in patients with COVID‑19.
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