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Abstract

To develop a machine learning model and nomogram to predict the probability of persistent
virus shedding (PVS) in hospitalized patients with coronavirus disease 2019 (COVID-19), the
clinical symptoms and signs, laboratory parameters, cytokines, and immune cell data of
429 patients with nonsevere COVID-19 were retrospectively reviewed. Two models were
developed using the Akaike information criterion (AIC). The performance of these two models
was analyzed and compared by the receiver operating characteristic (ROC) curve, calibration
curve, net reclassification index (NRI), and integrated discrimination improvement (IDI). The
final model included the following independent predictors of PVS: sex, C-reactive protein (CRP)
level, interleukin-6 (IL-6) level, the neutrophil-lymphocyte ratio (NLR), monocyte count (MC),
albumin (ALB) level, and serum potassium level. The model performed well in both the internal
validation (corrected C-statistic = 0.748, corrected Brier score = 0.201) and external validation
datasets (corrected C-statistic = 0.793, corrected Brier score = 0.190). The internal calibration
was very good (corrected slope = 0.910). The model developed in this study showed high
discriminant performance in predicting PVS in nonsevere COVID-19 patients. Because of the
availability and accessibility of the model, the nomogram designed in this study could provide a
useful prognostic tool for clinicians and medical decision-makers.

Introduction

Over the past 2 years, severe acute respiratory syndrome coronavirus 2 (SARS-CoV-2) has been
rapidly spreading worldwide. It has led to more than 587 million confirmed cases of coronavirus
disease 2019 (COVID-19) and 6.42 million deaths worldwide [1]. Currently, COVID-19 is
considered a global pandemic. With the variant iteration of SARS-CoV-2 and the implementa-
tion of active epidemic prevention measures and vaccination in China, the incidence and
mortality of severe and critical COVID-19 are at low levels [2].

According to China’s current epidemic prevention policy, COVID-19 can spread rapidly
throughout a region, not only having a substantial impact on public health and causing a shortage
of medical resources but also affecting the efficiency of the government and utilizing people’s
financial resources. Due to the differences in the data among regions, policies on the duration of
inpatient and outpatient isolation for people with COVID-19 have been controversial. Know-
ledge of the duration of viral shedding (DVS) has significant implications for hospital infection
prevention and control interventions, timely discharge management, and public health policies.
Effective prediction of the PVS risk in patients with COVID-19 is critical for informing guidance
around transmission-based isolation precautions. Recent studies indicated that PVS was asso-
ciated with delirium incidence and six-month mortality in hospitalized COVID-19 patients
[3]. Therefore, the continuous detection of the dynamic manifestations of viral shedding in
COVID-19 patients provides appropriate clinical data for predicting the clinical course or
prognosis of hospitalized patients.

Studies have shown that male, elderly, overweight COVID-19 patients have prolonged DVS
[4, 5]. Abnormal inflammatory indicators, such as interleukin-6 (IL-6) levels, C-reactive protein
(CRP) levels, lactate dehydrogenase (LDH) levels, neutrophil count (NC), lymphocyte count
(LC), and monocyte count (MC), are important factors for an extended DVS in COVID-19
patients [6–8]. The neutrophil-lymphocyte ratio (NLR) is the ideal inflammatory marker,
reflecting the systemic inflammatory response to disease [9]. Mahat et al. [10] performed a
meta-analysis and showed that the NLR was significantly associated with the severity, length of
stay, and prognosis of COVID-19 patients.

The Omicron variant has mutations in multiple sites, such as the spike protein, rendering a
variety of neutralizing antibodies against SARS-CoV-2 ineffective or significantly less potent
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against this strain. The human debridement efficiency of the virus
decreases, leading to a long-term infection state [2]. Studies have
shown that the Omicron variant has a 13-fold increase in viral
infectivity and is 2.8-fold more infectious than the Delta variant
[11]. The Diagnosis and Treatment Protocol for COVID-19
(trial version 9) has corrected the boundary value of lifting
isolation management and discharge standard cycle threshold
(Ct) [12]. Bullard et al. [13] assessed the correlation of RNA Ct
values with SARS-CoV-2 growth in cell culture. The data suggested
that SARS-CoV-2 decreases infectivity when the Ct values are
>24 and that each additional cycle with these Ct values reduces
the odds ratio of restoring the virus by 32% in cell culture. La Scola
et al. [14], assessing the correlation between SARS-CoV-2 isolation
and real-time RNA Ct values in cell culture, found a significant
relationship between Ct values and culture positivity. SARS-CoV-2
could not be isolated from any sample at a Ct value >34. Since
February 2022, the COVID-19 epidemic has developed rapidly in
Dongguan City, Guangdong Province, and themedical resources in
the city have been significantly diminished. We realize that if
medical personnel can effectively predict the PVS of COVID-19
patients, it could greatly improve the efficiency of medical resource
use in medical institutions. Therefore, prediction models should be
developed to predict PVS to help inform practical decisions related
to infection control and public health policies.

Methods

Design and patients

In this study, 511 nonsevere COVID-19 patients hospitalized at the
Ninth People’s Hospital of Dongguan City, Guangdong Province,
China, from February 2022 to June 2022 were enrolled. The
COVID-19 diagnostic criteria and clinical classification criteria of
the Diagnosis and Treatment Protocol for COVID-19 (trial version
9) were used [12]. All subjects had a complete medical history and
information about disease evolution. The following patients were
excluded according to the exclusion criteria: severe or critical
COVID-19 patients; COVID-19 patients receiving Paxlovid,
remdesivir, or molnupiravir; COVID-19 patients receiving conva-
lescent plasma and high-dose glucocorticoids; COVID-19 patients
with a history of glucocorticoid use; COVID-19 patients who died
during treatment; COVID-19 patients with malignancy, human
immunodeficiency virus (HIV) infection, and severe renal and liver
disease; COVID-19 patients who were pregnant or lactating;
COVID-19 patients aged below 18 years; and COVID-19 patients
who were not subjected to examination and treatment. Ultimately,
429 patients, including 337 patients with local onset, were included
for model development and internal validation, and 92 patients of
overseas origin were used for external validation of the model
(Figure 1).

Data collection

Clinical data were collected from the medical system of the Ninth
People’s Hospital, Dongguan City, Guangdong Province, includ-
ing demographic information, COVID-19 vaccination history,
typical COVID-19 symptoms (fever, dry cough, fatigue, decreased
olfactory taste, nasal congestion, runny nose, sore throat, con-
junctivitis, myalgia and diarrhea), hypertension, diabetes, Ct value
of viral RNA, DVS, biochemical indicators, and other laboratory
indicators. According to the Diagnosis and Treatment Protocol
for COVID-19 (Trial Version 9), we developed a relevant

definition of virus clearance to measure the outcome and time
to virus clearance in patients: (i) DVS—the time from the first day
of a positive RT–PCR result to the second consecutive negative
viral RNA test was the duration cutoff point; (ii) Early virus
clearance (EVC)—a DVS ≤14 days; (iii) persistent virus shedding
(PVS)—a DVS >14 days; (iv) initial time of virus shedding—the
first day a positive RT–PCR result was received; (v) endpoint of
viral shedding—the second of two consecutive RT–PCR tests was
negative, with tests performed at least 24 hours apart; (vi) negative
viral RNA results—viral RNA test of the N gene and ORF gene Ct
values greater than or equal to 35; and (vii) positive viral RNA
result—a positive viral RNA test indicating that the ORF gene
and/or N gene Ct values were lower than 35. Viral RNA testing
was performed at the Dongguan CDC using commercial kits
(supplementary Material). The commercial kit supplier was
Shanghai BioGerm Medical Technology Co., Ltd.

Statistical analysis

Data were fully anonymized before data cleaning and analyses. In
this study, the transparent reporting of a multivariable prediction
model for Individual Prognosis or Diagnosis (TRIPOD) guide-
lines were followed to develop, validate, and report multivariable
prediction models. All data analyses were performed using IBM
SPSS Statistics statistical software, version 24.0, and R language,
version 4.0.1 (https://www.r-project.org). P < 0.05 was con-
sidered statistically significant. The sample size required for
model development correlated with the number of candidate
variables, the size of the total sample, and the proportion of
outcome events [15]. In the early stage, we collected data from
a small number of patients for statistical analysis. The incidence
of an effective outcome was 40.0%, the mean absolute percentage
error (MAPE) between the predicted outcome and the actual

Figure 1. Patient screening and enrollment process.
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outcome was 0.07, the number of candidate predictor variables
was 11, and the required sample size was at least 312 patients. The
dataset developed in the present study included 337 patients, with
an effective outcome incidence of 42.1%, and the corresponding
number of effective outcomes per candidate predictor variable
was 12.9. First, the data were cleaned, andMultiple Imputation by
Chained Equations (MICE) was used to transform the dataset
into complete data [16]. The baseline data of the overall study
patients, local patients, and overseas patients were statistically
described. Local patient data were divided into the viral early
clearance group (EVC Group) and PVS Group by a DVS of
14 days and a DVS longer than 14 days. Descriptive data were
calculated and are provided as frequencies, percentages, or
medians with interquartile ranges (IQRs). Patient characteristics
in the model development and validation cohorts were compared
through nonparametric tests. Multicollinearity was possible by
correlation coefficients between independent variables. If the
variance inflation factor (VIF) exceeded 10, the multicollinearity
was considered significant, and the independent variable with
high multicollinearity was excluded. We used the call in the R
language to the restricted cubic spline (RCS) in the “rms” pack-
age. A P nonlinear >0.05 suggested a linear relationship between
the outcome and independent variables. The “MASS” and
“glmmet” packages in the R language were used to screen the
following 11 candidate variables using the LASSO algorithm: sex,
age, body mass index (BMI), ORF gene Ct value, NLR, MC, CRP
levels, IL-6 levels, ALB levels, LDH levels, and K+ levels. The
model was constructed using multiple logistic regression by the
“glm” package. The “PredictABEL” package was used to compare
the advantages and disadvantages of the two model groups by the
NRI and IDI. The calibration of the model was assessed by the
C-statistic and the calibration curve. Decision curve analysis
(DCA) was used to evaluate the net clinical benefit of the pre-
dictive model and was completed by the “ggDCA” package. The
local patient data were used as the development dataset for the
development model, and the prediction model was then intern-
ally verified by the self-service sampling method (boot = 1000).
To assess the external validity of the model, overseas patient data
were used as the validation set. The external validity of the model
was assessed using the C-statistic, the calibration slope, and the
calibration plot.

Results

Clinical characteristics of the patients

The development dataset included 337 patients of a native origin,
and the validation set included 92 patients with an overseas origin.
In the development dataset, the number of patients with PVS was
142 (42.1%), the median age was 37.0 years old (IQR: 29.0 to 50.0),
and 143 patients were women (42.4%). The validation dataset
included 92 patients, the number of patients with PVS was
36 (39.1%), the median age was 49.5 years old (IQR: 36.0 to
60.0), and the proportion of men (79.3%) was higher than that in
the developed dataset (P < 0.001). Compared with the validation
dataset, in the development dataset, fewer patients with hyperten-
sion (7.1% vs. 22.8%) and diabetes (4.5% vs. 16.3%) were present
(P < 0.001). There were no differences in the time to admission,
proportion of ACEI/ARB antihypertensive drugs used, number of
vaccinations, BMI, NLR, and blood potassium levels between the
development and validation datasets. From the baseline feature
table, it can be seen that the mean age of the patients in the

development dataset was younger, with a large female proportion
and smaller proportions of combined hypertension and diabetes
compared with the validation set. The patients included in the
development dataset had lower Ct values and Cr and alanine
aminotransferase (ALT) levels for the primary detection of SARS-
CoV-2 RNA, higher ALB levels, and higher levels of the inflamma-
tory markers CRP and IL-6 than those included in the validation
set. Full data are shown in Tables 1 and 2.

Model development

In the development dataset, 11 candidate variables were screened
using the AIC and LASSO algorithms. The AIC screen identified
seven candidate variables: sex, CRP levels, IL-6 levels, NLR, MC,
ALB levels, andK+ levels. TheLASSOalgorithm (λ= “lambda.1se”)
screen identified 9 candidate variables: age, sex, Ct value of the
ORF gene, CRP levels, IL-6 levels, NLR, MC, ALB levels, and K+

levels. The above two models, Model 1 and Model 2, were fitted.
We compared the performance of the two models using the NRI,
IDI, C-statistic, Brier score, ROC curve, and AIC (Table 3). The
NRI was 0.19% (95% CI: �0.061, 0.065), indicating that the
accuracy of Model 2 fitted with 9 variables in distinguishing
PVS was 0.19% higher than that of Model 1. The IDI was 0.61%
(95% CI: �0.002, 0.014), indicating that the predictive power of
Model 2 was 0.61% higher than that of Model 1. ROC (0.766
vs. 0.771, P = 0.346) and AIC (301.94 vs. 398.24) analyses were
performed by the roc.test function and AIC function (Table 3).
The above results showed that the number of predictor variables
of Model 1 was less than that of Model 2 while maintaining good
discrimination and accuracy. Therefore, sex, CRP levels, IL-6
levels, NLR, MC, ALB levels, and K+ levels were ultimately deter-
mined to be the predictive model variables in Model 1 (Table 4).
The ROC curve of the model showed excellent discrimination
(C-statistic = 0.766, Brier score = 0.192) and good calibration
(slope = 1) (Figure 2). The DCA plot indicated a good clinical net
benefit in patients with PVS as predicted usingModel 1 (Figure 3).
The probability of predicting PVS occurrence in COVID-19
patients is presented as a nomogram (Figure 4a). A nomogram
is a two-dimensional graphical tool that can be used to predict the
probability of results, consisting of several lines arranged in scale.
It shows a great advantage in simply and intuitively quantifying
the risk of clinical events. The predictive model developed by our
study renders specific risk prediction variables visualized through
nomograms. For the final model, the probability of a DVS of
>14 days in COVID-19 patients is presented as a nomogram.
For example, a 46-year-old female patient with an NLR of 0.86,
a CRP level of 4.4 mg/L, an IL-6 level of 5.53 μg/mL, an ALB level
of 40.4 g/L, a K+ level of 3.5 mmol/L, and an MC of 0.48 × 109/L
had a total score of 319. The probability of a viral shedding
duration >14 days in this patient was 69.3% (Figure 5).

Model validation

Internal validation was performed by the bootstrap method, show-
ing that the model had a corrected C-statistic = 0.748, a corrected
Brier score = 0.201, a corrected slope = 0.910, and a Hosmer–
Lemeshow test P > 0.05 (Table 5 and Figure 6). Therefore, Model
1 was considered not poorly fit.

The external validation dataset included 92 overseas COVID-19
patients, of whom 36 (39.1%) had PVS. Model 1 performed well
in the external validation dataset, with a C-statistic = 0.845, a Brier-
score = 0.155, and a slope = 1 (Table 5 and Figure 7). The model
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Table 1. Clinical characteristics of the patients

Developmental dataset local patients (N = 337) Validation dataset overseas patients (N = 92) Total patients (N = 429) P

Age, years 37.0 (29.0, 50.0) 49.5 (36.0, 60.0) 39.0 (30.0, 52.0) <0.001

Sex <0.001

Male, n 194 (57.6%) 73 (79.3%) 267 (62.2%)

Female, n 143 (42.4%) 19 (20.7%) 162 (37.8%)

Days since onset, days 0.0 (0.0, 1.0) 1.0 (0.0, 1.0) 0.0 (0.0, 1.0) 0.199

Comorbidities

Hypertension, n 24 (7.1%) 21 (22.8%) 45 (10.5%) <0.001

Diabetes, n 15 (4.5%) 15 (16.3%) 30 (7.0%) <0.001

Use of ACEIs/ARBs 11 (3.3%) 6 (6.5%) 17 (4.0%) 0.156

COVID-19 vaccine doses 0.261

0 doses, n 18 (5.3%) 5 (5.4%) 23 (5.4%)

1 dose, n 7 (2.1%) 2 (2.2%) 9 (2.1%)

2 doses, n 129 (38.3%) 25 (27.2%) 154 (35.9%)

3 doses, n 183 (54.3%) 60 (65.2%) 243 (56.6%)

Symptomatic, n 198 (46.2%) 30 (32.6%) 228 (53.1%) <0.001

Weight, kg 61.0 (55.0, 72.0) 65.5 (60.0, 72.0) 63.0 (55.0, 72.0) 0.020

Height, m 1.65 (1.58, 1.70) 1.68 (1.63, 1.71) 1.65 (1.58, 1.70) 0.001

BMI, kg/m2 23.34 (21.11, 26.04) 23.60 (21.00, 25.87) 23.38 (21.07, 25.99) 0.902

ORF gene Ct value 23.0 (19.0, 30.0) 27.5 (21.5, 31.9) 24.0 (20.0, 30.0) <0.001

N gene Ct value 24.0 (18.0, 30.0) 27.0 (22.0, 31.0) 24.0 (19.0, 30.0) <0.001

ORF ≥25, n 155 (46.0%) 57 (62.0%) 212 (49.4%) 0.007

N ≥ 25, n 317 (94.1%) 85 (92.4%) 402 (93.7%) 0.558

WBC count, 109/L 6.01 (4.75, 7.39) 6.69 (5.39, 8.49) 6.09 (4.80, 7.73) 0.007

Neutrophil count, 109/L 3.96 (2.87, 5.36) 4.49 (3.23, 5.82) 4.09 (2.92, 5.47) 0.058

Lymphocyte count, 109/L 1.16 (0.79, 1.65) 1.47 (1.01, 1.97) 1.22 (0.84, 1.72) <0.001

Monocyte count, 109/L 0.49 (0.36, 0.63) 0.49 (0.39, 0.60) 0.49 (0.38, 0.62) 0.809

NLR 3.20 (2.01, 6.03) 2.93 (1.97, 4.48) 3.19 (2.01, 5.72) 0.176

CRP, mg/L 3.89 (1.00, 6.92) 1.50 (0.45, 6.35) 3.10 (0.90, 6.92) 0.002

K+, mmol/L 3.89 (3.65, 4.09) 3.93 (3.69, 4.12) 3.90 (3.66, 4.09) 0.420

Cl�, mmol/L 104.00 (102.00, 106.00) 103.35 (101.85, 105.55) 103.80 (102.00, 106.00) 0.313

ALT, U/L 15.90 (11.50, 25.20) 18.90 (14.05, 28.65) 16.30 (11.80, 25.80) 0.024

AST, U/L 18.90 (16.00, 23.50) 19.30 (15.60, 23.00) 19.00 (15.90, 23.45) 0.976

ALB, g/L 46.10 (44.30, 48.00) 44.70 (43.05, 47.55) 45.90 (43.90, 47.90) 0.008

Cr, μmol/L 70.00 (59.00, 83.00) 79.00 (68.50, 90.00) 73.00 (59.00, 85.00) <0.001

LDH, U/L 171.00 (152.00, 189.00) 170.00 (150.00, 187.00) 171.00 (151.50, 188.50) 0.458

CK, U/L 86.00 (64.00, 112.00) 100.50 (77.50, 138.50) 87.00 (65.00, 116.50) 0.007

CK-MB, U/L 11.70 (9.70, 14.20) 11.70 (10.10, 13.90) 11.70 (9.90, 14.00) 0.700

D-dimer, μg/mL 0.22 (0.22, 0.35) 0.22 (0.22, 0.29) 0.22 (0.22, 0.34) 0.226

IL-6, μg/mL 4.12 (1.97, 8.48) 3.26 (1.01, 5.11) 3.87 (1.68, 7.93) 0.008

ACEI, angiotensin converting enzyme inhibitor; ALB, albumin; ALT, alanine aminotransferase, ARB, angiotensin receptor blocker; AST, aspartate aminotransferase; BMI, body mass index; CK,
creatine kinase; CK-MB, creatine kinase-MB; Cr, serum creatinine; CRP, C-reactive protein; IL-6, interleukin-6; LDH, lactate dehydrogenase; NLR, neutrophil-lymphocyte ratio; WBC, white
blood cell.
Data are presented as the median (IQR) or n (%). P values were calculated using Wilcoxon’s rank-sum test, the χ2 test, or Fisher’s exact test.
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Table 2. Differences in demographics between COVID-19 patients with a duration of viral shedding ≤14 days and > 14 days in the developmental and validation
datasets

Developmental dataset (local patients) Validation dataset (overseas patients)

DVS ≤14 days >14 days P value ≤14 days >14 days P value

Age, years 36.0 (29.0, 45.0) 40.0 (30.0, 53.0) 0.017 42.5 (34.5, 55.5) 57.0 (46.0, 62.0) 0.003

Sex 0.955 0.033

Male, n 112 (57.4%) 82 (57.7%) 40 (71.4%) 33 (91.7%)

Female, n 83 (42.6%) 60 (42.3%) 16 (28.6%) 3 (8.3%)

Days since onset, days 0.0 (0.0, 1.0) 0.5 (0.0, 1.0) 0.353 1.0 (0.0, 1.0) 1.0 (0.0, 1.0) 0.581

Comorbidities

Hypertension, n 12 (6.2%) 12 (8.5%) 0.418 10 (17.9%) 11 (30.6%) 0.157

Diabetes, n 7 (3.6%) 8 (5.6%) 0.369 7 (12.5%) 8 (22.2%) 0.218

Use of ACEIs/ARBs 7 (3.6%) 4 (2.8%) 0.766 5 (8.9%) 1 (2.8%) 0.398

COVID-19 vaccine doses 0.315 0.109

0 doses, n 9 (4.6%) 9 (6.3%) 5 (8.9%) 0 (0.0%)

1 dose, n 2 (1.0%) 5 (3.5%) 1 (1.8%) 1 (2.8%)

2 doses, n 79 (40.5%) 50 (35.2%) 18 (32.1%) 7 (28.0%)

3 doses, n 105 (53.8%) 78 (54.9%) 32 (57.1%) 28 (77.8%)

Symptomatic, n 111 (56.9%) 87 (61.3%) 0.424 14 (25.0%) 16 (44.4%) 0.052

Weight, kg 61.0 (55.0, 70.5) 61.0 (55.0, 72.5) 0.710 64.5 (58.0, 72.0) 69.9 (61.8, 72.5) 0.133

Height, m 1.65 (1.58, 1.70) 1.65 (1.57, 1.70) 0.425 1.67 (1.61, 1.73) 1.68 (1.65, 1.70) 0.580

BMI, kg/m2 23.31 (20.76, 25.97) 23.44 (21.51, 26.04) 0.411 22.96 (20.81, 25.30) 24.39 (21.70, 26.47) 0.148

ORF gene Ct value 25.0 (19.0, 31.0) 23.0 (18.0, 28.0) 0.018 29.0 (24.0, 33.5) 24.0 (21.0, 28.5) 0.003

N gene Ct value 25.0 (19.0, 30.0) 23.0 (18.0, 29.0) 0.014 28.0 (24.0, 33.0) 24.0 (21.0, 28.5) 0.001

WBC count, 109/L 6.01 (4.58, 7.43) 5.96 (4.87, 7.43) 0.556 6.46 (4.93, 8.60) 6.98 (5.54, 8.23) 0.707

Neutrophil count, 109/L 3.77 (2.79, 5.31) 4.25 (3.04, 5.37) 0.150 4.29 (3.01, 5.84) 4.56 (3.30, 5.80) 0.611

Lymphocyte count, 109/L 1.25 (0.84, 1.74) 1.09 (0.72, 1.52) 0.004 1.54 (1.10, 2.02) 1.41 (0.92, 1.84) 0.229

Monocyte count, 109/L 0.49 (0.38, 0.63) 0.49 (0.35, 0.62) 0.823 0.48 (0.37, 0.62) 0.51 (0.43, 0.59) 0.218

NLR 3.02 (1.86, 5.10) 3.54 (2.30, 7.32) 0.006 2.76 (1.81, 4.37) 3.27 (2.12, 4.87) 0.183

CRP, mg/L 2.80 (0.90, 5.77) 4.25 (1.40, 9.10) <0.001 1.00 (0.10, 3.65) 3.05 (1.03, 8.85) 0.002

K+, mmol/L 3.97 (3.76, 4.13) 3.82 (3.60, 3.98) <0.001 3.96 (3.76, 4.18) 3.70 (3.57, 4.03) 0.010

Cl�, mmol/L 104.00 (101.85, 106.20) 103.65 (102.00, 106.00) 0.952 103.35 (101.40, 105.05) 103.55 (102.25, 106.00) 0.185

ALT, U/L 16.10 (12.05, 25.55) 15.35 (11.00, 24.30) 0.281 21.35 (14.45, 32.00) 17.00 (13.40, 22.15) 0.091

AST, U/L 19.00 (15.90, 23.70) 18.85 (16.20, 22.70) 0.756 20.60 (16.00, 23.30) 17.90 (14.55, 21.80) 0.145

ALB, g/L 46.40 (44.90, 48.40) 45.70 (43.60, 47.01) <0.001 45.90 (43.80, 48.45) 43.95 (41.50, 46.40) 0.002

Cr, μmol/L 70.00 (59.50, 81.50) 72.00 (56.00, 85.00) 0.626 77.50 (62.50, 89.00) 81.00 (74.00, 92.50) 0.098

LDH, U/L 169.00 (151.00, 189.00) 171.00 (153.00, 188.00) 0.779 169.00 (150.00, 182.00) 171.50 (150.00, 189.50) 0.908

CK, U/L 86.00 (65.00, 111.00) 88.00 (64.00, 113.00) 0.986 89.50 (75.00, 127.50) 106.50 (79.50, 155.50) 0.261

CK-MB, U/L 11.70 (9.90, 13.95) 11.75 (9.60, 14.20) 0.728 11.50 (10.10, 13.40) 12.35 (10.10, 14.35) 0.331

D-dimer, μg/mL 0.22 (0.22, 0.34) 0.22 (0.22, 0.39) 0.538 0.22 (0.22, 0.28) 0.23 (0.22, 0.31) 0.616

IL-6, μg/mL 3.61 (1.56, 7.43) 5.50 (2.47, 11.18) 0.001 2.57 (1.00, 4.62) 3.87 (1.62, 7.78) 0.066

ACEI, angiotensin converting enzyme inhibitor; ALB, albumin; ALT, alanine aminotransferase; ARB, angiotensin receptor blocker; AST, aspartate aminotransferase; BMI, body mass index; CK,
creatine kinase; CK-MB, creatine kinase-MB; Cr, serum creatinine; CRP, C-reactive protein; DVS, duration of viral shedding; LDH, lactate dehydrogenase; IL-6, interleukin-6; NLR, neutrophil-
lymphocyte ratio; WBC, white blood cell.
Data are presented as the median (IQR) or n (%). P values were calculated using Wilcoxon’s rank-sum test, the χ2 test, or Fisher’s exact test.
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was verified by the bootstrap method to have a corrected
C-statistic = 0.793, a corrected Brier score = 0.190, and a corrected
slope = 0.672.Model 1 overestimated individual PVS at a probability
of less than 30% and underestimated individual PVS at a probability
greater than 30%.

Discussion

There have been very few clinical prediction model studies of
clinical characteristics and DVS. In our study, the median DVS

for the development dataset was 13 days (IQR: 11 ~ 16). According
to the study of the Guangdong Provincial Center for Disease
Control and Prevention, the total median DVS time of COVID-
19 patients in Guangdong Province is 17 days (IQR: 11–25) [17].

Many recent reports of COVID-19 have revealed that male
patients have more severe symptoms and a longer DVS than female
patients. Many epidemiological data and observations on COVID-
19 at home and abroad share a common feature: men are more
likely to show worse disease severity, mortality, and DVS than
women [18]. In SARS-CoV-2 infection, the innate immune
response is a major driver of viral clearance and pathogenesis.
Women are considered to have a stronger immune system than
men because they exhibit lower rates of infectious diseases and
mortality and show a higher response to various types of vaccin-
ation than men [19]. Specific mechanisms might be related to the
sex hormones that regulate immune function [20].

ACE2 is considered the counterregulator of ACE. It mainly
degrades angiotensin II (Ang II), which has vasoconstriction, cell
proliferation, and proinflammatory effects, into angiotensin 1–7
(Ang 17), and it has vascular dilation, cell apoptosis, and anti-
inflammatory effects. ACE2 is generally expressed in the cardio-
vascular, respiratory, urinary, and digestive systems [21]. SARS-
CoV-2 enters host cells through ACE2 and causes host ACE2
expression downregulation and membrane ACE2 shedding.
This change results in elevated RAAS activity. The host develops
vasoconstriction, thrombosis, inflammation, and increased angio-
genesis, triggering poor prognosis [22].

Electrolyte disorder is a relatively common clinical manifest-
ation of hospitalized COVID-19 patients. ACE2 is highly expressed
in kidney tissues, and SARS-CoV-2 infection causes ACE2 shed-
ding or ACE2 internalization, altering the ratio between angioten-
sin II and angiotensin and enhancing RAAS activity, leading to
increased water-sodium reabsorption, blood volume, and urinary
potassium excretion, thereby increasing cardiac load and kidney
injury [23]. In the case of SARS-CoV-2 infection, the presenting
gastrointestinal symptoms cause potassium transgastrointestinal
loss secondary to anorexia with concurrent disease [24]. Hypokal-
emia was found in 41% of COVID-19 patients admitted to the
Tertiary Teaching Hospital of Modena (Italy) [25].

Table 3. Model 1 for the odds ratios and beta coefficients in the development
dataset

Model 1 Model 2

C-statistic 0.766 0.771

Brier score 0.192 0.191

ROC curve 0.766 0.771

AIC 301.24 398.96

AIC, Akaike information criterion; ROC curve, receiver operating characteristic curve.

Table 4. Model 1 for the odds ratios and beta coefficients in the development
dataset

Variable Beta coefficients (95% CI) Odds ratio (95% CI)

Sex 0.593 (1.063–3.123) 1.810 (1.057–3.098)

CRP 0.084 (1.040–1.142) 1.642 (1.250–2.159)

IL-6 0.059 (1.014–1.113) 1.466 (1.084–1.983)

NLR 0.096 (1.034–1.176) 1.467 (1.136–1.895)

MC �0.332 (0.070–0.935) 0.698 (0.493–0.989)

ALB �0.232 (0.709–0.882) 0.424 (0.284–0.635)

K+ �1.643 (0.080–0.450) 0.485 (0.332–0.709)

ALB, albumin; CRP, C-reactive protein; IL-6, interleukin-6; MC, monocyte count; NLR,
neutrophil-lymphocyte ratio.

Figure 2. Receiver operating characteristic (ROC) curve of Model 1 (C-statistic = 0.766, Brier score = 0.192, slope = 1).
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SARS-CoV-2 induces a hyperactivated inflammatory response
that mediates multiorgan damage. IL-6 is one of the most promin-
ent proinflammatory cytokines identified during SARS-CoV-2
infection [26]. Activation of the IL-6 pathway induces hepatocyte
synthesis and the release of various acute-phase proteins, including
CRP, and reduces synthesis from albumin [27]. This result indicates
that the proinflammatory effect of IL-6 has a substantial effect on
DVS. CRP is an acute-phase inflammatory protein produced by the
liver that is regulated at the transcriptional level by the cytokines
IL-6 and IL-1. It is an important indicator for the diagnosis and
assessment of severe pulmonary infectious diseases [28]. In a meta-
analysis, elevated IL-6 levels, CRP levels, and NLR values were
associated with severity and mortality in COVID-19 patients [10].

ALB levels are associated with prognosis andDVS inCOVID-19
patients. ALB levels were an independent risk factor in the study
[29, 30]. Currently, it is speculated that the negative correlation
between ALB levels and DVS might be related to the acute

inflammatory response, acute kidney injury, thrombosis, and the
downregulation of ACE2.

Neutrophils (NEUs) are a major component of leukocyte cell
populations that can be activated and migrate from the venous
system to the immune organs or systems. NEUs release large
amounts of reactive oxygen species that induce cellular DNA
damage and release the virus from the cells. Furthermore, NEUs
can be triggered by the virus-associated inflammatory factors IL-6
and TNF-α and granulocyte colony-stimulating factors produced
by lymphocytes, endothelial cells, and interferons [31]. Conversely,
the human immune response triggered by viral infection mainly
depends on lymphocytes, and systemic inflammation significantly
suppresses cellular immunity, thus significantly reducing CD4+ T
lymphocytes and increasing CD8+ inhibitory T lymphocytes
[32]. Lymphocytopenia in COVID-19 patients is mainly caused
by CD4+ T lymphocyte depletion and is believed to be associated
with a dysregulated immune response with more inflammatory

Figure 3. Decision curve analysis of Model 1. The DCA plot indicates a better clinical net benefit probability in patients with PVS as predicted using Model 1.

Figure 4. Nomogram of Model 1. Predicting the probability of the development of PVS in patients with COVID-19.
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responses [33]. Ding et al. [34], in a retrospective study of 72 hos-
pitalized COVID-19 patients, found significantly elevated
leukocyte and NEU counts and a positive NLR value with an
increased length of stay.

A nomogram is a two-dimensional graphical tool that can be
used to predict the probability of an outcome, consisting of several
lines arranged in scale. It demonstrates great superiority in simply
and intuitively quantifying the risk of clinical events. A large

Table 5. Internal and external validation of Model 1

Internal validation: model performance External validation: model performance

Measure Original value Optimism Corrected Original value Optimism Corrected

C-statistic 0.766 0.018 0.748 0.845 0.052 0.793

R2 0.277 0.037 0.240 0.458 0.147 0.311

Brier score 0.192 �0.009 0.201 0.155 �0.035 0.190

Slope 1.000 0.090 0.910 1.000 0.328 0.672

Figure 6. Calibration curve of Model 1 (corrected C-statistic = 0.748, corrected Brier score = 0.201, corrected slope = 0.910, Hosmer–Lemeshow test P > 0.05).

Figure 5. Risk prediction for individual patients. For example, a 46-year-old female patient with an NLR value of 0.86, a CRP level of 4.4 mg/L, an IL-6 level of 5.53 μg/mL, an ALB level
of 40.4 g/L, a K+ level of 3.5 mmol/L, and an MC of 0.48 × 109/L had a total score of 319. The probability of a DVS > 14 days in this patient was 69.3%.
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amount of clinical data is derived for COVID-19 patients during
hospitalization, but it is difficult for clinicians to pay full attention
to these data. Therefore, we have provided a visual description of
the prediction model to help clinicians easily understand the
model’s prediction results and factors. The present study has several
limitations. This was a retrospective study from a single center.
Although we assigned local and overseas patients to different
groups for comparison, the treatment scheme and isolation meas-
ures may limit the extrapolation of the research results. Although
we used the bootstrap method and simplified model predictor
variables to avoid overfitting, the sample size was relatively small,
and there was still an inherent risk of overfitting. Our study only
included patients with nonsevere COVID-19, so our results might
not be generalizable to patients with severe COVID-19. Variables
were removed due to more patients with missing data on the
urinary leukocyte count, urinary red blood cell count, and urinary
protein levels and the high collinearity of the N gene Ct values, NC,
LC, and blood creatinine with other variables within the model.
Therefore, the predictive model developed in this study could not
be absolutely applicable for prognostic evaluation using the
excluded variables. Despite these limitations, the model developed
in this study showed excellent discrimination and calibration. A
simple and easy-to-use nomogram could enable most clinicians to
easily predict the prognosis of patients with COVID-19.

Conclusion

The predictive model developed in this study could efficiently and
accurately calculate the probability of a DVS > 14 days by easily
accessible laboratory examination results. It could contribute to
saving limited medical resources and optimizing quarantine pol-
icies and treatment options in the future.
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found at https://doi.org/10.1017/S0950268823000717.
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