Infection and Drug Resistance Dove

ORIGINAL RESEARCH

A Model for Predicting the Duration of Viral Shedding
in Patients VWho Had Been Hospitalized with Mild
COVID-19: A Single-Center Retrospective Study

Ya-Da Zhang"*, Tai-Wen Hez’*, Yi-Ren Chen', Bi-Dan Xiong', Zhe Zhe', Ping Liu3, Bin-Qing TangI

'Department of Pneumology, Shanghai Municipal Hospital of Traditional Chinese Medicine, Shanghai University of Traditional Chinese Medicine,
Shanghai, 200071, People’s Republic of China; 2Department of Ophthalmology, Shanghai Public Health Clinical Center, Shanghai, 201500, People’s
Republic of China; 3Department of Tuberculosis, Shanghai Public Health Clinical Center, Shanghai, 201500, People’s Republic of China

*These authors contributed equally to this work

Correspondence: Bin-Qing Tang, Department of Pneumology, Shanghai Municipal Hospital of Traditional Chinese Medicine, Shanghai University of
Traditional Chinese Medicine, No. 274 of Zhijiang Middle Road, Jing’an District, Shanghai, 20007 I, People’s Republic of China, Tel +86 13636657240,
Email tangbinqi25ng@outlook.com; Ping Liu, Department of Tuberculosis, Shanghai Public Health Clinical Center, No. 2901 of Caolong Road, Jin’shan
District, Shanghai, 201500, People’s Republic of China, Tel +86 18939895095, Email iupingping0517@126.com

Background: Clinical decision-making is enhanced by the development of a mathematical model for prognosis prediction. Screening
criteria associated with viral shedding time and developing a prediction model facilitate clinical decision-making and are, thus, of great
medical value.

Methods: This study comprised 631 patients who were hospitalized with mild COVID-19 from a single center and 30 independent
variables included. The data set was randomly divided into the training set (80%) and the validation set (20%). The outcome variable
included viral shedding time and whether the viral shedding time >14 days, LASSO was used to screen the influencing factors.
Results: There were 321 males and 310 females among the 631 cases, with an average age of 62.1 years; the median viral shedding
time was 12 days, and 68.8% of patients experienced viral shedding within 14 days, with fever (50.9%) and cough (44.2%) being the
most common clinical manifestations. Using LASSO with viral shedding time as the outcome variable, the model with lambda as
0.1592 (A = 0.1592) and 13 variables (eg the time from diagnosis to admission, constipation, cough, hs-CRP, IL-8, IL-1p, etc.) was
more accurate. Factors were screened by LASSO and multivariable logistic regression with whether the viral shedding time >14 days
as the outcome variable, five variables, including the time from diagnosis to admission, CD4 cell count, Ct value of ORFlab,
constipation, and IL-8, were included, and a nomogram was drawn; after model validation, the consistency index was 0.888, the AUC
was 0.847, the sensitivity was 0.744, and the specificity was 0.830.

Conclusion: A clinical model developed after LASSO regression was used to identify the factors that influence the viral shedding
time. The predicted performance of the model was good, and it was useful for the allocation of medical resources.

Keywords: COVID-19, LASSO, mild, prediction model viral shedding

Introduction
COVID-19 poses a global threat to public health since it is spread through the respiratory tract and is highly contagious.
It is characterized by fever, cough, runny nose, headache, hyposmia, hypogeusia, and other symptoms,’ followed by
pneumonia and involvement with the digestive, neurological, and cardiovascular systems.> Omicron was a novel variant
identified in South Africa and Botswana in November 2021 and had replaced delta as the main circulating variant,
showing high transmissibility, immune evasion, and rapid mutation ability, but significantly reduced pathogenicity, and
significant resistance to vaccines and antibodies.’

Mathematical models are essential for predicting COVID-19. Most of the current COVID-19-related prediction
models focus mostly on the risk of severe cases and death,* and a small number of articles including hospitalization
are still primarily focused on severe cases. Although mild cases account for the highest proportion in COVID-19, there
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are few prediction models related to them. The reason may be that clinical decision-makers are more concerned with the
risk of mild cases becoming severe or fatal, while ignoring the fact that the majority of mild cases are discharged from
the hospital following improvement.® Although some prediction models focus on risk factor analysis with hospital stay as
the end variable,’ viral shedding is the primary criterion for discharge according to the Diagnosis and Treatment Scheme
for COVID-19 in China (Ninth Edition Trial). Therefore, it is essential to develop a mathematical model to predict the
duration of viral shedding in hospitalized COVID-19 cases that are not severe. Fourteen days is an important time period,
which has been mentioned in many studies of COVID-19. The longest incubation period from infection to symptoms of
SARS-COV?2 virus is 14 days, which is often used as an isolation period.® A meta-analysis also found that the median
length of hospital stay after COVID-19 infection was 14 days.” Taking 14 days as a node of shedding time is helpful to
determine the influencing factors of nucleic acid changes.

According to studies, the median duration of viral shedding in mild cases is approximately 5 days.'® The duration of
viral shedding in COVID-19 carriers is closely associated with age, body mass index (BMI), vaccination, timely medical
visit, and underlying diseases.'''* In addition to these variables, indexes like glutamic-pyruvic transaminase, blood
platelet count, oxygenation index, D-dimer, and hemoglobin may also affect viral shedding.'*

Numerous factors may be associated with viral shedding time, including binary variables, continuous variables,
ordered categorical variables and unordered categorical variables that are clinically collected. Using linear regres-
sion may result in overfitting due to multicollinearity. A more concise model constructed by LASSO regression
eliminates the problem of linear regression overfitting, and multivariate logistic regression modeling is undertaken
using the elements screened by LASSO regression to generate a nomogram predicting the relationship between
variables.

Methods

Case Source

This retrospective study was approved by the Shanghai Public Health Clinical Center and comprised of 631 patients with
mild COVID-19 who were hospitalized at the Shanghai Public Health Clinical Center between 1 April 2022 and
31 May 2022. This study was conducted with approval from the Ethics Committee of Shanghai Public Health Clinical
Center (2023-S061-01). This study was conducted in accordance with the declaration of Helsinki. Due to the retro-
spective nature of the study, the requirement of patient consent for inclusion was waived. Patient personal privacy and
data confidentiality have been upheld.

Inclusion and Exclusion Criteria

The inclusion and exclusion criteria were made by reference to the Diagnosis and Treatment Scheme of COVID-19 in
China (Ninth Edition Trial) prepared by the National Health Commission of the People’s Republic of China (http:/www.
nhc.gov.cn/). Inclusion criteria: 1) patients aged >18 years; 2) patients with positive nucleic acid test for COVID-19; 3)
patients with symptoms such as fever, weakness, shortness of breath, dry cough, nasal congestion, runny nose, hyposmia,
and hypogeusia; 4) patients with normal lung imaging or interstitial changes in extrapulmonary zone or lung
consolidation.

Exclusion criteria: 1) patients with the respiratory rate at the rest state >30 bpm; 2) patients with the fingertip
oxygen saturation (air breathing) at the rest state <93%; 3) patients with oxygenation index <300 mmHg; 4) patients
with obvious lesion progression >50% within 24~48 h shown in lung imaging; 5) pregnant women and children; 6)
patients who had severe cardiovascular and cerebrovascular diseases, severe liver and kidney diseases, malignancy,
immunodeficiency, and other symptoms, and who were admitted to the ICU due to unstable vital signs; 7) patients with
incomplete clinical data.

Data Collection
Clinical manifestations, including (the presence or absence of) insomnia, fever, cough, pharyngalgia, dyspnea, constipa-
tion, and other symptoms, were extracted and recorded; the population characteristics of the included cases, such as
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gender, age, time from diagnosis to admission, frequency of vaccination, smoking history, and history of underlying
diseases, were extracted. The first nasal swab nucleic acid test after admission (Ct values of N and ORFlab genes),
lymphocyte percentage, hemoglobin, hs-CRP, D-dimer, COVID-19 antibody IgG, IgM antibody (negative, weakly
positive, positive), CD4+T cell count, CD4+T cell count percentage, TNF-a, IL-1B, IL-2, IL-6, IL-8, IL-17, IL-12p70,
and vy interferon were recorded. Positive findings in the first nucleic acid test defined day 0. Nasal swabs were collected
once daily until virus shedding. Ct values of N and ORF1lab genes >35 in two consecutive tests, or negative results in two
consecutive nucleic acid tests (at an interval of more than 24h), were recorded as viral shedding. All data were recorded
and examined by two physicians, while two physicians randomly examined the data while confirming their accuracy.

Statistical Analysis

The statistical analysis was conducted using SPSS software 21.0 and R software 4.0.1. Continuous variables were
expressed by mean + standard deviation (x£s) or median (interquartile range) and were compared by the independent-
sample /-test or M-V test; categorical variables were expressed by the absolute or percentage (%) and were compared by
the chi-squared test or Fisher’s exact test. The outcome variable of our data was a continuous variable (time of viral
shedding), but we further categorize the time of viral shedding into a binary variable (whether the time of viral shedding
was >14 days) in our data analysis. The time of viral shedding (continuous variable) and whether the time of viral
shedding was more than 14 days (binary variable) were used as outcome variables. Through LASSO regression,
influential factors were screened, and the regression equation between viral shedding time and influential factors was
established. The factors impacting the outcome variable, namely whether the viral shedding time was longer than 14
days, were screened using LASSO regression. The most significant risk factors were then picked using multivariate
logistic regression analysis, and a nomogram was drawn. The assessment of the prediction model using the consistency
index (C-index). The R package “corrplot” was used for correlation analysis, “glmnet” was used for LASSO regression,
“rms” and “survival” were used for logistic regression, and a nomogram was drawn.

Results

General Data Included in Analysis

This retrospective study comprised 768 cases admitted to this hospital between April 1, 2022, and May 31, 2022, with
631 cases included in the data analysis after 137 cases with incomplete observational variable data were excluded. The
631 cases included 321 males (50.4%) and 310 females (49.6%) with an average age of 62.1 years; most of these cases
had underlying diseases (57.5%), and most were not vaccinated (51.3%); COVID-19 carriers were primarily clinically
manifested by fever (50.9%) and cough (44.2%), and the virus was shed within 14 days in the majority of patients
(68.8%) (Table 1).

Observation of Potential Factors Based on the Correlation Analysis Between Clinical
Data and Viral Shedding Time

Based on the variable features, Spearman correlation analysis was used to determine the relationship between the data
acquired for this investigation and the period of viral shedding. The viral shedding time in males was significantly higher
than in females; the frequency of vaccination and lymphocyte percentage were significantly negatively correlated with
viral shedding time, while Ct values of N and ORF1ab genes and the time from diagnosis to admission were significantly
positively correlated (Figure 1).

LASSO Regression Screening of Factors Influencing Viral Shedding Time

In this study, 30 independent variables were used to build the LASSO regression model, with viral shedding time being
the dependent variable to prevent overfitting; 631 cases were divided into the training set and the validation set by a ratio
of 8:2, with 504 cases in the training set and 127 cases in the validation set. There was no significant difference between
the training set and the validation set in terms of gender, age, smoking, underlying diseases, frequency of vaccination,
viral shedding time, and the admission time (P > 0.05). On the training set, LASSO regression was conducted, and the
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Table | Demographic and Clinical Features of All Participants’ Enrollment

Characteristics Estimates Percentage
Gender

Male 321 50.9%

Female 310 49.10%
Age (mean(SD))(year) 62.2(18.7)

1845 128 20.30%

46-69 265 42.00%

>69 238 37.70%
Smoking

Yes 13 2.10%

No 618 97.90%
Comorbidities

Yes 363 57.50%

No 268 42.50%
None of Comorbidities

[ 247 39.10%

2 103 16.30%

23 13 2.10%
Vaccination (time)

0 324 51.30%

[ 36 5.70%

2 125 19.80%

3 146 23.1
Time of viral shedding (Median, Quartile)(day) 12

<14 434 68.80%

>4 197 31.20%
From the onset of positive to the admission to hospital 5
(Median, Quartile)(day)
Fever

Yes 427 50.90%

No 204 49.10%
Cough

Yes 279 44.20%

No 352 55.80%
Pharyngalgia

Yes 122 19.30%

No 509 80.70%
Dyspnea

Yes 20 3.20%

No 611l 96.80%
Constipation

Yes 92 14.60%

No 539 85.40%
Insomnia

Yes 63 10.00%

No 568 90.00%

Abbreviation: SD, standard deviation.

complexity of the LASSO regression model was adjusted with parameter A; after cross validation, the model correspond-
ing to the minimum target parameter mean (lambda.min) and that corresponding to the fewest variables included in
a variance range of lambda.min (lambda.lse) were obtained based on the A value, and the optimal model was chosen

based on the testing set data. Of the two models, the model corresponding to lambda.min included 13 variables, of which
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Figure | The correlation analysis between the viral shedding time and each variable.
Notes: (a) Six variables were strongly linked with viral shedding time. The correlation analysis between variables was performed on spearman. (b) Relationship between the

gender structure and the viral shedding time. (c) Relationship between vaccination frequency and the viral shedding time. (d) Relationship between the N gene cycle
threshold and the viral shedding time. (e) Correlation between the ORFlab cycle threshold and the viral shedding time. (f) Correlation between lymphocyte percentage and
viral shedding time. (g) FOTH has a correlation with viral shedding time.

Abbreviation: FOTH, From the onset of positivity to admission to hospital.
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the time from diagnosis to admission, smoking, and hypersensitive C-reactive protein value were positively correlated
with viral shedding time, and strongly positive IgG antibody, Ct value of ORFlab, CD4 T cell count, IL-8, IL-1b, CD4
T cell count percentage, lymphocyte percentage, cough, and three shots of COVID-19 vaccine were negatively correlated
with viral shedding time. The model corresponding to Lambda.1se contained four variables, of which the period between
diagnosis and admission was positively correlated with viral shedding time, while strongly positive IgG antibody, Ct
value of ORFlab, and CD4 T cell count were negatively correlated with viral shedding time. The LASSO model
corresponding to lambda.min was used to predict the dependent variable of the validation set data, and the goodness-of-
fit was evaluated based on the predicted value and the actual value, with a coefficient of determination of 0.751; the
LASSO model corresponding to lambda.lse was used to predict the dependent variable of the validation set data, and the
goodness-of-fit was evaluated based on the predicted value and the actual value, with a coefficient of determination of
0.692. The mean absolute error (MAE) and root-mean-square error (RMSE) of the LASSO model corresponding to
lambda.min in predicting the dependent variable and in comparing with the actual value were 2.331 and 3.169,
respectively, which were lower than those (2.630 and 3.570, respectively) of the model corresponding to lambda.lse,
indicating that the 13-variable LASSO regression model corresponding to lambda.min was more accurate (Figure 2).
Viral shedding time = 13.424+(5.596*FOTH+0.166*Smoking+0.097*HsCRP+0.414*Coprostasis-0.006*vaccination3-
1.526*1gG2-0.106*IL8-0.085*IL1B-0.024*Lymphocyte-1.248*ORF 1abCt-0.054*CD4T%-0.507*CD4T-0.007*Cough)

Analysis of Case Characteristics with 14 Days as the Viral Shedding Time Node

434 and 197 cases reached the viral-shedding criteria within and beyond 14 days, respectively, among the 631 cases
included in this study, with differences in gender distribution between the two groups (P<0.01); the two groups showed
differences in vaccination (P<0.05), with a higher proportion of vaccination in the group <14 days than in the group >14
days. The incidence rates of age distribution, underlying diseases, smoking, fever, cough, pharyngalgia, insomnia, and
dyspnea did not differ significantly between the two groups; however, the incidence rate of constipation was higher in the
group >14 days than in the group <14 days; There were differences in the positive rate of IgG antibody between the two
groups, with that in the group >14 days being higher; there were significant differences in the Ct values of nucleic acid
N and ORF1ab genes between the two groups (P<0.01), with the Ct value in the group >14 days being higher than that in
the group <14 days; there was no significant difference in the viral shedding time after admission between the two groups
(P > 0.05), the time from diagnosis to admission in the group <14 days was significantly lower than that in the group >14
days (P < 0.01); The lymphocyte percentage in the group <14 days was significantly higher than that in the group >14
days (P<0.05); there were no significant differences between the two groups in terms of hemoglobin, hypersensitive
C-reactive protein, D-dimer, CD4 cell count, CD4 cell percentage, TNF-a, IL-1p, IL-2, IL-6, IL-8, IL-12p-70, IL-17, and
IFN-y (Table 2).

Screening of Factors Influencing Whether the Viral Shedding Time > 14 Days and

Drawing of Nomogram

In this study, 30 factors were chosen as independent variables, and if the viral shedding time was longer than 14 days it
was the outcome variable. LASSO and logistic regression was used to screen the influential factors with the most
significant differences. The training set data were derived from the above data set, the A value was determined by cross
validation following LASSO regression, and then lambda.min and lambda. 1se models were created based on the A value,
from which the optimal model was chosen based on the data from the testing set. The model corresponding to lambda.
min contained 17 variables, whereas the model relating to lambda. 1se contained four variables. On the basis of the two
models using the training set and testing set, dependent variables were predicted, and the ROC curve was created to
determine the AUCs. The AUCs corresponding to lambda.min were 0.865 and 0.823, while those relating to lambda.1se
were 0.829% and 0.779. On the basis of the model corresponding to lambda.min, logistic regression was performed on
the training set data, and five variables evaluated, including the time from diagnosis to admission, CD4 cell count, Ct
value of ORFlab gene, IL-8, and constipation, were significantly different. Five variables were used to draw
a nomogram, and the model was developed and evaluated; the discriminating index C-index was 0.856, and the
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Figure 2 LASSO regression analysis based on viral shedding time.

Notes: (a) The map of coefficient distribution was drawn based on LASSO. (b) LASSO was utilized to create parametric maps. (c) The coefficients of the |3-parameter
model that correspond to lambda.min. (d) Coefficients of the |3-parameter model corresponding to lambda.lse. (e) The model corresponding to lambda.min was assessed
using data from the testing set. (f) The model corresponding to lambda.|se was assessed using the data from the testing set.

Abbreviation: LASSO, Least Absolute Shrinkage and Selection Operator.

calibration index indicated that the model was common (P<0.05). The model was tested using the testing set data, for
which the discrimination index C-index was 0.888 and the calibration index demonstrated that the model fit well (P >
0.05). The AUC estimated using the data from the testing set was 0.847; the sensitivity of the model was 0.744 and its
specificity was 0.830 (Table 3, Figures 3 and 4).
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Table 2 The Logistic Regression Analysis for the Binary Outcome Indicates
Feature Coefficients | se OR (95% CI) p
FOTH 0.384 0.036 1.458(1.372,1.584) | <0.01
CD4"T Number | —0.002 0.000 0.998(0.997,0.999) | <0.01
ORFCt —0.058 0.017 0.944(0.912,0.975) | <0.01
Coprostasis 1.033 0.295 2.811(1.573,5.007) | <0.01
IL-8 —0.006 0.003 0.993(0.987,0.998) | 0.036
Abbreviations: FOTH, From the onset of positive to the admission to hospital; CD4"T, CD4 cell
count; ORFCt, ORF gene cycle threshold; IL, Interleukin.
Table 3 Demographic, Clinical Features, and Laboratory Results of Participant Distinguished by the 14 Days
Characteristics Viral Shedding Viral Shedding P value
(Days<14) (Days>14)
Patients (n=631) 434(69.1%) 197(30.9%)
Gender
Female 230(52.9%) 80(40.6%) <0.01
Male 204(46.1%) 117(59.4%)
Age (years)
1845 83(19.1%) 45(22.8%) 0.427
46—69 187(43.1%) 78(39.6%)
>69 164(37.8%) 74(37.6%)
Smoking
Yes 10(2.3%) 3(1.5%) 0.537
No 424(97.7%) 194(98.5%)
Comorbidities
Yes 255(58.8%) 108(54.8%) 0.367
No 179(41.2%) 89(45.2%)
None of Comorbidities
| 172(39.6%) 75(38.1%) 0.833
2 75(17.3%) 28(14.2%)
>3 8(1.8%) 5(2.5%)
Vaccination (time)
0 208(47.9%) 116(58.9%) <0.05
| 24(5.5%) 12(6.1%)
2 90(20.7%) 35(17.8%)
3 112(25.8%) 34(17.3%)
Fever
Yes 139(32.0%) 65(33.0%) 0.860
No 295(68.0%) 132(67.0%)
Cough
Yes 190(43.8%) 89(45.2%) 0.758
No 244(56.2%) 108(54.8%)
Pharyngalgia
Yes 91(20.9%) 31(15.7%) 0.144
No 343(79.1%) 166(84.3%)
Dyspnea
Yes 11(2.5%) 9(4.6%) 0.166
No 423(97.5%) 188(95.4%)
Constipation
Yes 53(12.2%) 39(19.8%) <0.05
No 381(87.8%) 158(80.2%)
(Continued)
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Table 3 (Continued).

Characteristics Viral Shedding Viral Shedding P value
(Days<14) (Days>14)

Insomnia

Yes 49(11.3%) 14(7.1%) 0.116

No 385(88.7%) 183(92.9%)
1gG

Negative 292(67.3%) 100(50.8%) <0.01

Weakly positive 3(0.7%) 5(2.5%)

Positive 139(32.0%) 92(46.7)
IgM

Negative 419(96.5%) 188(95.4%) 0.514

Weakly positive 6(1.4%) 2(1.0%)

Positive 9(2.1%) 7(3.6%)
NCt (Median, Quartile) 26.3(21.1,34.8) 36.2(22.7,45.5) <0.01
ORFlabCt (Median, Quartile) 28.4(23.4,36.9) 37.7(25.1,50.0) <0.01
From the onset of positive to the admission to hospital 3(27) 14(5,19) <0.01
(Median, Quartile)
From hospitalization to viral shedding (Median, Quartile) 5(2,8) 4(1,12) 0.984
Lymphocyte (95% confidence interval)(percent) 29.9(28.9,30.9) 27.0(25.4,28.6) <0.05
Hb (Median, Quartile) 129(119,141) 127(115,142) 0.111
hsCRP (Median, Quartile) 2.49(0.25,6.47) 1.64(0.25,6.35) 0.117
D dimer 0.35(0.21,0.69) 0.38(0.21,0.82) 0.435
CD4+T Number 565(354,821) 578(409,804) 0.582
CD4+T Number (95% confidence interval)(percent) 41.1(40.3,41.9) 40.1(38.6,41.5) 0.186
TNF-0 (Median, Quartile) 0.34(0.06,0.96) 0.41(0.13,1.11) 0.296
IL1-B (Median, Quartile) 3.04(1.14,6.96) 3.24(1.29,7.49) 0.608
IL-2 (Median, Quartile) 0.66(0.35,1.42) 0.7(0.41,1.27) 0.803
IL-6 (Median, Quartile) 1.77(0.91,3.54) 1.84(0.85,3.81) 0.872
IL-8 (Median, Quartile) 0.01(0.00,12.6) 0.00(0.00,6.29) 0.212
IL12p70 (Median, Quartile) 0.95(0.76,1.21) 0.95(0.76,1.20) 0.786
IL17 (Median, Quartile) 2.55(1.58,3.99) 2.55(1.73,3.83) 0.942
IFN-y (Median, Quartile) 1.93(1.09,3.39) 1.59(0.92,3.06) 0.103

Abbreviations: NCt, N gene cycle threshold; ORFlabCt, ORFlab gene cycle threshold; Hb, Hemoglobin; hsCRP, hypersensitive C-reactive
protein; TNF-a, tumor necrosis factor-o; IL, Interleukin; IFN-y, Interleukin.

Discussion

COVID-19 is a fulminating infectious disease; nevertheless, the majority of patients in China are mild and consume
a large number of medical resources for diagnosis and treatment after admission.'” In this study, LASSO regression
models were used to predict the period of viral shedding in 631 mild cases based on their general circumstances and
hematological examination results.

In this study, the analysis of clinical characteristics revealed that mild COVID-19 carriers were, on average, 62.1
years old; the majority had underlying diseases; more than 50% were not vaccinated; fever and cough were the most
common symptoms; and the nucleic acid test became negative within 14 days in most COVID-19 carriers. The older the
patients, the longer the hospital stays, which is correlated with age-related immune remodeling.'® Underlying diseases
may increase the expression of ACE2 receptors, thereby affecting viral infectivity; COPD, diabetes mellitus, malignancy,
cardiovascular disease, and so on are common diseases that affect viral invasion.'”'® Vaccines are effective at preventing
infection, shortening hospital stays, and reducing mortality.'® Asymptomatic carriers are quarantined first and treated in
the hospital if their health changes during quarantine; therefore, tracking the time between when a patient is diagnosed
and being hospitalized can help forecast the duration of viral shedding.’®*? As the most common clinical symptoms of

23,24

COVID-19 infection, fever, cough, and dyspnea are also significantly correlated with disease severity; gender is
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Figure 3 LASSO regression analysis was performed depending on whether the viral shedding duration was longer than |4 days, and models were evaluated using the ROC
curve.

Notes: (a) The map of coefficient distribution was created using LASSO. (b) LASSO was utilized to create parametric maps. (c) Based on the model corresponding to
lambda.min, the ROC curve of the training set was drawn. (d) The model matching to lambda.|se was utilized to generate the ROC curve of the training set. (e) The ROC
curve of the testing set was generated using the model corresponding to lambda.min. (f) The ROC curve of the testing set was created using a model corresponding to

lambda. Ise.
Abbreviations: LASSO, Least Absolute Shrinkage and Selection Operator; ROC, receiver operator characteristic curve.
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Figure 4 A nomogram was drawn using the LASSO-selected variables for logistic modeling.
Notes: (a) A nomogram was created using five factors that were significantly associated. (b) Based on the logistic model, the calibration curve for the training set was
derived. (c) The calibration curve of the testing set was drawn using the logistic model. (d) The ROC curve of the testing set was drawn using the logistic model.

clearly associated with SRAS-COV2 susceptibility and prognosis, and females, for example, have a lower hospitalization
rate and mortality.?

Several variables may be associated with viral clearance time. As proven by a number of studies,*® delayed
admission following a diagnosis may result in a prolonged viral clearance time. In trials where the median length
of hospitalization was 3 days, the median duration of complete viral clearance was 13 days,?’ which is compar-
able to our finding. Due to the fact that this was a retrospective study in which the time of the first positive
nucleic acid result was derived from the medical history and not confirmed by clear nucleic acid test reports, the
data may be unreliable. Gastrointestinal symptoms may interfere with viral clearance.”®?° Constipation,
a common gastrointestinal symptom in patients with COVID-19, occurred in only 92 cases in this study, but it
was less observed in patients with viral shedding within 14 days, indicating that constipation may influence viral
clearance;*° changes in the value of hypersensitive C-reactive protein are highly associated with the degree of
lung injury, and are frequently used biomarkers to predict the severity of COVID-19 cases.’'=*? IgG antibodies
produced from humoral immunity are detected in serum within 7 to 14 days of disease diagnosis and can last for
several weeks.>® As a result, these antibodies are frequently utilized for early disease detection.>® Contrary to our

Infection and Drug Resistance 2023:16 hetps: 5809

Dove:


https://www.dovepress.com
https://www.dovepress.com

Zhang et al Dove

findings, Masia et al found that IgG antibodies are positively correlated with viral exposure time. The reasons may
be as follows: First, the prior outcome factors included mortality and severe instances, and because some patients
were severely affected, the results varied.>> Second, the participants in our study were mild cases, some of whom
were asymptomatic for an extended period of time and were found to have passed through the acute phase prior to
admission and thus had high IgG antibody titers;’® the higher the antibody positive titers after admission, the
shorter the time for viral clearance, and IgG antibodies produced by vaccines may also affect viral shedding.®’
The COVID-19 viral shedding time can be accurately predicted by monitoring the ORFlab gene cycle threshold.
Similar to our model, Aranha et al found that the ORFlab gene cycle threshold was adversely correlated with
viral clearance time.’® It was difficult to explain why the ORFlab gene cycle threshold of patients with viral
shedding within 14 days of admission was much lower than that of patients with viral shedding beyond 14 days.
Zhang et al discovered that the ORFlab gene cycle threshold peaked on day 7 in patients with early viral
shedding and on day 14 in patients with delayed viral shedding,*® whereas we discovered that the median hospital
stay was 3 days in patients with early viral shedding and 14 days in patients with delayed viral shedding. This
may be the cause of our observations. The drop in lymphocyte percentage increases the likelihood and severity of
COVID-19 infection and the role of CD4 T cells in SARS-COV2 infection, while a decrease in CD4 T cell count
may prolong the time required for viral clearance.*>*!' The suppression of pulmonary immunity by smoking is
a risk factor for the progression of COVID-19 infection, and damage to airway epithelial cells and cilia impacts
viral clearance;** IL-8 and IL-1f as pro-inflammatory factors are associated with the severity of SARS-COV2
infection.***** Nonetheless, we noticed that the elevation of IL-8 and IL-1p decreased viral shedding time. Huang
et al similarly identified the significance of pro-inflammatory factors inhibition in extending viral shedding time,
but no further explanation was provided.*> This may be because the release of pro-inflammatory molecules
stimulates macrophages, hence accelerating viral clearance.*®*” In our study, we used data to screen for risk
factors that affect viral shedding >14 days in order to predict the length of hospital stay, the time from diagnosis
to admission, CD4 cell count, Ct value of ORFlab gene, IL-8, and constipation were found to be the most
significant risk factors. The above variables are explained in detail above. The results of the data show that the
proportion of male patients in the group of >14 days is large. Although there is no relevant report on the effect of
gender differences on the time of viral shedding, the susceptibility and prognosis of SRAS-COV?2 virus have been
very clear. Due to gender differences in the expression of the angiotensin-converting enzyme receptor ACE2 and
the effect of sex hormones on immune regulation, female patients are associated with lower hospitalization and
mortality rates.?

The outbreak of COVID-19 in Shanghai in 2022 was mainly caused by Omicron variants BA.2 and BA.2.2. Due to
the viral variants and the widespread vaccination in Shanghai, the mortality and severity rate were low. A significant
negative correlation between vaccination and shedding time was also found in our study. However, as Omicron continues
to mutate, with increasing infectivity but decreasing pathogenicity, the application of the model needs to be updated to
adapt to different variants by collecting more clinical data.**** Studies have found that from BA.1 to XBB, the immune
evasion ability of the virus is increasing, which also means that the vaccines that have been inoculated are not sufficient
to prevent virus infection. Studies have also found that with the continuous mutation of the virus, from Delta, BA.2.12 to

XBB.1, the pathogenic ability is gradually decreased, and many symptoms may become mild,**->°

which also promote
the continuous update of the model by collecting more data.

Most COVID-19 carriers exhibit mild symptoms; therefore, it is crucial to dedicate adequate medical resources for the
possible expansion of the epidemic. Building a mathematical model utilizing general data and test results to forecast viral
shedding time is of considerable benefit. However, in this retrospective study conducted at a single center, the assessment
of the model may be affected by the varying testing procedures of other institutions and only cases in April and
May 2022 were collected. Our study focused only on the Omicron variant in Shanghai, it is not appropriate to predict
other variants and more data is needed if it is applied in other regions and other variants. Despite these limitations, we
were able to create a highly accurate prediction model for viral shedding time, which we want to use to manage medical

resources.
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Conclusion
After acquiring observation indexes, we were able to determine the viral shedding time in mild COVID-19 cases using
a model that accurately predicted the viral shedding time in patients with mild COVID-19.

Data Sharing Statement
All data generated or analysed during this study are included in this article. Further enquiries can be directed to the
corresponding author.
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