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SUMMARY 

 

Background: Coronavirus disease 2019 (COVID-19) is an acute respiratory infectious disease caused by the severe 

acute respiratory syndrome coronavirus 2 (SARS-CoV-2). With the normalization of COVID-19 globally, it is cru-

cial to construct a prediction model that enables clinicians to identify patients at risk for ProLOS based on demo-

graphics and serum inflammatory biomarkers.  

Methods: The study included hospitalized patients with a confirmed diagnosis of COVID-19. These patients were 

randomly grouped into a training (80%) and a test (20%) cohort. The LASSO regression and ten-fold cross-

validation method were applied to filter variables. The training cohort utilized multifactorial logistic regression 

analyses to identify the independent factors of ProLOS in COVID-19 patients. A 4-variable nomogram was 

created for clinical use. ROC curves were plotted, and the area under the curve (AUC) was calculated to evaluate 

the model's discrimination; calibration analysis was planned to assess the validity of the nomogram, and decision 

curve analysis (DCA) was used to evaluate the clinical usefulness of the model. 

Results: The results showed that among 310 patients with COVID-19, 80 had extended hospitalization (80/310). 

Four independent risk factors for COVID-19 patients were identified: age, coexisting chronic respiratory diseases, 

white blood cell count (WBC), and serum albumin (ALB). A nomogram based on these variables was created. The 

AUC in the training cohort was 0.808 (95% CI: 0.75 - 0.8671), and the AUC in the test cohort was 0.815 (95% CI: 

0.7031 - 0.9282). The model demonstrates good calibration and can be used with threshold probabilities ranging 

from 0% to 100% to obtain clinical net benefits. 

Conclusions: A predictive model has been created to accurately predict whether the hospitalization duration of 

COVID-19 patients will be prolonged. This model incorporates serum WBC, ALB levels, age, and the presence of 

chronic respiratory system diseases. 

(Clin. Lab. 2024;70:xx-xx. DOI: 10.7754/Clin.Lab.2023.231203) 
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INTRODUCTION 

 

Over the past year, COVID-19, caused by SARS-CoV-

2, has become a new normal. According to the Chinese 

Center for Disease Control and Prevention's report in 

November 2023 on the nationwide COVID-19 infec-

tion, from Oct 1 to Oct 31, there were 209 new severe 

cases and 24 deaths, all attributed to the Omicron vari-
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ant. These cases covered 73 evolutionary branches, with 

the predominant circulating strains being the XBB line-

age variants. The top three variants in terms of propor-

tion were XBB.1.9 and its sub-branches, XBB.1.22 and 

its sub-branches, and XBB.1.16 and its sub-branches. 

Although when assessing the prognosis and severity of 

COVID-19, some scoring systems previously used for 

CAP, such as the CURB-65 and Pneumonia Severity In-

dex (PSI) [1-3], or newly developed scoring systems 

based on mechanical ventilation or mortality outcomes 

[4], already exist. However, each scoring system has 

some limitations in predicting the need for prolonged 

hospitalization in patients with COVID-19. Since the 

Omicron variant became prevalent, the mortality rate 

has been significantly reduced. At the same time, due to 

the highly contagious nature of the Omicron variant, it 

leads to a concentrated outbreak, resulting in a signifi-

cant increase in the demand for hospital beds. Since the 

normalization of COVID-19, a study has been conduct-

ed to predict the length of hospital stay for COVID-19 

patients [5]. They finally selected five variables: immu-

notherapy, familial cluster, heparin, runny nose, and 

APTT. The main focus of their study is to identify the 

factors influencing the length of hospital stay for 

COVID-19 patients. Our primary objective in develop-

ing this model is to effectively predict the probability of 

prolonged hospitalization for COVID-19 patients based 

on simple variables. This serves two purposes: facili-

tating communication between clinicians and patients 

and identifying preventable and solvable factors con-

tributing to prolonged hospital stays. By doing so, we 

aim to reduce the risk of worsening patient conditions 

and alleviate the strain on healthcare resources. To ac-

count for significant regional differences in economic 

levels, we have chosen binary variables to discuss the 

risk factors associated with prolonged hospitalization 

and establish a predictive model. 

 

 

MATERIALS AND METHODS 

 

Patients 

We conducted a retrospective study. The study was con-

ducted at a provincial teaching hospital in China with 

more than 1,300 beds. We enrolled 310 confirmed cases 

of COVID-19 using positive RT-PCR tests for SARS-

CoV-2 at North China University of Science and Tech-

nology Affiliated Hospital from January to September 

2023. Those with a history of malignant hematological 

diseases, uremia, advanced lung cancer, refractory heart 

failure, rheumatic diseases, radiotherapy, immuno-sup-

pressive agents, transplantation, medical history, and in-

complete history of auxiliary examination were ex-

cluded. The following information was collected from 

the patient: age, gender, smoking, alcohol use, coexist-

ing hypertension, coexisting diabetes, coexisting coro-

nary heart disease, coexisting chronic respiratory dis-

eases (active pulmonary tuberculosis, COPD, bronchial 

asthma, chronic bronchitis, bronchiectasis, interstitial 

lung disease). Laboratory test results upon admission: 

C-reactive protein (CRP), white blood cell count 

(WBC), neutrophil (NEU), lymphocyte (LYM), platelet 

(PLT), hemoglobin (HGB), serum albumin (ALB), se-

rum creatinine (Scr), blood urea nitrogen (BUN), myo-

globin (MYO), creatine kinase (CK), creatine kinase 

isoenzymes (CK-MB), lactate dehydrogenase (LDH), 

alanine aminotransferase (ALT), aspartate transaminase 

(AST), total bilirubin (TBIL), thrombin time (TT), acti-

vated partial thromboplastin time (APTT), international 

normalized ratio (INR), fibrinogen (FIB), D-dimer. The 

length of hospital stay for enrolled patients, defined as 

the ≥ 75th percentile (14 days), was considered pro-

longed hospitalization. According to this definition, a 

length of stay of ≥ 14 days was defined as the ProLOS 

group (80 patients), and a length of stay of < 14 days 

was determined as the non-ProLOS group (230 pa-

tients). These patients were randomly grouped into a 

training (80%) and a validation (20%) cohort. ProLOS 

was used as a predictor of outcome in this study. 

 

Measurement of serum inflammatory marker bio-

markers 

According to our research design, blood routine was 

measured by Abbott's five-category automatic blood 

cell analyzer as part of routine testing. Coagulation indi-

cators are determined with France's STAGO automatic 

coagulation analyzer. Serum CRP level was measured 

by Prunus Medical's PA8800V unique protein analyzer. 

Bayer's 1650 automatic biochemistry analyzer measured 

blood biochemistry indicators. 

 

 

RESULTS 

 

Statistical analyses 

Continuous variables are expressed as median and inter-

quartile range (IQR), while categorical variables are 

presented as frequencies and percentages (%). We used 

the chi-squared test for categorical variables to compare 

the difference between groups and Wilcoxon rank-sum 

tests or t-tests for continuous variables. The LASSO re-

gression and ten-fold cross-validation method were ap-

plied to filter variables. The training cohort utilized 

multifactorial logistic regression analyses to identify the 

independent factors of prolonged hospitalization in CO-

VID-19 patients. The COVID-19 patient ProLOS pre-

diction model was constructed, and the nomogram was 

plotted. ROC curves were plotted, and the area under 

the curve (AUC) was calculated to evaluate the model's 

discrimination; calibration analysis was planned to as-

sess the validity of the nomogram, and decision curve 

analysis (DCA) to evaluate the clinical usefulness of the 

model. Statistical analysis was conducted using R soft-

ware (version 4.3.2; R Foundation for Statistical Com-

puting), all tests were two-tailed, and a p-value < 0.05 

was considered statistically significant. 
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Table 1. Baseline characteristics of patients with COVID-19. 

 

Variables Total (n = 310) Non-ProLOS (n = 230) ProLOS (n = 80) p-value 

Gender, n (%) 0.314 

Male 173 (56) 106 (46) 31 (39)  

Female 137 (44) 124 (54) 49 (61)  

Age (years) * 68 (59, 76) 66 (57, 73.75) 74 (67, 82) < 0.001 

Smoking, n (%) 0.642 

Yes 66 (21) 47 (20) 19 (24)  

No 244 (79) 183 (80) 61 (76)  

Alcohol use, n (%) 0.468 

Yes 36 (12) 29 (13) 7 (9)  

No 274 (88) 201 (87) 73 (91)  

Coexisting hypertension, n (%) 0.87 

Yes 139 (45) 102 (44) 37 (46)  

No 171 (55) 128 (56) 43 (54)  

Coexisting diabetes, n (%) 0.555 

Yes 72 (23) 51 (22) 21 (26)  

No 238 (77) 179 (78) 59 (74)  

Coexisting coronary heart disease, n (%) 0.128 

Yes 79 (25) 53 (23) 26 (32)  

No 231 (75) 177 (77) 54 (68)  

Chronic respiratory diseases, n (%) < 0.001 

Yes 40 (13) 15 (7) 25 (31)  

No 270 (87) 215 (93) 55 (69)  

CRP (mg/L) * 31.15 (10.53, 60.48) 25.05 (9.8, 53.95) 40.55 (15.85, 87.68) 0.001 

WBC (x 109) * 5.8 (4.3, 8.1) 5.4 (4.12, 7.5) 7.3 (5.6, 9.3) < 0.001 

NEU (x 109) * 4.07 (2.69, 6.01) 3.76 (2.5, 5.36) 5.29 (3.38, 7.3) < 0.001 

LYM (x 109) * 1 (0.65, 1.49) 1.02 (0.66, 1.51) 0.88 (0.55, 1.37) 0.337 

PLT (x 109) * 188.5 (134, 245.75) 184 (130.25, 241.75) 195.5 (139.75, 258) 0.489 

HGB (g/L) # 127.18 ± 18.93 127.72 ± 17.98 125.65 ± 21.47 0.442 

ALB (g/L) # 38.49 ± 4.52 39.31 ± 4.21 36.14 ± 4.6 < 0.001 

Scr (µmol/L) * 68 (56, 87) 69 (58, 87.75) 64.5 (54, 81.25) 0.09 

BUN (mmol/L) * 5.53 (4.27, 6.86) 5.47 (4.18, 6.78) 5.96 (4.72, 7.5) 0.02 

MYO (µg/L) * 22 (13, 39.75) 20 (13, 40.5) 24 (16, 39.25) 0.246 

CK (U/L) * 61 (43, 96.5) 65 (47, 101) 51 (32, 78) 0.001 

CK-MB (U/L) * 11 (9, 15) 11 (9, 14) 12 (9, 17) 0.179 

LDH (U/L) * 247.5 (202, 313.5) 244 (198.5, 292.5) 268.5 (216, 366.25) 0.012 

ALT (U/L) * 23 (15, 35) 22 (15, 34.75) 24 (14, 36.25) 0.92 

AST (U/L) * 25 (20, 33.75) 25 (21, 32) 25.5 (18, 35.5) 0.488 

TBIL (µmol/L) * 11.3 (8.9, 15.3) 11.45 (9.2, 15.7) 11 (8.5, 14) 0.272 

TT (s) * 17.5 (16.7, 18.4) 17.4 (16.7, 18.2) 17.75 (16.9, 18.83) 0.049 

APTT (s) * 37.4 (34.12, 40.88) 37.5 (34.6, 40.38) 37.05 (33.6, 41.85) 0.959 

INR * 0.99 (0.94, 1.06) 0.99 (0.93, 1.05) 1 (0.94, 1.08) 0.142 

FIB (g/L) * 4.94 (4.12, 5.83) 4.84 (4.1, 5.74) 5.2 (4.27, 5.96) 0.106 

D-dimer (ng/mL) * 511 (316, 1,127.75) 469 (271.25, 949.75) 655.5 (397.75, 1,572) 0.001 

 

* - Data presented as median (interquartile range).  

# - Data presented as mean ± SD. 
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Table 2. Results of multivariate logistic regression analysis. 

 

Item p OR 
95% CI 

Lower limit Ceiling 

WBC (x 109) 0.0023 1.146 1.0498 1.2503 

ALB (g/L) 0.0315 0.911 0.8375 0.9917 

Age (years) 0.0090 1.041 1.0102 1.0739 

Chronic respiratory diseases < 0.0001 7.146 2.9426 17.3552 

 

 

 

 

 

 

 
 

 
 

Figure 1. Predictor selection using the LASSO regression analysis with ten-fold cross-validation.  
 

A - Variable coefficient penalty plot. B - Tuning parameter (lambda) selection of deviance in the LASSO regression based on the minimum cri-

teria (left dotted line) and the 1-SE criteria (right dotted line) (the present study selected). 

 

 

 

 

Patient characteristics 

A total of 310 eligible patients were included in this 

study, including 137 males and 173 females, with a me-

dian age of 68 (range 59 - 76 years). Among them, 80 

patients (80/310) had prolonged hospitalization for fur-

ther treatment. The results showed differences in age, 

comorbid chronic respiratory diseases, CRP, WBC, 

NEU, ALB, BUN, CK, LDH, TT, and D-dimer between 

the two groups were significant (p < 0.05). In contrast, 

LYM and coexisting hypertension were not (p > 0.05). 

Baseline characteristics of patients with COVID-19 are 

shown in Table l. 

 

 

LASSO regression and ten-fold cross-validation 

Four of the 29 variables collected from patients were 

selected based on non-zero coefficients calculated by 

LASSO regression analysis (Figure 1). These variables 

included age, WBC, ALB, and coexisting chronic respi-

ratory diseases. 

The training cohort utilized binary logistic regression 

analyses to explore the independent factors of pro-

longed hospitalization in COVID-19 patients.  

In the training set, the binary logistic regression analysis 

results showed that all four variables were independent 

risk factors for prolonged hospitalization in COVID-19 

patients, as shown in Table 2. 
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Figure 2. Construction of nomogram model for predicting ProLOS of COVID-19 patients. Each variable for COVID-19 pa-

tients corresponds to a point, and then all points are added together to correspond to the predicted probability of ProLOS 

based on the total points. 

 

 

 

 

 

 

 
 

 
 

Figure 3. ROC curve analysis of the prediction model. 
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Figure 4. Validation plot of the calibration curve for the model. 

 

 

 

 

 

 
 

 
 

Figure 5. DCA of the nomogram. The dotted line represents the test set. The solid line represents the training set. Clinical net 

benefit is achieved when the threshold probability of ProLOS is between 0% and 100%. DCA, decision curve analysis; 

ProLOS, prolonged length of stay in hospital. 
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Constructing predictive models and plotting the no-

mogram 

The prediction model was built based on these four va-

riables, and a nomogram was plotted (Figure 2). 

 

The new model for evaluation and validation 

The ROC curve was plotted (Figure 3), and the calculat-

ed area under the curve (AUC) was 0.805 (CI: 0.75 - 

0.8671) with an internal validation AUC of 0.815 (95% 

CI: 0.7031 - 0.9282). The model was well calibrated 

(Figure 4), and a net clinical benefit could be obtained 

at threshold probabilities in the range of 0% - 100% 

using the submodel (Figure 5). 

 

 

DISCUSSION 

 

In the COVID-19 outbreak caused by SARS-CoV-2, 

multiple risk factors have been identified as having a 

potential impact on SARS-CoV-2 infection and prog-

nosis, including older age, male gender, pre-existing 

comorbidities and racial/ethnic disparities, variations in 

laboratory markers and pro-inflammatory cytokines, 

and possible complications [6]. However, good nutri-

tional status and vaccination may be a protective factor 

for SARS-CoV-2 infection [6]. The retrospective study 

found that the 75th percentile LOS was 14 days. Age, 

WBC, ALB, and coexisting chronic respiratory diseases 

in COVID-19 patients were independently associated 

with ProLos and were included in the final nomogram. 

Based on these four simple variables, it predicts wheth-

er patients will stay longer, optimizes patient manage-

ment and alleviates healthcare resource shortages. Ad-

vanced age is an independent risk factor for COVID-19 

patients, consistent with previous studies [7]. Due to the 

ageing of the immune system in elderly patients, the tol-

erance to infectious diseases is significantly reduced [8]. 

However, ageing also has a sustained pro-inflammatory 

environment of low-grade innate immune activation, 

which can increase infection-induced tissue damage in 

older individuals [9]. At the same time, older people 

usually have more comorbidities and comorbid underly-

ing conditions are significantly associated with suscep-

tibility and poorer clinical outcomes in COVID-19 pa-

tients [10-12]. However, the relationship between asth-

ma and COVID-19 susceptibility and severity is contro-

versial. Only 1 of the 310 patients collected in this study 

had comorbid asthma, which may be related to the fact 

that the therapeutic use of inhaled glucocorticoids in 

asthmatic patients helps to reduce the risk of hospitali-

zation for COVID-19. A study has also indicated re-

duced expression of ACE2 and TMPRSS2 in sputum 

samples from asthma patients treated with ICSs [13]. 

However, the univariate analysis of this study did not 

show any difference in hypertension, diabetes, and 

coronary heart disease. COVID-19 patients with older 

combined underlying chronic respiratory diseases need 

careful management of underlying lung disease [14]. 

The data showed a statistically significant effect of 

WBC on prolonged hospitalization in COVID-19, with 

higher WBC levels associated with more extended hos-

pital stays in patients with COVID-19. This may be re-

lated to combined bacterial infections, and mixed infec-

tions of the lungs are challenging to diagnose. Patients 

with COVID-19 tend to exhibit reduced lymphocyte 

counts, so the neutrophil-to-lymphocyte ratio (NLR) is 

associated with disease prognosis [15]. Even though the 

median lymphocyte count was lower in the ProLos 

group than in the Non-ProLos group in this study, it was 

not statistically significant at p > 0.05. COVID-19 pa-

tients have longer hospital stays once co-infected with 

bacterial infections, and timely and appropriate use of 

antibiotics is essential to improve patient prognosis 

[16]. In general, the lower the ALB, the worse the nutri-

tional status of the patient, and the accompanying loss 

of fluids, coupled with viral infections and fever symp-

toms, are common and may even lead to more serious 

hypovolemic shock. This is consistent with a multicen-

ter retrospective study in which patients with COVID-

19 hypoalbuminemia tended to have worse clinical out-

comes, and the administration of nutritional supportive 

therapy improved clinical outcomes in these patients 

[17]. These four predictors are easily accessible in the 

clinic. The nomogram has good discriminatory and cor-

rective power, and DCA evaluation shows its value for 

clinical applications. The study was conducted in a sin-

gle center, and the results may not be extrapolated to 

other regions. However, as a retrospective single-center 

study, we also found the valuable prediction model, and 

this gives us into the next phase of a multicenter, large 

sample of prospective study provides the research foun-

dation. 

 

 

CONCLUSION 

 

A predictive model has been created to accurately pre-

dict whether the hospitalization duration of COVID-19 

patients will be prolonged. This model incorporates se-

rum WBC, ALB levels, age, and the presence of chronic 

respiratory system diseases. 
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