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Abstract

A clinical case-control study was conducted to screen the influencing factors of patients with coronavirus disease 2019 (COVID-

19) and to construct a clinical prediction model to provide a reference for the dynamic assessment of the severity of COVID-19

patients. A total of 410 patients with COVID-19 were included in the study, of which 132 were severe or critical cases. The

clinical data of patients were collected, and then variables were screened by lasso regression analysis and 10-fold cross-validation.

The screened variables were subjected to multifactorial logistic regression analysis to screen out the independent risk factors of

patients with severe or critical illnesses, and the independent risk factors were integrated to construct a nomogram. The receiver

operating characteristic curve (ROC), calibration curve analysis, and decision curve analysis (DCA) were used to assess the

model efficiency. Five variables, including respiratory rate(R), systolic blood pressure (SBP), plasma albumin (ALB), lactate

dehydrogenase (LDH), and C-reactive protein (CRP), were finally included to construct a clinical prediction model, with an

area under the curve (AUC) of 0.86 (CI: 0.82% to 0.90%).
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SUMMARY

A clinica l case-control study was conducted to screen the influencing factors of patients with coronavirus dis-
ease 2019 (COVID-19) and to construct a clinical prediction model to provide a reference for the dynamic
assessment of the severity of COVID-19 patients. A total of 410 patients with COVID-19 were included
in the study, of which 132 were severe or critical cases. The clinical data of patients were collected, and then
variables were screened by lasso regression analysis and 10-fold cross-validation. The screened variables were
subjected to multifactorial logistic regression analysis to screen out the independent risk factors of patients
with severe or critical illnesses, and the independent risk factors were integrated to construct a nomogram.
The receiver operating characteristic curve (ROC), calibration curve analysis, and decision curve analysis
(DCA) were used to assess the model efficiency . Five variables, including respiratory rate(R), systolic
blood pressure (SBP), plasma albumin (ALB), lactate dehydrogenase (LDH), and C-reactive protein (CRP),
were finally included to construct a clinical prediction model, with an area under the curve (AUC) of 0.86
(CI: 0.82% to 0.90%).

KeyWords: COIVD-19 , SARS-CoV-2 , preticting model , nomogram

Introduction

COVID-19 is a group of acute respiratory infectious diseases found in December 2019 in Wuhan, Hubei
Province, China [1]. A virus isolated from it is known as Severe Acute Respiratory Syndrome Coronavirus
2 (SARS-CoV-2) [2]. The SARS-CoV-2 virus, like other RNA viruses, exhibits a high degree of variability.
Several variant strains have emerged: Alpha, Beta, Gamma, Delta, and Omicron. The Omicron strain is
more accessible to transmit than previous variants, has a more extraordinary ability to evade the human
immune response, and is characterized by reduced natural virulence [3]. Despite the relatively low virulence
of Omicron variants, some populations, such as the elderly with comorbidities, are at high risk of serious
infection and death.[4]. The highly infectious nature of SARS-CoV-2 means that it can trigger seasonal
epidemic spikes, while virus mutations are unpredictable. The lack of effective monitoring mechanisms or
appropriate responses may lead to the emergence of new pandemic patterns. Early and rapid identification
of patients with severe COVID-19 during a COVID-19 crisis outbreak and dynamic monitoring of disease
changes are essential both for treatment and assessment of prognosis.

The last two years have also seen an influx of prediction models for COVID-19 patients as the virus has
mutated. In a cohort study conducted in England [5],the researchers developed a risk prediction algorithm
called QCOVID4. The algorithm is based on demographic data and is designed to assess the risk of COVID-
19 patients being hospitalized or dying from the disease during the Omicron. The model has a Harrell C
statistic 0.970 (0.962 to 0.979). Baker[6] et al. presented a machine learning model with predictive outcomes
including acute respiratory failure, intensive care unit admission, or ventilator use. The model exceeded
similar predictors with an area under the curve of 0.83 without laboratory data predicting patient risk. The
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study’s primary outcome by Weng [7] et al. was survival or death at discharge. Unlike Weng, in the study of
Moon [8] et al., the prediction time for mortality was defined as 30 and 60 days, which showed the survival
time of the patients while predicting their deaths. All of the above models demonstrate good predictive
efficacy, but they are all prognostic predictive models, which focus more on the prognosis of patients than
diagnostic predictive models. The diagnostic prediction model predicts the current state of the patient. For
example, our team’s research on machine learning and imaging histology for community-acquired pneumonia
[9] uses clinical data and imaging features to identify the current severity of a patient’s condition and provide
timely treatment to prevent disease progression. Similarly, in a study of diagnostic, predictive models for
COVID-19, Zhu [10] et al. used a deep learning approach to analyze CT images to differentiate between
severe and mild cases. The use of artificial intelligence in medicine is increasing yearly, and there is a
proliferation of studies combining AI for clinical predictive model construction. However, when using AI,
we may have difficulty understanding some of the features of the output, the AI may lack common sense in
considering background knowledge and qualitative inspection when constructing the model, and differences
in inspection equipment in different regions cannot be avoided [11].

In clinical practice, considering the highly contagious nature of SARS-CoV-2, it is easy to concentrate on the
outbreak, resulting in a shortage of medical resources. An ideal prediction model should have the following
characteristics: low cost, easy to detect, with high specificity and sensitivity, and able to dynamically detect
and reflect the severity of the disease promptly.

Therefore, this study aimed to collect clinical data and construct a clinical prediction model using simple
and easy-to-access indicators to achieve dynamic monitoring of disease severity in COVID-19 patients.

3
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Figure 1 shows the overall flow of this study.

Materials and Methods

Study population

The Institutional Review Committee of the Affiliated Hospital of North China University of Science and
Technology has approved this study. The research followed the 1964 Declaration of Helsinki principles and its
later amendments or similar ethical standards. Due to the retrospective nature of our study, the Institutional
Review Committee of the Affiliated Hospital of North China University of Science and Technology waived
informed consent. Measures were implemented to ensure the confidentiality and anonymity of the data
collected by appropriate privacy protection protocols.

4
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Patients with novel coronavirus infections who were hospitalized at the Affiliated Hospital of North China
University of Science and Technology from 2023.01 to 2023.05 were retrospectively selected for the study.
Those diagnosed as severe or critical during hospitalization were chosen as the case group (severe group).
Those non-serious during hospitalization (mild or medium cases) were selected as the control group (non-
serious group).

According to the Chinese diagnostic and treatment guidelines-Diagnostic and Treatment Guidelines for
COVID-19(Trial 10th edition):

Diagnostic Criteria: (1) There are clinical manifestations associated with COVID-19. (2) Have one or more
of the following pathogenic and serological findings: Positive nucleic acid test for SARS-CoV-2; Positive test
for SARS-CoV-2 antigen; Positive isolation and culture of SARS-CoV-2; SARS-CoV-2-specific IgG antibody
levels are 4-fold or more elevated in the recovery phase than in the acute phase.

Clinical Classification:(1) Mild cases: Upper respiratory tract infection is the primary manifestation, with
dry throat, sore throat, cough, fever, etc. (2) Medium cases: Persistent high fever for rate (R) <30
breaths/minute and oxygen saturation COVID-19 is seen on imaging. (3) Severe cases: Adults with any of
the following that cannot be explained by causes other than COVID-19: Shortness of breath with RR[?]
30 beats/minute;Oxygen saturation [?]93% on air inhalation at rest;Arterial partial pressure of oxygen
(PaO2)/oxygen concentration (FiO2) [?] 300 mmHg (1 mmHg = 0.133 kPa), and PaO2 / FiO2 should
be corrected for high altitude (more than 1,000 meters above sea level) according to the following for-
mula: PaO2/FiO2×[760/atmospheric pressure (mmHg)];Progressive worsening of clinical symptoms;Lung
imaging shows considerable progression of meet one of the following conditions:Respiratory failure, and re-
quires mechanical ventilation;go into shock;Combined with other organ failure requiring ICU monitoring and
treatment.

Inclusion criteria: (1) age greater than or equal to 18 years old; (2)confirmed patients who met the diagnostic
criteria.

Exclusion criteria: (1) patients with relatively incomplete medical records; (2) patients with the presence
of primary lung infections caused by other well-defined pathogens were excluded; (3) patients with severe
infections at other sites were excluded.

The above clinical diagnosis and clinical classification are combined with the clinical judgment of senior
physicians.

Research method

Patients eligible for the study were included through inclusion and exclusion criteria, and clinical data on
patients were collected:(1) General clinical information: gender, age, smoking history, alcohol consumption
history, vital signs, and clinical classification;(2) Disease history: combining disease categories <2 and [?]2.
category 1 (cerebrovascular disease, coronary heart disease, diabetes, hypertension and hyperlipidemia), cat-
egory 2 (chronic lung disease: tuberculosis, bronchiectasis, COPD, etc.), category 3 (others: liver and kidney
disease, benign haematological disorders, surgical traumas, etc.), and category 4 Immunocompromised (ma-
lignant neoplasms, immunosuppressant drug use);(3)Laboratory tests: Blood routine: white blood cell count
(WBC), neutrophil count (NEU), lymphocyte count (LYM), platelet count (PLT), haemoglobin (HBG);
Blood biochemistry: Liver function: aspartate aminotransferase (AST), alanine aminotransferase (ALT),
ALB, renal function: serum creatinine (sCr), blood urea nitrogen (BUN), myocardial enzymes: myoglobin
(MYO), creatine kinase (CK), creatine kinase isoenzyme (CK-MB), LDH; Inflammatory markers: procalci-
tonin (PCT), CRP, erythrocyte sedimentation rate (ESR), interleukin-6 (IL-6); Coagulation series: Fibrino-
gen (FIB), D-dimer (D-Dimer) (first fasting blood test results after diagnosis);The patients with COVID-19
were then divided into severe and non-severe groups;Comparison of data between groups was performed to
analyze the clinical characteristics of patients;The variables were screened using lasso regression analysis and
10-fold cross-validation. The screened variables were subject nomograms constructed by integrating the in-
dependent risk factors and the predictive efficacy of ed to multifactorial logistic regression analysis to screen

5
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the independent risk factors of patients with severe or critical illnesses. The model was evaluated by plotting
the ROC curve. Based on the maximum value of the Jordon index, the best critical value was selected, the
confusion matrix of the prediction model was plotted, the sensitivity and specificity were calculated, and
the Kappa value was calculated to evaluate the consistency of the model and plotted using calibration curve
analysis combined with the Hosmer-Lemeshow test to assess the model’s accuracy and by DCA to evaluate
its clinical utility.

Statistical analysis

Statistical analyses were performed using SPSS software (26.0) and R software (version 4.2.3). Multiple
interpolations using the R language ’Mice’ package to deal with missing data. Measurement data were
tested for normality and expressed as ’mean +- standard deviation’ for normal or approximately normal
distribution and as ’median (interquartile spacing)’ for markedly skewed distribution. Qualitative variables
are presented as frequencies and percentages (%). Compositional comparisons between groups for count
data were performed using the chi-square test; comparisons of means between groups for measurement data
were performed using the t-test for independent samples; and comparisons of medians were performed using
the nonparametric rank-sum test. A two-sided test was used, and a difference of P<0.05 was considered
statistically significant. Lasso regression analysis and 10-fold cross-validation to filter variables using the
R package ’glmnet.’ Multi-factor logistic regression analysis and construction of regression models and line
graphs using the R language ’rms’ package. ROC curves are plotted using the R package ’pROC,’ calibration
curves are plotted using the rms package, and DCA is plotted using the ’rmda’ package.

Results

Patient characteristics

A total of 410 eligible patients were enrolled, including 132 critically ill patients and 278 non-critically ill
patients, including 219 males and 191 females, with a median age of 68 years. The results showed differences
in age, Coronary heart disease, Hypertension, Comorbidities, Disorders of Consciousness, temperature(T),
R, SBP, WBC, NEU, LMY, HGB, ALT, AST, ALB, BUN, MYO, CK-MB, LDH, FIB, D-dimer, ESR, CRP,
PCT, and IL-6 between the two groups (p < 0.05). In contrast, gender, Smoking, Drinking, Diabetes, Pulse,
Diastolic blood pressure(DBP), Platelets(P), sCr, and CK were not (p > 0.05). Intergroup comparisons of
patients with COVID-19 are shown in Table l.

Table 1 Comparison of the data of the two groups of COVID-19 patients

Variables Total (n = 410) 0 (n = 278) 1 (n = 132) P
Age, years 68 (59, 76) 66(57, 73) 72 (65, 79) 0.000
Gender, n (%) 0.597
female 191 (46.59) 132 (47.48) 59 (44.70)
male 219 (53.41) 146 (52.52) 73 (55.30)
Smoking, n(%) 0.968
NO 335 (81.71) 227 (81.65) 108 (81.82)
YES 75 (18.29) 51 (18.35) 24 (18.18)
Drinking, n(%) 0.259
NO 356 (86.83) 245 (88.13) 111 (84.09)
YES 54 (13.17) 33 (11.87) 21 (15.91)
Coronary heart disease, n(%) 0.014
NO 305 (74.39) 217 (78.06) 88 (66.67)
YES 105 (25.61) 61 (21.94) 44 (33.33)
Diabetes, n(%) 0.055
NO 310 (75.61) 218 (78.42) 92 (69.70)
YES 100 (24.39) 60 (21.58) 40 (30.30)
Hypertension, n(%) 0.015
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NO 231 (56.34) 168 (60.43) 63 (47.73)
YES 179 (43.66) 110 (39.57) 69 (52.27)
Comorbidities, n(%) 0.044?¿?
2 219 (53.41) 158 (56.83) 61 (46.21)
¿2 191 (46.59) 120 (43.17) 71 (53.79)
Disorders of Consciousness, n(%) 0.000
NO 399 (97.32) 277 (99.64) 122 (92.42)
YES 11 (2.68) 1 (0.36) 10 (7.58)
T 36.7 (36.4, 37.2) 36.6 (36.4, 37.1) 36.7 (36.5, 37.7) 0.036
P 86 ± 16 85 ± 13 88 ± 20 0.075
R 21 ± 2 20 ± 1 22 ± 3 0.000
SBP, mmHg 131 ± 20 128 ± 18 137 ± 22 0.000
DBP, mmHg 79 ± 10 79 ± 10 78 ± 11 0.251
WBC(x 10ˆ9) 5.90 (4.32, 8.30) 5.40 (4.20, 7.50) 7.50 (5.40, 10.38) 0.000
NEU(x 10ˆ9) 4.13 (2.70, 6.35) 3.68 (2.50, 5.18) 5.53 (3.83, 8.59) 0.000
LYM(x 10ˆ9) 1.00 (0.66, 1.51) 1.13 (0.81, 1.63) 0.73 (0.49, 1.16) 0.000
PLT(x 10ˆ9) 186.00(130.00, 246.75) 192.50(137.00, 254.50) 182.50(119.75, 242.25) 0.057
HGB(g/L) 127.00(115.00, 139.00) 129.00(118.00, 139.75) 122.50(110.75, 135.00) 0.007
ALT(U/L) 23.00 (15.00, 35.00) 22.00(14.00,33.00) 25.50(16.00,40.25) 0.034
AST(U/L) 25.00 (19.00, 32.00) 23.50(18.00,30.00) 27.00(22.00,40.25) 0.000
ALB(g/L) 38.60 (34.90, 41.30) 39.70(36.92,42.40) 34.85(31.23,38.62) 0.000
Scr(umol/L) 68.00 (56.00, 84.75) 68.00(57.00,84.00) 65.50(55.00,87.75) 0.684
BUN(mmol/L ) 5.52 (4.20, 6.95) 5.33 (4.08, 6.73) 5.84 (4.74, 7.78) 0.000
MYO(ug/L) 21.00 (13.00, 40.00) 20.00(12.00,32.00) 31.50(16.00,53.25) 0.000
CK(U/L) 62.00 (42.25, 95.00) 63.00(46.00,90.75) 56.50(33.75, 117.50) 0.203
CK-MB(U/L) 11.00 (9.00, 15.00) 11.00 (8.00, 14.00) 12.00 (9.00, 17.25) 0.000
LDH(U/L) 246.50(201.00, 311.75) 227.00(188.25, 268.00) 318.00(247.25, 417.00) 0.000
FIB(g/L) 4.91 (4.05, 5.83) 4.62 (3.91, 5.40) 5.50 (4.44, 6.49) 0.000
D-dimer(ng/ml) 531.00(292.00, 1168.50) 427.50(236.25, 838.50) 841.50(475.50, 1720.75) 0.000
ESR(mm/h ) 40.00 (24.00, 63.00) 35.00(20.25,57.00) 56.00(35.75,79.00) 0.000
CRP(mg/ L) 29.95 (11.15, 58.80) 21.70 (7.25, 39.55) 50.90(28.18,95.15) 0.000
PCT(mg/mL) 0.08 (0.04, 0.10) 0.07 (0.04, 0.10) 0.10 (0.05, 0.24) 0.000
IL-6(pg/m) 16.87 (5.00, 41.90) 11.70 (5.00, 30.35) 31.73 (9.59, 58.83) 0.000

LASSO regression and tenfold cross-validation

LASSO regression (Least Absolute Shrinkage and Selection Operator Regression) is a regularisation technique
for linear regression models proposed by Robert Tibshirani in 1996. LASSO regression through the addition
of L1 paradigm penalty term in the loss function, both to achieve the model parameters of the Shrinkage
but also to achieve the variable selection, the regression coefficients of some unnecessary variables can be
compressed to zero and then eliminated from the model, in the high-dimensional data analysis, can effectively
reduce the data dimensions, to solve the multicollinearity. On the other hand, cross-validation is used to fit
a model using the training set by dividing the dataset into a training set and a validation set and evaluating
the model performance on the validation set. The λ that gives the best performance on the validation
set is selected. In this study, 6 variables were screened from the 31 variables collected based on the non-
zero coefficients calculated from lasso regression analysis (Figure 2). The 6 variables include disorders of
consciousness, R, SBP, ALB, LDH, and CRP.
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Figure 2 Lasso regression analysis and tenfold cross-validation

A Fig Lasso regression coefficient path plots, vertical coordinates represent coefficients, and horizontal co-
ordinates represent log(λ). B Fig 10-fold cross-validation curves for lasso regression, vertical coordinates
represent likelihood deviations, horizontal coordinates represent log(λ), the left dashed line represents λ with
the minor deviation (lambda-min), and the right dashed line represents one standard error to the right of
the smallest λ (lambda- 1-SE) (chosen for this study).

Screening for independent risk factors by multifactorial logistic regression analysis

The multifactorial logistic regression analysis was performed to determine whether the COVID-19 patients
were serious (yes=1, no=0) as the dependent variable and the factors with significance in the above Lasso
regression analysis and ten-fold cross-validation as the independent variables. The results showed that R,
SBP, ALB, LDH, and CRP were independent risk factors for serious COVID-19 patients (P<0.05). This
means that the above factors can increase the risk of serious COVID-19 patients and can be used as predictors
of whether a COVID-19 patient is serious. In contrast, Disorders of Consciousness were not an independent
risk factor for serious COVID-19 patients. (P>0.05) (table 2).

Table 2 Results of the multifactorial analysis of patients with serious COVID-19

Variables β SE Z P OR (95%CI)
Intercept -4.69 2.37 -1.98 0.048 0.01 (0.00 ˜ 0.96)
Disorders of consciousness
0 1.00 (Reference)
1 2.00 1.15 1.74 0.082 7.40 (0.77 ˜ 70.81)
R 0.25 0.09 2.81 0.005 1.28 (1.08 ˜ 1.53)
SB 0.02 0.01 2.46 0.014 1.02 (1.01 ˜ 1.03)
ALB -0.16 0.03 -5.01 <.001 0.85 (0.80 ˜ 0.91)
LDH 0.01 0.00 4.60 <.001 1.01 (1.01 ˜ 1.01)
CRP 0.01 0.00 2.95 0.003 1.01 (1.01 ˜ 1.02)

Construction of a risk prediction nomogram for patients with serious COVID-19

Logistic regression models were constructed for the predictors identified by lasso regression analysis and
multifactorial analysis (R, SBP, ALB, LDH, and CRP) and plotted nomogram used to predict the risk
of a COVID-19 patient being severe or critical cases (Figure 3). According to a patient’s vital signs and
laboratory indicators, the corresponding Points of R, SBP, ALB, LDH, and CRP were calculated on the
points of the nomogram. Then, the total score was obtained by summing the points of the five indicators.
The prediction probability of the patient’s severe current condition is received by the Total Points line at
the bottom of the nomogram and the corresponding Serious Risk line.
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Figure 3 nomogram of predicted risk of severe or critical cases in COVID-19 patients

Evaluation of the predictive effectiveness of nomogram

1)ROC curve analysis of a predictive model for serious COVID-19 ROC curves were plotted by
selecting a myriad of Cutoff values and calculating the sensitivity and specificity of the model predictions
at the corresponding critical values. It can be used to evaluate the discriminatory power of the model, and
the results showed that the AUC value of the column-line plot for discriminating between serious COVID-19
and non-serious COVID-19 was 0.86 (95% CI: 0.82 ˜ 0.90), which demonstrated the excellent discriminatory
power of the column-line plot model (Figure 4).
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Figure 4 ROC curve analysis of the predictive model for serious COVID-19

2)Valuation of the effectiveness of the nomogram model for predicting serious COVID-19

Based on the ROC curve, we obtained the Youden index, and based on the maximum value of the Youden
index, we determined that the critical value for the prediction of the nomogram model was total score =
70.7 points, i.e., when the patient’s total score of the nomogram model was [?] 70.7 points, the clinical
doctors could predict that the patient with COVID-19 was serious. With this as the baseline, the change in
the condition could be dynamically assessed in the hospitalization process. The predicted patient outcomes
are shown in Table 3 and Figure 5 when we use the criterion. The results show that the nomogram model
has high sensitivity and specificity (sensitivity 77.3%, specificity 81.3%) and good agreement between the
predicted situation and the actual occurrence (Kappa value 0.541). This indicates that the nomogram model
can distinguish serious and non-serious COVID-19 patients and is worthy of clinical promotion and use.

Table 3 Evaluation of the effectiveness of the nomogram model in predicting serious COVID-19

True results Projected results sensitivity (%) specificity (%) Youden index Kappa value
Non-serious(n) Serious(n)

Non-serious(n) 224 30 77.3 80.6 0.586 0.552
Serious(n) 54 102

10
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Figure 5 Confusion matrix predicted by the model

3)Calibration curve analysis

To more accurately evaluate the prediction ability of the nomogram in the risk of serious illness of COVID-19
patients and avoid overestimation of the accuracy of the nomogram, the Bootstrap self-sampling method
was used to conduct 1000 repeated samples on the nomogram to reduce over-fitting bias. The calibration
curve is then plotted (Figure 6). In the figure, the X-axis represents the predicted probability of serious
COVID-19 patients; the Y-axis represents the actual observed probability of serious COVID-19 patients; the
black dashed line represents the ideal curve, the orange line represents the prediction curve that has not
been calibrated, and the blue line represents the calibrated prediction curve. The calibrated curve in the
figure is very close to the ideal curve, and the Hosmer-Lemeshow test results show P=0.958, all of which
indicate that the model consistently predicts the risk of serious COVID-19 patients and the actual risk.
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Figure 6 Calibration curve analysis of serious COVID-19 prediction model

4)Clinical decision curve analysis

The DCA curves graphically show the value of the clinical application of the nomogram model.
The vertical coordinate represents the net benefit, the horizontal axis represents the threshold
probability, the grey line assumes all COVID-19 patients are serious, the black line assumes
that all COVID-19 patients are non-serious, and the red line represents the model. The
curves generated indicate that when the threshold probability is approximately 1.5% to 95%,
this model to identify patients with serious COVID-19 generates a greater net benefit than if
all COVID-19 patients are treated as serious or all are not treated as serious (Figure 7).
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Figure 7 Decision curve analysis of serious COVID-19 prediction model

Discussion

Since January 8, 2023, China has officially implemented the ” Class B and B tube ” policy for patients with
COVID-19. Given the high infectivity of the SARS-CoV-2 virus, which may lead to seasonal epidemic peaks,
the healthcare system will undoubtedly face more severe challenges. Whether patients are admitted to the
hospital with COVID-19 infection in the community or those infected in the hospital, dynamic assessment
of their condition is critical. This study revealed that R, SBP, LDH levels, decreased ALB, and CPR
were independent risk factors for predicting severe or critical COVID-19 patients. The five indicators were
combined to construct a clinical diagnostic prediction model. The model is composed of common clinical
laboratory test indicators and two crucial vital signs and finally meets the original intention of the model -
simple and easy to obtain, but also shows good diagnostic efficiency.

Compared with other prediction models, the model constructed in this study is more concise and clear when
selecting variables. Unlike those studies that rely on chest imaging examination [12-13], imaging examination
is expensive, and some patients may be unable to accept it due to economic reasons, making dynamic
monitoring more difficult. Secondly, chest CT imaging has a certain lag in reflecting the current condition of
patients. In addition, for some patients with other serious diseases, leaving the ward for CT examination will
be restricted. In addition, the data of this study came from 2023, that is, after the prevalence of Omicron
variants and the implementation of the ”Class B and B tube” policy in China. Therefore, compared with
the studies in the early phase of the pandemic, the data in this study are more closely related to the current
prevalence of Omicron variants, thus making its findings more relevant and applicable.

SARS-CoV-2 virus can cause a variety of clinical manifestations, ranging from upper respiratory discomfort
to pneumonia and even multiple organ failure [14]. This pathological mechanism of multi-organ failure may
be related to the unbalanced immune response during COVID-19. Therefore, in patients with COVID-19,
the levels of a series of biomarkers will change, some of which are critical for risk stratification, diagnosis, and
prognosis assessment of COVID-19 [15]. LDH, one of the key enzymes that catalyze the conversion between
pyruvate and lactic acid, plays a central role in the anaerobic metabolism of glucose. This process is critical
when the oxygen supply is insufficient or limited. As an essential enzyme in the glycolysis pathway, LDH is
widely distributed in myocardium, liver, kidney, and lung tissues, and its concentration in tissues is much
higher than that in serum. When the lung tissue suffers from hypoxic necrosis, a large amount of LDH will
be released into the blood, resulting in a sharp rise in serum LDH levels [16]. Consistent with the conclusions
of this study, serum LDH has been proven to be a sensitive biomarker for assessing the dynamic changes of
COVID-19 patients [16-18]. ALB is a harmful acute-phase protein synthesized by the liver and has many vital
functions: it is responsible for transporting various substances and maintaining normal plasma colloid osmotic
pressure [19]. Previous studies have shown that hypoalbuminemia is a practical, dose-dependent, independent
predictor of adverse outcomes. Each 10 g/L decrease in serum albumin concentration was associated with
a 137% increase in mortality, 89% increase in morbidity, 28% and 71% increase in intensive care unit and
hospital stay, respectively, and 66% increase in resource utilization [20]. In addition, a retrospective cohort
study of COVID-19 patients in Spain showed an association between low albumin (ALB) levels and poor
prognosis [21].

Similarly, Beimdiek et al[22] concluded in agreement with the present study that ALB levels were lower in
COVID-19 critically ill patients. It may be that during infection, the distribution rate of serum albumin from
intravascular to extravascular increases significantly, as does the decomposition rate [23]. CRP is a nonspecific
IL-6-induced acute phase reactant in the liver. Clinically, it is a biomarker for different inflammatory and
infectious diseases. Elevated CRP levels are directly related to inflammation and disease severity [24]. As
such, it is an essential biomarker for assessing the severity of COVID-19. Other studies have also confirmed
this conclusion [25-26].

In the conclusion of this study, the proportion of patients with pre-existing hypertension in the serious
group was 52.27%, while that in the non-serious group was 39.57%, showing a statistical difference but not
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as an independent risk factor for serious COVID-19 patients. However, elevated SBP is an independent
risk factor for serious COVID-19 patients. Hypertension is a risk factor for increased COVID-19-related
deaths [27]. However, the independent role of hypertension remains controversial, as hypertension is often
associated with age and cardiovascular disease, which can also make COVID-19 more severe. In addition,
antihypertensive drugs, angiotensin conversion inhibitors (ACEI), and angiotensin receptor blockers (ARBs)
may be associated with the condition of COVID-19 patients. ACE2 is a crucial binding receptor that
facilitates the entry of SARS-CoV-2 into the organism, and renin-angiotensin system (RAS) blockers may
up-regulate ACE2. Therefore, these drugs may contribute to the increased risk of SARS-CoV-2 infection and
COVID-19 progression, but this idea is controversial [28]. However, elevated SBP levels may be a marker of
pre-existing hypertension-mediated subclinical organ damage (HMOD) [29]. This may be due to inadequate
treatment or control, so elevated SBP is a risk factor.

Our study selected three serum biomarkers: LDH, CRP, and ALB. Combined with a direct vital sign that
reflects lung conditions, R, and SBP level, a simple prediction model was constructed to evaluate the severity
of COVID-19 patients’ illness with good sensitivity and specificity.

We have to admit that our study has certain limitations. First, due to the restriction of retrospective
study, the collection of variables, such as BMI, vaccination status, peripheral blood oxygen status, etc., is
incomplete, as is the collection time of blood indicators. Prospective studies can be conducted subsequently
to dynamically observe and compare the blood test results at specific time points before and after infection.
Secondly, our study is single-center, and cases are not collected for external verification to verify the model’s
generalization ability. We can develop web calculators for clinical use after our nomogram is prospectively
or externally validated.

Conclusions

When the R, SBP, LDH, and CRP are increased, and ALB are reduced, the risk of being serious COVID-19
is high. Combined with R, SBP, ALB, LDH, and CRP, a nomogram prediction model was established to
predict the risk of serious COVID-19 patients, and this model has good prediction ability.
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legend

Figure 1 The overall process of research

Figure 2 Lasso regression analysis and tenfold cross-validation

A Fig Lasso regression coefficient path plots, vertical coordinates represent coefficients, and horizontal coor-
dinates represent log(λ).

B Fig 10-fold cross-validation curves for lasso regression, vertical coordinates represent likelihood deviations,
horizontal coordinates represent log(λ), the left dashed line represents λ with the minor deviation (lambda-
min), and the right dashed line represents one standard error to the right of the smallest λ (lambda- 1-SE)
(chosen for this study).

Figure 3 nomogram of predicted risk of severe or critical cases in COVID-19 patients.

Figure 4 ROC curve analysis of the predictive model for serious COVID-19.
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Figure 5 Confusion matrix predicted by the model.

Figure 6 Calibration curve analysis of serious COVID-19 prediction model.

Figure 7 Decision curve analysis of serious COVID-19 prediction model.
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