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ABSTRACT

Background: The recent novel coronavirus disease 2019 (COVID-19) pandemic has underlined
the importance of risk score models in public health emergencies. This study aimed to develop a risk
prediction score to identify high-risk hospitalized patients for disease progression on admission.

Methods: This prospective cohort study included 171 COVID-19 patients, identified through the
reverse transcription polymerase chain reaction test, admitted to Bohlool Hospital in Gonabad
City, Iran, between April 4 and June 5, 2021. The patients’ demographic, clinical, and laboratory
data were collected upon admission, and clinical outcomes were monitored until the end of the
study. The discovery dataset (80% of the data) was used to develop the risk score model based on
clinical and laboratory features and patient characteristics to predict COVID-19 progression. An
additive risk score model was developed based on the regression coefficients of the significant
variables in a multiple logistic regression model. The performance of the risk score model was
evaluated on the validation dataset (20% of the data) using the receiver operating characteristic
(ROC) curve. Statistical analyses were performed with SPSS software, version 21.

Results: The Mean+SD for age of participants was 59.54+20.52 years, and 48.6% were male.
Most patients (82.5%) fully recovered or showed improvement, while 5.2% experienced disease
progression and 12.3% died. Three variables, interleukin-6, neutrophil-to-lymphocyte ratio, and
lung involvement, were found to be significant in predicting risk, with a good discriminatory
ability, having an area under the ROC curve of 0.970 (95% CI, 0.935%, 1.00%) in the discovery
set and 0.973 (95% CI, 0.923%, 1.00%) in the validation set.

Article info: : Conclusion: The developed risk score model in this study can be used as a clinical diagnostic tool to
Received: 31 Jul 2023 . identify COVID-19 patients at higher risk of disease progression and aid in informed decision-making
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Introduction

n late 2018, the novel coronavirus disease 2019

(COVID-19) emerged in China and spread

rapidly worldwide, becoming a crucial global

public health emergency with an unprecedent-

ed strain on health and economic systems [1,
2]. The prevalence of new variants of coronavirus like
Delta and Omicron posed more challenges in managing
the pandemic due to their high transmissibility, ability
to evade detection, and resistance to vaccines [3]. These
variants placed additional pressure on limited health re-
sources and led to more hospitalizations and deaths [4].
As of 26 July 2023, a total of 773511195 confirmed cases
of COVID-19, including 7023127 deaths, were reported
to the World Health Organization (WHO) [5].

A risk prediction model is a mathematical equation
that makes use of patient data to assess the likelihood
of encountering a healthcare outcome. There are various
statistical techniques available for creating a risk predic-
tion model. Some common models include the logistic
regression model, Cox proportional hazards model, and
classification trees [6, 7]. Logistic regression is a tradi-
tional method widely used for binary outcomes and is
renowned for its strong explanatory ability. It frequently
utilizes a variable selection approach, such as the back-
ward selection method, to identify the strongest predic-
tors. The logistic models were frequently converted into
straightforward additive risk scores by assigning weights
to the predictors according to the log odds ratios derived
from the model to simplify their usability [6]. The risk
score models are widely employed in medical practice
to forecast the development of disecases, assess treat-
ment effectiveness, predict patient prognosis, or identify
individuals at a higher risk of disease progression and
mortality [4]. By providing risk estimates, these models
play a crucial role in guiding clinical decisions regarding
the limited resource and capacity allocation to patients
most likely to benefit from early intervention. They aid
in preventing disease progression, reducing the risk of
complications, and alleviating the burden on healthcare
systems [4]. The recent COVID-19 pandemic has un-
derscored the significance of risk prediction models in
public health emergencies.

So far, several models have been proposed based on
integrating demographic, clinical, and radiological fea-
tures for early prediction and identification of patients at
risk for severe pneumonia, intubation, intensive care unit
(ICU) transfer, and patient death [3, 4, 8, 9].
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However, these models have not generally been used in
clinical practice. They are prone to bias [4] due to several
reasons, such as a limited selection of samples, the ret-
rospective nature of the study design, and unclear details
regarding the development and validation of the model.
However, it is essential to note that with new variants of
SARS-CoV-2 with distinct characteristics, these models
need to be updated accordingly. Iran has been signifi-
cantly impacted by the COVID-19 pandemic. Neverthe-
less, limited clinical experiences and research have been
conducted on the Iranian population. Only a few stud-
ies are available that have retrospectively examined the
development of risk score prediction models for COV-
ID-19 in Iranian patients [10-12], which diminishes the
reliability and validity of these studies. Therefore, we
undertook a prospective study to address this gap and
develop a more reliable and validated risk prediction
score model to identify Iranian COVID-19 patients at a
higher risk of disease progression during hospitalization.

Methods
Study design, participants, and data collection

This cohort study was conducted at Bohlool Hospital
in Gonabad City, Iran, from April 4 to June 5, 2021.
The study included COVID-19 patients admitted to the
hospital who met the eligibility criteria. The patients’ de-
mographic, clinical, and laboratory information was col-
lected upon admission. The patients were followed over
time, and their clinical outcomes were recorded until the
end of the study. The inclusion criteria comprised a de-
finitive diagnosis of COVID-19 by reverse transcription-
polymerase chain reaction (RT-PCR) test and a minimum
age of 18 years. All patients were treated according to the
physician’s diagnosis. White blood cells (WBC), neutro-
phil to lymphocyte ratio (NLR), interleukin-6 (IL-6), C-
reactive protein (CRP), lactate dehydrogenase (LDH),
and ferritin tests were performed as a supplement for all
patients. Other data were extracted using hospital infor-
mation system (HIS) resources. Patients with incomplete
records were excluded from the study.

Potential predictive variables

Potential predictor variables were as follows: Age,
sex, pregnancy, use of tobacco, use of opium, history
of COVID-19, inpatient department, partial pressure
of oxygen (Pa0,), temperature, computed tomographic
(CT) imaging score, signs and symptoms at admission
(including fever, cough, muscular pain, respiratory dis-
tress, loss of consciousness, decreased sense of smell,
reduced sense of taste, seizure, abdominal pain, nausea,
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vomiting, diarrhea, anorexia, headache, vertigo, pares-
thesia, paraplegia, chest pain, skin lesion(, comorbidities
(liver diseases, diabetes, hematologic diseases, human
immunodeficiency virus/acquired immune deficiency
syndrome [HIV/AIDS], autoimmune diseases, heart dis-
eases, kidney diseases, asthma, chronic lung diseases,
nervous diseases, hypertension, and other), laboratory
values (WBC, NLR, CRP, IL-6, LDH, and ferritin), and
clinical management and pharmacological treatment
(tracheal intubation, O, therapy, and drugs).

CT imaging scoring

An experienced radiologist classified CT images into
four categories based on the extent of pulmonary pa-
renchymal involvement: Mild, moderate, severe, and
critical. The mild stage included CT images with several
ground-glass opacities (GGOs) and less than 25% lung
tissue involvement. The moderate stage included CT im-
ages with GGOs and between 25% and 50% of lung tis-
sue involvement. The severe stage showed both GGOs
and areas of consolidation, with lung tissue involvement
ranging from 50% to 75%. The critical stage included
diffuse GGOs, consolidation, and reticular changes in the
lungs, with lung tissue involvement exceeding 75% [13].

QOutcomes

Patients were divided into two groups based on the
outcomes: 1) Without disease progression, patients who
fully recovered and discharged or showed stable symp-
tomatic improvement, and 2) With disease progression,
patients who had progressed to severe illness and stayed
in the intensive care unit or died.

Ethical considerations

The study was approved by the Ethics Committee of
Gonabad University of Medical Sciences. The ethical
principles of human medical research (Helsinki Declara-
tion) were observed in all study phases. All patients’ data
were extracted confidentially and encrypted from the
hospital information system (HIS). The patient’s diag-
nosis process was carried out under the guidelines pub-
lished by the WHO and the Iranian Ministry of Health
and Medical Education.

Statistical analysis
Descriptive statistics and bivariate analysis

The Kolmogorov-Smirnov test was used to examine
the normal distribution for quantitative variables, includ-
ing age, PaO,, temperature, duration of hospitalization,
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and laboratory values. The age distribution was report-
ed as the Mean+SD. The two groups with and without
disease progression were compared using the indepen-
dent t-test. The median (25" percentile, 75" percentile)
and the Mann-Whitney test were used to describe and
compare other quantitative variables between the two
groups, respectively. Describing and comparing qualita-
tive variables were carried out using number (percent-
age) and the chi-square test, respectively. A two-sided
P<0.05 was considered significant.

Development and validation of risk score predic-
tion model

After randomly dividing data into two parts (the discov-
ery dataset with 80% of data and the validation dataset with
20%), the prediction model was developed using a logistic
regression model on the discovery dataset. The variables
with a P<0.2 in the simple logistic regression model were
entered into a multiple logistic regression model. We consid-
ered a backward removal method with P<0.05 for entering
variables and P<0.1 for removing variables into and from
the multiple logistic regression model. Then, the coefficients
obtained from the model were converted to an integer risk
score. The highest sensitivity and specificity values were
used to determine the optimum cut-off point for the risk
score model [14]. Model calibration was assessed using the
Hosmer-Lemeshow test with a P>0.05, indicating acceptable
goodness of fit to the data [15]. The area under the receiver
operator curve (AUC), with a minimum value of 0.70 as a
desirable discrimination ability [ 14], was used to evaluate the
discrimination ability of the risk score model in both discov-
ery and validation datasets. The performance of the risk score
prediction model was compared with each of the predictors
used in the model, namely IL-6, NLR, and lung involve-
ment. Additionally, the performance of the risk score was
compared to two other laboratory variables, CRP and LDH,
which were statistically significant in the bivariate analyses.
The significance level was considered 0.05. All data analysis
was performed using SPSS software, version 21.

Results
Individual and clinical characteristics of patients

Data were analyzed from 171 patients with CO-
VID-19, of which 149(87.13%) were hospitalized in
the isolation ward and 22(12.86%) in the ICU. Of 171
patients, 141(82.5%) were recovered or showed symp-
tomatic improvement. Nine patients (5.2%) had pro-
gressed to severe disease, while 21(12.3%) died. The
individual and clinical characteristics of the patients are
shown in Table 1.
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Table 1. Demographic and clinical characteristics of hospitalized COVID-19 patients

MeantSD/No.(%)/Median

Characteristics Disease Progression P
Yes No
Age (y) 71.90+14.3 59.33+17.7 <0.001*
Man 18(60.0) 68(48.2)
Sex 0.315"
Woman 12(40.0) 73(51.8)
Yes 1(3.3) 0(0.0)
Pregnancy 0.175"
No 29.0(96.7) 141(100.0)
Yes 1(3.3) 1(0.7)
Use tobacco 0.321°
No 26(96.7) 140(99.3)
Yes 2(6.7) 4(2.8)
Use opium 0.592"
No 28(93.3) 137(97.2)
'Sf(';tr'r?” 15(50.0) 134(95.0)
Inpatient department <0.001%*
ICU 15(50.0) 7(5.0)
Yes 2(6.7) 13(9.2)
0.745"
B History of COVID-19 No 28(93.3) 128(90.8)
©
f
= Mild 6(20) 38(27)
O
%D Moderate 7(23.3) 50(35.5)
5 Lung involvement <0.001™
o Severe 14(46.7) 8(5.7)
Critical 2(6.7) 1(0.7)
Yes 6(20.0) 61(43.3)
Fever 0.018"
No 24(80.0) 80(56.7)
Yes 9(30.0) 54(38.3)
- Cough 0.392"
9 No 21(70.0) 87(61.7)
k)
5 Yes 3(10.0) 17(12.1)
+ Muscular pain 0.777"
2 No 27(90.0) 124(87.9)
[e]
3 Yes 24(80.0) 80(56.7)
2 Respiratory distress 0.018"
2 No 6(20.0) 61(43.3)
wv
c
= Yes 3(10.0) 6(4.3)
Loss of consciousness 0.363"
No 27(90.0) 135(95.7)
Yes 0(0.0) 4(2.8)
Decreased sense of smell 0.601"
No 30(100) 137(97.2)

Mohammadzadeh F, et al. A COVID-19 Progression Risk Score Model Study. JRH. 2024; 14(3):217-230.
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MeantSD/No.(%)/Median

Characteristics Disease Progression P
Yes No
Yes 0(0.0) 4(2.8)
Decreased sense of taste 0.601"
No 30(100) 137(97.2)
Yes 1(0.70) 4(2.8)
Seizure 1.000"
No 140(99.30) 137(97.2)
Yes 1(3.3) 4(2.8)
Abdominal pain 1.000"
No 29(96.7) 137(97.2)
Yes 0(0.0) 17(12.1)
Nausea 0.084"
No 30(100) 124(87.9)
Yes 0(0.0) 5(3.5)
Vomiting 0.588"
No 30(100) 136(96.5)
Yes 0(0.0) 4(2.8)
Diarrhea 0.601"
< No 30(100) 137(97.2)
‘@
= Yes 2(6.7) 20(14.2)
B Anorexia 0.374"
® No 28(93.3) 121(85.8)
€
g Yes 0(0.0) 9(6.4)
§ Headache 0.220"
5 No 30(100) 132(93.6)
c
©
e Yes 0(0) 2(1.4)
» Vertigo 1.000°
No 30(100) 139(98.6)
Yes 0(0.0) 0(0.0)
Paresthesia -
No 30(100) 141(100)
Yes 0(0.0) 0(0.0)
Paraplegia -
No 30(100) 141(100)
Yes 1(3.3) 3(2.1)
Chest pain 1.000°
No 29(96.7) 138(97.9)
Yes 0(0.0) 0(0.0)
Skin lesion —
No 30(100) 141(100)
PaO,, *
Median (25, 75%) 87.00 (77.75, 91.00) 92.00 (89.00, 95.00) <0.001
Temperature, 37.00 (36.50, 37.72) 37.00 (36.70, 37.80) 0.458"

Median (25, 75%)

Mohammadzadeh F, et al. A COVID-19 Progression Risk Score Model Study. JRH. 2024; 14(3):217-230.
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MeantSD/No.(%)/Median

Characteristics Disease Progression P
Yes No
Yes 0(0.0) 1(0.7)
Liver diseases 1.000"
No 30(100) 140(99.3)
Yes 6(20.0) 19(13.5)
Diabetes 0.394"
No 24(80.0) 122(86.5)
Yes 0(0.0) 2(1.4)
Hematologic diseases 1.000"
No 30(100) 139(98.6)
Yes 0(0.0) 0(0.0)
HIV/AIDS -
No 30(100) 141(100)
Yes 0(0.0) 0(0.0)
Autoimmune diseases -
No 30(100) 141(100)
Yes 5(16.7) 18(12.8)
Heart diseases 0.570"
No 25(83.3) 123(87.2)
Yes 0(0.0) 0(0.0)
Kidney diseases -
No 30(100) 141(100)
Yes 3(10) 4(2.8)
Asthma 0.104"
No 27(90) 137(97.2)
Yes 6(20) 5(3.5)
Lung diseases 0.004™
No 24(80) 136(96.5)
Yes 1(3.3) 1(0.7)
Nervous diseases 0.321"
No 29(96.7) 140(99.3)
Yes 16(53.3) 38(27.0)
Hypertension 0.005"
2 No 14(46.7) 103(73.0)
2
pe) Yes 5(16.67) 19(13.47)
5 Other’s diseases 1.000"
§ No 25(83.3) 122(86.5)
WBC (mm?) 7 a 5
Median (25, 75%) 58.50 (44.75, 91.25)x10 53.00 (40.00, 72.50)x10 0.144
NLR o
Median (25% 751 4.93 (2.51, 12.08) 3.63 (2.37, 5.65) 0.032
CRP (mg/L) g
Median (25, 75%) 47.36 (16.51, 101.43) 20.49 (5.66, 45.77 0.005
3 IL-6 (pg/mL) “
r_:,“ Median (25%, 75t) 23.90(17.85, 33.50) 10.80(9.10, 13.15) <0.001
>
< LDH (U/L) "
% Median (25%, 75t) 381.50 (320.00, 586.00) 339.00 (265.00, 438.00) 0.027
S Ferritin (ng/L) 5
§ Median (25% 75t) 237.30(143.40, 374.22) 217.00 (101.80, 352.25) 0.542

Mohammadzadeh F, et al. A COVID-19 Progression Risk Score Model Study. JRH. 2024; 14(3):217-230.
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MeantSD/No.(%)/Median

Characteristics Disease Progression P
Yes No
Yes 19(63.3) 3(2.1)
Tracheal intubation <0.001™
No 11(36.7) 138(97.9)
Yes 6(20) 40(28.4)
0, therapy 0.348"
No 24(80) 101(71.6)
Yes 20(66.7) 117(83.0)
Remdesivir 0.042
No 10(33.3) 24(17.0)
Yes 7(23.3) 45(31.9)
Interferon 0.354"
No 23(76.7) 96(68.1)
Yes 21(70.0) 101(71.6)
Dexamethasone 0.858"
No 9(30.0) 40(28.4)
Yes 14(46.7) 46(32.6)
Methylprednisolone 0.143"
2 No 16(53.3) 95(67.4)
Q
£ Yes 2(6.7) 16(11.3)
g Neurobion 0.448"
3 No 28(93.3) 125(88.7)
2
° Yes 1(3.3) 2(1.4)
é Favipiravir 1.000"
= No 29(96.7) 139(98.6)
s
o3 Yes 4(13.3) 3(2.1)
*qc'; Hydrocortisone 0.019'
= No 26(86.7) 138(97.9)
oo
g Yes 19(63.3) 87(61.7)
E Atorvastatin 0.867"
i No 11(36.7) 54(38.3)
=
© Yes 17(56.7) 77(54.6)
Aspirin 0.837"
No 13(43.3) 64(45.4)
Yes 4(13.3) 20(14.2)
Chloroquine 1.000"
No 26(86.7) 121(85.8)
Yes 18(60.0) 105(74.5)
Famotidine 0.109°
No 12(40.0) 36(25.5)
Yes 8(26.7) 45(31.9)
Zinc 0.572°
No 22(73.3) 96(68.1)
Yes 27(90.0) 124(87.9)
Heparin 0.777"
No 3(10.0) 17(12.1)
Yes 12(40.0) 54(38.3)
Vitamin C 0.862"
No 18(60.0) 87(61.7)
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MeantSD/No.(%)/Median

Characteristics Disease Progression P
Yes No
Duration of hospitalization (25, 75%) 9.00 (3.00, 18.25) 5.00 (4.00, 7.00) 0.014°*
Fully
g recover 0(0.0) 15(10.6)
£
§ Improved 0(0.0) 126(89.4)
3 Final outcome of COVID-19 £ b
xacerba- 9(30.0) 0(0.0)
tion
Death 21(70.0) 0(0.0)
LAzl

Abbreviations: PaO,: Partial pressure of oxygen; CT: Computed tomographic; WBC: White blood cells; NLR: Neutrophil-to-
lymphocyte ratio; CRP: C-reactive protein; IL-6: Interleukin-6; LDH: Lactate dehydrogenase.

*The independent t-test, The Mann-Whitney test, 'The chi-square test, “P<0.05.

Bivariate analysis

The findings of bivariate analysis showed several dis-
tinguishing characteristics between patients whose COV-
ID-19 progressed and those who were discharged or expe-
rienced symptomatic improvement. These characteristics
included a higher age (P<0.001), lower median PaO, val-
ues upon admission (P<0.001), lower prevalence of fever
(P=0.018), and higher prevalence of respiratory distress
upon admission (P=0.018). Additionally, there was a
higher prevalence of preexisting lung diseases (P=0.004)
and hypertension (P=0.005), more severe lung involve-
ment (P<0.001), elevated levels of NLR (P=0.032), CRP
(P=0.005), IL-6 (P<0.001), and LDH (P=0.027), reduced
administration of Remdesivir (P=0.042), and increased
administration of hydrocortisone (P=0.019) among those
whose condition progressed.

Development and validation of risk score predic-
tion model

Sixteen variables, including age, sex, use of opium,
inpatient department, fever, respiratory distress, loss of
consciousness, lung involvement, hypertension, chronic
lung disease, Remdesivir, hydrocortisone, IL-6, CRP,
LDH, and NLR in the simple logistic regression model
with P<0.2 were selected as potential predictor variables
to enter the multiple logistic regression model. Three
variables, including lung involvement, NLR, and IL-6,
were significant in the multiple logistic regression model
and were set in the risk score formula (Table 2). The risk
score for disease progression was developed based on
the regression coefficients of the multiple logistic regres-
sion model (Equations 1 and 2).

1. Risk score=(0.433 xIL-6)+(0.205 xNLR)+(0.072
xLong involvement)

Table 2. Logistic regression model results of associated factors with adverse effects in patients hospitalized with COVID-19

OR (95% Cl) P
Variables Unadjusted Adjusted
Simple Multiple
Simple Multiple
IL-6 1.41(1.25,1.59) 1.54 (1.26, 1.89) <0.001 <0.001
NLR 1.13(1.05, 1.22) 1.23 (1.06, 1.43) 0.001 0.008
Lung involvement 1.05 (1.03, 1.08) 1.07(1.03,1.12) <0.001 0.001

Abbreviations: IL-6: Interleukin 6; NLR: Neutrophil-to-lymphocyte ratio; OR: Odds ratio; CI: Confidence interval. Ay

Mohammadzadeh F, et al. A COVID-19 Progression Risk Score Model Study. JRH. 2024; 14(3):217-230.



http://jrh.gmu.ac.ir

Tonsnal of Rocaasch £ _Hoalth
UUuUl 11dil Ul AN D VAL vl Adveinil

The Equation 2 was obtained to calculate the probabil-
ity of disease progression.

2. Probability=Exp(Risk score)/1+Exp(Risk score)

The Hosmer - Lemeshow test statistic indicated a well-
fitting risk score model to the data (P=0.681).

The performance and validation of risk score

The AUC was 97.0 (95% CI, 93.5%, 1.00%) in the
discovery dataset and 97.3 (95% CI, 92.3%, 100.0%) in
the validation dataset, indicating a good performance in
both discovery and validation datasets. The performance
of combined variables of IL-6, NLR, and lung involve-
ment as predictors of disease progression in the risk score
prediction model was significantly higher than IL-6, NLR,
lung involvement, CRP, and LDH alone (Figure 1). Table 3
listed the cut-off values of sensitivity, specificity, positive
and negative predictive values of each of the mentioned
variables, and AUC of the established prediction model.

Discussion

In this study, a risk score prediction model was estab-
lished to aid in the identification of Iranian COVID-19
patients who are at a higher risk of disease progression
at the time of hospitalization. The risk score model com-
prised three variables, IL-6, NLR, and lung involvement,
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and demonstrated an AUC of 97.0 (95% CI, 93.5%,
1.00%) in the discovery dataset and 97.3 (95% CI,
92.3%, 100.0%) in the validation dataset. These results
indicate good performance in discovery and validation
datasets, comparable to other models in the literature.
A study has shown that predictive scores based on IL-6
and NLR, in combination with respiratory rate, SpO,/
FiO, ratio, and LDH, exhibit superior capability (AUC
over 0.80) compared to other similar scores developed
for the prediction of adverse outcomes in COVID-19,
specifically in the prediction of invasive mechanical ven-
tilation [16]. Another study has demonstrated that three
models containing one of the parameters of NLR or IL-6,
combined with three clinical parameters (age, sex, and
SpO,), exhibit promising discrimination in predicting ad-
verse outcomes in COVID-19 patients [17]. In another
study, IL-6 has been identified as an independent pre-
dictor of COVID-19 mortality in a six-point prediction
score model [18]. Additionally, a study has verified the
predictive role of chest CT severity score in the need for
invasive mechanical ventilation and mortality in COV-
ID-19 patients, with an AUC of 0.759 [19]. It is said that
the increase in NLR values is related to the decrease in
lymphocytes, which have a crucial role in battling SARS-
infected cells. The direct effect of SARS-CoV-2 on lym-
phocytes causing cell death, increasing lactic acid and
inhibiting lymphocyte proliferation, and directly invad-
ing and destroying the lymphatic organs are the main rea-

TR H
Jisan

Figure 1. ROC curve of CRP, LDH, NLR, Lung involvement, and IL-6

Left: Discovery dataset, Right: Validation datasets

Abbreviations: ROC: Receiver operator curve; CRP: C-reactive protein; LDH: Lactate dehydrogenase; NLR: Neutrophil-to-

lymphocyte ratio; IL-6: Interleukin-6.
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Table 3. Sensitivity, specificity, NPV, PPV, and AUC of risk score and biomarkers in discovery and validation datasets

Discovery Dataset

Marker Long Involve- Risk Score: Long
CRP LDH NLR IL-6 ’
ment Involvement+IL-6+NLR
Cut-off 33.22 356.50 4.54 425 14.45 -2.45
% (95% Cl)
Marker
Long In- Risk Score: Long
CRP LDH NLR volvement 52 Involvement+IL-6+NLR
Sensitivit 66.7 58.3 54.2 70.8 91.7 91.7
Y (447,84.4) (36.6,78.0) (32.8,74.5)  (48.6,86.6) (73.0,99.0) (73.0,99.0)
§ Specificit 65.5 56.4 60.0 85.5 84.5 88.2
i P Y (55.8,74.3) (47.0,65.8) (50.2,69.2)  (77.1,91.2) (76.4,90.7) (80.6, 93.6)
E_ NPV 90.0 86.1 85.7 93.1 97.9 98.0
E;; (83.4,94.1) (79.0,91.1) (79.1, 90.5) (85.8,96.9) (92.4,99.4) (92.8,99.5)
§ PPV 29.6 22.6 22.8 51.5 56.4 62.9
a (22.3,38.1)  (16.4,91.1) (16.1,31.3)  (33.6,68.8) (45.1,67.1) (50.0, 74.1)
AUC 68.8 61.8 64.6 78.7 93.4 97.0
(56.7, 81.0) (48.9,74.7) (50.6, 78.6) (66.7,90.7) (87.7,99.1) (93.5, 100.0)
Sensitivit 66.7 50.0 50.0 66.7 83.3 100.0
Y (22.3,957) (11.8,88.2) (11.8,882)  (24.1,94.0) (35.9, 99.6) (54.1, 100.0)
@ Specificit 64.5 58.1 67.7 80.6 71.0 87.1
% P Y (45.4, 81.0) (39.1, 75.5) (48.6, 83.3) (61.9,91.8) (52.0, 85.8) (70.2,93.4)
2 NPV 90.9 85.7 87.5 92.6 95.7 100.0
S (75.8,97.0)  (71.9,93.4) (75.2,94.2)  (74.2,98.7) (78.4,99.3) (100.0, 100.0)
T
2 PPV 26.7 18.8 23.1 413 35.7 60.0
g (14.8,43.2)  (8.6,36.2) (10.4,43.7) (13.3,100.0) (22.4,51.7) (37.5,78.9)
AUC 58.1 66.9 53.8 84.1 88.7 97.3
(26.2,90.0) (38.1,95.7) (24.5,83.0) (67.1,100.0)  (68.2, 100.0) (92.3,100.0)

LLazsl

Abbreviations: NPV: Negative predictive value; PPV: Positive predictive value; AUC: The area under the receiver operator
curve; CRP: C-reactive protein; LDH: Lactate dehydrogenase; NLR: Neutrophil-to-lymphocyte ratio; IL-6: Interleukin 6; CI:

Confidence interval.

sons for decreasing lymphocytes in patients with severe
COVID-19 [20]. Cytokines play critical roles in regulat-
ing immunological and inflammatory responses. IL-6 is
a major inflammatory cytokine with pleiotropic effects
implicated in coronavirus-induced storms [21, 22]. The
cytokine storm, ie, high and uncontrolled levels of cyto-
kines, triggers following the inflammatory responses in-
duced in immune, epithelial, and endothelial cells due to
SARS-CoV-2 invasion in the body [22]. Cardiovascular
collapse and dysfunction syndromes of various organs,
including renal and liver failure, are the consequences of
high concentrations of the cytokine storm [23].

In this study, the bivariate analyses showed that disease pro-
gression was significantly associated with older age, consis-
tent with other studies [24-26]. Older adults are more likely to
develop more severe COVID-19 complications due to comor-
bidities, reduced physical functioning, poor body resistance,
and a decline in angiotensin-converting enzyme-2 (ACE2)
expression levels and anti-inflammatory response [4, 26].

Fever and respiratory distress were also associated with
the risk factors of disease progression. Fever is the most
frequent symptom in COVID-19 patients, which occurs
in the immune system response to virus infections in the
body [27]. Delay in seeking medical attention and the
rapid disease progression in patients with COVID-19
could lead to an excessive inflammatory condition called
a cytokine storm, which appears with an unlimited fever
[28], promoting further inflammation and further im-
mune activation with undesired effects [27]. Respiratory
symptoms are also important indicators of the severity
of the infection.

Similar to other studies [29, 30], patients with preexist-
ing hypertension or chronic lung disease comorbidities
were more susceptible to COVID-19 progression in the
present study. Severe COVID-19 outcomes in patients
with preexisting hypertension could be related to endo-
thelial dysfunction and renin-angiotensin system (RAS)
imbalance that favors a pro-inflammatory state, caus-

Mohammadzadeh F, et al. A COVID-19 Progression Risk Score Model Study. JRH. 2024; 14(3):217-230.
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ing a higher level of IL-6 and tumor necrosis factor-o
(TNF-a) [31, 32]. Elevating respiratory problems in CO-
VID-19 patients with preexisting chronic lung diseases
could worsen the condition and increase mortality [33].

Bivariate analyses demonstrated a significant associa-
tion between elevated CRP and LDH values and disease
progression in patients with COVID-19. In line with the
findings of our study, numerous research [34-36] pro-
posed that increased CRP and LDH values are related
to higher levels of severity of COVID-19 and poorer
outcomes. CRP is a plasma protein clinically used as
a biomarker to identify disease severity in various in-
flammatory conditions [37]. COVID-19 progression
may be accompanied by a cytokine storm, activation of
the complement system, and amplifying inflammatory
insults because of increasing CRP production through
stimulating hepatocytes by cytokines such as IL-6 and
TNFa. However, it is difficult to effectively state adap-
tive immunity in severe or critically ill COVID-19 pa-
tients due to severe damage to the integrity of the al-
veolar epithelial and endothelial barrier and significant
decreases in lymphocyte counts with T cell-mediated
immunosuppression. Therefore, it leads to severe mac-
rophage infiltration and worsens acute lung injury [38].
LDH is an intracellular enzyme found in almost all body
cells, and increasing its concentration may indicate dam-
age to tissue/cells and viral infections or lung damage
[39]. Nevertheless, the progress and prognosis of the
pathogenic mechanism of LDH on COVID-19 remains
unclear [40].

To date, corticosteroids and Remdesivir are the two
most promising treatments for COVID-19 [41]. Never-
theless, as a result of the scarcity of randomized trials
and inconclusive observational studies, the efficacy and
safety of corticosteroids in viral pneumonia patients and
Remdesivir’s risk and benefit for COVID-19 patients
who require high-flow oxygen or mechanical ventilation
are not certain [42, 43]. In this study, taking Remdesivir
in patients with poorer outcomes was statistically signifi-
cantly less, and hydrocortisone was more.

Based on the multivariate logistic regression model
results, IL-6, NLR, and lung involvement on admission
were the only independent biomarkers associated with
COVID-19 progression. Our risk prediction model with
these three variables achieved an acceptable receiver op-
erating characteristic (ROC)-AUC of 0.90 in the discov-
ery dataset and 0.89 in the validation dataset for disease
progression prediction. However, for the validation da-
taset, confidence intervals were wider for indices, espe-
cially for sensitivity, which may be related to the smaller
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sample size in the validation dataset. Therefore, a larger
sample size is needed to assess its applicability in future
research.

Conclusion

We identified a risk score that may represent a poten-
tial diagnostic tool in the clinical setting to identify CO-
VID-19 patients at a higher risk of disease progression.
This risk score model might have significant potential in
public health. It can aid in making informed decisions
and providing targeted interventions while maximizing
efficiency and utilizing available resources. Considering
other changes in biomarkers and clinical and diagnostic
symptoms of patients with COVID-19 can help us de-
termine the exact indicators of the disease progression.

Strengths and limitations

This study had some strengths. One of this study’s
strengths was the study’s prospective nature, which
added to the validity of data and findings. This study
validated the risk score, and all indices for assessing the
risk score performance were reported with a confidence
interval. An additional strength was the simplicity of the
achieved risk score. The study had some limitations, too.
First, it was conducted in a single center. Second, in this
study, the risk score model had an acceptable ROC-AUC
in the discovery and validation datasets for disease pro-
gression prediction. However, for the validation dataset,
confidence intervals were wider for indices, especially
for sensitivity, which may be related to the smaller sam-
ple size in the validation dataset. Therefore, a single-cen-
ter study and a small sample size weakened the general-
izability of the study. Thus, future studies with national
data and larger sample sizes are needed.
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