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Background: 
Accurate assessment of COVID-19 severity is essential for predicting patient 
outcomes, enabling clinicians to identify individuals at high risk of fatality early 
in the disease course. This prognostic information serves to guide triage 
decisions, ensuring that limited hospital resources are effectively allocated to 
those in greatest need. 
 

methods:  
This retrospective study included 160 hospitalized patients with confirmed 
COVID-19, aged 18 years and older, who were admitted to hospitals in 
Iranshahr during 2020. Comorbidities, social and behavioral variables were 
incorporated into an Artificial Neural Network (ANN) model to predict the 
severity and fatality of COVID-19. 
 
Results:  
The overall in-hospital fatality rate was 14.4%, with all deaths occurring within 
the critical group. Among demographic factors, older age and lower 
educational level were significantly associated with increased disease severity 
(𝑃<0.01), whereas sex and occupational status showed non-significant trends. 
Regarding behavioral factors, smoking exhibited a positive but statistically 
non-significant association with COVID-19 severity (𝑃=0.067), while lower 
fruit consumption was significantly associated with more severe outcomes 
(𝑃=0.021). Among comorbidities, cancer, hypertension, and cardiovascular 
disease were strongly associated with severe and critical illness (𝑃<0.05). The 
ANN analysis revealed that the national COVID-19 severity protocol possesses 
exceptional predictive power for fatality (AUC = 0.99, 95% CI: 0.98–1.00).  
 

Conclusions:  
The findings of this study highlight the critical role of national protocols in 
optimizing patient triage and hospitalization priorities, and suggest that 
clinical measures should be integrated with a comprehensive understanding of 
the social and behavioral factors influencing severity and fatality. 
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Introduction 
Accurate assessment of COVID-19 severity is 
essential for predicting patient outcomes, as 
it allows clinicians to identify individuals at 
high risk of mortality early in the disease 
course. This prognostic information directly 
guides triage decisions, ensuring that limited 
hospital resources, especially ICU beds, 
ventilators, and specialized staff, are 
allocated to those who need them most. By 
systematically stratifying patients based on 
clinical, laboratory, and imaging indicators 
of severity, healthcare systems can reduce 
preventable deaths and deliver timely, risk-
appropriate care during surges of infection. 
Six years after the onset of the COVID‑19 
pandemic, its enduring impact continues to 
pose a major health challenge in primary 
care. WHO sentinel data show that by 
mid‑May 2025, the global COVID‑19 test 
positivity rate had reached 11%, equaling 
the previous year’s peak observed in July 
2024 (1, 2). Numerous studies have 
described the clinical manifestations of 
COVID-19 among hospitalized patients 
across different countries (3). In Iran, 
national protocols for hospitalization and 
severity assessment have established 
standardized categories of illness, including 
moderate, severe, and critical stages. While 
these classifications guide clinical 
management and resource allocation, there 
has been limited investigation into their 
analytic use for predicting patient outcomes. 
Specifically, no studies have examined risk 
factors for disease severity across these 
ordered categories under the national 
severity protocol, nor assessed how they 
contribute to outcome prediction. 
Understanding these associations is 
essential for improving triage decisions and 
enhancing the accuracy of prognosis models 
in the Iranian healthcare context (4, 5). 

Although vaccination and therapeutic 
advancements have reduced overall 
mortality, a wide spectrum of clinical 
responses persists, ranging from 
asymptomatic infections to severe and 
critical illness. Understanding why some 
individuals experience milder disease 
outcomes upon exposure while others 

require intensive care is crucial. Identifying 
the risk factors that determine disease 
severity allows clinicians to screen 
vulnerable patients earlier and implement 
more tailored treatment protocols. 

COVID-19 has posed an unprecedented 
challenge to healthcare systems globally, 
particularly due to its heterogeneous clinical 
course and unpredictable progression. 
Therefore, identifying determinants of 
disease severity using appropriate statistical 
models is essential for improving early risk 
stratification and clinical decision-making 
(6-8). 

An extensive body of scientific literature 
exists regarding the predictors of COVID-19 
severity. While certain factors, such as age 
and pre-existing conditions, are consistently 
recognized as strong determinants, the role 
of behavioral and demographic factors often 
requires nuanced statistical evaluation. 
Consistently, increasing age has been 
identified as the strongest predictor of 
adverse outcomes and greater disease 
severity (Severe/Critical). This is attributed 
to factors like immune-senescence and the 
higher prevalence of chronic diseases in 
older populations. Furthermore, some 
studies have indicated that sex may act as a 
modifying factor, with males tending to 
exhibit more severe outcomes in certain 
populations (9-11). 

In addition, Comorbidities play a vital role. 
Research has extensively demonstrated that 
a history of Diabetes Mellitus, 
Cardiovascular Diseases, Hypertension, 
Obesity (high BMI), and chronic respiratory 
diseases (e.g., COPD) are significantly 
associated with an increased risk of 
hospitalization and disease progression (3). 

The impact of lifestyle factors is more 
complex, with some studies reporting mixed 
or nuanced results. While extreme obesity 
(BMI ≥40) is a known risk factor for 
hospitalization and mechanical ventilation, 
some literature suggests that in younger 
populations or among those who become 
critically ill, obesity might show a weaker 
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correlation with severity compared to other 
variables, or even exhibit a temporary 
protective effect in very early infection 
stages (Obesity Paradox), though this is not 
confirmed for later, severe stages (12-14). 

The scientific consensus on smoking and 
COVID-19 severity remains ambiguous. 
Some early studies provided stronger 
evidence linking smoking to severe 
outcomes, while larger, more controlled 
studies have reported weak or non-
significant statistical associations (often 
with P-values close to the 0.05 threshold). 
These discrepancies may stem from 
differences in how smokers (current, 
former, or intensity of use) are categorized 
(13, 15-17). 

The role of dietary habits has received less 
direct investigation. However, recent 
evidence underscores the importance of 
nutrient-rich diets. Findings that link low 
Fruit consumption to higher disease severity 
suggest a hypothesis that a deficiency in 
antioxidants and vitamins might modulate 
the body’s inflammatory response in a way 
that predisposes to more severe outcomes 
(18). 

Identifying key factors associated with the 
severity of COVID‑19 can play a crucial role 
in improving patient management and 
optimizing the allocation of hospital 
resources. Such knowledge enables 
healthcare providers to identify high‑risk 
patients at an early stage and make more 
informed clinical decisions regarding 
hospitalization, level of care, and therapeutic 
interventions. Moreover, understanding 
these factors provides an evidence‑based 
foundation for the efficient distribution of 
critical resources, including intensive care 
unit beds, ventilators, and medical staff. 
Ultimately, this information can enhance 
health system preparedness and response in 
future pandemics with similar 
characteristics, leading to better patient 
outcomes and reduced strain on healthcare 
systems (19). 

An important conceptual and 
methodological consideration in the present 

study is the explicit treatment of COVID-19 
severity as an ordered clinical outcome 
rather than a dichotomous endpoint such as 
survival or ICU admission. National 
guidelines classify hospitalized patients into 
moderate, severe, and critical categories, 
reflecting a clinically meaningful 
progression of disease rather than discrete, 
unrelated states. Modeling severity across 
these ordered levels allows for a more 
nuanced evaluation of factors associated 
with disease progression, preserves 
information that is lost in binary 
classifications, and better mirrors 
real-world clinical decision-making and 
resource allocation. Within this framework, 
increasing attention has been drawn to the 
contribution of social determinants of 
health, including education, occupation, and 
health-related behaviors, which may 
influence exposure risk, healthcare access, 
timing of presentation, and underlying 
vulnerability to severe disease. The aim of 
the current investigation, utilizing Machine 
Learning models, specifically Artificial 
Neural Networks (ANN), to evaluate 
whether a combination of these behavioral 
and demographic factors can accurately 
predict disease severity and to determine 
which model is most suitable for this 
classification task. 

Methods  
Data for this study were collected from all 
169 hospitalized COVID-19 patients 
presenting during the first peak of the 
pandemic in 2020 at medical centers 
affiliated with Iranshahr University of 
Medical Sciences. After excluding under 
eighteen years old cases, a total of 160 adult 
patients were included. Patient severity was 
classified at the time of admission into 
Moderate, Severe, or Critical categories, 
adhering strictly to the guidelines issued by 
the Deputy Ministry of Health and 
Treatment. Data extracted from registry 
forms included socio-demographic factors, 
behavioral data, and a checklist of 
comorbidities. The primary outcomes of 
interest were overall disease severity and in-
hospital fatality. To analyze the influence of 
various factors, two distinct ANN 
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architectures were developed: Model I 
(focused on clinical comorbidities) and 
Model II (focused on socio-demographic and 
behavioral variables). The relationship 
between these independent variables and 
the outcomes (severity and fatality) was 
characterized using ROC curve analysis and 
normalized importance statistics. The 
performance of the models was evaluated 
using confusion matrices, Cross-Entropy 
loss, and the Area Under the Curve (AUC). To 
mitigate the risk of overfitting, the data were 
split into training and testing sets.  The 
model architecture comprised an input layer 
consisting of independent variables, 
including demographic, social, and 
behavioral factors. A single hidden layer was 
utilized, containing one unit with a 
hyperbolic tangent activation function to 
facilitate non-linear mapping. The output 
layer was configured with three units, 
corresponding to the three levels of disease 
severity, employing a Softmax activation 
function to generate class probabilities. 
Model training was optimized using the 
cross-entropy loss function to minimize 
classification error. Following standard 
practice, the bias units were excluded from 
the structural description provided herein.  
Also, to determine the influence of various 
factors on fatality of COVD-19, two distinct 
ANN models were developed: one for socio-
behavioral variables and another for 
comorbidities. The model architecture 
comprised an input layer consisting of 
independent variables, including 
demographic, social, and behavioral factors. 
A single hidden layer was utilized, 
containing one unit with a hyperbolic 
tangent activation function to facilitate non-
linear mapping. The output layer was 
configured with two units, corresponding to 
the two levels of disease fatality, employing 
a sigmoid activation function to generate 
class probabilities. Model training was 
optimized using the cross-entropy loss 
function to minimize classification error.   

Results 
Of the 160 hospitalized patients admitted to 
hospitals, 137 patients (85.6%) recovered, 
whereas 23 patients (14.4%) died.  Table 1, 

shows that the fatality has very strong and 
highly significant association with disease 
severity (P < 0.001), such that all deceased 
patients were classified in the critical group, 
whereas surviving patients were 
predominantly observed in the moderate 
and severe categories.  
Among the studied patients, 96 individuals 
(60%) had negative PCR results, 32 patients 
(20%) tested positive, and 32 patients 
(20%) did not undergo PCR testing. 
Considering that out of 128 hospitalized 
COVID‑19 patients with PCR test results, 96 
had negative PCR results, the probability of a 
false‑negative PCR test was estimated to be 
0.75, indicating an approximate 
false‑negative rate of 75%. 

Evaluation of chest radiographic findings 
revealed that 14 patients (8.3%) had normal 
imaging, 40 patients (25%) showed 
unilateral patchy infiltration, 77 patients 
(48.1%) exhibited bilateral patchy 
infiltration, and 30 patients (18.7%) 
presented with advanced pulmonary 
involvement characterized by extensive 
ground‑glass opacities. Overall, 91.9% of 
chest imaging findings were consistent with 
COVID‑19 infection. 

Statistical analysis of the three main 
variables associated with COVID‑19 disease 
severity categories yielded the following 
results. PCR test results showed no 
statistically significant association with 
disease severity (P = 0.680), indicating that 
PCR implementing, positivity or negativity 
had no meaningful impact on the clinical 
severity of the disease. In contrast, chest CT 
findings demonstrated a strong and 
statistically significant positive association 
with disease severity (P < 0.001).  

Also, the results of analysis of underlying 
medical conditions with COVID-19 severity 
showed in table1. Among all assessed 
comorbidities, only a history of 
cardiovascular disease and hypertension 
was strongly and statistically significantly 
associated with increased COVID‑19 disease 
severity (P < 0.001 for both). Patients with 
pre‑existing cardiovascular disease or 
hypertension exhibited a markedly higher 
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proportion of severe and critical illness 
compared with those without these 
conditions. For example, among individuals 
with hypertension, 39.0% were classified as 

having critical disease, whereas only 10.1% 
of patients without hypertension fell into the 
critical category. 

 
Table 1. Statistical association between Fatality, diagnostic markers (PCR, CT), and comorbidities with 
the levels of COVID-19 disease severity 

 
COVID-19 severity  

 N (row percent)  
  

Moderate Severe Critical Total P-value 

Fatality - - 23 (100.0) 23 < 0.001 

PCR 

Negative   42 (43.8)  38 (39.6)  16 (16.7) 96 

0.680 Positive   15 (46.9)  13 (40.6)  4 (12.5) 32 

Not done  17 (53.1)  7 (21.9)  8 (25.0) 32 

Chest CT 

Normal   10 (76.9)  3 (23.1)  0 (0.0) 13 

< 0.001 
Infiltration patchy-one   27 (67.5)  9 (22.5)  4 (10.0) 40 

Infiltration patchy-two   27 (35.1)  36 (46.8)  14 (18.2) 77 

Spread  10 (33.3)  10 (33.3)  10 (33.3) 30 

C
o

m
o

rb
id

it
ie

s 

HIV 1 (33.3) 2 (66.7) - 3  

Heart Disease 8 (22.2) 15 (41.7) 13 (36.1) 36 < 0.001 

Hypertension  14 (34.1) 11 (26.8) 16 (39.0) 41 < 0.001 

Thyroid  3(100.0) - - 3 0.095 

Diabetes  6 (28.6) 13 (61.9) 2 (9.5) 21 0.523 

Kidney Disease 7 (46.7) 5 (33.3) 3 (20.0) 7 (46.7) 0.91 

Asthma  3 (42.9) 3 (42.9) 1 (14.3) 7 0.995 

Respiratory Disease 6 (46.2) 4 (30.8) 3 (23.1) 13 0.775 

Liver Disease 2 (40.0) 3 (60.0) - 5 0.732 

Cancers - 1 (33.3) 2 (66.7) 3 0.026 

Hepatitis  3 - - 3 0.095 

Psychological Disease 4 (66.7) - 2 (33.3) 6 0.878 

BMI ≥ 40 - 1 (50.0) 1 (50.0) 2 0.134 

Total 74 (46.3) 58 (36.3) 28 (17.5) 160  

 

In addition, a history of cancer showed a 
statistically significant association with 
disease severity (P = 0.026). Although the 
number of patients with cancer was limited, 
66.7% of these patients were classified as 
having critical illness, indicating a 
substantially elevated risk of severe 
outcomes in this subgroup.  

In contrast, other comorbid conditions, 
including HIV infection, thyroid disorders, 
diabetes mellitus, chronic kidney disease, 
asthma, chronic respiratory diseases, liver 
disease, hepatitis, and other neurological or 
systemic disorders did not demonstrate 

statistically significant associations with 
COVID‑19 disease severity, as reflected by 
P‑values greater than 0.05. These findings 
suggest that, within this study population, 
the presence of cardiovascular disease, 
hypertension, and cancer played a more 
prominent role in determining clinical 
severity than other underlying health 
conditions. In addition, severe obesity (BMI 
≥ 40 kg/m²), was not significantly related to 
disease severity (P = 0.134). 

Analysis of demographic characteristics 
(Table 2) demonstrated that marital status 
and religious affiliation were not 
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significantly associated with COVID‑19 
disease severity (P = 0.995 and P = 0.873, 
respectively). The distribution of patients 
across moderate, severe, and critical 
categories was largely uniform among 
different marital and religious subgroups, 
indicating no meaningful relationship 
between these variables and clinical 
severity. 
 
With respect to sex, although the association 
did not reach conventional statistical 
significance (P = 0.098), a borderline trend 
was observed. Male patients exhibited a 
higher proportion of critical illness 
compared with female patients (23.5% vs. 
11.4%), suggesting a potential sex‑related 
difference in disease progression that did 
not achieve statistical significance in the 
present sample. In contrast, age groups 
showed a statistically significant association 
with disease severity (P = 0.020). An evident 
gradient toward more severe clinical 
outcomes was observed with increasing age. 
Younger patients aged 18–30 years were 
predominantly classified as having 
moderate disease (55.6%), whereas older 
age groups had the highest proportions of 
severe and critical disease, highlighting age 
as a key determinant of COVID‑19 severity. 
 

Occupation was not significantly associated 
with disease severity (P = 0.075). However, 
the distribution observed among employees, 
in whom the majority of cases were 
classified as moderate (84.6%), should be 
interpreted cautiously due to the small 
sample size in this subgroup (n = 13). This 
disproportionate distribution is likely 
attributable to sampling variability rather 
than reflecting a true protective 
occupational effect. Educational level 
demonstrated a statistically significant 
association with COVID‑19 severity (P = 
0.010).  

Patients with primary education were most 
frequently classified as having moderate 
disease (62.8%), whereas illiterate 
individuals exhibited the highest 
proportions of severe (43.9%) and critical 
(28.1%) illness. These findings suggest that 
lower educational attainment may be 
associated with an increased likelihood of 
experiencing more severe COVID‑19 
outcomes in this study population Analysis 
of behavioral factors indicated that most of 
the variables examined were not 
significantly associated with COVID‑19 
disease severity, with the notable exception 
of fruit consumption (Table 2). Hookah use 
showed no statistically significant 
association with disease severity (P = 0.775), 
as the distribution of moderate, severe, and 
critical cases among hookah users was 
comparable to that observed among 
non‑users. Similarly, drug use was not 
significantly associated with disease 
severity (P = 0.098), although a higher 
proportion of severe and critical cases was 
observed among drug users compared with 
non‑users, suggesting a non‑significant 
upward trend toward more severe 
outcomes. Cigarette smoking likewise 
demonstrated no statistically meaningful 
association with disease severity (P = 0.067).  

In contrast, fruit consumption exhibited a 
statistically significant association with 
COVID‑19 severity (P = 0.021). Patients 
reporting the lowest level of fruit intake had 
the highest combined proportion of severe 
and critical illness (57.6%), whereas those 
with the highest level of fruit consumption 
were predominantly classified as having 
moderate disease (75.0%) and showed the 
lowest proportion of severe and critical 
cases (25.0%). These findings suggest a 
potential protective association between 
higher fruit intake and reduced COVID‑19 
severity in this study population.  
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Table 2. Association between Demographic and Behavioral factors with COVID-19 Severity 

 

 

(Table 3), presented the confusion matrix for 
prediction vs observed test set by two ANN 
models. Model I showed excellent 
performance in identifying moderate cases, 
correctly classifying all 19 patients in this 
group with 100.0% accuracy. In addition, 
Model I demonstrated relatively acceptable 
discrimination of critical cases, correctly 
identifying 5 of the 7 true critical patients 
(71.4%). However, this model failed entirely 
to identify severe disease, as none of the 17 
patients with severe COVID‑19 were 
correctly classified, yielding an accuracy of 
0.0% for this category. All severe cases were 

misclassified as either moderate or critical, 
indicating a substantial limitation in the 
model’s ability to distinguish intermediate 
disease severity. 

A divergence was observed between the 
cross-entropy values and the overall error 
rates of Model I and Model II. While Model I 
demonstrated higher precision in 
identifying moderate and critical cases, 
Model II exhibited superior performance in 
classifying severe cases. Overall, Model II 
achieved a lower proportion of incorrect 
predictions (36.7% vs. 44.2%) and 

Demographic factors 

  

COVID-19 severity 
N (Row Percent) 

Total P-Value 

moderate sever critical   

Marital 
Single   10 (45.5) 8 (36.4) 4 (18.2) 22 0.995 

Married   64 (46.4) 50 (36.2) 24 (17.4) 138  

Sex 
Female   37 (46.8) 33 (41.8) 9 (11.4) 79 0.098 

Male   37 (45.7) 25 (30.9) 19 (23.5) 81  

Religious 
Sunni Muslims 51 (47.7) 38 (35.5) 18 (16.8) 107 0.873 

Shia Muslim 23 (43.4) 20 (37.7) 10 (18.9) 53  

Age Groups 

18-30 20 (55.6) 13 (36.1) 3 (8.3) 36 0.020* 

30-45 19 (45.2) 15 (35.7) 8 (19.0) 42  

45-60 20 (54.1) 12 (32.4) 5 (13.5) 37  

60-75 10 (38.5) 10 (38.5) 6 (23.1) 26  

+75 5 (26.3) 8 (42.1) 6 (31.6) 19  

Job Employee  11 (84.6) 1 (7.7) 1 (7.7) 13 0.075 

Freelancer   18 (52.9) 9 (26.5) 7 (20.6) 34  

Unemployed 29 (39.2) 32 (43.2) 13 (17.6) 74  

other 16 (41.0) 16 (41.0) 7 (17.9) 39  

Education 

Illiterate  16 (28.1) 25 (43.9) 16 (28.1) 57 0.010* 

Primary  27 (62.8) 11 (25.6) 5 (11.6) 43  

Secondary  20 (50.0) 16 (40.0) 4 (10.0) 40  

University  11 (55.0) 6 (30.0) 3 (15.0) 20  

Fruit 

Middle 12 (75.0) 2 (12.5) 2 (12.5) 16 

0.021 Low  40 (43.5) 41 (44.6) 11 (12.0) 92 

Very Low 22 (42.3) 15 (28.8) 15 (28.8) 52 

Behaviors 

Hooka 4 (30.8) 8 (61.5) 1 (7.7) 13 0.775 

Drug user 2 (18.2) 5 (45.5) 4 (36.4) 11 0.098 

Smoking 3 (23.1) 6 (46.2) 4 (30.8) 13 0.067 

Total 74 (46.3) 58 (36.3) 28 (17.5) 160  
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presented a more favorable performance 
profile in the model summary. Although 
direct comparisons of cross-entropy are 
most valid when identical loss functions are 

applied, the results suggest that Model II 
provides a more reliable and balanced 
classification of disease severity across all 
categories. 

 

Table 3. Results of the ANN for predicting COVID‑19 Severity 

 Observed  
Predicted Percent 

Correct 
Model Summary 

moderate sever critical 

Model I 

Moderate  19 0 0 100.0% 
Cross Entropy  = 39.985 

Percent Incorrect Predictions = 

44.2% 

Severe 13 0 4 0.0% 

Critical  2 0 5 71.4% 

Model 

II 
Moderate  21 4 1 80.8% 

Cross Entropy= 44.530 

Percent Incorrect Predictions 
36.7% 

 

Model II exhibited a more balanced 
classification performance across severity 
levels. This model correctly classified 21 
moderate cases, outperforming Model I in 
this category, and showed a marked 
improvement in identifying severe disease, 
correctly classifying nine patients, whereas 

Model I failed to correctly classify any severe 
cases. Nevertheless, the principal limitation 
of Model II was its poor performance in 
identifying critical cases, the area under the 
ROC curves for critical cases in model I is 
AUC=0.688 versus AUC=0.725 for Model II, 
as shown in ( Figure1).  

 

Figure 1. Roc Curves of Model I and Model II for COVID-19 Severity 

illustrates the normalized importance of 
input variables in two artificial neural 
network models developed to assess factors 
associated with COVID‑19 disease severity. 
In Model I, which primarily incorporated 
clinical comorbidities, hypertension 

emerged as the most influential predictor, 
exhibiting the highest normalized 
importance (0.394). This was followed by 
cardiovascular disease (0.229), indicating a 
substantial contribution of underlying heart 
conditions to the model’s severity 



Predictive Power of Risk Stratification in Early COVID-19                                                                                         Tabesh H, et  al    
                                                                                                                                                                                                                     

227                                                                                                                                                                   PSQI J, Vol. 14, No. 4, Oct-2026 

 

 

classification. Asthma (0.163) and renal 
disease (0.120) showed moderate levels of 
importance, whereas chronic respiratory 
disease (0.061) and diabetes mellitus 
(0.034) contributed minimally to the 
model’s predictive structure. These findings 
suggest that, among comorbidities, vascular 
and cardiac conditions played a dominant 
role in driving severity discrimination 
within Model I, while metabolic disorders 
such as diabetes had comparatively limited 
influence. In Model II, which incorporated 
demographic and behavioral variables, 
occupational status (job) demonstrated the 
highest normalized importance (0.214), 
closely followed by fruit consumption 

(0.212). This highlights the potential 
relevance of socioeconomic and lifestyle-
related factors in the classification of disease 
severity. Age (0.146) and educational level 
(0.137) also exhibited substantial 
importance, reinforcing the role of older age 
and lower education in more severe disease 
outcomes. Gender showed a moderate 
contribution (0.125), whereas religious 
affiliation (0.084) and drug use (0.052) had 
limited influence. Behavioral factors such as 
smoking (0.016) and hookah use (0.014) 
demonstrated minimal importance, 
suggesting a relatively weak contribution to 
severity classification within this model. 
(Figure 2). 

 



Tabesh H, et al                                                                              Predictive Power of Risk Stratification in Early COVID-19 

 

PSQI J, Vol. 14, No. 4, Oct -2026                                                                                                                                                                       228 

 

Figure 2. Comparing the importance of factors in Model I and Model II for COVID-19 Severity 

 

 

presented the confusion matrix for 
prediction vs observed test set by two ANN 
models for fatality of COVID-19. Model I 

showed excellent performance in identifying 
death, correctly classifying all 10 patients in 
this group with 100.0% accuracy ( Table 4). 

Table 4. Results of the ANN for predicting COVID‑19 fatality 

 Observed  
Predicted Percent 

Correct 
Model Summary 

Alive Death 

Model I 
Alive  32 1 97.0% Cross Entropy  = 4.11 

Percent Incorrect Predictions=2.3% Dead 0 10 100.0% 

Model 
II 

Alive  32 1 97.0% Cross Entropy Error=8.68 
Percent Incorrect Predictions=7.0% 

 Dead 2 8 80.0% 

 

In addition, Model I demonstrated relatively 
acceptable discrimination of alive patients, 
correctly identifying 32 of the 33 true critical 
patients (97%). Model II has not superior 
performance in classifying COVID‑19 death 
compared with Model I. This model achieved 

an upper overall proportion of incorrect 
predictions (7.0% versus 2.3%). Model I, 
exhibited a more favorable performance 
profile in the model summary and the area 
under the ROC curves (AUC=0.994 versus 
AUC=0.989) as shown in (Figure3).  

 

Figure 3. Roc Curves of Model I and Model II for COVID-19 Fatality 
 

illustrates the normalized importance of 
input variables in two artificial neural 
network models developed to assess factors 
associated with COVID‑19 fatality. In Model 
I, which primarily incorporated clinical 
comorbidities, COVID-19 severity status 
emerged as the most influential predictor, 

exhibiting the highest normalized 
importance. In Model II, which incorporated 
demographic and behavioral variables, also, 
COVID-19 severity status demonstrated the 
highest normalized importance (0.454). 
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 This highlights the potential relevance of 
COVID-19 severity categorization ( Figure 
4). 

 

Figure 4. Comparing the importance of factors in Model I and Model II for COVID-19 Fatality 

 

Discussion 
In this retrospective study, we investigated 
factors associated with COVID-19 disease 
severity using ANN. Our findings 
demonstrated that chest CT findings, age, 
and underlying comorbidities were 
significantly associated with increasing 
disease severity. 
One of the most important findings of this 
study was the lack of a significant 
association between PCR test results and 

disease severity. This observation may be 
attributed to the high false-negative rate of 
PCR testing, especially during early disease 
stages or due to sampling limitations, which 
has been widely reported in the literature (1, 
20-22). In contrast, chest CT findings 
showed a strong and graded relationship 
with disease severity, consistent with 
previous studies indicating that radiological 
involvement closely reflects pulmonary 
damage and clinical deterioration (23-26). 
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The strong association between 
cardiovascular disease and disease severity 
observed in our cohort aligns with 
large-scale studies reporting higher rates of 
severe outcomes and mortality among 
patients with underlying cardiovascular 
conditions. These comorbidities may 
exacerbate COVID-19 related inflammatory 
responses and impair physiological reserve, 
leading to worse clinical outcomes (11, 25, 
27). 

Furthermore, all deaths in this study 
occurred among patients classified as 
critical, reinforcing the clinical relevance of 
severity classification systems and their 
utility in predicting outcomes. Similar 
findings have been reported in large 
retrospective cohorts from China and 
Europe (20, 22, 25, 28, 29).  

The strength derived from the initial 
statistical analysis were centered on 
establishing predictive markers to 
statistically confirm which factors 
significantly differentiated between 
moderate, severe, and critical COVID-19 
cases. This successfully identified Age Group 
(P=0.020) and Education Level (P=0.010) as 
primary demographic determinants, and 
Fruit Consumption (P=0.021) as a 
significant, actionable behavioral 
determinant. And also, to quantify the role of 
lifestyle choices (smoking, drug use, hookah) 
despite their non-significant final outcomes, 
providing context on factors that might 
warrant future, larger-scale investigation. 

To utilize machine learning (ANNs) to 
translate these input features into a reliable 
severity classification system, moving 
beyond simple statistical association to fond 
the comprehensive importance of impute 
features. The decision to employ two distinct 
ANN architectures (Model I and Model II) 
and compare their performance offered 
significant strategic advantages in handling 
this complex classification problem. 

The most crucial strength of using ANNs is 
their inherent ability to model complex, non-
linear relationships between predictors and 
the outcome. Unlike cumulative logistic 

regression, ANNs can effectively capture 
intricate interactions between variables like 
age, education, and diet, which rarely 
operate in isolation. 

By testing Model I vs. Model II, the strategy 
allowed for a direct assessment of how 
architectural differences impact 
performance metrics such as Cross Entropy 
(training fit) versus Percent Incorrect 
Predictions (generalization). This 
comparative approach is robust, leading to 
the conclusion that Model II (36.7% 
Incorrect) offered superior generalization 
despite potential overfitting concerns in 
Model I’s training error. 

Artificial neural network models were also 
explored as a complementary analytical 
approach. Although these models 
demonstrated moderate predictive 
performance, they showed clear limitations 
in accurately distinguishing between severe 
and critical cases. Importantly, however, the 
primary aim of this study was not to develop 
or optimize a predictive classification model, 
but rather to identify and evaluate key 
factors associated with COVID‑19 disease 
severity using appropriate statistical 
methods (5, 7, 30). Therefore, the ANN 
findings should be interpreted as 
supplementary and exploratory, rather than 
as a central component of the study’s 
conclusions.  

We acknowledge a limitation regarding 
"circular reasoning" in the fatality model, as 
"Severity Status" is a primary predictor of 
death. In this context, the ANN results should 
be interpreted as a validation of the national 
severity protocol's predictive power rather 
than the discovery of new independent 
predictors. Furthermore, the limited sample 
size (n=160) and small number of events (23 
deaths) may increase the risk of overfitting. 
The difficulty the models had in 
distinguishing between "severe" and 
"critical" cases suggests these categories 
share overlapping clinical features. 

Despite these limitations, the high AUC for 
fatality prediction reinforces the clinical 
relevance of the severity categorization. This 
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study serves as an exploratory pilot that 
underscores the necessity of implementing 
national protocols to streamline 
hospitalization prioritization for COVID-19 
patients, while simultaneously addressing 
the behavioral and social determinants that 
influence disease severity and mortality 
rates. 

Conclusion 
This study represents a critical validation of 
the clinical triage process. Our findings 
demonstrate that while individual 
comorbidities, demographics, and 
behavioral factors are significantly 
associated with disease severity, they 
possess limited independent predictive 
power for severity and fatality. In contrast, 
the national severity categorization protocol 
exhibited exceptionally high predictive 
accuracy. This disparity highlights that the 
national protocol successfully integrates 
multiple complex clinical indicators into a 
single, actionable metric, underscoring its 
necessity for effective patient triage and 
resource prioritization. 
Results of this study demonstrates that 
combining clinical and socio-behavioral 
factors enhances the accuracy and efficacy of 
risk stratification. We recommend that 
clinicians integrate social risk factors into 
their triage process to identify vulnerable 
patients earlier. Further research with larger 
cohorts and external validation is required 
to refine these models for clinical 
implementation. 

Acknowledgements 
This paper is an extension of research at the 
Mashhad University of Medical Sciences with 
research code: 991774. 

 
Abbreviation  
ANN: Artificial Neural Network; AUC: Area 
Under Curve; ROC: Receiver Operating 
Characteristic; CT: Computerized 
Tomography; PCR: Polymerase Chain 
Reaction; BMI: Body Mass Index. 

 
Ethical Approval 
The study protocol was approved by 
Research Ethics Committee of Mashhad 

University of Medical Sciences with the 
reference number: IR.MUMS.REC.1401.271, 
and adhered to the principles of the 
Declaration of Helsinki.  

Privacy Statement 
The names and email addresses entered in 
this journal site will be used exclusively for 
the stated purposes of this journal and will 
not be made available for any other purpose 
or to any other party. 
 

Competing interests 
The authors declare that they have no 
competing interests. 
  
References 
 1. Wu Z, McGoogan JM. Characteristics of and 
important lessons from the coronavirus disease 
2019 (COVID-19) outbreak in China: summary of 
a report of 72 314 cases from the Chinese Center 
for Disease Control and Prevention. jama. 
2020;323(13):1239–42. 
2. WHO. COVID-19 - Global Situation,  
https://www.who.int/emergencies/disease-
outbreak-news/item/2025-DON572. 2025. 

3. Zhou Y, Yang Q, Chi J, Dong B, Lv W, Shen L, 
et al. Comorbidities and the risk of severe or fatal 
outcomes associated with coronavirus disease 
2019: A systematic review and meta-analysis. 
International Journal of Infectious Diseases. 
2020;99:47–56. 

4. Towair E, Al Achkar Z, Haykal R, Kassar A, 
Karam EB, Salameh P, et al. Accuracy of Different 
COVID-19 Severity Scores in ICU Transfer 
Prediction and Mortality Prediction Among 
Inpatients at Lebanese American University 
Medical Center-Rizk Hospital (LAUMC-RH). 
Cureus. 2025;17(10). 

5. Uematsu T, Nojiri S, Nagao M, Ishijima M, 
Nishizaki Y. Comprehensive analysis of risk 
factors for Coronavirus disease 2019 infection 
and post-infection sequelae based on real-world 
data from a health insurance database in Japan. 
International Journal of Infectious Diseases. 
2026:108405. 

6. Booth A, Reed AB, Ponzo S, Yassaee A, Aral 
M, Plans D, et al. Population risk factors for 
severe disease and mortality in COVID-19: A 
global systematic review and meta-analysis. PloS 
one. 2021;16(3):e0247461. 



Tabesh H, et al                                                                              Predictive Power of Risk Stratification in Early COVID-19 

 

PSQI J, Vol. 14, No. 4, Oct -2026                                                                                                                                                                       232 

 

7. Zhang H, Wang Y, Xie Y, Wang C, Ma Y, Jin X. 
Prediction models based on machine learning 
algorithms for COVID-19 severity risk. BMC 
Public Health. 2025;25(1):1748. 

8. Zhang J-j, Dong X, Liu G-h, Gao Y-d. Risk and 
protective factors for COVID-19 morbidity, 
severity, and mortality. Clinical reviews in allergy 
& immunology. 2023;64(1):90–107. 

9. Vermund SH, Kaur M. 1 Epidemiology of 
COVID-19. The COVID-19 Textbook: Science, 
Medicine and Public Health. 2023:1637. 

10. Peckham H, de Gruijter NM, Raine C, 
Radziszewska A, Ciurtin C, Wedderburn LR, et al. 
Male sex identified by global COVID-19 meta-
analysis as a risk factor for death and ITU 
admission. Nature communications. 
2020;11(1):6317. 

11. Barek MA, Aziz MA, Islam MS. Impact of age, 
sex, comorbidities and clinical symptoms on the 
severity of COVID-19 cases: A meta-analysis with 
55 studies and 10014 cases. Heliyon. 2020;6(12). 

12. Okunogbe A, Bisanzio D, Spencer G, 
Chhabria S, Powis J, Nugent R. The economic 
impacts of COVID-19 hospitalizations, intensive 
care unit admissions, and deaths related to 
overweight and obesity. PLOS Global Public 
Health. 2025;5(6):e0001445. 

13. Reddy RK, Charles WN, Sklavounos A, Dutt 
A, Seed PT, Khajuria A. The effect of smoking on 
COVID‑19 severity: A systematic review and 
meta‑analysis. Journal of medical virology. 
2021;93(2):1045–56. 

14. Li X, Xu S, Yu M, Wang K, Tao Y, Zhou Y, et al. 
Risk factors for severity and mortality in adult 
COVID-19 inpatients in Wuhan. Journal of Allergy 
and Clinical Immunology. 2020;146(1):110–8. 

15. Simons D, Shahab L, Brown J, Perski O. The 
association of smoking status with SARS‑CoV‑2 
infection, hospitalization and mortality from 
COVID‑19: a living rapid evidence review with 
Bayesian meta‑analyses (version 7). Addiction. 
2021;116(6):1319–68. 

16. Patanavanich R, Glantz SA. Smoking is 
associated with COVID-19 progression: a meta-
analysis. Nicotine and tobacco research. 
2020;22(9):1653–6. 

17. Alqahtani JS, Oyelade T, Aldhahir AM, 
Alghamdi SM, Almehmadi M, Alqahtani AS, et al. 
Prevalence, severity and mortality associated 
with COPD and smoking in patients with COVID-
19: a rapid systematic review and meta-analysis. 
PloS one. 2020;15(5):e0233147. 

18. Tassakos A, Kloppman A, Louie JCY. The 
Impact of Diet Quality on COVID-19 Severity and 
Outcomes—A Scoping Review. Current Nutrition 
Reports. 2025;14(1):27. 

19. Tabesh H, Karimi Z, Rastaghi S, Saki A. 
Quality control of hospitals and its effect on 
hospitalized fatality rate of COVID-19. Scientific 
Reports. 2025;15(1):5024. 

20. Zhou F, Yu T, Du R, Fan G, Liu Y, Liu Z, et al. 
Clinical course and risk factors for mortality of 
adult inpatients with COVID-19 in Wuhan, China: 
a retrospective cohort study. The lancet. 
2020;395(10229):1054–62. 

21. Wang D, Hu B, Hu C, Zhu F, Liu X, Zhang J, et 
al. Clinical characteristics of 138 hospitalized 
patients with 2019 novel coronavirus–infected 
pneumonia in Wuhan, China. jama. 
2020;323(11):1061–9. 

22. Huang R, Zhu L, Xue L, Liu L, Yan X, Wang J, 
et al. Clinical findings of patients with 
coronavirus disease 2019 in Jiangsu province, 
China: A retrospective, multi-center study. PLoS 
neglected tropical diseases. 
2020;14(5):e0008280. 

23. Ismail A, Doghish AS, Elkhatib WF, Magdy 
AM, Mahmoud EE, Ahmed MI, et al. Clinical and 
chest computed tomography features of patients 
suffering from mild and severe COVID-19 at 
Fayoum University Hospital in Egypt. Plos one. 
2022;17(7):e0271271. 

24. Nisha V, Menaka D. Detection of covid-19 on 
GGO segmented CT image using stacking-based 
ensemble deep learning. Multimedia Tools and 
Applications. 2025:1–27. 

25. Bodea R, Voidăzan TS, Ferencz LI, Ábrám Z. 
Comorbidities and Severe COVID-19 Outcomes: A 
Retrospective Analysis of Hospitalized Patients 

in Three Counties in Romania. Microorganisms. 
2025;13(4):787. 

26. Akpoviroro O, Sauers NK, Uwandu Q, 
Castagne M, Akpoviroro OP, Humayun S, et al. 
Severe COVID-19 infection: An institutional 
review and literature overview. Plos one. 
2024;19(8):e0304960. 



Predictive Power of Risk Stratification in Early COVID-19                                                                                         Tabesh H, et  al    
                                                                                                                                                                                                                     

233                                                                                                                                                                   PSQI J, Vol. 14, No. 4, Oct-2026 

 

 

27. Liu H, Chen S, Liu M, Nie H, Lu H. Comorbid 
chronic diseases are strongly correlated with 
disease severity among COVID-19 patients: a 
systematic review and meta-analysis. Aging and 
disease. 2020;11(3):668. 

28. Geremia A, Montineri A, Sorce A, Xourafa A, 
Buccheri E, Catalano A, et al. Performance of Risk 
Scores in SARS-CoV-2 Infection: A Retrospective 
Study. International Journal of Environmental 
Research and Public Health. 2025;22(8):1166. 

29. Chen Y, Liu L, Liu Y, Huang F, Guo L, Wan W, 
et al. Real-World Effectiveness of 

Nirmatrelvir/Ritonavir in Hospitalized Older 
Adults with Severe Omicron COVID-19: A 
Retrospective Cohort Study from China. Infection 
and Drug Resistance. 2025:2901–9. 

30. Hernández-Monsalves AH, Letelier P, 
Morales C, Rojas E, Saez MA, Coña N, et al. A 
Machine Learning Model for Predicting Intensive 
Care Unit Admission in Inpatients with COVID-19 
Using Clinical Data and Laboratory Biomarkers. 
Biomedicines. 2025;13(5):1025. 

 

 

 


	Ethical Approval
	Privacy Statement

