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Abstract

Background and objective Corona virus causes respiratory tract infections in mammals. The latest type of Severe
Acute Respiratory Syndrome Corona-viruses 2 (SARS-CoV-2), Corona virus spread in humans in December 2019 in
Wuhan, China. The purpose of this study was to investigate the relationship between type 2 diabetes mellitus (T2DM),
and their biochemical and hematological factors with the level of infection with COVID-19 to improve the treatment
and management of the disease.

Material and method This study was conducted on a population of 13,170 including 5780 subjects with SARS-
COV-2 and 7390 subjects without SARS-COV-2, in the age range of 35-65 years. Also, the associations between
biochemical factors, hematological factors, physical activity level (PAL), age, sex, and smoking status were investigated
with the COVID-19 infection.

Result Data mining techniques such as logistic regression (LR) and decision tree (DT) algorithms were used to
analyze the data. The results using the LR model showed that in biochemical factors (Model I) creatine phosphokinase
(CPK) (OR: 1.006 CI 95% (1.006,1.007)), blood urea nitrogen (BUN) (OR: 1.039 CI 95% (1.033, 1.047)) and in hematologi-
cal factors (Model Il) mean platelet volume (MVP) (OR: 1.546 Cl 95% (1.470, 1.628)) were significant factors associated
with COVID-19 infection. Using the DT model, CPK, BUN, and MPV were the most important variables. Also, after
adjustment for confounding factors, subjects with T2DM had higher risk for COVID-19 infection.

Conclusion There was a significant association between CPK, BUN, MPV and T2DM with COVID-19 infection and
T2DM appears to be important in the development of COVID-19 infection.
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Introduction

Corona-viruses (CoV) have single-stranded Ribonu-
cleic acid (RNA) genome and are known to cause res-
piratory infections in humans [1]. The Severe Acute
Respiratory Syndrome Corona-viruses 2 (SARS-CoV-2)
was unknown before the outbreak’s onset and was first
observed in China in late December 2019 [2-9]. It is now
a serious global health concern [10]. Since January 8, Iran
has reported 1,431,416 total cases and 58,110 deaths [11].
The virus has a high mortality and disability rate, particu-
larly in some individuals, such as the elderly, those with
underlying disorders like asthma, interstitial lung disease,
pneumonia, and those with immune system deficien-
cies [11-17]. Diabetes and COVID-19 have bidirectional
connection. Type 2 diabetes mellitus (T2DM) is associ-
ated with a greater risk of COVID-19 infection. Individu-
als with diabetes are more vulnerable to infections, and
diabetes has been reported as a significant risk factor for
mortality in HIN1 (patients infected with Pandemic Dis-
ease Influenza A 2009), SARS corona-virus, and Middle
East Respiratory Syndrome-related corona-virus (MERS-
CoV) [18, 19]. SARS-CoV-2 binds to angiotensin-con-
verting enzyme II (ACE2) receptors which is expressed in
essential metabolic tissues and organs, including adipose
tissue, pancreatic beta cells, kidneys, and small intestines
[20]. As a consequence, it is possible that SARS-CoV-19
induces pleiotropic changes in glucose metabolism,
which could exacerbate preexisting diabetes pathophysi-
ology or lead to new disease mechanisms. There are also
several examples of viral ketosis-prone etiology of dia-
betes, such as other coronaviruses that bind to ACE2
receptors [21]. In this respect, the largest COVID-19
study in the United States of America showed that dia-
betes was one of the most prevalent comorbidity (33.8%)
among 5700 hospital patients with COVID-19 [22]. In
addition, the expression of ACE2 as a cell entry recep-
tor for SARS-CoV-2 has been shown to increase signifi-
cantly in diabetic patients treated with ACE inhibitors
and angiotensin II receptor blockers (ARBs) [23]. As a
result, over-expression of ACE2 by cells renders them
highly vulnerable to infection with COVID-19 with an
unfavorable prognosis. It is also notable that more cases
of early-onset diabetes and diabetic ketoacidosis have
been documented in patients with SARS corona-virus
[24]. More knowledge of the specific symptoms and
risk determinants of COVID-19 in different clinical set-
tings is needed to properly treat these patients and to
avoid disease complications. Thus, this study was con-
ducted to assess and analyze treatment, laboratory and
hospital results and the clinical and hematological fea-
tures of non-diabetic COVID-19 patients in Khorasan
Razavi Health Center, Iran. Therefore, the purpose of
the current study was to provide an overview of the
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relationship between diabetes and COVID-19, in order to
better understand the situation, the treatment improve-
ment and management of the disease in the future and
present an image of the disease burden in Iran. In Iran,
diabetes is a major cause of death and has high financial
costs. According to estimates, diabetes is responsible for
17.3% of deaths in men and 17.8% of deaths in women in
the general population, or the proportional decrease in
mortality that would happen if diabetes were completely
eradicated [25]. Furthermore, T2DM and chronic kid-
ney disease (CKD) were linked to a 0.549- and 0.552-fold
increase in mortality, respectively, in Iranian patients
with SARS-CoV-2 infection [26].

Materials and methods
Study population
This study involved a total of 13,170 participants from
the Mashhad stroke and heart atherosclerotic disor-
der (MASHAD) cohort study for whom the national
code was available (see Fig. 1). The Human Research
Ethics Committee of the Mashhad University of Medi-
cal Sciences has reviewed and approved the study pro-
tocol, informed consent form and other study related
documents. All participants provided informed, written
consent.

Type 2 diabetes mellitus was defined as follows:

« fasting blood glucose (FBG)>126 mg/dl or being
treated with available oral hypoglycemic medications
or insulin

Dyslipidemia was defined if one or more of the criteria
below applied [1]:

1. Hypercholesterolemia and high low-density lipo-
protein (LDL) cholesterol: the levels of serum total
cholesterol >200 mg/dl and a serum LDL cholesterol
level > 130 mg/dl

2. Low high-density lipoprotein (HDL) cholesterol: the
levels of HDL cholesterol <40 mg/dl for and <50 mg/
dl for men and women, respectively.

3. Hypertriglyceridemia: a serum triglyceride (TG) lev-
els>150 mg/dl.

Metabolic syndrome (MetS): was defined according to
the International Diabetes Federation (IDF) criteria [27]:

o central obesity (defined as waist circumference
of >94 c¢m for male or>80 cm for female) plus any
two of the following four factors:

+ Elevated TG: >150 mg/dl;

+ Decreased HDL cholesterol: <40
and <50 mg/dl for men and women;

mg/dl  for
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9704 participants underwent the
investigation at the baseline in 2010 in the
MASHAD cohort

Checking the MASHAD cohort people
in Sina Healthcare System on the
diagnosis of COVID-19 gives 7934

individuals

Machine learning algorithms used:

Decision Tree (DT) &
Logistic Regression (LR)

Fig. 1 Flow chart of this study

« Elevated systolic blood pressure (SBP)>130 or dias-
tolic blood pressure (DBP) >85 mm Hg [28];

+ Elevated fasting blood glucose (FBG)>100 mg/dl
(5.6 mmol/l)

Blood sampling, demographic data and anthropometric
assessments

All the blood samples were taken from the antecubital
vein from all the participants using a standard protocol.
All the biochemical factors in the serum were measured
according to the baseline article of MASHAD study
cohort. Further details on laboratory measurement and
assessments of demographic and anthropometric data
were explained in the baseline report of the MASHAD
cohort study [29].

Diagnosis of COVID-19

Data on the diagnosis of COVID-19 was obtained from
the Sina Healthcare System, which records the electronic
health profiles of patients in hospitals and health centers
in Mashhad, Iran. Data collection began at the onset of
the disease to the end of March 2021. Diagnosis of the
disease was confirmed by a lung spiral computerized
tomography (CT) scan and/or polymerase chain reaction
(PCR) laboratory test.

Statistical analysis

Participants were compared based on their status of
being affected by COVID-19 during the time period of
the study. The logistic regression (LR) model was used to
assess the relationship between T2DM with COVID-19.
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233977 patients obtained from the
Sina Healthcare System on the
diagnosis of COVID-19

Balancing the data gives 13170 people
Covid+: 5780 (44 %)
Covid-: 7390 (56 %)

Association between T2DM and LDL
with COVID-19

Also, their Odds-ratios (OR) were calculated. To describe
the quantitative and qualitative variables, mean+ SD and
frequency (%) were reported, respectively. Chi-square
and Fisher’s exact tests were applied to measure the asso-
ciation between qualitative variables. The mean of quan-
titative variables between the two groups were compared
by independent T test. The version of the SPSS program
was 23 (SPSS Inc., Chicago, IL, USA). P-value <0.05 was
regarded as significant.

In the current study, we are dealing with imbalanced
data (Cov+compared to Cov-). One statistical approach
that can be used solve this problem is Synthetic Minor-
ity Oversampling Technique (SMOTE). The SMOTE
algorithm is one of the most widely used and very popu-
lar oversampling methods that creates synthetic minor-
ity class samples (to see more details refer to [30, 31]).
Therefore, in this study, the SMOTE algorithm was used.

To analyze the data, data mining techniques such as the
LR and decision tree (DT) algorithms were used. Data
mining is one of the analyzes of artificial intelligence that
has emerged in the late twentieth century. In other words,
data mining is a process for extracting hidden knowledge
in huge data. One problem that is important for research-
ers in this process is the classification of data [32-34].
There are different techniques for classification problems
[32]. DT can be applied in various applications in medical
the fields [35-38]. Due to the simplicity in understand-
ing and clarity and extracting simple and understandable
rules, it widely applied and studied in these fields [28, 32].
DT consists of component nodes and branches. There
are three types of nodes. First, a root node that repre-
sents the result of the subdivision of all records into two
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or more exclusive subsets. The internal nodes represent
a possible point in the tree structure that is connected to
the root node from the top and to the leaf nodes from the
bottom. The third nodes are leaf nodes that show the ulti-
mate results of the tree in terms of dividing records into
target groups. Branches in the tree indicate the chance of
placing records in target groups that emanate from the
root node and the internal nodes [39]. DT algorithm uses
the Gini impurity index to selecting the best variable.

m
Gini(D) = 1 — Zp,?
i=1

where P; is the probability that a record in D belongs to
class C; and is estimated by |C;D|/|D|. Logistic regres-
sion or LR is a statistical model, which is applied to mod-
eling dichotomous target and investigating the effect of
explanatory variables on dichotomous target variables. In
LR, the probability of placing each of the records in the
target groups is also presented [40, 41]. The main advan-
tage of using the LR is that it can provide a good direct
or inverse relationship between the inputs or explanatory
variables and the target, as well as it is a flexible method
[42].

The confusion matrix is designed to determine the
performance of the decision tree for the presence of
COVID-19. In addition, the Sensitivity, Specificity, Accu-
racy, Recall, Precision and Area Under Curve (AUC) of
the receiver operating characteristics (ROC) curve were
computed to evaluate the performance of the model and
comparisons.

Results

In the current study, 13,170 participants were enrolled
(n=5780 subjects with SARS-COV-2 [case] and n=7390
subjects without SARS-COV-2 [control]). According to
Table 1, subjects with SARS-COV-2 in the case group
were significantly older than control group (58.80+9.63
and 57.09+8.77, respectively). Male gender comprised
a greater percentage of the COVID-19 positive group
than the negative group (56.7% and 36.7%, respectively,
P-value<0.001). Also, physical activity level (PAL), and
smoking status were significantly different between the
two groups. Moreover, the biochemical factors such as
total bilirubin, fasting blood glucose (FBG), gamma-glu-
tamyl transferase (gamma-GT), uric acid and blood urea
nitrogen (BUN) were higher in the COVID-19 positive
group compared to the control group (p<0.05). Total
cholesterol, and magnesium were higher in COVID-19
negative group (p<0.05). In comparison, the number of
participants with T2DM was significantly higher in the
COVID-19 positive group were when compared to the
control group (40.4% and 26.5%, respectively, p<0.001).
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Furthermore, there was a significant difference between
the case and control groups in the other biochemical var-
iables, and the hematological parameters (P <0.05).

According to Table 2, after adjustment for confound-
ing factors, subjects with T2DM had a 1.33-fold higher
risk for SARS-COV-2 infection compared to non-dia-
betic subjects (OR: 1.33, 95% CI: 1.07-1.65). Also, non-
smoking (either ex-smoking or non-smoking at all) was
protective against SARS-COV-2 infection (OR: 0.58,
95% CI: 0.43 — 0.79). In addition, the elderly participants
had a higher risk for SARS-CoV-2 infection compared to
younger (OR: 1.01, 95% CI: 1.00 — 1.03).

Main findings

LR modelling

This study attempted to employ the LR and DT model to
diagnostic SARS-CoV-2 tested people and exploration of
their features and then it is possible to predict the infec-
tious status of people based on blood measurements. For
this purpose, the dataset was split into two parts as train-
ing and test data (80%-20%), randomly. The models are
validated using test data (20%) that the model has never
seen in the training phase and the model was built on
the training dataset. Results of LR model indicated that
biochemical factors, i.e., creatine phosphokinase (CPK),
SBP, DBP, BUN, FBG, Bilirubin.total, iron, magnesium,
alanine transaminase (ALT), high sensitivity C-reactive
protein (hs-CRP), cholesterol, gamma-GT, LDL, aspar-
tate aminotransferase (AST), body mass index (BMI),
smoking status, age, and sex were associated with SARS-
CoV-2 status. In Model I, the CPK variable has been
identified as the most important variable by LR model.
For a unit increase in CPK, the chance of being Cov +was
0.006. As Table 3 shows, two variables, total bilirubin and
magnesium had a large effect so that with a unit increase
in total bilirubin and magnesium, the chance of being
Cov+was 2.01 and 2.52, respectively. In model II, mean
platelet volume (MPV) had an odds ratio equals 1.54, so,
the chance of being Cov+was 0.54 times. Another vari-
able that had large an effect was mean corpuscular hemo-
globin concentration (MCHC) with OR=0.88 which
was shown with increasing MCHC (per unit increase in
MCHC value), the chance of being Cov +was 0.88 times.
Other variables and values of effect and changes in the
regressors were indicated in Table 4.

DT modelling

In the training phase of DT, the Gini index was applied to
select important variables and the final tree was obtained
after pruning. The evaluation results of the DT models
are shown in Table 5. In Model I, CPK, BUN, BMI, FBG,
age, gamma-GT, and SBP variables and in Model II, age,
MPYV, BMI, mean corpuscular hemoglobin (MCH), and
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Table 2 Association between T2DM with SARS-CoV-2
Variables OR (C195%) P-value OR (C1 95%) P-value
(Non-Adjusted) (Adjusted)
Age 02(1.01,1.03) <0.001 01(1.00,1.03) 0.027
Gender(female/male) 0. 78(0 65,0. 94) 0.009 0. 85(0 68,1.06) 0.145
Physical activity level 0.77(0.60,0.99) 0.041 0.94(0.72,1.23) 0.640
Ex - smoker/ Non smoker 0. 59(0 45,0.79) <0.001 0. 58(0 43,0. 79) 0.001
Current smoke/ Non smoker 39(1.02,1.89) 0.037 22(0.88,1.69) 0.236
Diabetes mellitus 1 55(1 .28,1.88) <0.001 33(1.07,1.65) 0.010
(Glucose> =126)
Cholesterol 0.99(0.99,1.00) 0.010 0.99(0.99,1.00) 0.100
Gamma-GT 1.00(1.00,1.01) 0.013 1.00(1.00,1.01) 0.078
Total Bilirubin 1.32(1.02,1.72) 0.035 1.15(0.86,1.52) 0.346
Magnesium 0.63(0.42,0. 94) 0.025 0.76(0.49,1.17) 0.210
Uric acid 1.10(1.03,1.18) 0.006 1.06(0.98,1.15) 0.119
BUN 1.009(1.001,1.02) 0.033 1.00(0.99,1.01) 0.531

sex, variables were remained in models. The DT model
made based on biochemical variables had 76.16% accu-
racy, 85.28% Sensitivity, 64.52% Specificity, 75.41% Preci-
sion and the area under ROC curve was obtained 80.24%
on the training data. In addition, the DT model made
based on hematology variables had 70.78% accuracy,
78.34% Sensitivity, 61.13% Specificity, 72.00% Precision
and an area under ROC curve was obtained 75.23% on
the testing data.

The if-then extracted rules for Model I and II are
shown in Table 6. The rule 1 was shown that in a subgroup
with CPK>=114.091, BUN> =30, BMI> =26.779,
age>=>54, and gamma-GT > =16.809, the chance of
having CoV +was 84.10%. In contrast, individuals with
CPK<114.091, CPK < 88.069, and SBP < 104 are not posi-
tive to COVID-19 and are immune to COVID-19. Other
rules were reported in detail in Table 6 Model L.

The extracted rules form Model II, were indicated that
there was an 81% chance that individuals with character-
istics such as sex (male), BMI> =27.176, MPV > =9.50,
and age > =54.051 be infected with SARS-CoV-2. In con-
trast, if sex (female), age <54, MCH <27.331, the being
healthy was 91.34%. Other rules were reported in detail
in Table 6 Model II. Therefore, the CPK, BUN, age, sex,
and MPV were identified as most the important variables
in Model I and Model II, respectively. The final decision
trees are shown in Figs. 2 and 3. Figure 4 summarized all
aspects of this paper.

Discussion

In this study, we assessed the association of age, sex,
BMI, PAL, blood pressure, smoking habit biochemi-
cal factors that included: CPK, SBP, DBP, BUN, FBG,
total bilirubin, iron, magnesium, AST, ALT, hs-CRP,

calcium, HDL direct bilirubin, LDL, gamma-GT, uric
acid, cholesterol, creatinine (Cr), alkaline phosphatase
(ALP), TG, and phosphorus, and hematological factors
that included: MPV, hemoglobin, hematocrit, white
blood cell (WBC), MCH, MCHC, red blood cell (RBC),
red cell distribution (RDW), mean corpuscular volume
(MCV), and platelets with SARS-CoV-2 through LR
and DT models, to find the associated factors and the
best predicting indicators. We designed two models,
in Model I, the relationship between SARS-CoV-2 and
biomarkers and in Model 1II, the relationship between
SARS-CoV-2 and hematological factors were investi-
gated, respectively. In Model I, LR results stated that
CPK, SBP, BMI, DBP, BUN, age, FBG, sex, total bili-
rubin, iron, magnesium, smoking status, ALT, hs-CRP,
cholesterol, gamma-GT, LDL, and AST were of the
most significant factors, while DT showed that CPK,
and BUN were the powerful indicators. In Model II,
LR results revealed that sex, BMI, MPV, age, smoking
status, MCHC, and MCH were of utmost significant,
while DT showed that sex, age, BMI and MPV were the
strongest indicators.

The study results of Shi Q et al. and Yan Y et al.
showed a high prevalence of diabetes in COVID-19
patients and a statistically statistical difference between
COVID-19 patients with diabetes and those without
diabetes in hospitalized COVID-19 patients [43, 44].
We discovered that serum levels of FBG were signifi-
cantly different between case and control groups during
our experiences in a health center in Khorasan Razavi
province, Iran. Furthermore, subjects with T2DM had
a higher risk for being SARS-CoV-2 positive than non-
diabetic subjects before and after adjustment for con-
founding factors, with a confidence interval of 95%.
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Table 3 The results of LR algorithm for Model |
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Variables OR (C195%) Importance P-Value
CPK 1.006 (1.006,1.007) [  <0.001
SBP 0.966 (0.961, 0.971) [ | <0.001
BMI 1.091 (1.076, 1.107) [ HIRE <0.001
DBP 1.048 (1.040, 1.057) [ | P <0.001
BUN 1.039 (1.033, 1.047) [ TR <0.001
Age 1.049 (1.040, 1.059) [ | <0.001
FBG 1.007 (1.006, 1.009) Flm gt 0 0 8 b <0.001
Sex (female)
male 1.775 (1.563,2.016) -1 <0.001
Total bilirubin 2.014 (1.672,2433) 1! ¢ <0.001
Iron 0.994 (0.993,0.997) 1 ! <0.001
Magnesium 2.522 (1.811,3.521) 271 <0.001
Smoking status (Non-smoker)
Current smoker 0.883 (0.758, 1.028) [ <0.001
Ex-smoker 0.525 (0.407, 0.675)
ALT 1.017 (1.009, 1.026) [11: <0.001
Hs-CRP 1.031 (1.015, 1.049) [11: <0.001
Cholesterol 0.993 (0.990, 0.997) 1 : <0.001
Gamma-GT 0.993 (0.991, 0.998) [l : <0.001
LDL 1.007 (1.003, 1.013) [ : 0.002
AST 0.981 (0.969, 0.995) [ : 0.003
Table 4 The results of LR algorithm for Model I
Source OR (CI 95%) Importance P-Value
Sex (female)
male 2.885 (2.621,3.177) [ | <0.001
BMI 1.121 (1.104, 1.133) [ ~ <0.001
MPV 1.546 (1.470, 1.628) [ - <0.001
Age 1.047 (1.042, 1.054) [ ~ <0.001
Smoking status (Non-smoker)
Current smoker 0.917 (0.814, 1.033) = <0.001
Ex-smoker 0.525 (0.434, 0.635)
MCHC 0.883 (0.848, 0.920) =1 <0.001
MCH 1.035 (1.008, 1.064) [1 | 0.012

In this study, LDL levels in COVID-19 patients were
significantly different from healthy subjects in LR model.
In direct to our study, Xiuqi Wei et al. found that LDL
levels in COVID-19 patients were slightly lower than in
healthy individuals [45].

Mannarino et al. found that TSH is directly related to
LDL level. On the other hand, they stated that TSH level
decreases in COVID-19. So, they concluded that LDL
level decreases in COVID-19 [46]. Zhao et al. found that
LDL levels decreased in patients with COVID-19. So that

the level of LDL decreased in both critically ill and criti-
cally ill patients. Also, the decrease in LDL level was posi-
tively related to mortality [47].

Several studies have looked into the COVID-19 inci-
dence in people with metabolic disorders, especially dia-
betics [6-9, 48-50], who are prone to COVID-19 due to
a compromised immune system. He et al. observed meta-
bolic disorders of glucose, lipid, uric acid, etc. in peo-
ple with COVID-19 who were in the acute stage of the
disease. Also, in severe cases, a significant decrease in T
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Table 5 Model performance indices of the DT algorithm for models | and I

Model |

(a) Training (b) Testing

Actual Predicted Count Actual Predicted Count

COVID-19 Positive No Yes COVID-19 Positive No Yes

No 5038 869 No 1231 252

Yes 1642 2987 Yes 399 752
Sensitivity =85.28% AUC=280.24% Sensitivity =83.00% AUC=78.71%

Specificity =64.52% Precision=7541% Specificity =65.33% Precision=75.52%

Accuracy =76.16% Accuracy =75.28%

Model I

(c) Training (d) Testing

Actual Predicted Count Actual Predicted Count

COVID-19 Positive No Yes COVID-19 Positive No Yes
No 4628 1279 No 1128 355
Yes 1799 2830 Yes 425 726
Sensitivity =78.34% AUC=75.23% Sensitivity = 76.06% AUC=74.88%

Specificity =61.13% Precision=72.00% Specificity =63.07% Precision=72.63%

Accuracy =70.78% Accuracy =72.58%

Table 6 Extracted rules the DT algorithm for models I and I

Model |

Rules Cov- (%) Cov+ (%)
R1: CPK> =114.09&BUN > =30.00&BMI > = 26.77&Age > = 54.00&Gamma-GT > = 16.80 0.1590 0.8410
R2: CPK> =114.09&BUN > =30.00&BMI > =26.77&Age > = 54.00&Gamma-GT < 16.80 0.5526 0.4474
R3: CPK> =114.09&BUN > =30.00&BMI > = 26.77&Age < 54.00 0.5492 0.4508
R4: CPK> =114.09&BUN > =30.00&BMI| < 26.77&FBG > = 133.81 03327 0.6673
R5: CPK> =114.09&BUN > =30.00&BMI| < 26.77&FBG < 133.81 0.7414 0.2586
R6: CPK> =114.09&BUN < 30.00&FBG > =125.49 04911 0.5089
R7: CPK> =114.09&BUN < 30.00&FBG < 125.49 0.7962 0.2038

R8: CPK < 114.09&CPK > =88.06&BUN > =42.20 04209 05791

R9: CPK < 114.09&CPK> =88.06&BUN <42.20 0.7380 0.2620
R10: CPK< 114.09&CPK < 88.06&SBP > =104 0.8266 01734
R11: CPK< 114.09&CPK < 88.06&SBP < 104 0.9956 0.0044
Model Il

Leaf Label Cov- (%) Cov + (%)
R1: Sex(male)&BMI> =27.17&MPV > =9.50&Age > = 54.05 0.1871 0.8129
R2: Sex(male)&BMI> =27.17&MPV > =9.50&Age < 54.05 0.5839 04161

R3: Sex(male)&BMI> =27.17&MPV < 9.50 0.6441 0.3559
R4: Sex(male)&BMI < 27.17&MPV > =9.60 0.5905 0.4095

RS5: Sex(male)&BMI < 27.17&MPV < 9.60 0.7884 02116
R6: Sex(female)&Age > = 54.00&MPY > =9.70&BMI > =26.58 04381 0.5619

R7: Sex(female)&Age > =54.00&MPV > =9.70&BMI < 26.58 0.7823 02177
R8: Sex(female)&Age > = 54.00&MPV < 9.70 0.7462 0.2538

R9: Sex(female)&Age < 54.00&MCH > =27.33 0.7493 0.2507
R10: Sex(female)&Age < 54.00&MCH < 27.33 09134 0.0866
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lymphocytes was seen. This decrease caused a simulta-
neous increase in infection with fungi and bacteria [51].
Moderbacher et al. reported that naive T-cell responses
reduced in patients with COVID-19. They stated that the
reduction of these cells in mild cases is less than in severe
cases [52]. Sattler et al. found that there is a relation-
ship between susceptibility to disease in each individual
and underlying diseases and disruption of Th1 type cell
immunity [53].

T2DM is one of the most frequent underlying comor-
bidities in patients with COVID-19, according to recent
reports, and it is related to the prevalence and mortality
in these patients [43]. Until now, no article has explic-
itly explained how COVID-19 affects T2DM or needs
additional care in these at-risk communities. The data
mining by Marko Marhl et al. aimed to investigate the
physiological roots of clinical findings relating diabetes
to the severity and adverse effect of COVID-19, the com-
munication between COVID-19 and the progressive loss
of pancreatic beta cells that contributes to diabetes, and
the association between serum levels of FBG in SARS-
CoV-2 patients, showed that there are three main patho-
physiological pathways: angiotensin-converting enzyme
2, liver dysfunction, and chronic inflammation. They also
suggested clinical biomarkers that could predict a higher
risk, such as hypertension, elevated serum alanine ami-
notransferase, high Interleukin-6, and a low Lymphocyte
count [54, 55].

Males made up a greater proportion of hospitalized
patients in this study (42.6%), suggesting that males are
more vulnerable to COVID-19 infection. In concord-
ance with the present research, data from China showed
that while men and women had the same incidence of
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COVID-19, infected men were more likely to die than
women [56, 57]. Despite the fact that most studies have
shown that physical exercise will assist in the battle
against the disease by improving our immune systems
and reducing certain co-morbidities, like obesity, diabe-
tes, hypertension, and serious heart conditions that make
us more vulnerable to severe COVID-19 disease [58, 59],
in the current study, although the difference in physical
activity levels between the two groups (case and control)
was significant, there was not a higher risk for SARS-
CoV-2 than non-diabetic subjects after adjustment for
confounding factors, with a confidence interval of 95%.

In this study there was a significant correlation between
smoking and COVID-19 before and after adjustment for
confounding factors, with a confidence interval of 95%.
Several recent studies have shown protection effect of
smoking habit (both current and ex-smokers) versus
infections of SARS-CoV-2 [60-62]. Also, investigations
of Fontanet A et al. and Miyara M et al. revealed a smok-
er’s slower prevalence among SARS-CoV-2 infected cases
compared with the control group [63, 64].

In our study, hypertension, SBP, and DBP had major
association with COVID-19. According to Ernesto L.
Schiffrin et al., it is uncertain whether uncontrolled
hypertension is a risk factor for COVID-19 infection [65].
On the other hand, one research exposed that hyperten-
sion was related to a higher risk of death, severe COVID-
19, ARDS, ICU admission, and disease progression in
COVID-19 patients [66].

According to Feng Gao et al. obesity was shown to be
associated with a threefold increased risk of develop-
ing severe COVID-19 [67]. Furthermore, dyslipidemia
raises the risk of experiencing serious outcomes from
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COVID-19 infections, as shown by Hariyanto et al. [68].
Xingzhong Hua et al. reported that serum HDL con-
centrations decreased significantly in the early stages of
COVID-19 infection, particularly in those who were seri-
ously infected [69]. One study on subjects with severe
COVID-19 evolution before infection or during hospital-
ization showed lower HDL and higher triglyceride levels
[70]. In comparison with the control group, COVID-19
subjects significantly disclosed lower levels of TG, LDL,
and HDL, while in comparison with non-severe patients,
severe COVID-19 patients only exhibited HDL lower lev-
els [71]. Low LDL serum levels are independently associ-
ated with higher 30-day mortality in COVID-19 patients
[72]. In this research, however, we discovered that there
is a correlation between COVID-19 and factors such as
dyslipidemia, TG, LDL and HDL.

Generally, patients with COVID-19 show lowered
levels of blood cholesterol [73]. In a study in Wenzhou,
China, the serum level of cholesterol in patients with
COVID-19 was shown lower than control [74]. In this
analysis, we observed cholesterol was higher in SARS-
COV-2 negative group compared SARS-COV-2 posi-
tive group before adjustment for confounding factors,
with a confidence interval of 95%. According to the find-
ings of chest CT scan of COVID-19 patients, it has been
reported that there is no substantial correlation between
hs-CRP levels and COVID-19 [75].

According to previous studies, patients with SARS-
CoV-2 infection who were admitted to hospital had
impaired liver function, which was related to elevated
levels of liver markers including ALT, AST, ALP, GGT,
and total bilirubin [76—78]. In this research, we observed
no major variations in liver enzyme levels between the
COVID-19 case and control groups, except for the total
bilirubin level that was significantly higher in the case
group compared with the SARS-COV2 negative group
before adjustment for confounding factors, with a confi-
dence interval of 95%. Electrolyte balance and adequate
mineral and vitamin intake are main factors that impact
disease progression. Since they have an effect on the
immune system, electrolyte imbalance and lack of trace
elements or vitamins raise the risk of serious infections
[79-81].

Iron, uric acid, BUN, and calcium were analyzed in this
study, and it was determined that they had no significant
interplay with COVID-19 and only magnesium showed
a significantly lower level in SARS-COV-2 group before
adjustment for confounding factors, with a confidence
interval of 95%. However, in LR model all mentioned
variables are significantly interplay with COVID-19. A
study conducted by Abdolahi et al. stated that the cal-
cium level in patients has decreased due to COVID-19.
Another study stated that the lower the serum iron level,
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the greater the severity of COVID-19. A study presented
by Liu YM et al. showed that increased risk of mortality
was associated with increased levels of BUN and Cr and
decreased levels of UA.

Alamine A et al. have stated that younger diabetic
patients have higher chance of survival in COVID-19
disease compared with older [43, 82]. In a prospec-
tive cohort study, Cariou B et al. have reported that age
is an individual risk factor [83]. In this investigation, we
observed a remarkable difference between older and
younger patients with COVID-19, so that, the elderly
subjects with SARS-CoV-2 infection were exposed to
higher risk compared to younger.

This study has some limitations. First, due to the
absence of subjects with T1DM in this study, it is not
possible to draw a precise relationship between DM (type
1 and type 2) and SARS-CoV-2. Second, we could not
analyze the mean total of antibody titers among T2DM
patients.

Conclusions

T2DM appears to be important in the development of
COVID-19 infection. According to this cohort study,
T2DM in hospitalized confirmed cases of COVID-19 in
Iran is a significant concern that requires special atten-
tion. The findings of the study demonstrated the impor-
tance of recognizing COVID-19’s clinical characteristics
in order to introduce efficient control measures and more
intensive disease control of diabetic patients around the
world. Data from our center can help identify more use-
ful diabetes treatment strategies and to plan an adequate
prophylaxis program for these patients. By controlling
the factors that were significant in the study of diabetic
people with SARS-CoV-2, we may be able to prevent
future complications and problems. Therefore, all T2DM
patients are at higher risk of deterioration and poorer
prognosis among COVID-19 patients with T2DM prior-
itized to get the SARS-CoV-2 vaccination.
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