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Multimorbidity Patterns and Their Relationship With 
ICU Admission and Mortality Rates in Hospitalized 
Patients With COVID-19 in Northern Iran

Background: Classifying COVID-19 hospitalized patients based on multimorbidity could aid in 
individual evaluation and provide effective triage for better treatment and management. The aim 
of this study was to extract multimorbidity patterns among hospitalized COVID-19 patients and 
determine their associations with admission to intensive care units (ICU) and mortality. 

Methods: The data in this retrospective study were acquired from the registry system for all 
13,960 COVID-19 patients from 42 hospitals in Mazandaran Province in northern Iran between 
March 20, 2020, and July 20, 2021. The multimorbidity patterns of 11 chronic diseases were 
extracted using latent class analysis (LCA). The association between multimorbidity patterns 
and mortality from COVID-19 and admission to the ICU was examined using multilevel 
logistic regression modeling. 

Results: Four classes were identified, including diabetes and cardiovascular disease (class 1, 
3.7%), metabolic diseases and others (class 2, 0.6 %), diabetes and hypertension (class 3, 23.0%), 
and non-multimorbidity (class 4, 72.7%). Membership in class 1 (diabetes and cardiovascular 
disease) and class 3 (diabetes and hypertension), compared with class 4 (non-multimorbidity), 
was associated with higher odds of experiencing death (OR=2.66 for class 1 and 1.21 for class 3). 
Class 2 did not show a significant difference from class 4 regarding mortality.

Conclusion: Multimorbidity classification is a key predictor of COVID-19 patient prognosis, 
guiding treatment decisions and prioritizing protective measures, such as vaccination. Notably, 
those with multimorbidity patterns of “diabetes and cardiovascular diseases” and “diabetes and 
hypertension” exhibit the highest risk of ICU admission and mortality. 
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Introduction

he World Health Organization (WHO) 
announced the coronavirus disease 2019 
(COVID-19), caused by SARS-CoV-2, as 
a pandemic in March 2020. It has spread 
rapidly in countries and territories and af-
fected the lives and health of people world-
wide. Although significant advances have 

been made in developing vaccines [1] and planning health 
measures [2] to prevent the disease and more effective 
therapies have been suggested, it is still important to iden-
tify potential factors affecting the severity, prognosis, and 
mortality of COVID-19. Additionally, effective triage for 
the treatment and management of patients is essential to 
allocate healthcare resources appropriately [3]. 

Epidemiological studies have shown that COVID-19 
patients with chronic diseases experience higher hospi-
talization rates, increased disease severity, more intensive 
care unit (ICU) admissions, and ultimately higher mortal-
ity from COVID-19 [4-8]. Although some studies have 
examined the association between multimorbidity and 
mortality, several limitations exist in previous research. 
First, most prior studies have considered the comorbid-
ity of chronic diseases separately [4-8]. This may lead to 
an inaccurate effect size, as many patients have multiple 
chronic diseases simultaneously. Therefore, considering 
multimorbidity (defined as the co-occurrence of at least 
two chronic conditions) in COVID-19 patients can pro-
vide better results for the identification of high-risk groups 
and informing treatment [9]. Second, while there is no 
consensus on the method used to measure multimorbidity, 
most previous studies have relied on counting the number 
of chronic comorbidities [5, 10-12], employing variable-
centered approaches [13], or using specific cut points such 
as the Charlson comorbidity Index [14]. 

Latent class analysis (LCA), as a person-oriented group-
ing approach, is used to identify multimorbidity patterns 
[15]. In this method, patients are classified into latent 
clusters, which are homogeneous groups of individuals 
with regard to the multimorbidity of chronic diseases. In 
a previous study in Iran, five patterns of multimorbid-
ity were found in the general population [15]. However, 
there is still no study on multimorbidity patterns among 
COVID-19 patients in Iran or other countries. Third, 
most previous studies have used relatively small sample 
sizes and have been based on single-center observations 
or have not accounted for hospital-level variations [4-6], 
when examining the associations between comorbidity 
(or multimorbidity) and outcomes, such as ICU admis-
sion and death. Hospital-level variations may be due to 

the hospital readiness dimensions of hospital readiness 
(such as incident management systems, coordination, in-
formation management, logistics, finance and adminis-
tration, detection, diagnosis, isolation, case management 
and prevention and infection control) [16], the catchment 
area, the reputation of the hospitals and their physicians, 
tourist areas, and religious sites in the cities where the 
hospitals are located, among other factors. Finally, dur-
ing the early phases of the COVID-19 pandemic, some 
general challenges faced by regions, including Mazan-
daran, could include issues related to healthcare infra-
structure capacity due to the floating population caused 
by passengers, testing availability, public compliance 
with safety measures, and the overall management of the 
pandemic. Therefore, considering these challenges, this 
study investigated the patterns of multimorbidity among 
Iranian COVID-19 patients and their relation to ICU ad-
mission and death. The study opens avenues for further 
research, encouraging a deeper exploration of how to 
identify groups at risk for COVID-19 outcomes based 
on comorbidities and individual factors, as well as the 
development of more effective strategies for managing 
and treating patients. 

Methods

Study population and design

In this retrospective cohort study, data were obtained 
from the surveillance system of the Medical Care Monitor-
ing Center of the Ministry of Health and Medical Educa-
tion (MOHME) of Iran, which has mandated all hospitals 
to register patients admitted with a diagnosis of confirmed 
or suspected COVID-19. The data of 13,960 COVID-19 
patients from 42 hospitals in Mazandaran Province in 
northern Iran were collected according to the census be-
tween March 20, 2020 and July 20, 2021. These patients 
were hospitalized through three sources: direct visits to 
the hospital, referrals from outpatient centers (healthcare 
service centers) and referrals from other hospitals not des-
ignated for COVID-19 treatment. The inclusion criterion 
consisted of all positive COVID-19 patients admitted to 
the hospitals by RT-PCR during the specified time period, 
while the exclusion criterion included outpatients. 

Measurement of chronic diseases 

The included variables in this study were demographic 
characteristics (such as age and gender), the presence of 
chronic diseases as predictors, and ICU admission and/or 
death as outcomes. The chronic diseases included chronic 
obstructive pulmonary disease (COPD), cardiovascular 
disease (CVD), diabetes, chronic kidney disease (CKD), 
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chronic liver disease, malignancy, immune system dis-
eases, chronic neurological disease, hypertension, asthma, 
metabolic diseases (hyper or hypo-thyroid and hyperlipid-
emia) and other diseases (rheumatoid arthritis and muscu-
loskeletal diseases). These data were compiled based on 
the checklist prepared by the disease management center 
of the Ministry of Health and Medical Education, which 
was completed by each hospital or medical center upon 
admitting patients. The response options for each under-
lying chronic disease and for admission to the ICU and 
death were yes/no. Information about the morbidity of the 
patients was based on their medical files. Incomplete cas-
es were addressed by reviewing the case files or through 
self-reporting from patients or their companions. If access 
to any of these sources was unavailable, the individual 
was excluded from the study.

Data analysis

Descriptive statistics were reported for all variables. 
LCA was used to extract multimorbidity patterns 
(grouping homogeneous patients in a class) based on the 
presence of different diseases. Then, we evaluated the 
relationship between each of these classes (or patterns) 
and the outcomes of COVID-19 (ICU admission and 
death) by adjusting age and gender via logistic regres-
sion analysis. The regression analyses were conducted 
using a multilevel method to account for the dependence 
of responses observed among patients belonging to the 
same hospital and to correct for its effects. LCA was 
conducted in an exploratory and iterative process with 
an increasing number of classes. The optimal number of 
classes was identified based on model fit indices in com-
bination with empirical evidence and interpretability. 
Model fit was assessed using the Akaike information cri-
terion (AIC), Bayesian information criterion (BIC), sam-
ple size adjusted bayesian information criterion (aBIC), 
the Lo–Mendell–Rubin likelihood ratio (LMR LR) test, 
and Vuong-Lo-Mendell-Rubin likelihood ratio (VLMR) 
Test. Smaller values of AIC, BIC, and aBIC indicated a 
better model fit [17]. The LMR is a likelihood ratio test 
that compares the estimated model to model to a model 
with one fewer class (k-1). If the LMR is not significant, 
the model fit will not improve by including an additional 
class in the model [18]. The VLMR, P are interpreted in 
the same manner as those of the LMR LR test. Entropy 
was used to assess the quality of member classification; 
a value closer to 1.0 indicates better classification [19]. 

Two-level logistic regression analysis (random inter-
cept) was used to explore the association between each 
independent variable and the outcome variables (death 
and ICU admission) in univariate analysis. Given the 

clustering nature of the data, two-level (random intercept) 
logistic regression modeling was used, as patients were 
nested within hospitals. We then fitted multilevel logistic 
regression with the multimorbidity patterns obtained from 
LCA as independent variables and ICU admission (model 
1) and death (model 2) as outcomes. In both models, age 
groups and gender were adjusted for confounders. Before 
running models 1 and 2, initially, a null or unconditional 
model was built to calculate the intra-class correlation co-
efficient (ICC) of hospitals. Data preparation and regres-
sion models were done in STATA software, version 16, 
and LCA was run in Mplus software, version 7.4.

Results

The descriptive statistics of all variables are shown 
in Table 1. Among the COVID-19 patients, 28.2% had 
one comorbidity, while 9.3% had two comorbidities, 
and 1.6% had three or more comorbidities. Additionally, 
50.6% of patients were female and 20.1% were aged over 
71. The most common comorbidities among COVID-19 
patients were diabetes (20.6%) and hypertension (9.9%). 
The relative frequency of hospitalization for COVID-19 
patients in the ICU and mortality from the disease was 
approximately 17% and 13%, respectively. 

To extract multimorbidity patterns of chronic diseases, 
a series of latent class models were run, in which the 
number of classes ranged from 2 to 7. Figure 1 shows the 
goodness-of-fit indices for each model. The VLMR and 
LMR tests yielded significant P in all models; therefore, 
we could not use these indices as differentiators. The 
4-class model was selected because the BIC and SSA-
BIC values were smaller than other models, although the 
entropy was also lower than that of the others. 

The probability of each chronic disease in the four 
classes (the conditional probabilities for each of the 
classes) is presented in Table 2. class 1, which consti-
tuted 3.7% of the patients, was characterized by a high 
probability of diabetes (53%) and CVD (52%) and a low 
probability of other diseases; therefore, we labeled this 
class “diabetes & CVDs.” This group also had the high-
est probability of CKD (10%). Class 2, comprising 0.6% 
of the patients, was characterized by a high probability 
of metabolic diseases (59%) and other diseases (75%); 
thus, we labeled this class “metabolic & other diseases.” 
the third class, which included 23.0% of the patients, was 
characterized by a moderate probability of hypertension 
(36%) and diabetes (40%), along with a low probability 
of other chronic diseases; therefore, we labeled this class 
“diabetes & hypertension”. The fourth class, with 72.7% 
of the patients, had a very low probability of all chronic 
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conditions compared to other classes; we labeled this 
class “non-multimorbidity”. The probability of diabetes 
varied between 8% in class 4 to 53% in class 1. COPD, 
chronic liver disease, malignancy, immune system dis-
ease, chronic neurological diseases and asthma had 
low probabilities in all classes. The relative frequency 
of multimorbidity classes and mortality across age and 
gender groups is presented in Appendix 1.

Initially, an empty model with no predictors was fitted 
to examine the variation of death and ICU admissions 
across hospitals. The variance component and the stan-

dard error at the hospital level in the empty model were 
0.35 and 0.10, respectively, resulting in an ICC of 9.6% 
for mortality. For ICU admissions, the variance compo-
nent and the standard error were 0.99 and 0.25, respec-
tively, yielding an ICC of 23.1%.

Then, the associations between predictors and out-
comes (death and ICU admission) were examined using 
univariate analysis through two-level logistic regression 
(Table 3). In univariate analyses, the presence of some 
chronic diseases increased the odds ratio of admission to 
ICU (with the exception of liver, immune system, meta-

Table 1. Characteristics of COVID-19 patients in this study (n=13,960)

No. (%)Variables

7062(50.6)Female
Gender

6898(49.4)Male

3487(25)<40

Age groups (y) 7669(54.9)41-70

2804(20.1)>71

2872(20.6)Diabetes

Chronic diseases

1387(9.9)Hypertension

1220(8.7)CVDs

545(3.9)COPD 

511(3.7)CKD

228(1.6)Malignancy

95 (0.7)Immune system diseases

89(0.6)Metabolic diseases

83(0.6)CND

48(0.3)Chronic liver disease

35(0.2)Asthma

135(1)Others

1761(12.6)Death 

2308(17)ICU admission 

Abbreviations: CVD: Cardiovascular disorders; CND: Chronic neurological disorders (dementia, movement disorders, prior 
stroke with long-term sequelae, neuromuscular disorders); HTN: Hypertension; COPD: Chronic obstructive pulmonary dis-
ease; CKD: Chronic kidney disease.

Note: Metabolic disease: Hypo and hyperthyroid, obesity, hyperlipidemia; Others: GI disorders, psychiatric disorders, blood 
disorders, chronic pancreatitis, connective tissue disorder.
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bolic, and other diseases) and death from COVID-19 
(except for liver, asthma, metabolic, and other diseases). 
Also, males, compared with females, as well as age 
groups 41-70 and >71 years, had higher odds of death 
(OR=1.27 for males; 3.08 and 9.49 for age groups 41-70 
and >71, respectively) (Table 3). 

The association between the multimorbidity classes of 
chronic diseases and ICU admission (model 1) and death 
(model 2), adjusted for gender and age groups, is shown 
in Table 4. Membership in class 1 (diabetes and CVD's) 
and class 3 (diabetes and hypertension) compared with 
class 4 (non-multimorbidity), was associated with higher 
odds of ICU admission (OR=2.12 for class 1 and 1.13 
for class 3) and death (OR=2.66 for class 1 and 1.21 for 
class 3). Also, membership in class 2 compared with 
class 4 showed a higher odds ratio for experiencing ICU 
admission (OR=1.94, 95% CI, 1.06%, 3.55%), while this 

increase was not significant for death (OR=1.94, 95% 
CI, 0.47%, 3.55%). The ICC for models 1 and 2 showed 
that 23.3% and 6.5% of the total variance for ICU admis-
sion and death from COVID-19 were explained at the 
hospital level, respectively (Table 4). 

Discussion

The results of the present study showed four patterns 
of multimorbidity in hospitalized COVID-19 patients, 
including diabetes and CVD (class 1, 3.7%), metabolic 
diseases and others (class 2, 0.6 %), diabetes and hyper-
tension (class 3, 23.0%), and non-multimorbidity (class 
4, 72.7%). The multimorbidity pattern with “diabetes 
and CVD's” in hospitalized COVID-19 patients had the 
highest chance of admission to ICU and mortality com-
pared to other multimorbidity patterns. Also, our study 
showed that patients with comorbidities, particularly 

Table 2. The conditional probabilities of diseases for the 4-class model of multimorbidity in COVID-19 patients (n=13,960)

Variables
No. (%)

Class 1a Class 2b Class 3c Class 4d

Classes and labels 521(3.7) 77(0.6) 3212(23) 10148(72.7)

Di
se

as
es

COPD 0.08 0.04 0.03 0.04

CVD 0.52* 0.16 0.03 0.05

Diabetes 0.53* 0.24 0.40 0.08

CKD 0.12 0.05 0.06 0.01

Chronic liver disease 0.02 0.01 0.01 0.01

Malignancy 0.02 0.02 0.01 0.02

Immune system diseases 0.01 0.06 0.01 0.01

CND 0.01 0.03 0.01 0.01

HTN 0.02 0.09 0.36 0.01

Asthma 0.01 0.01 0.01 0.01

Metabolic diseases 0.01 0.59* 0.01 0.01

Others 0.01 0.75* 0.01 0.01

Abbreviations: CVD: Cardiovascular disorders; CND: Chronic neurological disorders (dementia, movement disorders, prior 
stroke with long-term sequelae, neuromuscular disorders); HTN: Hypertension; COPD: Chronic obstructive pulmonary dis-
ease; CKD: Chronic kidney disease.

aDiabetes and cardiovascular, bMetabolic and other, cDiabetes and hypertension, dNon-multimorbidity. *Conditional prob-
abilities >0.5. 

Notes: Metabolic disease: Hypo and hyperthyroid, obesity, hyperlipidemia; Others: GI disorders, psychiatric disorders, blood 
disorders, transplant, chronic pancreatitis, connective tissue disorder. 
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those with a history of COPD, diabetes, CVDs, CKD, 
neurological disease, hypertension, and malignancy, 
have a higher rate of ICU admission and death compared 
to other patients. The current study showed that multi-
morbidity is associated with serious adverse outcomes 
(ICU admission and death) even after adjusting for age 
groups and gender. Age was adjusted for because it is a 
strong confounder [20], as individuals who die from CO-
VID-19 are often older and have more comorbidities [4, 

10]. The present study is consistent with previous meta-
analyses that indicate men have a higher mortality rate 
from COVID-19 [8]. 

Consistent with our study, Iaccarino et al. [20], in a study 
of 1,591 Italian patients diagnosed with COVID-19 who 
were admitted to 26 hospitals, found that among those 
who did not survive, there was a greater prevalence of 
hypertension, diabetes mellitus, COPD, CKD, coronary 

Table 3. Univariate analysis (two-level logistic regression) of independent variables and the dependent variable (death)

Outcomes
OR (95% CI) 

ICU Admission Death

Chronic diseases

COPD 1.69 (1.35, 2.12)*** 1.79 (1.38, 2.32)***

CVD 1.94 (1.66, 2.26)*** 2.19 (1.78, 2.68)***

Diabetes 1.33 (1.18, 1.49)*** 1.72 (1.53, 1.95)***

CKD 1.53 (1.21, 1.94)*** 2.11 (1.70, 2.61)***

Chronic liver disease 1.45 (0.73, 2.89) 1.6 (0.63, 4.09)

Malignancy 1.53 (1.08, 2.16)* 1.93 (1.44, 2.58)***

Immune system diseases 1.52 (0.91, 2.53) 1.46 (1.03, 2.07)*

Chronic neurological disease 2.76 (1.64, 4.64)*** 1.94 (1.28, 2.93)**

HTN 1.19 (1.02, 1.38)* 1.31 (1.12, 1.53)**

Asthma 2.41 (1.09, 5.35)* 2.31 (0.89, 5.99)

Metabolic diseases 1.52 (0.83, 2.16) 1.08 (0.61, 1.91)

Others 1.39 (0.81, 2.23) 0.71 (0.42, 1.2)

Multimorbidity classes

Class 1a 2.39 (1.91, 3)*** 3.53 (2.90, 4.3)***

Class 2b 1.78 (1.01, 3.25)* 0.81 (0.37, 1.76)

Class 3c 1.26 (1.12, 1.41)*** 1.43 (1.27, 1.6)***

Class 4d - -

Gender (female) 1.19 (1.08, 1.31)*** 1.27 (1.16, 1.39)***

Age groups (y)
41-70 1.46 (1.28, 1.65*** 3.08 (2.55, 3.71)***

>71 2.43 (2.1, 22.81)*** 9.49 (7.48, 12.04)***

Abbreviations: CVD: Cardiovascular disorders; CND: Chronic neurological disorders (dementia, movement disorders, prior 
stroke with long-term sequelae, neuromuscular disorders); HTN: Hypertension; COPD: Chronic obstructive pulmonary dis-
ease; CKD: Chronic kidney disease;

Note: Metabolic disease: Hypo and hyperthyroid, obesity, hyperlipidemia; Others: GI disorders, psychiatric disorders, blood 
disorders, transplant, chronic pancreatitis, connective tissue disorder.

aDiabetes and CVDs, bMetabolic & other disease, cDiabetes & hypertension, DNon-multimorbidity, *P<0.05, **P<0.01, ***P<0.001. 
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artery disease, and heart failure compared to the survi-
vors. The results showed that multimorbidity from class-
es 1 and 3 increased the chances of COVID-19 mortality 
compared to patients with low morbidity (class 4). how-
ever, patients with predominantly metabolic and other 
diseases (class 2) did not show a significant difference 
in mortality compared to the low morbidity class. These 
results were similar for admission to ICU (as an outcome 
of severity). Nonetheless, patients with predominantly 
metabolic and other diseases had higher odds of admis-
sion to the ICU compared to patients with low morbidity.

Consistent with previous studies in Italy [20] and 
Denmark [21], our study showed an increase in ICU 
admissions and deaths related to multimorbidity. How-
ever, those studies used the Charlson comorbidity in-
dex (CCI) score to determine multimorbidity. In other 
words, the CCI was significantly higher in nonsurvivors 
compared to survivors. 

Also, our results were consistent with a previous study 
in Italy [12] that showed an increased risk of mortality 
from COVID-19 for patients with cardiometabolic mor-
bidity compared to those with no cardiometabolic condi-
tions. In that study, cardiometabolic multimorbidity was 
defined as having at least two of three risk factors (dia-
betes, hypertension, and dyslipidemia). 

According to COVID-19 pathogenicity analyses, most 
deaths caused by COVID-19 were due to cytokine storms 
caused by multiple organ dysfunction and acute respira-
tory distress syndrome (ARDS) [22]. A previous meta-
analysis investigated the effect of co-infection on the 
onset of severe symptoms in patients with COVID-19 
and showed that COPD, cerebrovascular disease, CVD, 
diabetes, and blood pressure, respectively, increased the 
risk of severe clinical symptoms [23]. Consistent with 
this meta-analysis, our study showed that the presence 
of comorbidity with malignancy, chronic neurological 
disease, CVD, CKD, immune system diseases, COPD, 
and diabetes increased the severity of COVID-19 and 
death rate in the univariate analysis. Various studies have 
shown that COPD is an essential indicator of severity 
and poor prognosis among COVID-19 patients [8]. In 
contrast, a previous study [23] indicated that CKD and 
malignancy did not affect the severity of clinical symp-
toms in COVID-19 patients. Among the comorbidities 
studied in various studies, the effect of malignancy on 
the prognosis of COVID-19 is a controversial issue. Li-
ang et al. reported that people with malignancy had a 
higher risk of developing COVID-19 and a lower prog-
nosis [24], a claim debated by other researchers [25, 
26] due to the small sample size of Liang’s study and 
various confounding factors. However, the results of the 
meta-analyses conducted by Fang et al. [8] and the pres-
ent study confirmed that the risk of death in COVID-19 
patients increases with malignancy. Angiotensin-con-

Table 4. Multivariate analysis (two-level logistic regression) of independent variables (multimorbidity classes) and the depen-
dent variable (death)

Variables
OR (95% CI) 

Model 1a Model 2b

Individual level Gender (female) 1.18 (1.07, 1.3)*** 1.23 (1.12, 1.35)***

Age groups (y)
41-70 1.38 (1.21, 1.57)*** 2.84 (2.36, 3.41)***

>71 2.25 (1.93, 2.61)*** 8.56 (6.75, 10.86)***

Multimorbidity classes 

Class 1e 2.12 (1.69, 2.66)*** 2.66 (2.14, 3.31)***

Class 2f 1.94 (1.06, 3.55)* 1.17 (0.47, 2.88)

Class 3g 1.13 (1.01, 1.28)* 1.21 (1.07, 1.37)**

Class 4h - -

Intercept 0.09 (0.06, 0.12)*** 0.03 (0.02, 0.03)***

Hospital level Variance component (SE) 1 (0.27) 0.23 (0.06)

SE: Standard error. *P<0.05, **P<0.01, ***P<0.001, aICU admission, bDeath, eDiabetes and CVDs, fMetabolic and other diseases, 
gDiabetes and hypertension, hNon-multimorbidity.
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verting enzyme (ACE) is a significant regulator of blood 
pressure and serves as the binding site for the SARS-
COV2 virus; for this reason, hypertension is one of the 
most common comorbidities associated with COVID-19 
[27, 28], affecting disease severity and mortality. Iaccari-
no et al. [20] reported a higher frequency of ACE inhibi-
tors, diuretics, and β-blocker usage among non-survivors 
compared to survivors.

Consistent with previous studies [5, 29], having more 
than one comorbidity compared to the absence of co-
morbidities increases the risk of death. Guan et al. [5] 
showed that in 31 Chinese provinces, the presence of 
two or more risk factors compared to the absence of 
risk factors increased the risk of requiring ventilation 
and death by 2.59 times, while the existence of one risk 
factor (hypertension or diabetes) raised the risk by 1.78 
times. Agrawal et al. [29] found that in a cohort of pa-
tients hospitalized in Scotland due to COVID-19 during 
the first wave (between February 28, 2020 and Septem-
ber 22, 2020), the adjusted odds ratio for the existence 

of multimorbidity (≥2 comorbidities) compared to non-
multimorbidity (≤1 comorbidity) was 1.49. It seems 
multimorbidity exacerbates pathological mechanisms in 
the three different phases of COVID-19 from the initial 
viral replication phase to inflammatory lung injury and 
post-acute sequelae—thereby reducing the patient’s tol-
erance to organ injury [30]. 

If CVD and malignancy are present in a person for 
a long time before the onset of COVID-19, they can 
increase the severity of disease and death from COV-
ID-19. CVD, diabetes, and metabolic problems increase 
the risk of death from COVID-19 probably because they 
cause vascular endothelial injury, hemostatic system 
dysfunction, and pro-inflammatory state or chronic in-
flammation [31-33]. The simultaneous development of 
COVID-19 and heart disease, such as arrhythmia and 
atherosclerosis, increases the likelihood of thrombotic 
events, leading to an increased risk of fatal cerebral isch-
emia and acute stroke [22, 31]. 

Figure 1. Fit indices for LCA models with 1-7 classes for COVID-19 patients (n=13,960)

Abbreviations: AIC: Akaike information criterion; BIC: Bayesian information criterion; SSA-BIC: Sample size adjusted bayesian 
information criterion; LMR: Lo–Mendell–Rubin likelihood ratio test; VLMR: Vuong-Lo-Mendell-Rubin likelihood ratio test.
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Finally, our findings showed that the explained varia-
tions at the hospital level for mortality and ICU admis-
sion were about 10% and 23%, respectively. Therefore, 
the mortality associated with COVID-19 is less affected 
by hospital-level factors and more influenced by indi-
vidual factors, such as comorbidity and demographic 
variables, such as age. This conclusion is confirmed by 
the fact that in model 2, the explained variation for CO-
VID-19 mortality at the hospital level decreased after ad-
justing for age groups and gender (ICC decreased from 
9.6% to 6.5%). 

Conclusion

The classification based on multimorbidity proves to 
be a significant predictor for disease prognosis, aiding 
in treatment decisions and effective patient management. 
Importantly, the research demonstrates the persistent as-
sociation between multimorbidity and severe adverse 
outcomes, such as ICU admission and mortality, even 
after adjusting for age and gender. This underscores the 
critical role of individual factors, particularly comorbidi-
ties, in determining COVID-19 outcomes. On the other 
hand, the variations in mortality and ICU admission at 
the hospital level indicate that individual-level factors 
exert a more substantial influence on COVID-19 mortal-
ity. This insight emphasizes the necessity of personalized 
approaches in managing COVID-19 cases. Also, pre-
ventive measures, including expanding protective rec-
ommendations and prioritizing vaccination for patients 
with multiple comorbidities, are essential. Building upon 
these findings, future research could delve deeper into 
understanding the specific mechanisms, through which 
certain comorbidities influence the severity of CO-
VID-19. Investigating the molecular and physiological 
pathways involved could provide more targeted insights 
for treatment and intervention strategies. 

Strengths and limitations 

This study has notable strengths and limitations. This 
study utilized a robust methodological approach, em-
ploying LCA to determine multimorbidity patterns, 
accounting for response measurement errors and offer-
ing various goodness-of-fit indices for a more accurate 
portrayal of multimorbidity patterns. Additionally, the 
study leveraged extensive datasets from the national sur-
veillance system of 42 hospitals in a province of Iran, 
marking the first investigation into the impact of multi-
morbidity patterns on COVID-19 patients in the country. 

The study has limitations, including its focus on dichot-
omous outcomes for death, recovery, discharge, and ICU 

admission. Future research should explore the impact 
of multimorbidity patterns on years of life lost (YLL), 
length of hospitalization, and duration of ICU stay. The 
consideration of hospital-level factors and the potential 
information bias from self-reported morbidity data were 
acknowledged. Additionally, the study’s generalizability 
to outpatients, the examination of COVID-19 variants 
across different waves, and the regional nature of the 
findings in one province in northern Iran warrant atten-
tion in future investigations. 
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Appendix 1. The relative frequency of multimorbidity patterns, history of admission into ICU, and death due to COVID-19 
based on age and gender.

Variables

No. (%)

Total
Age (y) Gender

<40 41-70 >71 Female Male

M
ul

tim
or

bi
di

ty
 p

at
te

rn
s

Class1: Diabetes and CVDs 521(3.73) 13(0.37) 345(4.5) 163(5.82) 279(3.95) 242(3.51)

Class2: Metabolic diseases 
and other 77(0.55) 18(0.52) 55(0.72) 4(0.14) 62(0.88) 15(0.22)

Class 3: Diabetes and 
Hypertension 3,212 (23.01) 253(7.26) 2,085(27.2) 874(31.18) 1,897(26.87) 1,315(19.06)

Class 4: No multimorbidity 10,148 (72.07) 3,202(91.85) 5,183(67.59) 1,763(62.87) 4,822(68.3) 5,326(77.21)

Chi-square test statistic 918.06*** 159.58***

Ch
i-s

qu
ar

e 
te

st
 st

at
ist

ic Admission to ICU

Yes 2,308 (17.04) 427(12.65) 1,231(16.55) 650(23.78) 2,308 (17.04) 427(12.65)

No 11,240 (82.96) 2,948(87.35) 6,209(83.45) 2,083(76.22) 5,750(83.82) 5,490(82.09)

Chi-square test statistic 135.19*** 7.18**

De
at

h 
du

e 
to

 C
O

VI
D-

19 Yes 1,761 (12.62) 131(3.76) 843(11) 787(28.07) 790(11.19) 971(14.08)

No 12,197 (87.38) 3,356(96.24) 6,824(89) 2,017(71.93) 6,271(88.81) 5,926(85.92)

Chi-square test statistic 873.7*** 26.43***

**P<0.01, ***P<0.001.�
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