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Abstract

Objective: Considering that coronavirus disease 2019 (COVID-19) is an emerging disease and
results in very different outcomes, from complete recovery to death, it is important to determine
the factors affecting the survival of patients. Given the lack of knowledge about effective factors
and the existence of differences in the outcome of individuals with similar values of the observed
covariates, this study aimed to investigate the factors affecting the survival of patients with
COVID-19 by the parametric survival model with the frailty approach.
Methods: The data of 139 patients with COVID-19 hospitalized in Imam Reza Hospital in
Tabriz were analyzed by the Gompertz survival model with gamma frailty effect. At first, var-
iables with P< 0.1 in univariable analysis were included in the multivariable analysis, and then
the stepwise method was used for variable selection.
Results: Diabetes mellitus was significantly related to the survival of hospitalized patients
(P= 0.021). The rest of the investigated variables were not significant. The frailty effect was
significant (P= 0.019).
Conclusions: In the investigated sample of patients with COVID-19, diabetes was an important
variable related to patient survival. Also, the significant frailty effect indicates the existence of
unobserved heterogeneity that causes individuals with a similar value of the observed covariates
to have different survival distributions.

In December 2019, an increasing number of abnormal cases of pneumonia were reported in
Wuhan, China. On March 11, 2020, the World Health Organization identified coronavirus dis-
ease 2019 (COVID-19) as a worldwide pandemic with a very high incidence and mortality rate.
According to statistics, by March 2021, more than 120 million people have been infected with
coronavirus and more than 2.6 million people have died.1 According to reports from different
countries, there are many differences in the outcome of patients; mild infection and complete
recovery, hospitalization, the need for intensive care unit (ICU) stay, and death are the conse-
quences of this disease, which are affected by different factors such as age, underlying diseases,
and gender.2–5 Identifying these factors and their impact on the patient’s clinical condition can
help to prevent progressing of the infection and lead to the use of appropriate treatments for
patients.

It is very important to evaluate the survival time of hospitalized patients and determine the
factors affecting their survival time. Ordinary survival models, such as Cox or parametric mod-
els, are methods that are suitable for analyzing survival data in homogeneous communities so
that, individuals with the same value of the observed covariates have the same distribution for
survival times.6 It is possible that all covariates that can affect the survival time are not involved
in the model. This means that there is unobserved heterogeneity and people with the same value
of the covariates may have different survivals.6

Our study population, that is, patients with unknown effective characteristics on the sur-
vival times, cannot be considered homogeneous. Because seemingly similar individuals with
COVID-19 have very different outcomes, from complete recovery to death, and have differ-
ent survival times, it is necessary to consider this heterogeneity in some way in the analysis of
survival-related factors. For this purpose, by adding a random component to the survival
functions in parametric models, a factor called frailty can be added to the model, which rep-
resents unknown factors and variables. Recently, studies on the survival time of patients
with COVID-19 disease have been performed by different methods,2,5,7,8 but in none of
them, the method of frailty models have been used. This study aimed to investigate the fac-
tors affecting the survival time of patients with COVID-19 admitted to Imam Reza Hospital
in Tabriz from April 1 to 17, 2020, with a frailty approach.
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Methods

This study is a secondary study and contains information about
some patients with COVID-19 whose data had been collected
during the approved study with the code of ethics
IR.TBZMED.REC.1398.1310.

In that randomized clinical trial, several patients who had lab-
oratory or clinical-confirmed COVID-19 infection had been
included. Patients had been recruited from Imam Reza Hospital
in Tabriz, Iran between March 20 and April 5, 2020. Pregnant
women, patients with type I diabetes, ketoacidosis, heart failure,
severe kidney failure (glomerular filtration rate [GFR] < 30 mL/
min), severe respiratory failure, retinopathy, G6PD deficiency,
and children had been excluded from the study. The present study
is observational, and 139 patients who had participated in the origi-
nal study and underwent the normal course of treatment in Imam
Reza Hospital were included in this study (E. Shaseb et al. unpub-
lished data, 2021).

Statistical Analysis

In the present study, continuous variables were described as means
(standard deviation [SD]) for symmetric variables and median
(interquartile range [IQR]) for asymmetric variables. Categorical
variables were expressed as number and percentage (%). The death
consequence was considered as the event and the survival of
patients was time to death, constructed as the time between the date
of admission and death with censoring on discharge date for individ-
uals who were alive by the time of discharge. The Kaplan-Meier
method was used to estimate the median survival time.

Survival time that is considered from the moment of hospitali-
zation to death or discharge as the dependent variable and demo-
graphic information, comorbidities, vital signs of the patient at the
time of hospitalization, variables related to the severity of the dis-
ease (computed tomography [CT] scan of the lungs and the lung
involvement amount) were considered as the independent varia-
ble, and their effect on the survival time of hospitalized patients
with COVID-19 was evaluated.

The demographic and clinical factors affecting the survival of
hospitalized patients were investigated by the parametric survival
model with gamma frailty effect. In this study, the Akaike informa-
tion criterion (AIC) was used to model selection (among Weibull,
Gompertz, log-logistic, exponential, and lognormal distributions
for survival time). The smaller value for this criterion means a bet-
ter and more suitable model.

To identify the effective variables, due to a large number of var-
iables, for variable selection, first, we fit univariable parametric sur-
vival models with the gamma frailty effect, to examine the effect of
all demographic and clinical variables on patients survival time.
Then by using the univariable selection algorithm for variable
selection,9 the variables with P< 0.1 in the univariablemodels were
selected to include in the multivariable parametric survival model
with the gamma frailty effect. The backward stepwise selection
method (removing terms with P≥ 0.2 and adding those with
P< 0.1) was used for final variable selection in the multivari-
able model.

For evaluation of the proportionality assumption for paramet-
ric proportional hazard (PH) models, survival probability was esti-
mated for the final model and log (-log (survival) values were
plotted against survival time.

The significance level of tests was set at 0.05 and 2-tailed tests
were performed. All analyzes were performed using STATA14
software.

Parametric Survival Models With Parametric Frailty
Component

The response variable in survival models is the time until an event
occurs. This time can be censored. The semi-parametric Cox pro-
portional hazards model is one of the most common models for
analyzing survival data. One of the assumptions of this method
is the homogeneity of people in the population. The parametric
approach is another method of survival analysis that can be con-
sidered different distributions, such as Weibull, log-normal,
gamma, etc., for survival time.10 These models are also based on
the assumptions of community homogeneity, independence, and
identical distribution of survival data. But in many cases, the risks
of statistical units are different and the assumption of community
homogeneity is not established and patients with the same covari-
ates have different survival times. One of the reasons for this differ-
ence can be attributed to the existence of unknown or unobserved
risk factors that are not included in the model, and disregarding
them can lead to invalid results. In such cases, to consider the effect
of these unknown factors, semi-parametric or parametric frailty
models can be used, which consider the effect of these unknown
factors in the form of a random component and lead to more valid
results.

These types of models have been proposed as a method for con-
sidering the dependency between observations,6 which, in addition
to including independent variables in the model, also include
unobserved effects that affect survival time in the model. Failure
to consider these common unknown risk factors creates a correla-
tion between survival times. In such a case, the use of parametric
and Cox survival models is inappropriate and the frailty model
provides more reliable results. Adding common frailty to a model
has the same role as adding a random effect to the classical linear
regression model, as a way to account for heterogeneity between
different groups of observations. In general, the frailty model
has a random component that is defined as a conditional hazard
model:

hijðtjuiÞ ¼ h0ðtÞ ui expðX 0
ijβÞ ¼ uihijðtÞ; i ¼ 1; . . . ;G; j ¼ 1; . . . ni

Where h0(t) is the base hazard function, ui is the frailty factor of ith

group, xij the vector of explanatory variables for jth subject in ith

group, and β the vector of regression coefficients. Also, the survival
function of jth subject in ith group in tth time will be as follows, con-
sidering the relationship between the survival function and hazard:

SijðtjXij; uiÞ ¼ expf�H0ðtÞui expðX 0
ijβÞg

That H0ðtÞ ¼
R
t
0 h0ðvÞdv is the cumulative baseline hazard func-

tion. In this approach, the baseline hazard function and the distri-
bution of the frailty random factor (with specific mean and
variance) are considered as parametric functional forms in the haz-
ard model.6

Results

Of the 139 patients admitted to the hospital, 65 were female
(46.8%) and 74 were male (53.2%). Fifteen patients (10.8%) died
before discharge. Using the Kaplan-Meiermethod, themedian sur-
vival time of these patients was estimated to be 20.00 d (95% con-
fidence interval [CI]: 13.66-26.33) from the time of admission,
which was 51 d for women and 15 d for men.
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According to the AIC criterion, among different univariable
models for survival analysis, for most variables the Gompertz para-
metric model with the gamma frailty effect had smaller value than
other distributions; so, this model was selected for univariable
modeling.

By fitting a univariable Gompertz parametric model with the
gamma frailty effect, the effect of all demographic variables,
comorbidities, and clinical characteristics of the patients on

survival time was investigated. The results have been reported
in Table 1–3. According to the results, the laboratory indices of
lymphocyte, aspartate aminotransaminase (AST), alanine amino-
transferase (ALT), lactate dehydrogenase (LDH), sodium, and par-
tial thromboplastin time (PTT) as well as having diabetes, CHF,
and having chronic kidney disease (CKD) with P< 0.1 were con-
sidered as potentially important variables to include in multivari-
able modeling.

Table 1. Demographic and clinical characteristics of the patients

Characteristics Dead (n= 15) Alive (n = 124) P-Value*

Demographic Age (y) 68.73 ± 11.60 59.59 ± 15.88 0.323

Gender (male) 8 (53.3%) 66 (53.2%) 0.468

BMI kg/m2 28.88 ± 4.91 28.81 ± 4.99 0.952

Smoking (yes) 1 (6.7%) 3 (3.0%) 0.656

Vital sign SPO2 % 85.51 ± 4.84 89.80 ± 4.60 0.223

Respiratory rate (breaths per min) 22.00 ± 3.50 23.01 ± 9.49 0.715

Pulse rate
(beats per min)

87.40 ± 12.53 87.31 ± 14.40 0.782

SBP (mmHg) 130.00 ± 9.06 122.08 ± 15.38 0.314

DBP (mmHg) 84.33 ± 6.77 77.18 ± 9.45 0.221

Temperature 37.52 ± .61 37.25 ± 0.68 0.339

Laboratory findings WBC 5550.4 (3900) 6900 (4600) 0.320

Neutrophil 87.00 (17.50) 79.00 (15.00) 0.123

Lymphocyte 11.10 (15.00) 19.65 (13.68) 0.077

Hemoglobine 12.20 (2.50) 13.20 (2.63) 0.876

Platelet 172.0 (64.00) 177.00 (115.00) 0.768

Creatinine (mg/dL) 1.20 (.62) 1.00(.31) 0.778

AST(units/L) 33.00 (18.00) 29.00 (22.00) 0.001

ALT(units/L) 25.00 (18.00) 23.00 (16.75) <.001

LDH(units/L) 662.00 (290.00) 507.00 (201.00) 0.020

CPK(units/L) 268.00 (210.00) 107.00 (103.00) 0.459

Sodium (mEq/L) 135 (4) 136.00 (4) 0.092

Potassium (mEq/L) 4.30 (.90) 4.00 (.60) 0.881

Magnesium(mg/dL) 2.00 (.40) 2.00 (.40) 0.802

PT(s) 14.25 (2.30) 13.70 (1.75) 0.930

PTT(s) 35.50 (8.00) 33.00 (7.00) 0.092

INR (ratio) 1.05 (.09) 1.02 (.08) 0.686

Symptoms Fever (yes) 8 (53.3%) 59 (47.6%) 0.622

Cough (yes) 11 (73.3%) 96 (77.4%) 0.446

Dyspnea (yes) 11 (73.3%) 85 (68.5%) 0.861

Myalgia (yes) 5 (33.3%) 68 (54.8%) 0.308

Diarrhea (yes) 1 (6.7%) 14 (11.3%) 0.744

Abdominal pain (yes) 0 (0.0%) 7 (5.6%) 0.998

Headache (yes) 2 (13.3%) 17 (13.7%) 0.915

Nausea (yes) 2 (13.3%) 19 (15.3%) 0.384

Loss of appetite (yes) 1 (6.7%) 14 (11.3%) 0.461

Weakness (yes) 4 (26.7%) 29 (23.4%) 0.281

Shivering (yes) 2 (13.3%) 23 (18.5%) 0.323

Dead (n= 6) Alive (n = 100)

Sensory complication Taste (yes) 0 (0.0%) 44 (44.0%) −**
Smell (yes) 0 (0.0%) 50 (50.0%) –
Hearing (yes) 0 (0.0%) 10 (10.2%) –

Note: Continuous variables were described as means ± SD for symmetric variables and median (IQR) for asymmetric variables. Categorical variables expressed as number (percentage [%]).
Abbreviations: BMI, bodymass index; PCR, polymerase chain reaction; SPO2, oxygen saturation; SBP, systolic blood pressure; DBP, diastolic blood pressure; WBC, white blood cell; CPK: creatine
phosphokinase; PT: prothrombin time.
*From univariable Gompertz survival model with gamma frailty.
**Not converged.
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Among multivariable models (including lymphocyte, AST,
ALT, LDH, sodium, PTT, having diabetes, CHF, and CKD), the
Gompertz parametric model (among Weibull, log-logistic, expo-
nential, and lognormal distributions) with the gamma frailty effect
had the lowest AIC value (AIC= 92.55); so, this model was selected
for multivariable modeling.

The results of the backward stepwise Gompertz multivariable
analysis (Table 4) confirmed that among the mentioned variables,
the variable of diabetes mellitus with P= 0.021 had a significant
relationship with the survival time of patients hospitalized with
COVID-19, and despite the wide confidence interval, having
diabetes significantly decreases the survival of the patients (hazard
ratio = 13.48; 95% CI: 1.48-122.73).

Although the final model just included diabetes mellitus
as the significant variable, the variable of CKD with P = 0.114
also showed a potential effect on survival time. The rest of
the studied variables in this sample of patients with P > 0.2

did not show a significant relationship with the patient’s survival
time.

Furthermore, in the final model, the frailty component was sig-
nificant (P= 0.019), which means that, first, the effect of unknown
factors in the form of individual differences on patient survival is
quite significant and individuals with the same explanatory varia-
bles and similar recorded characteristics had different survival
times and, second, considering the contribution of these unknown
factors in the analysis of the desired factors on survival improves
the efficiency of the model and more reliable results and increases
the model power.

Regarding the proportionality assumption for the final model,
about diabetes, the graph of the log (-log [survival]) versus survival
time resulted in parallel lines for 2 levels of this variable. For CKD,
due to the low number of patients with CKD, the proportionality
assumption was not evaluated. So, according to the results, we can
conclude that the proportionality assumption was established for
the final model.

Discussion

Coronavirus is a new virus first reported in China in December
2019 and has led to a global epidemic. Coronaviruses are RNA-
positive stranded that cause severe lung damage and lead to
death.11 Epidemiological findings suggest that several risk factors
are associated with poor prognosis in patients with COVID-19.
Some known risk factors include age, obesity, high blood pressure,
diabetes, CKD, and heart disease.4

Table 2. Comorbidities information

Characteristics Dead (n= 15) Alive (n= 124) P value*

Comorbidities Diabetes (yes) 10 (66.7%) 33 (26.7%) 0.019

Hypertension (yes) 10 (66.7%) 49 (39.5%) 0.142

Hyperlipidemia (yes) 6 (40.0%) 16 (12.9%) 0.187

IHD (yes) 6 (40.0%) 18 (14.5%) 0.266

CHF (yes) 1 (6.7%) 2 (1.6%) 0.079

Hypothyroidism (yes) 0 (0%) 7 (5.6%) 0.999

CKD (yes) 1 (6.7) 1 (.8%) 0.040

Asthma(yes) 1 (6.7%) 9 (7.3%) 0.831

COPD (yes) 0 (0.0%) 6 (4.8%) 0.999

Note: Categorical variables expressed as number (percentage [%]).
Abbreviations: IHD, ischemic heart disease; CHF, chronic heart failure; COPD, chronic obstructive pulmonary disease.
*From univariable Gompertz survival model with gamma frailty.

Table 3. Lung-related imaging findings and involvement scores

Characteristics Dead (n= 4) Alive (n= 60) P-Value*

Involvement CT peri/bilateral 4 (100%) 55 (97.1%) -**

CT peri/unilateral 0 (0%) 4 (6.7%)

CT Central/unilateral 0 (0.0%) 1 (1.07%)

Total lung involvement (%) <5 2 (50.0%) 22 (36.7%) 0.192

5-25% 0 (0%) 22 (36.7%)

26-49% 1 (25.0%) 8 (13.3%)

50-75% 1 (25.0%) 4 (6.7%)

>75% 0 (0.0%) 4 (6.7%)

Note: Categorical variables expressed as number (percentage %).
*From univariable Gompertz survival model with gamma frailty.
** Not converged.

Table 4. Results of stepwise multivariable Gompertz survival model with
gamma frailty

Variable
Hazard
ratio

95% CI for
hazard ratio P-Value*

Having diabetes 13.48 (1.48, 122.73) 0.021

Having CKD 23.35 (0.46, 1162.74) 0.114

Frailty component 5.21 (1.29, 20.98) 0.019

*From multivariable Gompertz survival model with gamma frailty.
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Numerous studies have been performed in Iran5,12 and the
world2,7 on the survival of patients with coronary heart disease.
However, in these studies, the frailty approach is not considered
to have more reliable estimates. In this study, the effect of variables
on survival was investigated by a parametric model of survival with
a frailty approach and taking into account the effect of unknown
factors in the model.

According to the results, in the univariable analysis, several
prognostic factors for death in COVID-19 patients admitted to
Imam Reza Hospital in Tabriz were identified, but the results of
the multivariable analysis showed that, in the present sample, hav-
ing diabetes and CKDwere important predictors of survival time of
patients with COVID-19.

Regarding diabetes, many studies have shown the effect of this
comorbid disease on reducing the survival of patients with
COVID-19, including a meta-analysis to identify the predictors
of mortality in hospitalized patients with COVID-19 conducted
in 2020 and according to the results diabetes, as the second most
common comorbid disease in patients, is associated with a 2-fold
increased odds of COVID-19 mortality.4 Also, a study on the sur-
vival of patients with COVID-19 reported the adjusted relative risk
of death for diabetic hospitalized patients equals 1.23, which was
significant.13

Regarding CKD, studies consistent with our findings2,8,14,15

show that chronic kidney disease is associated with an increased
risk of mortality and decreased survival of hospitalized patients.
Although in general, the risk of death in people with CKD due
to various infections is higher, the mechanism of its effect on mor-
tality in patients with COVID-19 is not clear and needs further
investigation.

Regarding the variables of the severity of lung involvement,
although they can be important variables in predicting the patient’s
survival time, in the present sample, due to the small sample size,
reliable results were not obtained by scanning the lungs. We pro-
pose a more detailed evaluation of the association between the
severity of lung involvement and the survival of patients.

Regarding the frailty model, the frailty component was quite
significant. Although COVID-19 is very infectious and people
are usually susceptible, not everyone who is exposed to the coro-
navirus becomes infected.16 Furthermore, infected persons may
have various incubations, various symptoms, various disease
processes, and various outcomes.17,18 For example, in people
of 1 family who were exposed to new coronavirus (severe acute
respiratory syndrome coronavirus 2 [SARS-CoV-2]) simultane-
ously, the disease displayed various symptoms and outcomes
among the family members.19 This unobserved heterogeneity
was accounted for in the frailty model as the random effect
(frailties). The significant frailty component indicates the exist-
ence of unknown and unidentified variables involved in the sur-
vival times of the patients with COVID-19. This means that
there is unobserved heterogeneity and patients with COVID-
19 with a similar value of the observed covariates have different
survivals, which can be attributed to genetic issues, nutrition,
lifestyle, and so on.

Conclusions

In the investigated sample of patients with COVID-19, diabetes
and CKD were important variables related to patient survival.
There was also a significant frailty effect and indicates the presence
of unknown variables that cause differences in patient survival with

similar known and observed characteristics, so we need further
studies to identify unknown factors associated with mortality of
COVID-19.

Limitations

One of the major limitations of this study was the small number of
investigated patients due to the difficulty and strict restrictions for
collecting data from patients with COVID-19 and as a result, the
small number of death events to study factors affecting the survival
time of patients that lead to the wide confidence intervals for esti-
mations and the nonconvergence of the model. It is recommended
that other observational studies with larger sample sizes be per-
formed on hospitalized patients to identify factors affecting the
survival of these patients. The strengths of this study were the good
quality of the data, a large number of variables examined, and the
accurate recording of information by the research team itself.
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