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Introduction: In the presence of competing risks, patients with brain stroke (BS) experience death by 
various causes, such as diabetes, and heart disease, and other causes in the follow-up.
 This study aimed to model the survival in patients with BS in the presence of these competing risk of death 
using cumulative incidence function (CIF) and cause-specific hazard (CSH) models. 
Methods: In the study, 332 patients with the definitive diagnosis of BS were followed up for 10 years, and 
their mortality status due to BS or other causes was evaluated. In addition, significance tests and parameters 
were estimated by using STATA 14 software by considering the CIF and CSH model.
Results: The median follow-up time was 20.68 months for patients who died due to BS and 68.50 months 
for patients who died due to other causes. In the CIF model, Sex [BS: cumulative incidence hazard ratio 
(SHR) = 2.35, 90% confidence interval (CI) = (1.76-3.14)], Employment status [BS: 2.04(1.50-2.75)], 
History of blood pressure[BS: 1.64(1.25-2.14)], Heart disease[BS: 1.47(1.13-1.94)], Cerebrovascular 
accident type[BS: 0.77(0.69-0.87)]; age [Other case: 59-68 years, 2.61 (1.13-6.06) and ≥76 years: 3.03 
(1.32-6.92)] were directly related to hazard of death. The CSH model resulted in similar estimates except 
for age [BS: 69-75 years; 1.31(1.18-1.45), ≥76 years; 1.37(1.23-1.53); other case: age 59-68 years 1.91 
(1.22-2.99) and 69-75 years; 1.89 (1.21-2.96) and ≥76 years: 2.14 (1.36-3.37)], Sex[BS: 1.38(1.07-1.79)], 
History of blood pressure [BS: 1.57(1.20-2.05)], Heart disease [BS:1.44(1.09-1.91)] were directly related 
to hazard of death.
Conclusion: The estimation of CIF analysis, along with CSH one for the competing risks, is suggested 
to provide more precise information about patients’ status in order to support adopted clinical decisions 
when aiming at assessing health related to a specific cause economically and determining the probability of 
occurring an intended event among other causes.
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Introduction

Finding risk factors affecting diseases in 
medicine is of particular importance because 
if such factors are found, provided they are 
modifiable, these factors can be eliminated or 
modified or their impact can be reduced. Due to 
the high prevalence of BS1, 2 and the increase in 
the number of survivors of this disease, which 
leads to an increase in economic and social 
burden in society,3 a better understanding of 
the factors affecting the long-term damping 
of the disease, as well as the prescription of 
optimal and specific treatment, information 
from the specific assessment of the cause of 
death, can be of great help to patients with BS. 
The occurrence time of various events such 
as death and disease relapse has a large share 
among abundant medical data. A part of science 
which deals with such data is called as survival. 
Survival analysis is a set of statistic methods 
for analyzing the data with the variable of the 
time required for an event to occur.4 In many 
follow-up studies in the medical sciences field, 
the event may happen due to the reasons other 
than the main reason for the study. 
Regarding the evaluation of brain stroke (BS) 
long-term mortality, the BS-caused death is 
considered as the main event, while patient 
may die during following-up for other causes 
such as heart disease and blood pressure etc., 
which are named as the competing risks.5

In the traditional analysis of survival data, 
researchers were mainly interested in 
understanding the distribution of survival times 
observed under a particular failure factor and 
considered all other factors as censored data. In 
1972, cause-specific hazard  model (CSH) that 
has been widely used since then to investigate 
the effects of explanatory (independent) 

variables affecting survival time.6 The CSH is 
semi-parametric and does not require a special 
distribution for survival times.7 It is necessary 
to check the assumption of proportional hazard 
(PH) (risk ratio is constant at all times) to use 
the CSH so that if this assumption is not met, 
the results of  CSH are not reliable.8

But in recent years, with the development of 
models, the survival time of a particular risk 
in the presence of other competing risk factors 
has been assessed. One of the most widely used 
functions in competitive risk data analysis is 
the cumulative occurrence function. There are 
several methods for estimating and evaluating 
the effect of auxiliary variables using the 
CIF in competing risk data. And the effect of 
covariate variables on competing risk data is 
assessed using CIF modeling.9 In conventional 
methods of survival analysis, CSH and CIF is 
estimated based on these hazards. This study 
aims to directly model the CIF and CSH with 
a competing risk approach and its application 
in BS data.

Methods
Design

A total of 332 patients with a definitive 
diagnosis of BS were entered from Imam 
Khomeini Ardabil Hospital, Iran. The duration 
of data collection was from June 2008 up to 
June 2018 and the follow-up period of patients 
from the time of diagnosis was ten- years. 

Diagnosis of BS

Out of 332 patients with BS were included in 
the study. After recent follow ups it is confirmed 
that 92 patient were alive, 208 patient had died 
due to BS, 32 patient were other causes.
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Inclusion criteria to join the study were the 
first-time BS, informed, and voluntary consent 
to participate in the study. Exclusion criteria 
were Transient Ischemic Attack (TIA) patients 
and patients with a previous history of BS. 
All patients complied with the International 
Coding System ICD-10 according to the 
Computerized Tomography (CT) scan and 
Magnetic Resonance Imaging (MRI).

Main variables 

We collected the data on demographic and 
clinical
information, including: age (≤58 years; 59-68 
years; 69-75 years; ≥76 years), employment 
status (employed; unemployed), sex (male; 
female), place of residence (urban; rural), a 
history of cerebrovascular accident (yes; no), 
heart disease (yes; no), now smokers (yes; no), 
and cerebrovascular accident type (ischemic; 
hemorrhagic).
 
Main outcome

The primary outcome of interest was death 
from BS, and competing risks were death from 
other causes. After ten years of follow-up, a 
total of 332 patients with BS, the number of 
patients who died due to BS was 208 (86.7%) 
and the number of patients who died due to 
other causes was 32 (13.3%). Patients’ outcome 
status (The date of BS diagnosis, date of death, 
the cause of death) was ascertained by making 
documents or telephone calls to their relatives.

Statistical modeling

The total survival time of BS patients was 
calculated in months. Data were reported 

using mean (SD), median (min–max) for 
continuous variables and frequency (percent) 
for categorical variables. This study considers 
two types of risks: the death of patients with 
BS due BS and death due to other causes 
(heart disease, blood pressure, etc.). If death in 
patients with BS occur due to other causes, it 
is impossible to observe the death due to BS. 
Therefore, this study was performed using two 
models of cumulative incidence function (CIF) 
and cause-specific hazard (CSH) models.in 
determining the risk factors of competing risk 
of death due to BS and death from other causes 
in patients with BS. This part of statistical 
analyses was conducted by STATA software 
[ver.14] (StataCorp, College Station, Texas, 
USA).
Considering the existence of competing risks 
and using CSH and CIF models, the effect of 
each covariate variable was tested separately, 
the results of which are as follows.

Results

In this study, the mortality of 332 BS patients 
in two sections of death due to BS and death 
due to other causes during 10 years was 
investigated. The mean age at diagnosis was 
69.08±(SD 11.82) years for patients who died 
of BS and 69.37±(SD 10.01) for patients who 
died of other causes. The mean follow-up time 
was 46.86±(SD 51.94) months for patients who 
died of BS and 78.98±(SD 37.72) for patients 
who died of other causes, respectively. The 
highest diagnosis of BS was between the ages 
of 69 and 75 years (30.9%) and the lowest was 
over 76 years (19.1%). Also, 50.6% of patients 
were female and 49.4% were male. In the 
death section due to BS, 86.8% were female 
and 86.6 were male, and in the death due to 
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other causes, 13.2% were female and 13.4% 
were male. See Table 1 for more results.
Nelson Allen's cumulative hazard for BS 
patients by cause of death is shown in Figure 
1. The rate was about 50 percent for deaths due 
to BS in the 60th month and about 25 percent 
for deaths from other causes during the same 
period, indicating a higher risk of death from 
BS.

Assessing the PH assumption 

The results of testing the PH assumption 
indicated that all predictors had satisfied the 
PH assumption in all CIF and CSH models 
(p>0.1).

Multivariate Analyses

The results related to the multivariate analysis 
of generalized CSH reflected the significance 
of age at diagnosis, sex, history of blood 

pressure and heart disease for the BS-caused 
death, as well as age at diagnosis at diagnosis 
for dying for other causes. Considering the 
effect of other variables, the results of the 
multivariate analysis concerning generalized 
CIF represented that sex and employment 
status, as well as the heart disease and history 
of blood pressure, and Cerebrovascular 
accident type were significant in the patients 
died of BS. However, only age at diagnosis 
was significantly related to death risk among 
those died for other causes.

Death due to BS

The results of both CSH and CIF models 
showed that BS was significantly related to 
Sex, blood pressure, and heart disease to the 
hazard of death. In the CSH model, males had 
38% more hazard than Females did, and in the 
CIF model, men had 2.35 times more hazard of 
death by BS. The history of blood pressure was 

Table 1. Participants’ demographic and clinical characteristics, and percentage of patients who were censored

Characteristic N (%) Brain stroke 
N (%)

Other causes 
N (%)

Age category (years)

≤ 58 88 (26.7) 32 (94.12) 2 (5.88)

59- 68 77 (23.3) 44 (80) 11 (20)

69-75 102 (30.9) 80 (88.9) 10 (11.1)

≥76 63 (19.1) 50 (84.7) 9 (15.3)

Sex (male) 164 (49.4) 116 (86.6) 18 (13.4)

Employment status (unemployed) 225 (67.8) 147 (88.65) 19 (11.5)

Place of residence (urban) 201 (60.5) 1244(89.9) 14 (10.1)

History of cerebrovascular accident (yes) 80 (24.1) 44 (81.9) 10 (18.6)

Heart disease (yes) 85 (25.8) 58 (89.2) 7 (10.8)

History of blood pressure (yes) 196 (59.2) 138 (90.2) 15 (9.8)

now smokers 64 (19.3) 40 (83.3) 8 (16.7)

Cerebrovascular accident type (hemorrhagic) 66 (20.4) 49 (92.5) 4 (7.6)
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Figure 1. Nelson Allen Cumulative Risk for patients with BS by Cause of Death

Table 2. Results of multivariate CSH and CIF modeling for risk factors of death from brain stroke

Characteristic
CSH CIF

HR (90% CI) p-value SHR (90% CI) p-value
Age category (years)

≤ 58 Reference Reference Reference Reference
59- 68 1.09 (0.98-1.21) 0.155 0.96 (0.85-1.07) 0.526
69-75 1.31 (1.18-1.45) <0.001* 0.97 (0.86-1.10) 0.730
≥76 1.37 (1.23-1.53) <0.001 0.95 (0.83-1.08) 0.511

Sex (male) 1.38 (1.07-1.79) 0.039* 2.35 (1.76-3.14) <0.001*
Employment status (unemployed) NA NA 2.04 (1.50-2.75) <0.001*
History of cerebrovascular accident (yes) 0.77 (0.57-1.05) 0.167 0.78 (0.57-1.06)  0.181
History of blood pressure (yes) 1.57 (1.20-2.05) 0.005* 1.64 (1.25-2.14)    0.003*
Heart disease (yes) 1.44 (1.09-1.91) 0.029* 1.47 (1.13-1.94)    0.018*
Cerebrovascular accident type (hemorrhagic) 0.91 (0.81-1.03) 0.237 0.77 (0.69-0.87) <0.001*

*p<0.1
CIF, Cumulative incidence function; CSH, Cause-specific hazard; HR, Hazard Ratio; SHR, Sub-distribution hazard ratio; 
CI, Confidence interval
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associated with hazard ratios 1.57(1.20-2.05) 
and 1.64(1.25-2.14) in CSH and CIF models, 
respectively. Also, the heart disease was 
associated with hazard ratios 1.44(1.09-1.91) 
and 1.47(1.13-1.94) in CSH and CIF models, 
respectively (Table 2).

Death due to other causes

Regarding the death due to other causes, only 
age at diagnosis was obtained as significant 
in two models. The hazard ratio for the age 
at diagnosis range of 59-68 years old was 
respectively estimated as 1.91(1.22-2.99) and 
2.61(1.13-6.06) in CSH and CIF models. In 
the range of 69-75 years was associated with 
hazard ratios 1.89(1.21-2.96) and 2.14(0.91-
5.02) in CSH and CIF models, respectively. 
In the ≥76 years, this ratio was estimated 2.14 
and 3.03 times the hazard of death by other 
causes than ≤ 58 years in CSH and CIF models, 
respectively (Table 3).

Discussion

In the present study, the common classic models 
in the competing risks problem were presented 
in two parts of inference based on the CIF and 
CSH hazards. The above-mentioned models 
were performed by considering the assumption 
of the independence of hazards, in each of 
which the results of estimating and comparing 
the quantity of interest were provided by the 
cause of death.
Each of the CSH and CIF-based analyses 
responds to different research questions. The 
CSH hazard analysis is applied when aiming 
to assess a special cause independently in the 
presence of the competing risks. The results 
of the analysis disregard the effect of other 
competing risks. The CSH analysis aims at 
examining the biological relationship between 
a specific factor and event occurrence by 
the intended cause, and the effect of other 
causes is ignored. During the CIF-based one, 
the probability of happening an event by the 
intended cause is compared by considering the 

Table 3. Results of multivariate CSH and CIF modeling for risk factors of death from other causes

Characteristic
CSH CIF

HR (90% CI) p-value SHR (90% CI) p-value
Age category (years)

≤ 58 Reference Reference Reference Reference
59- 68 1.91 (1.22-2.99) 0.017* 2.61 (1.13-6.06) 0.061*
69-75 1.89 (1.21-2.96) 0.019* 2.14 (0.91-5.02) 0.141
≥76 2.14 (1.36-3.37) 0.006* 3.03 (1.32-6.92) 0.027*

Place of residence (urban) 0.89 (0.74-1.07) 0.300 0.83 (0.53-1.27) 0.470
History of cerebrovascular accident (yes) 0.99 (0.81-1.23) 0.996 1.24 (0.81-1.89) 0.399
History of blood pressure(yes) 0.66 (0.33-1.32) 0.329 0.53 (0.27-1.02) 0.110
Heart disease (yes) 1.06 (0.84-1.33) 0.667 0.71 (0.81-1.89) 0.319
Cerebrovascular accident type (hemorrhagic) 0.99(0.75-1.28) 0.931 0.74 (0.39-1.39) 0.431

*p<0.1
CIF, Cumulative incidence function; CSH, Cause-specific hazard; HR, Hazard Ratio; SHR, Sub-distribution hazard ratio;
CI, Confidence interval
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effect of other competing risks from a general 
perspective.10 The simplicity of interpreting 
these models clinically by the users of life 
sciences field is important in selecting these 
two approaches.11 The hazard ratio or survival 
rate and 90% confidence interval can be 
interpreted easily in clinical situations.
In this regard, the effect of each covariate 
variable was evaluated by the cause of death 
through CSH and CIF models in the present 
study in order to estimate the survival of BS 
patients more precisely. The estimated values, 
as well as the severity of the effect of variables 
were different in two models. The results 
obtained from CSH and CIF analyses were 
similar in the significance of the risk factors 
affecting mortality except for employment 
and BS type although these analyses respond 
to different questions.5, 12 In both models, 
sex, as well as the heart disease and history 
of blood pressure was significant, and age at 
diagnosis was determined as the risk factor 
influencing long-term mortality in death due 
to other causes. Additionally, mortality hazard 
increased by rising age at diagnosis in death 
caused by other causes.
The data related to BS mortality have been 
analyzed through CSH method in most of 
the previous studies worldwide,13-16 while 
estimating the CIF of the competing risks has 
been rarely utilized in this regard. Mogensen et 
al. evaluated the long-term mortality (10 years) 
of BS through CSH method among 988 BS 
patients and found that 310(31%) individuals 
died of BS, 201 (21%) heart disease, and 289 
(29%) non-vascular diseases, respectively. 
However, 180 (18%) ones were alive after 
10 years of follow-up.17 Further, Ekker et al. 
assessed mortality and Kaplan-Meier analysis 
among BS patients.18

Regarding diabetes disease, Lim et al. reported 
that CSH can be only utilized when the 
frequency of hazards is rare; otherwise, two 
models can be applied.19 Furthermore, Hyun et 
al. conducted a study among diabetic patients, 
which indicates the usability of both models 
in the presence of high competing risks, as 
well as the more appropriateness of CSH 
one compared to proportional CIF when the 
number of hazards is low.20 Some of the studies 
estimated the effect of auxiliary variables in 
the presence of the competing risks by using 
CSH. In the model, the interpretation of the 
hazard ratio obtained from auxiliary variables 
in the presence of the competing risks is 
complex and ambiguous, which clarifies by 
using proportional subdistribution hazards.21, 

22  Based on comparing CSH and proportional 
subdistribution hazard models concerning 
pediatric cancer by Tai et al., analyzing the 
effect of various treatments without considering 
the competing risks leads to different results.23 
Wolbers et al. fitted Cause-specific hazard and 
proportional subdistribution hazard models 
in the presence of the competing risks among 
heart patients. In addition, the CSH estimated 
the hazard ratio of the intended event greater 
than the proportional subdistribution hazard 
one by ignoring and censoring the competing 
risks.24 Jason and Gray estimated the effect 
of auxiliary variables in the competing risk 
data by using CSH hazard and proportional 
subdistribution models among breast cancer 
patients. The values estimated by two models 
were different, and the effect was significant 
in CSH hazard model, while no significant 
effect was observed in the other model.9 
Some researchers pointed out that considering 
hazards as censorship in the competing risk 
data could lead to skewed results.25-27
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Limitations and suggestions

The need to conduct further studies among 
BS patients for collecting more precise results 
is considered as one of the limitations of the 
present study. Given that the sample size related 
to the patients died of other causes was small in 
one center, performing multi-center studies are 
suggested at macro level. Further, The Bayesian 
modeling of CIF is suggested as an alternative 
method for considering the limitations of the 
study. In the study, the analysis was performed 
based on the independence between hazards. 
Thus, it is suggested to evaluate the results by 
examining the dependence between hazards by 
using frailty model.

Conclusion

The present study sought to find the risk factors 
influencing the long-term mortality of BS 
patients with the competing risk approach. In 
this regard, the competing risks were inferred 
through CSH and CIF approaches based on 
the estimable quantities. The results of two 
analyses were similar in the variables of sex, 
heart disease, and history of blood pressure in 
BS-caused death, as well as age at diagnosis in 
death for other causes. Fitting an appropriate 
model in the presence of the competing risks 
was considered as important in the study. 
Based on the results, CIF and CSH models 
were more efficient in the death caused by 
BS and other causes, respectively. In general, 
CIF analysis can be further interpreted and 
discussed, and is more interesting clinically 
and epidemiologically. As already mentioned, 
the selection of a proper analysis is dependent 
on the research question under study.
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