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ABSTRACT
Survival analysis is often used in studies of clinical epidemiology, but the existence of competing risks has not been
adequately considered. Competing risks may hinder observation of the outcome of interest or modify the occurrence of
the outcome. In the presence of competing risks, conventional survival analysis leads to biased results. To conduct a
survival analysis in the presence of competing risks, researchers should select an appropriate method from the following
two options: cause-specific hazard model and subdistribution hazard model. This article explains the issues raised by
the presence of competing risks and describes methods to account for competing risks in survival analysis.
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1.  INTRODUCTION

In many clinical studies, the outcome of interest includes
not only the occurrence of an outcome but also the time
to its occurrence. For example, the clinical significance
for cancer recurrence would differ between recurrence
after 1 year and recurrence after 5 years.

“Survival time” is defined as the time from starting an
observation to the occurrence of an outcome of interest.
However, the terminology can sometimes be misleading
because survival time analysis is also applied to favorable
outcomes, such as “time from surgery to hospital dis‐
charge” and “time from starting rehabilitation to func‐
tional recovery”.

One of the important features of survival data is that
some individuals do not encounter the outcome of inter‐
est before the end of the study period or are lost to
follow-up. These individuals are treated as censored.
Censored individuals should not be excluded from the
analysis because they impart important information by
not experiencing the outcome before they were censored.
Conventional methods for survival analysis (Kaplan–
Meier method and Cox regression method) rely on the
assumption of non-informative censoring. This assump‐

tion means that censoring occurs independently of the
outcome of interest, and that individuals censored at a
given point in time have the same risk of the outcome as
those who remain under follow-up at the same time
point, even though they cannot be observed after being
censored.

However, in survival analysis, the presence of compet‐
ing risks is generally important. When an individual can
experience multiple possible outcomes, the occurrence of
one outcome prevents the occurrence of other outcomes
[1]. In other words, the competing risks prevent the indi‐
vidual from experiencing the outcome of interest or
modify the likelihood of the occurrence of the outcome.

The present article explains the issues raised by com‐
peting risks and describes methods to account for com‐
peting risks in survival analysis.

2.  WHAT IS  A  COMPETING RISK?

During the follow-up period in clinical studies, several
types of outcomes may occur. When competing risks
exist, the occurrence of any outcome other than the pri‐
mary outcome causes a situation in which the occurrence
of the primary outcome is unobservable [1].
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For example, when the primary outcome is time to
death from cardiovascular diseases, death from cancer is
regarded as a competing risk against the primary out‐
come. Conversely, when the primary outcome is time to
death from cancer, death from cardiovascular diseases is
a competing risk (Fig. 1).

Although the conventional methods for survival analy‐
sis are based on the assumption of non-informative cen‐
soring, censoring caused by competing events prevents
the occurrence of the primary outcome and alters the
probability of the occurrence of the primary outcome [2].
Therefore, censoring due to the occurrence of competing
events may violate the assumption of non-informative
censoring.

3.  SURVIVAL  ANALYSIS  IN  THE PRESENCE
OF COMPETING RISKS

A feasible option to deal with competing risks is the crea‐
tion of a composite outcome (combination of multiple
outcomes). For example, the composite outcome of major
adverse cardiovascular events (MACE) combines cardio‐
vascular death, myocardial infarction, unstable angina,
heart failure, and stroke, and is frequently used in cardio‐
vascular research. Although the use of a composite out‐
come is often criticized [3], it can increase statistical
power and avoid the issue of competing risks [4].

There are two statistical approaches for survival analy‐
sis in the presence of competing risks: cause-specific haz‐
ard model and subdistribution hazard model.

The cause-specific hazard model is generally suitable
for examining the etiology of a disease including treat‐
ment effects (etiologic research objectives), while the
subdistribution hazard model is suitable for examining a
prognosis or predicting an individual’s risk (prognostic
research objectives) [2, 5, 6].

Table 1 summarizes the methods for conventional
survival analysis in the absence of competing risks and
survival analysis in the presence of competing risks.

3.1 Cause‐Specific Hazard Model
The cause-specific hazard model treats competing events
other than the outcome of interest as censored, and a Cox
regression analysis is applied for the specific outcome.

For a simple comparison of survival probabilities
between two groups, the cumulative incidence in each
group (1 – Kaplan–Meier estimate) is estimated and
compared by the log-rank test. In a multivariate regres‐
sion analysis, the cause-specific Cox regression model is
used to estimate cause-specific hazard ratios. Cumulative
incidence and cause-specific hazard ratio findings in the
presence of competing risks should be interpreted with
caution. The cumulative incidence is the probability of
the outcome of interest occurring at a given time in a
hypothetical world where competing risks do not exist
[7].

Non-existence of competing risks means that no out‐
come will occur that would prevent observation of the
outcome based on the assumption that the competing
risks are independent of one another. Therefore, using

Fig. 1 Example of competing risks
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the Kaplan–Meier estimate in the presence of competing
risks overestimates the cumulative incidence [2, 8].

The cause-specific hazard function reflects an instanta‐
neous proportion of the primary outcome in individuals
who have not experienced any events, including the out‐
come of interest and competing risks at a given time. The
cause-specific hazard ratio is the ratio between the haz‐
ard of the outcome in the exposed group and the hazard
of the outcome in the unexposed group. The cause-
specific hazard model can be fitted to a conventional Cox
hazard model with competing events.

3.2 Fine–Gray Subdistribution Hazard Model
The subdistribution hazard model treats individuals who
experienced competing risks as remaining in the obser‐
vational population rather than being censored [5, 7]. For
a simple comparison of survival probabilities between
two groups, the cumulative incidence function is estima‐
ted and compared by the Gray test. The cumulative inci‐
dence function is interpreted as the probability of occur‐
rence of the outcome among the population that has not
experienced any type of event, including the outcome
and competing risks at a given time.

As a multivariate regression analysis, the subdistribu‐
tion hazard regression model proposed by Fine and Gray
can be used to estimate subdistribution hazard ratios [9].
This model allows estimation of the effects of covariates
on the cumulative incidence function for the outcome.
As mentioned above, in the subdistribution hazard
model, subdistribution hazard ratios cannot be interpre‐
ted as conventional hazard ratios because those who
experienced competing risks are also included in the
number at risk of experiencing the outcome of interest.

4.  STUDIES  USING SURVIVAL  ANALYSIS
IN THE PRESENCE OF  COMPETING RISKS

This section presents examples of studies that performed
a survival analysis in the presence of competing risks.

4.1 Investigation of Factors Associated with a Lower Likeli‐
hood of Discharge to Home from Geriatric Intermediate
Care Facilities [10]
The authors investigated factors associated with a lower
likelihood of discharge to home among 342,758 people
admitted to geriatric intermediate care facilities between
April 2012 and March 2014, using data from a nation‐
wide long-term care insurance claims database. The out‐
come of interest was defined as returning home from
geriatric care facilities. Death, hospitalization, and trans‐
fer to other care facilities were regarded as competing
risks. The study aimed to investigate risk factors associ‐
ated with a lower likelihood of discharge to home, and
the authors estimated cause-specific hazard ratios using
the cause-specific hazard model.

The median follow-up time was 137 days, and 19% of
the residents returned to home during the observation
period. The cause-specific Cox regression analysis
showed that several factors were significantly associated
with a lower likelihood of discharge to home, including
older age, higher level of care need, having several medi‐
cal conditions, private ownership of the facility, more
beds in the facility, and more long-term care facility beds
per 1,000 adults aged ≥65 years in the region.

4.2 Effect of Surgical Left Atrial Appendage Occlusion on
Thromboembolism Among Older Patients Undergoing
Cardiac Surgery [11]
Using US Medicare claims data and the Society of
Thoracic Surgeons Adult Cardiac Surgery Database, the

Table 1 Statistical methods for survival analysis in the absence or presence of competing risks

Conventional methods for
survival analysis

Survival analysis in the presence of competing risks

Etiological research objectives Prognostic research objectives

Estimation of survival
probability

Survival probability or cumulative
incidence estimated by the Kaplan–Meier
survival function

Cumulative incidence (1 – Kaplan–
Meier estimate) Cumulative incidence function

Simple comparison of
survival probability in
two groups

Log rank test Log rank test Gray’s test

Regression model Cox proportional hazard model Cause‐specific hazard model Subdistribution hazard model
(Fine–Gray model)
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authors evaluated whether surgical left atrial appendage
occlusion (S-LAAO) was associated with a lower risk of
readmission for thromboembolism among 10,524 elderly
patients with atrial fibrillation who underwent cardiac
surgery between January 2011 and June 2012.

The study compared the incidence of hospitalization
for thromboembolism (stroke, transient ischemic attack,
systemic embolism) between the groups with and with‐
out S-LAAO. Death was considered a competing risk
because the outcome of interest was defined as hospitali‐
zation for thromboembolism. The subdistribution hazard
regression model proposed by Fine and Gray was used to
compare the prognosis (readmissions for thromboembo‐
lism) between the S-LAAO group and the control group
without S-LAAO.

Overall, during the mean follow-up period of 2.6 years,
readmission for thromboembolism occurred in 5.4% of
the patients (4.2% in the S-LAAO group versus 6.2% in
the control group). The subdistribution hazard model
produced an adjusted subdistribution hazard ratio of 0.67
(95% confidence interval, 0.56–0.81), suggesting that S-

LAAO was associated with a lower risk of readmission
for thromboembolism.

CONCLUSIONS

For survival analysis in the presence of competing risks,
it is necessary to select an appropriate approach accord‐
ing to the research objectives and to correctly interpret
the results of the analysis. In general, there are two
approaches to survival analysis that can address the pres‐
ence of competing risks. The cause-specific hazard model
is suitable for etiologic research objectives, while the sub‐
distribution hazard model is suitable for prognostic
research objectives.
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