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Abstract
Objective: Competing events are often ignored in epidemiological studies. Conventional methods for the analysis of survival data as-
sume independent or noninformative censoring, which is violated when subjects that experience a competing event are censored. Because
many survival studies do not apply competing risk analysis, we explain and illustrate in a nonmathematical way how to analyze and inter-
pret survival data in the presence of competing events.

Study Design and Setting: Using data from the Longitudinal Aging Study Amsterdam, both marginal analyses (KaplaneMeier method
and Cox proportional-hazards regression) and competing risk analyses (cumulative incidence function [CIF], cause-specific and subdistri-
bution hazard regression) were performed. We analyzed the association between sex and depressive symptoms, in which death before the
onset of depression was a competing event.

Results: The KaplaneMeier method overestimated the cumulative incidence of depressive symptoms. Instead, the CIF should be used.
As the subdistribution hazard model has a one-to-one relation with the CIF, it is recommended for prediction research, whereas the cause-
specific hazard model is recommended for etiologic research.

Conclusion: When competing risks are present, the type of research question guides the choice of the analytical model to be used. In
any case, results should be presented for all event types. � 2020 The Authors. Published by Elsevier Inc. This is an open access article
under the CC BY-NC-ND license (http://creativecommons.org/licenses/by-nc-nd/4.0/).
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1. Introduction

Survival data are often encountered in epidemiologic
studies. In this kind of data, the outcome of interest is time
to the occurrence of a certain event. An important feature of
survival data is censoring, which occurs when the exact sur-
vival time is unknown. This is the case, for example, when
a subject is lost to follow-up, withdraws from the study, or
does not experience the event of interest before the end of
the study. Conventional methods used in the analysis of sur-
vival data like the KaplaneMeier method and Cox
proportional-hazards regression make the assumption of in-
dependent or noninformative censoring. This means that in-
dividuals who are censored have the same future risk of the
event of interest as subjects under observation [1,2]. In
other words, this kind of censoring does not change study
outcome on disease prognosis or risk factor detection.
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What is new?

Key findings
� Ignoring competing risks may lead to an overesti-

mation of the cumulative incidence. Depending
on the research question, in the presence of
competing events, survival data should be analyzed
using either a cause-specific hazard model or a
subdistribution hazard model. Instead of the
KaplaneMeier method, the cumulative incidence
function should be used to estimate the cumulative
incidence.

What this adds to what was known?
� Despite the fact that competing risks are often pre-

sent in epidemiological studies, specific competing
risk methodology is rarely applied. In addition,
most articles on this topic are highly theoretical.
This paper explains how to analyze survival data
in the presence of competing risks in a nonmathe-
matical way and subsequently illustrates this using
real-life epidemiological data.

What is the implication and what should change
now?
� Before analysis, the research question, that is, etio-

logic or predictive, should be formulated carefully
and the appropriatemodel to analyze the data should
be selected (ie, a cause-specific hazard model for
etiologic research and a subdistribution hazard
model for prediction research). Results should be
presented for all event types (both the event of inter-
est and the competing event(s)) and extra attention
should be paid to the interpretation of the results.

Another important but less well-known feature of sur-
vival data are competing risks. A competing risk is an event
that prevents the event of interest from happening [3]. Sup-
pose we are interested in the onset of depression, then death
before the onset of depression is a competing event.
Censoring these subjects is problematic in two ways. First,
the assumption of independence or noninformative
censoring is violated, as a subject that experiences a
competing event (death) is censored in an informative
manner [4,5]. Second, the probability of experiencing the
event of interest is estimated in a hypothetical setting in
which the competing event cannot occur, which has very
little clinical relevance [1,2].

In epidemiological and medical research, competing
risks are often ignored in the analysis of survival data.
However, failing to account for competing risks generally
leads to an overestimation of the cumulative incidence of
the event of interest [1,4,6e8]. In 2012, Koller et al.
critically appraised 50 recently published articles in which
competing risks were present from different biostatistical,
clinical, and high-impact medical journals [9]. In 70% of
the included articles, they observed at least one competing
risks issue. However, in only 20% of the studies, specific
competing risks methodology was applied.

Although there is extensive literature on competing risks
[1,3,7,10,11], articles that explain how to analyze survival
data in the presence of competing risks in a nonmathematical
way are scarce [5]. In addition, there is a lack of articles that
focus on the application of different methods in real-life data
and subsequently on the interpretation of the results. There-
fore, the aim of this study was to explain and illustrate how to
analyze and interpret survival data in the presence of a
competing event. We will compare conventional methods
of survival analysis with competing risk methods in the anal-
ysis of real-life data from an observational cohort study.
2. Description of the data

The application of methods is illustrated using data from
the Longitudinal Aging Study Amsterdam (LASA), a pro-
spective cohort study among older adults in the Netherlands
[12,13]. In the present study, we included respondents that
participated in the second measurement wave of LASA
(1995e1996). Data on various domains of function were
collected approximately every 3 years. More information
on LASA and the measurements included in this study
can be found elsewhere [12,13].

The outcome of interest was incident depression,
approximated by a score of �16 on the Center for Epidemi-
ologic Studies Depression (CES-D) scale [14]. Individuals
who already suffered from depression at the start of the
study were excluded, leaving a sample of 1,187 subjects.

Subjects that were not contacted for a new round of in-
terviews, that were ineligible, or that refused were censored
on the date of their last completed interview. Subjects that
were still event free at the end of the study (01-07-2015)
were also censored.
3. Statistical analyses

We analyzed the association between sex and the onset
of depression. Because a comprehensive assessment of pre-
dictors of depression incidence was beyond the aim of this
study, we limited our model to the inclusion of sex, baseline
age, number of chronic diseases, and smoking. We per-
formed both crude and adjusted analyses. Age was catego-
rized into quartiles due to nonlinearity.

3.1. Marginal analyses

In a classic survival setting, the survivor function is esti-
mated using the KaplaneMeier (KM) method [15]. The
complement of the KaplaneMeier estimate denotes the
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probability of experiencing the event of interest before a
specified time. As this method can only handle one
outcome and thus assumes independent or noninformative
censoring, the cumulative incidence derived from this
method is interpreted as the probability of depression in a
world in which subjects cannot die before developing
depressive symptoms [16,17]. Using the KaplaneMeier
method, censoring subjects at the time they experience a
competing event has no influence on the cumulative sur-
vival probability [18], which generally leads to an overesti-
mation of the cumulative incidence [2,4,7].

Marginal multivariable survival analysis is performed us-
ing Cox PH regression. The marginal hazard derived from a
Cox model denotes the instantaneous rate of occurrence of
the event of interest in a setting inwhich subjects cannot expe-
rience the competing event. Just like the KaplaneMeier
method, Cox PH regression assumes independent or nonin-
formative censoring. In the absence of competing risks, the
hazard and cumulative incidence are directly related in such
a way that an increased hazard has a one-to-one association
with a shorter survival time [2,3,9,19,20]. Then, by fitting a
Cox PH regression model in our example dataset, inference
can be made about the effect sex has on both the hazard func-
tion and on the prognosis or survival.

3.2. Competing risk analyses

The competing risk equivalent of the KaplaneMeier
method is the cumulative incidence function (CIF). The
CIF denotes the probability of experiencing the event of in-
terest before a specific time and before the occurrence of
any other type of event [2], meaning that subjects experi-
encing the competing event are considered no longer to be
at risk of developing the event of interest [16e18]. As a result
of this, the cumulative survival probability is lowered by the
occurrence of a competing event because the number of per-
sons at risk decreases more quickly over time [18]. Thus, the
CIF estimates the probability of depression in a clinically
relevant setting in which subjects may also die [2,21]. In a
scenario in which there are no competing events, the CIF
yields the same cumulative incidence as the KM method.

The one-to-one relation between the hazard and cumula-
tive incidence that is present in the multivariable marginal
analysis does not automatically translate to a competing
risk framework [22]. Therefore, in the presence of
competing risks, the hazard and cumulative incidence
cannot be estimated from one single model and different
models need to be applied to answer etiologic and prog-
nostic epidemiologic research questions: the cause-
specific hazard model (etiologic) or the subdistribution haz-
ard model (prognostic) [3,7,9,10,23].

3.2.1. Cause-specific hazard regression
The cause-specific hazard denotes the instantaneous rate

of occurrence of the event of interest in a setting in which
subjects can also experience the competing event [1,3].
This hazard is estimated by removing individuals from
the risk set the moment they experience the competing
event, meaning that competing events are treated as
censored observations [3,21]. Thus, the estimation proced-
ure is the same as the procedure for marginal survival anal-
ysis and the cause-specific hazard can be estimated by
fitting a standard Cox PH model in which all events other
than the event of interest are treated as censoring. Conse-
quently, when censoring is noninformative, we quantify
the effects on the marginal hazard, whereas in the case of
informative censoring, we quantify the effects on the
cause-specific hazard [1,3,23]. Thus, hazard ratios derived
from a cause-specific hazard model should be interpreted
among subjects who did not (yet) experience the event of
interest or a competing event [16]. As the cause-specific
hazard is directly quantified among subjects that are actu-
ally at risk of developing the event of interest, the cause-
specific hazard model is considered more appropriate for
etiologic research [16].

Whereas in the marginal analysis a model is fitted for the
event of interest only, for the cause-specific hazard model,
separate models are fitted for each type of event in which indi-
viduals that experience the competing event are censored [1,3].
Thus, in our study,wewill fit twomodels: one for depression in
which subjects that die are censored and one for death inwhich
subjects that are diagnosed with depression are censored, and
we interpret both hazard ratios at the same time.
3.2.2. Subdistribution hazard regression
The subdistribution hazard denotes the instantaneous

risk of the event of interest in subjects that have not (yet)
experienced the event of interest. This means that subjects
who experience the competing event remain in the risk set
[3,10,20]. Thus, the risk set for the subdistribution hazard
model contains not only subjects that are currently free of
the event of interest but also subjects that have previously
experienced the competing event. In our example, this
means that the risk set consists of both individuals that have
not (yet) developed depressive symptoms and individuals
that died before the onset of depression. Although this feels
unnaturaldas subjects who have died are naturally no
longer at risk of developing depressive symptomsdthis is
necessary to establish the one-to-one relation with the
CIF. Because of the direct relation between the covariates
and the CIF, the subdistribution hazard model is considered
the right model for prediction research.

Because in the subdistribution hazard model individuals
that experienced the competing event remain in the risk set,
the hazard ratios derived from a subdistribution hazard
model are not straightforward to interpret [7,23]. As a result
of this, the subdistribution hazard model is not considered
appropriate for etiologic research. However, in prediction
research, the hazard ratios are used to calculate individual
risks. Thus, the regression coefficients derived from the
subdistribution hazard model can be used to compute the
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cumulative incidence of depression, taking competing risks
into account [8,20].

Like for the Cox model, both the cause-specific hazards
and the subdistribution hazards are assumed to be propor-
tional over time. This can be checked using Schoenfeld re-
siduals [24].

3.3. Notation and reporting

In a classic survival setting, researchers often simply
address the risk of an event without specifying whether risk
denotes the hazard or the cumulative incidence of the event
[2]. In a competing risk framework, the use of clear termi-
nology is required to avoid the misconception that the
cause-specific and subdistribution hazard are essentially
the same. Therefore, the cause-specific hazard and subdis-
tribution hazard ratios will be reported as HRcs and HRsd,
respectively. In addition, Latouche et al. have suggested
to use both models and present the results for all causes
for complete understanding [5,21]. Therefore, in competing
risk analysis, in the example, both the hazard for depression
and the hazard for death will be reported.

3.4. Software

All analyses were conducted using the R (version 3.5.3)
statistical programming language [25] and the ‘‘cmprsk’’
package (version 2.2-7) for the competing risk analyses
[26]. Detailed information on how to perform competing
risk analyses in R using the ‘‘cmprsk’’ package can be
found elsewhere [2,3,27,28].
Table 1. Characteristics of study population

Males n [ 625 Females n [ 562

Status, n (%)

Censored 109 (17.44) 125 (22.24)

Developed clinically
relevant depressive
symptoms

103 (16.48) 154 (27.40)

Deceased 413 (66.08) 283 (50.36)

Follow-up in days,
median (IQR)

2,441 (3,621) 3,220 (4,159.25)

Abbreviations: n 5 number; IQR 5 interquartile range.
4. Results

4.1. Descriptive statistical analyses

The population consisted of 625 males and 562 females
(Table 1). Of all males, 16% developed clinically relevant
depressive symptoms, whereas for women, this was 27%.
Just over half of all women died without having had clini-
cally relevant depressive symptoms during the study
(50.36%), whereas for males, this percentage was much
higher (66.08%). Median follow-up was longer for females
(3,320 days) than for males (2,241 days).

4.2. Cumulative incidence

Figure 1 shows the cumulative incidence of depression
(panel a) and both depression and death (panel b) for both
males and females derived from the KaplaneMeier method
and the CIF, respectively. As anticipated, the
KaplaneMeier estimate of the incidence of clinically rele-
vant depressive symptoms is larger than the corresponding
estimate derived from the CIF. For instance, at 4,000 days,
the cumulative incidence of clinically relevant depressive
symptoms derived from the KaplaneMeier method is
20.61% for males and 28.96% for females, whereas the
cumulative incidence of depressive symptoms derived from
the CIF is 14.55% for males and 24.21% for females. At
6,000 days, the difference in probabilities is even larger.

4.3. Modeling covariate effects

Table 2 shows the cause-specific and subdistribution
hazard ratios for depression and death. The hazard ratio
for depression derived from the Cox PH model is not
included in Table 2 as this is equal to the cause-specific
hazard ratio for depression.

4.3.1. Cause-specific hazard model
Female sex is associated with an increase in the rate of

the development of clinically relevant depressive symptoms
among those who are still alive and do not yet suffer from
depressive symptoms (adjusted HRcs 1.537, 95% CI
1.193e1.982), whereas it significantly decreases the rate
of death before the onset of depression in the same group
(adjusted HRcs 0.684, 95% CI 0.586e0.797).

4.3.2. Subdistribution hazard model
As expected with a higher rate of depression for fe-

males associated with a reduced rate of death, we observe
more females than males diagnosed with depression at any
point during the study. Being female increases the proba-
bility of depression, resulting in an 84% higher relative
incidence of clinically relevant depressive symptoms for
females than for males (adjusted HRsd 1.842, 95% CI
1.430e2.370), whereas it decreases the probability of
dying before the onset of depression. The relative inci-
dence of death was more than 35% lower for females than
for males (adjusted HRsd 0.639, 95% CI 0.547e0.746).
Survival probabilities can be calculated for each individ-
ual by combining the subdistribution hazard ratios with
their baseline hazard, just like one would do with the haz-
ard ratios derived from a Cox model in a situation in
which no competing risks are present.

In conclusion, sex has a more pronounced effect on the
incidence of depression than on the cause-specific hazard of
depression, as evidenced by the finding that the HRsd

(1.842) was larger than the HRcs (1.537). The apparent in-
crease in the absolute risk of depression for females might



Fig. 1. Cumulative incidence of depression derived from the KaplaneMeier method (panel a) and the cumulative incidence function (panel b).
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be explained via the effect sex has on death before the onset
of depression.
5. Discussion

In epidemiologic research, competing risks are generally
not considered in the analysis of survival data. In the pres-
ence of competing risks, cumulative incidence should be
estimated using the cumulative incidence function instead
of the KaplaneMeier method. Our illustration showed that
failing to account for death before the onset of depression
as a competing risk resulted in an overestimation of the cu-
mulative incidence of clinically relevant depressive symp-
toms by 6.06 percentage point for males and 4.75
percentage point for females. For prediction research, the
subdistribution hazard model should be used. In our illus-
tration, the adjusted subdistribution hazard ratio for depres-
sion in females was greater than in the marginal analysis
(HRsd 1.842 [1.430e2.370] vs. HR 1.537 [1.193e1.982]),
whereas the adjusted subdistribution hazard ratio for death
Table 2. Cause-specific and subdistribution hazards for depression and dea

Cause-specific hazard model

Depression Death

Crude

Sexdfemale 1.453 (1.132e1.865) 0.664 (0.571e0.7

Adjusted

Sexdfemale 1.537 (1.193e1.982) 0.684 (0.586e0.7

Death represents ‘‘death before the onset of depression.’’ The cause-spec
and subdistribution hazard (HRsd) and their corresponding 95% confidence
number of chronic diseases, and smoking.
in females was lesser (HRsd 0.639 [0.547e0.746] vs. HR
0.684 [0.586e0.797]).

The extent to which the cumulative incidence is overesti-
mated is related to the proportion of subjects experiencing
the event of interest and the competing event. It is discussed
in literature that specific competing risk analysis should be
considered when the proportion of subjects that experience
the competing event is equal to or greater than the proportion
of subjects that experience the outcome of interest [6] or
when the absolute percentage of competing events is greater
than 10% [2]. In our data example, the incidence of clinically
relevant depressive symptoms is relatively low,whereasmor-
tality is high. As a result, the cumulative incidence is greatly
overestimated using marginal analysis methods, illustrating
the importance of applying specific competing risk analysis
[5]. In a younger population in which the incidence of
depression is higher [29,30] and mortality naturally is lower,
the estimates derived from marginal analyses and competing
risk analyses will not differ to the same extent as what we
found in our older study population.
th

Subdistribution hazard model

Depression Death

22) 1.780 (1.390e2.290) 0.618 (0.534e0.718)

97) 1.842 (1.430e2.370) 0.639 (0.547e0.746)

ific and subdistribution hazard model return the cause-specific (HRcs)
intervals, respectively. In the adjusted analyses, we correct for age,
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Overestimation of the cumulative incidence of the
outcome of interest has both practical and public health im-
plications. An example of these implications is that treat-
ment decisions by clinicians are often guided by risk
prediction models. Ignoring competing risks in the develop-
ment of these models could, among other things, lead to
possible overtreatment in future patients.

5.1. Limitations

A limitation of the real-life data example is that in LA-
SA, as in many cohort studies, disease information is
collected at discrete follow-up visits, whereas the exact date
of death is retrieved from municipality registers. It is there-
fore possible that we have missed some cases of incident
depression [31]. Another limitation is that we could not
distinguish between first-onset and recurrent depression.
Because incidence of depression was based on a screening
instrument [14], this does not necessarily indicate a clinical
diagnosis, and there was no information on previous epi-
sodes. It is therefore possible that a part of the observed
incidence of depression in our study represents recurrent
episodes.

5.2. Prediction model performance in the presence of
competing risks

The process of developing a prediction model in a
competing risks framework is essentially the same as for
other regression models, except that the subdistribution
hazard model should be applied instead of regular Cox
PH regression. The performance of a prediction model is
usually assessed using the calibration and discrimination.
A detailed proposal of how to assess calibration and
discriminative capacity of a prediction model in a
competing risks setting is described by Wolbers et al. [8].

5.3. Competing risks in randomized controlled trials

Whereas our paper focusses on competing risks in obser-
vational studies, competing risks also appear in the setting
of randomized controlled trials (RCTs). A recent review of
randomized controlled trials with survival outcomes that
were published in four high-impact general medical jour-
nals showed that most of the studies were potentially sus-
ceptible to competing risks, but that this was not
accounted for in the statistical analyses [32].

In RCTs with time-to-event outcomes, often additional
effect measures that are derived from the KM survival
curves, like the number needed to treat (NNT), are re-
ported. Because the KM method overestimates the cumula-
tive incidence in the presence of competing risks, the
estimated NNT may also be biased. Therefore, to correctly
estimate the NNT in the presence of competing risks, it is
recommended to use a method based on the CIF [33]. For
multivariable analysis, the same applies for RCTs as for
observational studies: the cause-specific hazard model
should be used when one is interested in the effect of the
intervention on the instantaneous rate of occurrence of
the event of interest in subjects that are currently event free,
whereas the subdistribution hazard model should be used
when one is interested in the relative effect of the interven-
tion on the cumulative incidence function [32].

5.4. Software

The cause-specific hazard model can be fitted with any
software that can perform a Cox PH model. However, this
is not the case for the CIF and the subdistribution hazard
model. How to estimate the CIF in SPSS with the use of a
macro is described elsewhere [18]. In STATA, the subdistri-
bution hazard model can be fitted using the stcrreg package
[10]. For SAS, macros for both the estimation of the CIF
and the subdistribution hazard model are available [34,35].
6. Conclusion

In conclusion, competing risks form an important issue
in the analysis of survival data. Researchers should be
aware of the potential problems associated with censoring
subjects when they experience a competing event. Dealing
with competing risks requires careful formulation of the
research question, selection of the appropriate method for
data analysis, and interpretation of the results.
References

[1] Putter H, Fiocco M, Geskus RB. Tutorial in biostatistics: competing

risks and multi-state models. Stat Med 2007;26:2389e430.

[2] Austin PC, Lee DS, Fine JP. Introduction to the analysis of survival

data in the presence of competing risks. Circulation 2016;133:601e9.
[3] Geskus RB. Data Analysis with Competing Risks and Intermediate

States. Boca Raton, FL: Taylor & Francis Group, LLC; 2016.

[4] Satagopan JM, Ben-Porat L, Berwick M, Robson M, Kutler D,

Auerbach AD. A note on competing risks in survival data analysis.

Br J Cancer 2004;91:1229e35.

[5] Wolkewitz M, Cooper BS, Bonten MJ, Barnett AG, Schumacher M.

Interpreting and comparing risks in the presence of competing events.

BMJ 2014;349:g5060.

[6] Berry SD, Ngo L, Samelson EJ, Kiel DP. Competing risk of death: an

important consideration in studies of older adults. J Am Geriatr Soc

2010;58(4):783e7.
[7] Lau B, Cole SR, Gange SJ. Competing risk regression models for

epidemiologic data. Am J Epidemiol 2009;170:244e56.

[8] Wolbers M, Koller MT, Witteman JC, Steyerberg EW. Prognostic

models with competing risks: methods and application to coronary

risk prediction. Epidemiology 2009;20:555e61.

[9] Koller MT, Raatz H, Steyerberg EW, Wolbers M. Competing risks

and the clinical community: irrelevance or ignorance? Stat Med

2012;31:1089e97.

[10] Fine JP, Gray RJ. A proportional hazards model for the subdistribu-

tion of a competing risk. J Am Stat Assoc 1999;94:496e509.

[11] Zhang M-J, Zhang X, Scheike TH. Modeling cumulative incidence

function for competing risks data. Expert Rev Clin Pharmacol

2008;1(3):391e400.

[12] Hoogendijk EO, Deeg DJ, Poppelaars J, van der Horst M, Broese van

Groenou MI, Comijs HC, et al. The Longitudinal Aging Study

http://refhub.elsevier.com/S0895-4356(19)31061-3/sref1
http://refhub.elsevier.com/S0895-4356(19)31061-3/sref1
http://refhub.elsevier.com/S0895-4356(19)31061-3/sref1
http://refhub.elsevier.com/S0895-4356(19)31061-3/sref2
http://refhub.elsevier.com/S0895-4356(19)31061-3/sref2
http://refhub.elsevier.com/S0895-4356(19)31061-3/sref2
http://refhub.elsevier.com/S0895-4356(19)31061-3/sref3
http://refhub.elsevier.com/S0895-4356(19)31061-3/sref3
http://refhub.elsevier.com/S0895-4356(19)31061-3/sref4
http://refhub.elsevier.com/S0895-4356(19)31061-3/sref4
http://refhub.elsevier.com/S0895-4356(19)31061-3/sref4
http://refhub.elsevier.com/S0895-4356(19)31061-3/sref4
http://refhub.elsevier.com/S0895-4356(19)31061-3/sref5
http://refhub.elsevier.com/S0895-4356(19)31061-3/sref5
http://refhub.elsevier.com/S0895-4356(19)31061-3/sref5
http://refhub.elsevier.com/S0895-4356(19)31061-3/sref6
http://refhub.elsevier.com/S0895-4356(19)31061-3/sref6
http://refhub.elsevier.com/S0895-4356(19)31061-3/sref6
http://refhub.elsevier.com/S0895-4356(19)31061-3/sref6
http://refhub.elsevier.com/S0895-4356(19)31061-3/sref7
http://refhub.elsevier.com/S0895-4356(19)31061-3/sref7
http://refhub.elsevier.com/S0895-4356(19)31061-3/sref7
http://refhub.elsevier.com/S0895-4356(19)31061-3/sref8
http://refhub.elsevier.com/S0895-4356(19)31061-3/sref8
http://refhub.elsevier.com/S0895-4356(19)31061-3/sref8
http://refhub.elsevier.com/S0895-4356(19)31061-3/sref8
http://refhub.elsevier.com/S0895-4356(19)31061-3/sref9
http://refhub.elsevier.com/S0895-4356(19)31061-3/sref9
http://refhub.elsevier.com/S0895-4356(19)31061-3/sref9
http://refhub.elsevier.com/S0895-4356(19)31061-3/sref9
http://refhub.elsevier.com/S0895-4356(19)31061-3/sref10
http://refhub.elsevier.com/S0895-4356(19)31061-3/sref10
http://refhub.elsevier.com/S0895-4356(19)31061-3/sref10
http://refhub.elsevier.com/S0895-4356(19)31061-3/sref11
http://refhub.elsevier.com/S0895-4356(19)31061-3/sref11
http://refhub.elsevier.com/S0895-4356(19)31061-3/sref11
http://refhub.elsevier.com/S0895-4356(19)31061-3/sref11
http://refhub.elsevier.com/S0895-4356(19)31061-3/sref12
http://refhub.elsevier.com/S0895-4356(19)31061-3/sref12


48 N.A. Schuster et al. / Journal of Clinical Epidemiology 122 (2020) 42e48
Amsterdam: cohort update 2016 and major findings. Eur J Epidemiol

2016;31(9):927e45.

[13] Hoogendijk EO, Deeg DJH, de Breij S, Klokgieters SS, Kok AAL,

Stringa N, et al. The Longitudinal Aging Study Amsterdam: cohort

update 2019 and additional data collections. Eur J Epidemiol 2019;

35:61e74.

[14] Radloff LS. TheCES-D scale: a self-report depression scale for research

in the general population. Appl Psychol Meas 1977;1(3):385e401.

[15] Bland JM, Altman DG. Survival probabilities (the Kaplan-Meier

method). BMJ 1998;317:1572.

[16] Noordzij M, Leffondre K, van Stralen KJ, Zoccali C, Dekker FW,

Jager KJ.When dowe need competing risks methods for survival anal-

ysis in nephrology? Nephrol Dial Transplant 2013;28(11):2670e7.

[17] Southern DA, Faris PD, Brant R, Galbraith PD, Norris CM,

Knudtson ML, et al. Kaplan-Meier methods yielded misleading re-

sults in competing risk scenarios. J Clin Epidemiol 2006;59:1110e4.

[18] Verduijn M, Grootendorst DC, Dekker FW, Jager KJ, le Cessie S. The

analysis of competing events like cause-specific mortality–beware of

the Kaplan-Meier method. Nephrol Dial Transplant 2011;26(1):56e61.

[19] Kleinbaum DG, Klein M. Survival Analysis: A Self-Learning Text.

3rd ed. New York: Springer ScienceþBusiness Media; 2012.

[20] Austin PC, Fine JP. Practical recommendations for reporting Fine-Gray

model analyses for competing risk data. Stat Med 2017;36:4391e400.
[21] LatoucheA,AllignolA,Beyersmann J, LabopinM,Fine JP.Acompeting

risks analysis should report results on all cause-specific hazards and cu-

mulative incidence functions. J Clin Epidemiol 2013;66:648e53.

[22] Gray RJ. A class of k-sample tests for comparing the cumulative inci-

dence of a competing risk. Ann Stat 1988;16(3):1141e54.

[23] Andersen PK,GeskusRB, deWitte T, Putter H. Competing risks in epide-

miology: possibilities and pitfalls. Int J Epidemiol 2012;41:861e70.

[24] Haller B, Schmidt G, Ulm K. Applying competing risks regression

models: an overview. Lifetime Data Anal 2013;19(1):33e58.
[25] R Core Team. R. A language and environment for statistical computing.

Vienna, Austria: R Foundation for Statistical Computing; 2019.

[26] Gray RJ. cmprsk: Subdistribution Analysis of Competing Risks. 2014.

https://cran.r-project.org/web/packages/cmprsk/index.html. Accessed

February 20, 2020.

[27] Scrucca L, Santucci A, Aversa F. Competing risk analysis using R: an

easy guide for clinicians. BoneMarrow Transplant 2007;40(4):381e7.

[28] Scrucca L, Santucci A, Aversa F. Regression modeling of competing

risk using R: an in depth guide for clinicians. Bone Marrow Transplant

2010;45(9):1388e95.

[29] Buchtemann D, Luppa M, Bramesfeld A, Riedel-Heller S. Incidence

of late-life depression: a systematic review. J Affect Disord 2012;

142(1e3):172e9.

[30] The ESEMeD ⁄MHEDEA 2000 Investigators. Prevalence of mental

disorders in Europe: results from the European study of the epidemi-

ology of mental disorders (ESEMeD) project. Acta Psychiatr Scand

2004;109(Suppl. 420):21e7.

[31] Binder N, Bl€umleA, Balmford J,Motschall E, Oeller P, SchumacherM.

Cohort studies were found to be frequently biased by missing disease

information due to death. J Clin Epidemiol 2019;105:68e79.
[32] Austin PC, Fine JP. Accounting for competing risks in randomized

controlled trials: a review and recommendations for improvement.

Stat Med 2017;36:1203e9.
[33] Gouskova NA,Kundu S, Imrey PB, Fine JP. Number needed to treat for

time-to-event data with competing risks. Stat Med 2014;33:181e92.

[34] Kohl M, Plischke M, Leffondre K, Heinze G. PSHREG: a SAS macro

for proportional and nonproportional subdistribution hazards regres-

sion. Comput Methods Programs Biomed 2015;118(2):218e33.

[35] Rosthøj S, Andersen PK, Abildstrom SZ. SAS macros for estimation

of the cumulative incidence functions based on a Cox regression

model for competing risks survival data. Comput Methods Programs

Biomed 2004;74(1):69e75.

http://refhub.elsevier.com/S0895-4356(19)31061-3/sref12
http://refhub.elsevier.com/S0895-4356(19)31061-3/sref12
http://refhub.elsevier.com/S0895-4356(19)31061-3/sref12
http://refhub.elsevier.com/S0895-4356(19)31061-3/sref13
http://refhub.elsevier.com/S0895-4356(19)31061-3/sref13
http://refhub.elsevier.com/S0895-4356(19)31061-3/sref13
http://refhub.elsevier.com/S0895-4356(19)31061-3/sref13
http://refhub.elsevier.com/S0895-4356(19)31061-3/sref13
http://refhub.elsevier.com/S0895-4356(19)31061-3/sref14
http://refhub.elsevier.com/S0895-4356(19)31061-3/sref14
http://refhub.elsevier.com/S0895-4356(19)31061-3/sref14
http://refhub.elsevier.com/S0895-4356(19)31061-3/sref15
http://refhub.elsevier.com/S0895-4356(19)31061-3/sref15
http://refhub.elsevier.com/S0895-4356(19)31061-3/sref16
http://refhub.elsevier.com/S0895-4356(19)31061-3/sref16
http://refhub.elsevier.com/S0895-4356(19)31061-3/sref16
http://refhub.elsevier.com/S0895-4356(19)31061-3/sref16
http://refhub.elsevier.com/S0895-4356(19)31061-3/sref17
http://refhub.elsevier.com/S0895-4356(19)31061-3/sref17
http://refhub.elsevier.com/S0895-4356(19)31061-3/sref17
http://refhub.elsevier.com/S0895-4356(19)31061-3/sref17
http://refhub.elsevier.com/S0895-4356(19)31061-3/sref18
http://refhub.elsevier.com/S0895-4356(19)31061-3/sref18
http://refhub.elsevier.com/S0895-4356(19)31061-3/sref18
http://refhub.elsevier.com/S0895-4356(19)31061-3/sref18
http://refhub.elsevier.com/S0895-4356(19)31061-3/sref19
http://refhub.elsevier.com/S0895-4356(19)31061-3/sref19
http://refhub.elsevier.com/S0895-4356(19)31061-3/sref19
http://refhub.elsevier.com/S0895-4356(19)31061-3/sref20
http://refhub.elsevier.com/S0895-4356(19)31061-3/sref20
http://refhub.elsevier.com/S0895-4356(19)31061-3/sref20
http://refhub.elsevier.com/S0895-4356(19)31061-3/sref21
http://refhub.elsevier.com/S0895-4356(19)31061-3/sref21
http://refhub.elsevier.com/S0895-4356(19)31061-3/sref21
http://refhub.elsevier.com/S0895-4356(19)31061-3/sref21
http://refhub.elsevier.com/S0895-4356(19)31061-3/sref22
http://refhub.elsevier.com/S0895-4356(19)31061-3/sref22
http://refhub.elsevier.com/S0895-4356(19)31061-3/sref22
http://refhub.elsevier.com/S0895-4356(19)31061-3/sref23
http://refhub.elsevier.com/S0895-4356(19)31061-3/sref23
http://refhub.elsevier.com/S0895-4356(19)31061-3/sref23
http://refhub.elsevier.com/S0895-4356(19)31061-3/sref24
http://refhub.elsevier.com/S0895-4356(19)31061-3/sref24
http://refhub.elsevier.com/S0895-4356(19)31061-3/sref24
http://refhub.elsevier.com/S0895-4356(19)31061-3/sref25
http://refhub.elsevier.com/S0895-4356(19)31061-3/sref25
https://cran.r-project.org/web/packages/cmprsk/index.html
http://refhub.elsevier.com/S0895-4356(19)31061-3/sref27
http://refhub.elsevier.com/S0895-4356(19)31061-3/sref27
http://refhub.elsevier.com/S0895-4356(19)31061-3/sref27
http://refhub.elsevier.com/S0895-4356(19)31061-3/sref28
http://refhub.elsevier.com/S0895-4356(19)31061-3/sref28
http://refhub.elsevier.com/S0895-4356(19)31061-3/sref28
http://refhub.elsevier.com/S0895-4356(19)31061-3/sref28
http://refhub.elsevier.com/S0895-4356(19)31061-3/sref29
http://refhub.elsevier.com/S0895-4356(19)31061-3/sref29
http://refhub.elsevier.com/S0895-4356(19)31061-3/sref29
http://refhub.elsevier.com/S0895-4356(19)31061-3/sref29
http://refhub.elsevier.com/S0895-4356(19)31061-3/sref29
http://refhub.elsevier.com/S0895-4356(19)31061-3/sref30
http://refhub.elsevier.com/S0895-4356(19)31061-3/sref30
http://refhub.elsevier.com/S0895-4356(19)31061-3/sref30
http://refhub.elsevier.com/S0895-4356(19)31061-3/sref30
http://refhub.elsevier.com/S0895-4356(19)31061-3/sref30
http://refhub.elsevier.com/S0895-4356(19)31061-3/sref31
http://refhub.elsevier.com/S0895-4356(19)31061-3/sref31
http://refhub.elsevier.com/S0895-4356(19)31061-3/sref31
http://refhub.elsevier.com/S0895-4356(19)31061-3/sref31
http://refhub.elsevier.com/S0895-4356(19)31061-3/sref31
http://refhub.elsevier.com/S0895-4356(19)31061-3/sref32
http://refhub.elsevier.com/S0895-4356(19)31061-3/sref32
http://refhub.elsevier.com/S0895-4356(19)31061-3/sref32
http://refhub.elsevier.com/S0895-4356(19)31061-3/sref32
http://refhub.elsevier.com/S0895-4356(19)31061-3/sref33
http://refhub.elsevier.com/S0895-4356(19)31061-3/sref33
http://refhub.elsevier.com/S0895-4356(19)31061-3/sref33
http://refhub.elsevier.com/S0895-4356(19)31061-3/sref34
http://refhub.elsevier.com/S0895-4356(19)31061-3/sref34
http://refhub.elsevier.com/S0895-4356(19)31061-3/sref34
http://refhub.elsevier.com/S0895-4356(19)31061-3/sref34
http://refhub.elsevier.com/S0895-4356(19)31061-3/sref35
http://refhub.elsevier.com/S0895-4356(19)31061-3/sref35
http://refhub.elsevier.com/S0895-4356(19)31061-3/sref35
http://refhub.elsevier.com/S0895-4356(19)31061-3/sref35
http://refhub.elsevier.com/S0895-4356(19)31061-3/sref35
http://refhub.elsevier.com/S0895-4356(19)31061-3/sref35

	Ignoring competing events in the analysis of survival data may lead to biased results: a nonmathematical illustration of co ...
	1. Introduction
	2. Description of the data
	3. Statistical analyses
	3.1. Marginal analyses
	3.2. Competing risk analyses
	3.2.1. Cause-specific hazard regression
	3.2.2. Subdistribution hazard regression

	3.3. Notation and reporting
	3.4. Software

	4. Results
	4.1. Descriptive statistical analyses
	4.2. Cumulative incidence
	4.3. Modeling covariate effects
	4.3.1. Cause-specific hazard model
	4.3.2. Subdistribution hazard model


	5. Discussion
	5.1. Limitations
	5.2. Prediction model performance in the presence of competing risks
	5.3. Competing risks in randomized controlled trials
	5.4. Software

	6. Conclusion
	References


