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Abstract: Competing risks arise when people are at risk of multiple mutually exclusive events, such that the occurrence of one event
alters the probability of others. In research, ignoring competing risks can lead to biased estimates. We outline key approaches for
analyzing competing risk data, focusing on their assumptions, interpretations, and epidemiological and clinical relevance. The Aalen-
Johansen estimator, a non-parametric method for estimating the cumulative incidence function, provides an alternative to the naive
Kaplan-Meier estimator when competing events are present. The cause-specific hazard model estimates the instantaneous risk of
a specific event type, treating competing events as censored, and is used for etiologic research. The Fine-Gray subdistribution hazard
model directly models the cumulative incidence function, thus offering a clinically interpretable measure of absolute risk. We also
discuss the use of composite endpoints, which combine several event types to increase statistical power, and highlight their limitations
in clinical interpretation. By comparing these methods and illustrating their applications through analyses of the association between
venous thromboembolism and arterial events, this review aims to guide researchers, particularly junior researchers, in selecting
appropriate strategies for valid and meaningful analysis of competing risks in clinical and epidemiological studies.
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Introduction

In epidemiology and clinical research, survival analyses are commonly used in time-to-event analyses.'? “Competing
risks” refers to situations in which multiple potential events can occur, but the occurrence of one event prevents the
occurrence of the others.> A competing event is the actual occurrence of one of those competing risks. For example,
a patient who dies of acute myocardial infarction cannot experience a stroke thereafter. In this context, myocardial
infarction can be considered a competing risk. If a patient experiences myocardial infarction, it might alter the risk profile
or lead to death before a stroke can occur. Competing risks can occur in both randomized and observational studies.
“Semi-competing risks” refers to situations in which two types of events can occur, but one event might preclude the
occurrence of the other, whereas the reverse is not possible.*

The aim of the paper is to introduce clinicians and researchers to the basic concepts of competing risks in
epidemiology. Kaplan-Meier curves and hazard ratios are often misapplied and misinterpreted when competing risks
are present, and much of the statistical literature emphasizes advanced methods without connecting them to basic
epidemiological and clinical principles. With the ageing population and increasing multimorbidity, competing risks are
common in population and clinical epidemiology.” Failure to use appropriate methods can lead to severely biased
estimates, with implications for clinical guidelines and patient care. For example, applying Fine-Gray models or cause-
specific hazard models without understanding how these measures relate to core epidemiological concepts can be
problematic. In this paper, we present key epidemiological principles relevant to competing risk analysis, illustrated
through a common example based on Danish registry data.
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Basic Concepts
Before we discuss how to handle competing risks in statistical analyses, we will first cover several basic epidemiological
concepts.

Epidemiological and clinical studies are often broadly divided into etiologic studies or prediction studies.® An
etiologic study is used to identify and understand the causal relation between a risk factor and an outcome. The aim is to
examine whether a specific exposure or factor causes a particular health outcome. In this type of research, we adjust for
potential confounding factors to isolate the direct effect of the exposure on the outcome (Figure 1). A classic example is
examining whether smoking causes lung cancer by comparing the incidence of lung cancer in a cohort of smokers versus
a cohort of non-smokers, while controlling for other variables, such as age and sex.

The direct effect refers to the impact of an exposure on an outcome that is not mediated by other variables.
A mediator is a variable that lies on the causal pathway between an exposure and an outcome, transmitting part or all
of the exposure’s effect on the outcome.® The indirect effect captures the proportion of the exposure’s impact on the
outcome that operates through one or more mediators (Figure 2). For example, the reduced risk of cardiovascular disease
associated with high physical activity may be partly explained by lower blood pressure and body mass index,
representing the indirect effect.

One aim of a prediction study is to develop models that can predict the likelihood of an outcome using multiple
predictors.®” These studies aim to forecast future events, and the goal is to develop a model that can accurately predict
outcomes, regardless of whether the predictors are causally associated with the outcome. Hence in summary, etiologic
studies focus on understanding the causes of health outcomes, whereas prediction studies focus on forecasting the
likelihood of these outcomes according to various predictors (Figure 1).

Cohorts can be classified as either closed (fixed) or open (dynamic).® A closed cohort is defined at baseline when the
membership of the cohort is fixed at the start of the study. After the cohort is defined, and follow-up begins, no additional
participants can be added. Therefore, the number of participants might decrease because of events such as death, loss to follow-
up, or development of the outcome being studied over time. In closed cohorts, only outcomes/events and censoring can occur. In
contrast, in an open cohort, new members can enter the cohort at different times during the study period, and existing members
can leave.® The cohort size can thus vary over time as participants enter and exit the study (Figure 3).

A. Etiologic or explanatory model

Outcome = Intercept + Exposure + Confounder, + Confounder, + ... + Confounder,,

p
B. Prediction model 1

Outcome = Intercept + Predictor, + Predictor, +... + Predictor,

Figure | Description of the two basic epidemiological models (etiologic and prediction models).

Exposure =———p Mediator =———————> Outcome

\ N /

Figure 2 Diagram of confounding and mediation.
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Figure 3 lllustration of closed (fixed) and open (dynamic) cohorts. (A) CLOSED (fixed) COHORT. (B) OPEN (dynamic) COHORT.

Censoring refers to a situation in which the event of interest (for example, death or disease) has not occurred in some
participants at the end of the study, at the point at which the data are analysed, or some participants are lost to follow-up.” In
these situations we do not know what happens to censored participants after the censoring point but survival methods can be
used to combine their survival data up to the censoring point with survival data from participants who have experienced the
event of interest, to estimate overall survival probabilities and survival curves. These types of studies are therefore
modeling the length of time that a participant remains event-free and so are often known as time-to-event studies.

Censoring can be classified as right, left, or interval censoring. Right censoring occurs when follow-up ends or
a participant is lost to follow-up before the event of interest occurs. Left censoring arises when the outcome occurs before
the observation begins and the exact time of occurrence is unknown. Interval censoring occurs when the event happens
between two observation points, but the precise timing is unknown (Figure 4).'°

In a dynamic cohort, the incidence rate (hazard rate) can be calculated as the rate at which new cases of a disease
occur in a population over a specified period. This rate can be measured as cases or outcomes per person-time. Risk or
cumulative incidence is the probability that a person will develop the disease over a specific time period. This
dimensionless measure ranges from 0 to 1. The incidence rate can be converted to risk if the follow-up time is consistent,
and the population is stable (Table 1).

If the likelihood that a participant or observation is censored during follow-up does not depend on the reason for
censoring, standard survival analysis methods such as Kaplan-Meier and traditional Cox proportional hazards regression
analysis can be used. This censoring is called non-informative censoring.'' In the presence of competing risk, however,
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Figure 4 Graphical illustration of right, left, and interval censoring.
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Table | Association Between Risk and Incidence Rate

Risk The probability of an outcome occurring in a specific time period
Incidence Rate | The number of new cases per unit of person time

Time Duration over which the risk is being calculated

Risk=1-e _(Incidence Rate x Time)

the time to competing event and time to censoring might not be independent, because the exposure of interest might be
associated with one or more competing risks. This type of censoring is called informative censoring. In such situations,
use of Kaplan-Meier or traditional Cox regression might lead to biased estimates and hence invalid conclusions. Under
these conditions, the Kaplan-Meier estimate of the cumulative incidence is interpretable as a cumulative incidence among
participants who do not have a competing risk event (Figure 5A).

Intercurrent events are events that occur after the start of follow-up but before the outcome of interest and can influence
either the exposure or the outcome.'* Examples include treatment changes, development of another disease, or competing
risks such as death from unrelated causes. An intercurrent event is therefore more broadly defined than a competing event,
which specifically refers to events that prevent the outcome from occurring, eg death from another cause.'”

In the presence of competing risks, the Kaplan-Meier method can lead to overestimation of the event probability
because the Kaplan-Meier estimator treats competing risks as non-informative censored data. Consequently, if partici-
pants could be followed beyond the censoring date, the probability of the outcome is incorrectly assumed to be the same
among those who are not censored at that time. Therefore, when a competing event occurs, it is not considered an event
of interest; instead, the individual is considered no longer at risk of the primary event. For example, if we are studying
time-to-death from cancer, and a patient dies from an acute myocardial infarction (a competing event), the Kaplan-Meier
estimator would treat this patient as censored at the time of the acute myocardial infarction. The estimate would be biased
because it ignores that the patient can no longer die from cancer after dying due to the acute myocardial infarction.
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Figure 5 Competing risks: problem and solutions. (A) lllustration of the competing risks. (B) Aalen-Johansen cumulative incidence and cause-specific hazard model (C)
Subdistribution hazard model. (D) Composite endpoint. The green color denotes the event of interest, and the red color denotes the competing event.
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In the context of competing risks, the association between rate and risk becomes more complex, and the direct 1-to-1
relation between the hazard rate and the cumulative risk is lost.'**'* Consequently, how covariates affect the hazard might
not directly translate to how they affect the cumulative incidence. In traditional Cox regression analysis, the logarithm of
the relative hazard is being modeled, and the key assumptions are that the hazards are proportional over time, and that the
censored participants have the same outcome rate as the non-censored participants. If this is not true, ie, the censoring is
informative, the traditional Cox regression analysis will provide biased estimates. This issue is particularly relevant in the
presence of competing risk and for any other reason the censoring is informative such as in a trial where patients drop out
due to treatment side effects.

Example: Venous Thromboembolism and Arterial Cardiovascular Events
The association between venous thromboembolism (VTE) and arterial events is well established.'> To illustrate the
challenges of competing risk and describe potential solutions, we conducted a dynamic cohort analysis between
January 1, 1996, and December 31, 2021, by using population-based health registries from Denmark.

We identified all patients with a first-time diagnosis of VTE in the Danish National Patient Registry, which has recorded
all hospital discharge diagnoses in Denmark since 1977, and all outpatient clinic and emergency department visits since
1994. Using the Danish Civil Registration System, we randomly sampled a comparison cohort from the general Danish
population with replacement,'® matched on sex, year of birth, and year of VTE diagnosis, in a ratio as high as 5:1.

The primary outcome event of interest was a primary or secondary diagnosis of major adverse cardiovascular events
(MACE; further described below), defined as a composite of myocardial infarction, ischemic stroke, or cardiovascular
death. Deaths from non-cardiovascular causes were considered competing events. Causes of death were obtained from
the Danish Cause of Death Register.'”

The VTE cohort comprised 156,245 patients with a first-time VTE diagnosis between 1996 and 2021. The median age
was 68 years (interquartile range: 55-78) at VTE diagnosis, and 52% were women. The comparison cohort included
468,740 people with comparable baseline characteristics. Patients with a VTE diagnosis and comparison individuals were
followed from the date of VTE diagnosis or the index date until the first occurrence of MACE, non-cardiovascular death,
emigration, loss to follow-up, December 31, 2021, or a maximum of 10 years of follow-up. During a median follow-up of
5.9 years (IQR: 2.4-10.0 years), 29,665 (19%) patients with VTE and 69,220 (15%) comparison cohort members were
registered as having MACE. A total of 75,385 (48%) patients with VTE and 140,565 (30%) people in the comparison
cohort died by non-cardiovascular causes during follow-up.

Naive Kaplan-Meier curves of MACE were created, and observations were censored at the time of the competing
event (non-cardiovascular death). The 10-year risk of MACE was 30.7% (95% confidence interval [CI]: 30.4—31.0%) in
the VTE cohort compared with 23.2% (95% CI: 23.0-23.3%) in the matched comparison cohort (Figure 6A).

Approaches to Competing Risks in Survival Analysis

Aalen-Johansen Cumulative Incidence
The Aalen-Johansen approach is recommended for examining competing risks, because, in comparison to the Kaplan Meier
approach, it provides a more valid estimation of the cumulative incidence of events in the presence of competing risks
(Figure 5B)."*'*!® The Aalen-Johansen approach is a non-parametric method that makes no assumptions about the underlying
distribution of the times to event. This approach directly estimates the cumulative incidence function, which represents the
probability of specific events occurring at a given time, considering the presence of competing events.'* This estimator
accounts for the ability of the competing event to preclude the occurrence of the event of interest, in contrast to the classic
Nelson-Aalen approach, which is used for estimating the cumulative hazard in a single event study. The Aalen-Johansen
approach avoids the overestimation of the event probability that can occur with methods such as the Kaplan-Meier estimator.
Using the example above, we applied the Aalen—Johansen cumulative incidence function estimator to calculate the
cumulative incidence of MACE (event type 1), while treating non-cardiovascular death as a competing event (event type 2).
The cumulative risk of MACE was 23.5% (95% CI: 23.3-23.8%) in the VTE cohort and 20.2% (95% CI: 20.1-20.3%) in
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Figure 6 lllustrative example: venous thromboembolism and arterial cardiovascular events. (A) Naive Kaplan-Meier Method. (B) Aalen-Johansen Cumulative Incidence. (C)
Composite Endpoint.

the comparison cohort. Further, the method allows us to create cumulative incidence curves for the competing event (non-
cardiovascular death, event type 2) (Figure 6B).

The two most used regression analyses for competing risks are the cause-specific hazard model and the Fine-Gray
model."” %

The Cause-Specific Hazard Model

The cause-specific hazard model should be used in the context of competing risk in etiologic research, because it enables
differentiation among various types of events (eg, different causes of death),'” whereas the binary Cox model used to
measure disease rates and risks is based on the assumption of only one type of outcome. The cause-specific hazard model
is a semi-parametric method that makes no assumptions about the distribution of times-to-events but assumes that the
hazards are proportional. By modeling the hazard for each specific cause, researchers can understand how covariates
affect the risk of each event separately (Figure 5B). The cause-specific hazard model, often based on the Cox
proportional hazards model, allows the effects of covariates to differ by event type.”” Thus, the effect of a covariate
on one type of event can be different from its effect on another type of event. By focusing on cause-specific hazards, the
analysis can provide insight into the mechanisms underlying each event type, but the model is based on an assumption
that the competing risks are independent of each other and interpretation can therefore be difficult. The cause-specific
hazard function provides the hazards for a specific cause (exposure) but does not provide the probability of an outcome.
The cause-specific model is not always suitable for all study populations, particularly when the assumption of propor-
tional hazards is not fulfilled. However, this method can help in understanding the pathways leading to different
outcomes and thereby informing targeted interventions.

The Fine-Gray Subdistribution Hazard Model

The Fine-Gray subdistribution hazard model can be used in the presence of competing risks, to estimate the cumulative
incidence of an event or predict a prognosis.”> This is a semi-parametric method that makes no assumptions about the
distribution of the times-to-events. Unlike traditional survival models (eg, Cox regression), which treat competing events
as censored, the Fine-Gray model retains individuals who experience competing events in the risk set, adjusting the
hazards accordingly (Figure 5C). The Fine-Gray model therefore provides a more accurate estimate of the cumulative
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incidence function than methods such as Kaplan Meier. For example, when the aim is to predict the likelihood of an
event, the Fine-Gray model allows the inclusion of covariates to predict the subdistribution hazards that directly relate to
cumulative incidence. However, the Fine-Gray subdistribution hazard model has limitations. It retains individuals with
competing events in the risk set, which is conceptually counterintuitive because these individuals are no longer at risk of
the event of interest. While useful for prediction studies, the Fine-Gray model is not appropriate for causal or etiologic
analyses. The model often requires large sample sizes to accurately estimate the subdistribution hazard of the event of
interest and interpreting the subdistribution hazard ratios can be complex, particularly in comparison to cause-specific
hazard ratios. The model also assumes proportional hazards for the subdistribution hazard, which might not always hold
true in study populations. The cumulative incidence function estimated by the Fine-Gray model can sometimes over-
estimate the probability of the event of interest, particularly in the presence of strong competing risks.

In our example, cause-specific hazard ratios of the event of interest (MACE) and the competing event (non-cardiovascular
death), along with corresponding 95% Cls, were estimated with Cox proportional hazards regression models. The cause-specific
hazard ratios of MACE and non-cardiovascular death were 2.09 (95% CI: 2.06-2.13) and 3.35 (95% CI: 3.30-3.40), respectively.
The subdistribution hazard ratio was estimated with the Fine-Gray competing risks regression model: the subdistribution hazard
ratio of MACE in the VTE versus comparison cohorts was 1.48 (95% CI: 1.46—1.49).

Composite Endpoints and Competing Risks

To handle competing risks, a composite endpoint, such as MACE that includes acute myocardial infarction, stroke, and
cardiovascular death,?® is frequently used.”® The composite endpoint occurs if any one of the defined components of the
composite occurs.”® The composite endpoint is therefore a single measure of effect that combines multiple individual
endpoints into a single endpoint (Figure 5D). This approach is used to increase the statistical efficiency of a study by
increasing the number of events and facilitating comparisons to be made between groups where the individual events are too
rare to permit this. However, the individual components of a composite endpoint might not at all have the same clinical
importance, plus the risk profile may be different for different components. Hence the interpretation of composite endpoints
is not straightforward and even more so if one component of the composite endpoint is affected by competing risks.*

In our example, a composite endpoint of the outcome of interest (MACE) and the competing event (non-
cardiovascular mortality) was specified, and the risk of this composite endpoint was estimated with the Kaplan-Meier
method. The risk of the composite endpoint was 57.4% (95% CI: 57.2-57.7%) in the VTE cohort and 40.1% (95% CI:
39.9-40.3%) in the comparison cohort (Figure 6C).

Table 2 summarizes and compares the methodological approaches used to address competing risks in survival
analysis. Figure 7 illustrates a decision tree that supports the choice of methods in the presence of competing risks.

Other Considerations
Common statistical software programs such as R, SAS, or Stata provide user-friendly macros and packages that make
implementation of the presented methods used in competing risk analysis straightforward and accessible for researchers

Table 2 Comparison of Methodological Approaches to Competing Risks in Survival Analysis

Aalen-Johansen The Cause-specific The Fine-Gray Composite Endpoints
Cumulative Incidence Hazard Model Subdistribution Hazard
Estimation Model
Purpose To directly estimate the For etiologic research studies | To estimate the cumulative In competing risk settings,
cumulative incidence function | providing insight into incidence of an event or composite endpoints help
in the presence of mechanisms underlying each predict a prognosis avoid bias that arises when
a competing event that event type that may inform competing events are
precludes the occurrence of targeted public health censored.
the event of interest interventions
(Continued)
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Table 2 (Continued).

Aalen-Johansen The Cause-specific The Fine-Gray Composite Endpoints
Cumulative Incidence Hazard Model Subdistribution Hazard
Estimation Model
Approach Non-parametric method that | Semi-parametric method that | Semi-parametric method that | Including competing events as
makes no assumptions about | makes no assumptions about | fits subdistribution hazard a component of a composite
the underlying distribution of | the distribution of the time-to | model endpoint ensures they are
the time-to-event -events Makes no assumptions about | properly accounted for in the
Assumes competing risks are | the distribution of the times- | analysis
independent of each other to-events
and that hazards are Assumes proportional
proportional hazards for the
subdistribution hazard
Estimates Directly estimates the Provides cause-specific Estimates cumulative The risk of the composite
cumulative incidence function, | hazards incidence function, the endpoint (outcome of interest
which represents the subdistribution hazards and and competing event
probability of specific events the likelihood of an event combined) can be estimated
occurring at a given time, after adjustment for with naive Kaplan-Meier
after allowing for the covariates method.
presence of a competing
event
Advantages | Avoids overestimation of the | By modeling the hazard for It is useful when the goal is to | Simple approach, easy to
event probability that can each specific cause, possible predict the absolute risk of an | implement
occur with methods such as to understand how each outcome event over time, Reduces the number of
the naive Kaplan-Meier covariate affects the risk of rather than to study the cause | pairwise comparisons, making
estimator each event separately or mechanism of the outcome | results easier to interpret
Provides a more valid Enables differentiation among | event
estimate of cumulative various types of events (eg,
incidence than other different causes of death)
approaches such as Nelson-
Aalen approach in the
presence of competing risk
Limitations | Unlike models like Fine-Gray, | Gives cause-specific hazards Model often requires large The interpretation of
the Aalen-Johansen estimator | but does not provide the sample sizes to give precise composite endpoints is
does not allow covariates to probability of an outcome estimates for the complicated because
be included Can be difficult to interpret subdistribution hazard of the individual components of
The estimator assumes that and may not be suitable for all | event of interest. a composite endpoint might
censoring is independent of study populations Interpreting the not at all have the same
the event process. Violations subdistribution hazard ratios clinical importance and the
of this assumption (eg, can be complex, particularly risk profile may be different
informative censoring) can in comparison to cause- for different components
lead to biased estimates specific hazard ratios
Can sometimes overestimate
the probability of the event of
interest, particularly in the
presence of strong competing
risks

(In SAS, the PHREG procedure can fit both cause-specific Cox models and Fine-Gray subdistribution hazard models. In
R, commonly used packages include cmprsk and riskRegression). In situations in which traditional methods are difficult

to apply, when sample sizes are small, or the proportional hazards assumption might not hold, alternative solutions are
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Is competing risk
relevant?
Yes No

Is a clinically relevant
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Etiologic Prediction
Aalen-Johansen Fme'(;::ilr’n I:t?a sl
estimator and cause- P
. subdistribution
specific Cox model -
hazard ratio

Figure 7 Decision tree illustrating choice of methods in the presence of competing risks.

available. The pseudo-value method involves computing pseudo-values from survival data and using these values in
regression models.?” This approach aids in providing more accurate estimates of survival probabilities. This method also
allows for inclusion of time-dependent variables and interactions between covariates and therefore can be adapted to
complex data structures. Statistical macros and functions are available to help the implementation of the pseudo-value
method.*®

Competing risks pose particular challenges in case-control studies because these designs estimate the odds ratio for a single
outcome, whereas time-to-event analyses incorporate competing risks more naturally. Case-control studies examine ante-
cedent exposures among cases compared with persons at risk of the illness. Incidence rates cannot typically be obtained for
either exposed or non-exposed persons, but odds ratio can often be used to provide a valid estimate of the relative risk.

Competing risks, therefore, present particular challenges in case-control studies.

Several approaches can reduce the impact of competing risks in case-control studies.?’*° For example, restriction can
be applied by excluding individuals who experience a competing event before the index date, or controls can be matched
on follow-up time to reduce bias. Risk set sampling, also called incidence density sampling, selects controls from
individuals who remain at risk at the time each case occurs.’! If a person experiences a competing event before the case
index time, they are no longer in the risk set and cannot be selected as a control. Although risk set sampling does not
fully model competing risks as the Fine—Gray model does, it reduces bias by excluding individuals who could never

experience the outcome.
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In the classic cumulative case-control design, controls are sampled either from the entire source population at time of
follow-up or, alternatively, from non-cases remaining at the end of follow-up after cases have been identified.*' If the
controls are samples from the non-cases at the end of follow-up, this design is called a cumulative case-control study. If
the controls are sampled from the entire source population at start of follow-up, the design is called case-cohort design.
Competing risks (eg, death from another cause before the outcome occurs) may influence the probability of developing
the outcome over time.

The cumulative case-control design does not take competing risks into consideration. However, if the risk of
a competing event is low, and the induction period short, the impact of competing risks is small.

We return to the use of prediction models in clinical care where a growing body of work has shown that even when
rigorously validated, the models may not give accurate predictions. Problems can arise for a number of reasons including
when current treatment at baseline is included as a predictor since this may be confounded with the indication. Further
biases may result from known and unknown healthcare and secular changes that have taken place since the prediction
model was developed. It is therefore recommended that the use of prediction models in clinical decision-making is

monitored and that models are updated as needed with a stronger focus on causality.>* >

Methodological Advances

Other statistical approaches to modeling competing risks include analyzing cumulative incidence functions using non-
parametric multiple imputation®> and modeling the joint distribution of event time and event type.*® Additional methods
include multi-state models, which extend survival analysis by allowing individuals to transition between multiple health
states, providing a flexible framework for analyzing complex event histories and competing risks,”’ and G-methods,
which are specifically designed to handle time-varying confounders affected by prior treatment, thereby enabling valid
causal inference in longitudinal studies.*® The analysis of high-dimensional data brings particular computational
challenges in the presence of competing risks and include penalized regression, boosting, random forest and deep
learning. Further elaboration is beyond the scope of this paper but interested readers may find Djangang and colleagues
arXiv paper that includes the mathematical details of these methods informative.*’

Conclusion

The presence of competing risks poses an important challenge to valid estimation and interpretation of disease incidence
and time-to-event data.* By using specialized statistical methods, such as cause-specific hazard models and subdistribution
hazard models, more robust and more meaningful estimates of relative risks can be obtained. Understanding the effects of
competing risks in the light of the specific study design and study purpose is crucial for developing effective public health
and clinical interventions. Ignoring these risks can lead to biased results which may affect policy decisions and patient care.
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