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1 Introduction

Survival analysis is a set of statistical techniques to describe and quantify time to event data. This data
comprises the time it takes an individual to reach an endpoint. Although the term “survival data” may
have a negative connotation, the end point of survival analysis does not have to be a negative event (e.g.,
death or disease progression). It can also be a positive event, like recovery [Sedgwick) 2010].

Competing risks often occur in the analysis of survival data [Austin et al., 2016|], as other events may
prevent the outcome of interest. Multiple outcomes may also be of interest. Examples include:

1. death prevents observation of time until relapse;
2. hospital discharge prevents observation of time until hospital-acquired infection;
3. primary interest in time until recovery but more than 10% of the patients die before recovery;

4. time to local reccurrence or time to metastasis are both of interest.

In all of these situations, competing risks are present. Competing risks are defined as events whose
occurrence precludes the occurrence of the primary event of interest. In the first example, the researcher
is interested in some event, but death may occur first in many patients, preventing the event of interest
from happening to these patients. The second example shows that the competing risk does not have to be
fatal. Here, leaving the hospital healthy prevents the researcher from observing hospital-born infections
in these patients. The third example highlights a more subtle issue. The researcher may be interested in
some event, but if enough events of some other type occur that prevent this from happening, competing
risk methods must be considered. In the last example, more than one time-to-event outcome is of interest.
This can also be the case when researchers have already studied a composite outcome such as disease-free
survival, but would like to do a more detailed analysis of some covariate on both time until reccurrence
and time until death.

In the above examples patients start in one state (e.g., cancer-free) and have the ability to move into
one of several competing states (e.g., relapse, death by cancer, non-cancer death). It is important to note
that here we only focus on time until the first event, otherwise even more specialized models would be
required (multi-state models).
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Figure 1: Cumulative incidence functions for cardiovascular, non-cardiovascular death, and all-cause
death in the EFFECT study. This image comes from|Austin et al. [2016].

2 Data Visualization

In a standard survival analysis, we would first look at Kaplan Meier plots. However, in the presence of
competing risks, Kaplan Meier plots will be biased and misleading, as they underestimate the survival
probability for the event of interest.

Instead, cumulative incidence functions (CIFs) are to be estimated and plotted. While Kaplan Meier
plots are of survival (1-KM gives incidence when no competing risks are present), CIF plots, as implied
by the name, are of incidence and therefore they increase over time instead of decrease. The CIF for a
single event of interest takes overall survival into account (not just the survival due to that event) and so
CIF plots are not biased like the Kaplan Meier plots. CIF plots for all competing risks should be included
in the report for such an analysis (see Figure 1| for an example).

3 Covariate Effects

Usually clinicians are interested in the effects of covariates on the time to some defined event. In the
standard survival analysis, Cox proportional hazard models would be used. In the presence of competing
risks, the model must be modified. There are two different methods for this: cause-specific hazard
regression and subdistribution hazard regression.

The cause-specific proportional hazards model treats patients experiencing competing events as cen-
sored. This may be more informative if the aim of the research is to study the etiology of disease. The
cause-specific method leads to interpretations of how covariates effect the hazard rate of the event of
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Subdistribution Hazard: In Discrete Time
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Figure 2: This image is meant to explain the difference in risk sets according to method - the sub-
distribution (SDH) and the cause-specific (CSH) methods. The black circles represent everyone at
risk at a given time. The black triangles and white squres represent patients experiencing event type
2 and event type 1 at a given time. Notice how the denominator differs over time for the different
methods. This image comes from|Lau et al. [2009].

interest.

The subdistribution proportional hazards model keeps patients experiencing competing events in the
risk set for the event of interest (see Figure 2). This may be more useful if the aim is to study patient
prognosis or to create prediction models. The subdistribution method allows one to make statements on
how covariates effect incidence and to compare risks in different groups.

From the interpretation point of view, it is often beneficial to use both methods in order to get a
better understanding. When reporting results, hazard rates should be accompanied by their confidence
intervals. Interpretation of competing risk results can be quite tricky and requires patience and care. The
cause specific method does not directly lead to interpretations of how covariates affect survival. In fact,
covariates can have different effects on incidence and cause-specific hazards.

4 Software

Several R packages exist for the analysis of competing risks. The package survival (Therneau T (2015). A
Package for Survival Analysis in S. version 2.38) can be used for survival analysis in general, and the cause-
specific methods described here. The package cmprsk (Bob Gray (2014). cmprsk: Subdistribution Analysis of
Competing Risks. R package version 2.2-7) can be used for the subdistribution methods described here. Of
course, several other packages are also available.
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