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Introduction

In clinical research, engineering reliability studies, and public health surveillance, investigators often confront
situations where an individual or component can fail in multiple, mutually exclusive ways. For example, a cancer
patient may die from the tumor itself, from a treatment related complication, or from an unrelated cause such as a
heart attack. These alternative failure modes are known as competing risks.  Traditional ~ survival  analysis
methods, which treat any event other than the primary one as non informative censoring, can produce biased
estimates when competing risks are present. This article offers a practical, step by step perspective on how to
recognize, analyze, and interpret competing risk data, with a focus on real world applications and software
implementation.

What Are Competing Risks?

Competing risks arise when a subject is at risk of experiencing one of several possible events, and the occurrence
of one event precludes the occurrence of the others. In statistical terminology, the time to event is a random
variable whose distribution depends on the specific cause. Because the events are mutually exclusive, the
probability of observing a particular event type changes as the risk of other events evolves over time.

Key characteristics:

e Multiple event types that cannot co occur.
e Event of interest is censored by the occurrence of another event.
» Standard Kaplan—Meier estimates overstate the cumulative probability of the event of interest.

Why Competing Risks Matter in Practice

Ignoring competing risks can lead to over optimistic survival curves, inflated hazard ratios, and misguided clinical
decisions. For instance, in a drug efficacy trial, a new therapy may appear to reduce mortality, yet the same drug
might increase the risk of a severe adverse event that is a competing cause of death. Understanding the relative
incidence of each cause informs risk—benefit analyses, regulatory submissions, and patient counseling.

Practical implications include:

e Accurate estimation of cause specific survival probabilities.
 Better allocation of healthcare resources based on realistic risk profiles.
« Improved design of future studies by anticipating competing events.

Key Concepts and Terminology

Before diving into analysis, familiarize yourself with the following terms:

e Time to event: The elapsed time from a defined origin (e.g., diagnosis, enrollment) to the occurrence of an
event.

¢ Censoring: The situation where the event of interest is not observed within the study period.

e Cause specific hazard: The instantaneous risk of experiencing a particular event type at time t, given survival



up to t.

e Cumulative incidence function (CIF): The probability that a specific event occurs by time t, accounting for all
competing events.

* Fine—Gray subdistribution hazard: A regression framework that directly models the CIF, enabling estimation of
covariate effects on the cumulative incidence.

¢ Aalen—Johansen estimator: A non parametric method for estimating the CIF in the presence of competing
risks.

Data Structures and Common Challenges

Competing risk data typically require a three column formatid, time, event. The event column encodes both the
status (1 = event observed, 0 = censored) and the event type (e.g., 1 = death from cancer, 2 = death from
cardiovascular disease, 3 = death from other causes). When the event type is coded as a single integer, it is
common to create a separate cause variable for clarity.

Challenges:

e Missing or ambiguous cause codes.
e Late entry or delayed follow up.
e Non uniform censoring mechanisms across causes.

Statistical Approaches to Competing Risks

Cause Specific Hazard Models

Cause specific models treat each event type separately, censoring subjects at the time of a competing event. The
hazard function for cause k is estimated using the Cox proportional hazards model or a parametric alternative.
This approach is useful for understanding how covariates influence the instantaneous risk of a particular event, but
it does not directly yield cumulative incidence estimates.

Steps:

1. Fit a separate Cox model for each cause.
2. Use the baseline hazard and regression coefficients to compute cause specific hazard curves.
3. Combine hazard curves to derive overall survival if needed.

The Fine—Gray Subdistribution Hazard Model

Developed by Fine and Gray (1999), this model directly targets the cumulative incidence function. By re weighting
risk sets, the subdistribution hazard accounts for subjects who have experienced competing events, allowing
estimation of covariate effects on the CIF.

Advantages:

« Direct interpretation of hazard ratios as relative changes in the cumulative incidence.
e Handles time varying covariates with extensions.

Limitations:

e Assumes proportional subdistribution hazards, which may not hold.
« Interpretation can be less intuitive than cause specific hazards.

Other Methods: Aalen-Johansen, Multi state Models

The Aalen—-Johansen estimator is a non parametric, plug in method that generalizes the Kaplan—Meier estimator to



multiple event types. It provides unbiased CIF estimates without model assumptions. However, it does not
incorporate covariates directly.

Multi state models treat the disease process as transitions between states (e.g., healthy " disease !" death). They can
accommodate complex pathways, recurrent events, and time dependent transition probabilities. Estimation typically
uses the Cox model for each transition or parametric survival models.

Practical Steps for Analysis

1. Define the event of interest and competing events. Clarify which outcomes are mutually exclusive and why
they compete.

2. Inspect the data. Check for missing cause codes, outliers in time, and inconsistencies in censoring.

3. Choose a baseline estimator. Start with the Aalen—Johansen CIF to get an unbiased picture of cumulative
incidence.

4. Fit cause specific Cox models. Use these to assess covariate effects on instantaneous risks.

5. Fit a Fine—Gray model. Obtain subdistribution hazard ratios for a direct interpretation of covariate influence
on cumulative incidence.

6. Validate model assumptions. Examine proportionality using Schoenfeld residuals (cause specific) or
time dependent covariates (Fine—Gray).

7. Perform sensitivity analyses. Explore alternative coding of competing events, different censoring strategies,
and model specifications.

8. Report results. Present CIF curves, hazard ratios, and confidence intervals. Include visualizations that
differentiate event types.

Software Tools and Code Snippets

R: survival, cmprsk, mstate

R offers a comprehensive ecosystem for competing risk analysis. The survival package handles cause specific Cox
models; cmprsk implements the Fine—Gray model; and mstate facilitates multi state modeling.

# Load packages
library(survival)
library(cmprsk)
library(mstate)

# Example data: id, time, event (1=causel, 2=cause2, 0=censored)
dat &lt;- read.csv("competing_risk_data.csv")

# Cause specific Cox for cause 1
cphl &lt;- coxph(Surv(time, event==1) ~ age + sex, data=dat)

# Fine—Gray subdistribution hazard for cause 1

fgl &lt;- crr(ftime=dat$time, fstatus=dat$event, covl=dat[,c("age","sex")])
# Aalen—Johansen CIF

aj &lt;- cuminc(ftime=dat$time, fstatus=dat$event)

plot(aj)



Python: lifelines, scikit-survival

Python users can employ lifelines for cause specific Cox models and scikit-survival for Fine
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