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A B S T R A C T

In clinical cancer research, competing risks are frequently encountered. For example, individuals
undergoing treatment for surgically resectable disease may experience recurrence near the
removed tumor, metastatic recurrence at other sites, occurrence of second primary cancer, or
death resulting from noncancer causes before any of these events. Two quantities, the
cause-specific hazard function and the cumulative incidence function, are commonly used to
summarize outcomes by event type. Tests for event-specific differences between treatment
groups may thus be based on comparison of (a) cause-specific hazards via a log-rank or related
test, or (b) the cumulative incidence functions via one of several available tests. Inferential results
for tests based on these different metrics can differ considerably for the same cause-specific end
point. Depending on the questions of principal interest, one or both metrics may be appropriate to
consider. We present simulation study results and discuss examples from cancer clinical trials to
illustrate these points and provide guidance for analysis when competing risks are present.

J Clin Oncol 26:4027-4034. © 2008 by American Society of Clinical Oncology

INTRODUCTION

When individuals undergo treatment for cancer,
in most cases there are a variety of possible subse-
quent outcomes. For example, although radio-
therapy after surgical removal of a tumor is
administered for local control, distant metastases
may appear first. Chemotherapy may be adminis-
tered to reduce distant recurrence, but second
primary cancer or treatment-related mortality
may occur first. When we define the primary out-
come specifically as the occurrence of one of these
events, a competing risks problem is created.

In these situations, constraints dictated by the
mathematical results of competing risks theory de-
termine which quantities can be estimated. Ideally,
we would like to know the marginal or “net” prob-
ability of failure caused by a given event type, which
pertains to the probability of failure resulting from
that event in the absence of the other failure types.
This is a hypothetical quantity because it depends on
(usually) unknown information about the interde-
pendence between the event of interest and other
events, and thus we cannot reliably test hypotheses
concerning it.1-4 However, we can estimate quanti-
ties pertaining to the probability of failure caused by
an event of interest under the study conditions at
hand; that is, when other failure types may preclude
it. In recent years, numerous articles have addressed
what can be correctly estimated with competing

risks data, with many using examples from can-
cer research.5-10

Although much has been written regarding es-
timation in competing risks situations, less attention
has been devoted to hypothesis testing. In many
cases, the choice of test may be unclear, and substan-
tively different inferential conclusions (ie, P values)
will arise from the same data depending on which
test is used. These seeming discrepancies naturally
occur because the tests address different aspects of
the failure process, one or more of which may be of
interest in a given situation. In this article, we use
data from a phase III clinical trial and simulation
studies to illustrate when and why competing risks
tests differ, and offer guidance for the use of
these methods.

BACKGROUND: COMPETING RISKS
OBSERVATIONS AND ESTIMABLE QUANTITIES

Observations

In the competing risks setting, an individual
can potentially experience failure from any of sev-
eral, say K, event types, but we observe the time to
failure for the first event (or the last follow-up time if
no failure has occurred). Even in cases where indi-
viduals can have multiple events (eg, local followed
by distant failure), we can still designate one event as
occurring first, creating competing risks observa-
tions. This is often desirable because after the first
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failure, interventions are likely to change, and although there are
methods for analyzing multiple events per patient, the additional
analytic complexity required often does not yield materially different
information. Note that even when only one event is observed per
patient, we have partial information on all failure types. For example,
if the patient experienced failure as a result of cause 1 at T � 40
months, it is known that were he/she to experience it, the patient’s
time to failure due to cause 2 would be at least 40 months. Practical
implications of this depend on the specific context. For example,
distant metastases may indeed occur after local failure, whereas time of
local or distant failure once an individual has died is strictly a hypo-
thetical construct.

Cause-Specific Hazard Functions

The principal estimable quantity in competing risks is the cause-
specific hazard function �k(t), which can heuristically be thought of as
a probability of failure specifically resulting from cause k in a small
interval of time, given that no failure of any kind has occurred thus far.
The overall hazard �(t) for any type of failure at time t is the sum of the
cause-specific hazards �k(t). The cumulative cause-specific hazard
function �k(t) or cumulative hazard function �(t) equals the value of
its corresponding hazard function summed up to time t. Note that the
cumulative hazard function is uniquely related to the familiar survival
function (probability of survival past time t) via S(t) � exp(–�(t)).
However, exp(–�k(t)) is in general not interpretable as the survival
function for cause k alone unless additional assumptions are made
that cannot be verified in competing risks data.1-4

Average Hazard Rates

Average hazard rates are computed simply as the number of
events of type k divided by sum of the total follow-up times (to their
first event or censoring) over all individuals, or the person-time at risk.
Conveniently, these rates are additive to the average hazard rate for
failure from any cause.

Cumulative Incidence Functions

Cumulative incidence is defined as the cumulative probability of
event k having occurred in the presence of other competing events. It
is expressed mathematically as

Fk�t� � Pr(failure time T � t, cause � k) � �
0

t

S�u��k�u�du

Heuristically, this expression shows that the cumulative inci-
dence of event k is a function of both the probability of not having
failed from some other event first (S(u)) up to time t and the cause-
specific hazard for the event of interest (�k(u)) at that time.5-10 At any
time point, the K cumulative incidence functions are additive to the
probability of failure resulting from any cause.

The cumulative probability of event k occurring in the presence
of competing risks is often incorrectly estimated by 1–Sk(t), where
Sk(t) is calculated (via the Kaplan-Meier estimator) treating events
other than those resulting from cause k as censored observations. This
estimator does not properly take into account the probability of re-
maining at risk for cause k at time t (ie, not experiencing failure
resulting from other causes before t), and consequently overestimates
the cumulative event-specific probability.4-10

Inference for Competing Risks Data

When comparing two groups with respect to failures for one
event type in the face of competing events, several options are
available. We concentrate here on two widely used tests, the first for
cause-specific hazards and the second for cumulative inci-
dence functions.

Log-rank test for hazards. The log-rank test is widely used in
survival analysis to evaluate differences between groups.11 Briefly,
failure times are ordered from smallest to largest, and the data are
organized into 2 � 2 tables of group (A or B) by failure (yes or no) at
each time. The log-rank test sums over these tables the difference
between the observed failures and the failures expected if the two
groups had equal probability of failure, producing a statistic that
reflects differences in the failure experience between groups over the
entire follow-up time. As individuals either fail or are censored over
time, the pool of individuals remaining, or the risk set, is diminished.
Tests of this type are used to “compare survival curves” when in fact
they essentially compare the underlying hazards.

When there are K � 2 possible types of failure and we wish to
compare the two groups with respect to the cause-specific hazard for
failure cause k, we can compute the log-rank test as above, censoring
events resulting from causes other than k. That is, the individual exits
the risk set once the competing event occurs, the same way they would
if they reached the end of their follow-up with no event observed. This
fact has some bearing on interpretation of differences in cause-specific
hazards if events are interdependent, as discussed later herein. Fur-
thermore, the attrition resulting from competing failures may be more
likely to occur unequally between groups, affecting statistical power.12

Gray’s test for subdistribution hazards. A number of tests have
been proposed for comparing cumulative incidence functions,9,13 but
the first and perhaps the most frequently used is that by Gray.14 Gray’s
test is used to evaluate hypotheses of equality of cause-specific cumu-
lative incidence functions between two groups, but as in the case of
comparing survival curves, the test actually compares an underlying
function of the cumulative incidence function, namely the subdistri-
bution hazard. The subdistribution hazard can be thought of as the
hazard of an artificial time variable T� defined as T� � T if a failure
resulting from cause k occurred and T� � � if other failure types
occurred.14,15 In the absence of censoring, Gray’s test is identical to the
log-rank test computed using T� as the time variable.14

This fact points to how the log-rank test and Gray’s test differ.
Suppose we have a primary failure cause 1 and a competing failure
cause 2 for two treatment groups A and B and wish to test whether the
groups differ with respect to occurrence of event 1. Suppose the first
failure is a result of cause 1 in group A. The log-rank and Gray’s test
statistics at this failure time are identical. Then, suppose that between
the first and second failure times resulting from cause 1, a failure
resulting from cause 2 occurs in treatment group B. For the log-rank
test, that individual exits the risk set, whereas in Gray’s test, with
respect to event 1, such an individual remains in the risk set forever,
indicated by the cause 1 failure time becoming T� � �. Thus, the two
test statistics will differ starting at the next cause 1 failure. This funda-
mental difference in how competing events are handled in the com-
putation of the test statistics will result in different inferential
conclusions, even when cause-specific hazards of failure resulting
from cause 1 are identical in the two groups.

Additional technical details of statistical methods in competing
risks appear in the Appendix (online only). In the application and
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simulated data examples that follow, we illustrate how these summa-
ries and tests reveal different aspects of competing risks observations.

APPLICATION: BENEFICIAL AND ADVERSE EVENTS WITH
TAMOXIFEN TREATMENT FOR BREAST CANCER

In early-stage breast cancer, competing risks are ubiquitous because
after successful removal of the primary tumor, patients encounter
risk of disease recurrence, onset of second primary cancers, adverse
medical events attributable to adjuvant treatment, or death result-
ing from noncancer causes. To evaluate the antiestrogen tamoxifen in
early-stage breast cancer, the National Surgical Adjuvant Breast and
Bowel Project (NSABP) Protocol B-14 trial opened in 1982 and ran-
domly assigned more than 2,800 women to 5 years of either tamoxifen
or placebo after surgery for estrogen-receptor–positive breast tu-
mors.16,17 Primary trial end points were (a) disease-free survival
(DFS), defined as time to the first of any of the following: breast cancer
recurrence, second primary cancer (including contralateral breast tu-
mors), or death preceding any of these events; and (b) mortality from
any cause. Among the events comprising DFS, primary interest is in
recurrence and contralateral tumor reduction with tamoxifen. How-
ever, the extent of excess risk for endometrial cancer or other events
(other second cancers and noncancer deaths) for women taking ta-
moxifen is also of clinical relevance.

Figure 1A shows the cumulative cause-specific hazard by treat-
ment group for each of four mutually exclusive (first) event types.
In large data sets such as this, where the number of events is small
relative to the number of patients at risk, the cause-specific hazards

resemble probabilities, but we note that the cumulative hazard is
not strictly a probability and does not have a direct clinical inter-
pretation as such. Figure 1B shows the cumulative incidence of
these events, which does equal the cumulative probability of occur-
rence of each event type in the presence of competing events. At
each time point, these cumulative incidence function are additive
to the probability of failure from any of the potential causes (ie,
equal to 1–DFS).

Heuristically, the log-rank and Gray’s tests can be thought of as
comparing groups with respect to cause-specific hazards or cumula-
tive incidence functions in Figure 1 over the entire follow-up time.
Table 1 shows these tests along with other relevant summaries of
outcomes between groups. The average hazard rates for each event
type and for any event, or DFS (bottom row) provide a sense of the
magnitude of failures per year. Also shown are ratios between groups
of the average hazard rates, which can provide a useful index of the
relative difference in event risk between the two groups. More com-
monly, a similar quantity, the hazard ratio (HR), would be obtained
via the Cox proportional hazards model,18 which in this case provides
an estimate similar to this simple summary (data not shown). Esti-
mated cumulative incidence for the events by treatment group at the
12-year landmark is also shown.

For breast cancer recurrence, the hazard is significantly re-
duced among women randomly assigned to tamoxifen (log-rank
P � .0001), and cumulative incidence of recurrence is also highly
significantly lower (Gray’s P � .0001). The approximate 31%
relative reduction in hazard of contralateral breast tumors in the
tamoxifen group reaches conventional statistical significance
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Fig 1. (A) Cumulative cause-specific hazard and (B) cumulative incidence of events comprising disease-free survival in a clinical trial for lymph node–negative,
estrogen-receptor–positive breast cancer.16,17 Vertically from top, graph pairs represent breast cancer recurrence, contralateral breast tumors, endometrial cancer, and
other events.

Tests for Competing Risks

www.jco.org © 2008 by American Society of Clinical Oncology 4029



(log-rank P � .01), whereas the absolute decrease in incidence of
2% at 12 years does not (Gray’s P � .0687). For endometrial
cancer, a four-fold relative excess in hazard is seen for the tamox-
ifen group, and the absolute difference in cumulative incidence is
approximately 1.4% at 12 years. In both cases the difference is
highly statistically significant—for the hazard because a four-fold
relative excess is indeed quite large, and for the cumulative incidence
function because although the absolute difference is smaller than that
for contralateral breast cancer; the relative increase in event probabil-
ity is also on the order of a four-fold greater incidence.

Interestingly, for other events (second primary cancers and
deaths as first event), the log-rank test indicates no difference,
whereas Gray’s test shows significant excess of these failures of
approximately 1.8% at 12 years in the tamoxifen group. Unlike
endometrial cancer, where a biologic mechanism supports the
excess risk in the tamoxifen group, here the difference likely reflects
the fact that many more individuals in the placebo group first have
a recurrence or contralateral breast tumor, whereas in the tamox-
ifen group, relatively more individuals remain at risk for other
cause failures, resulting in greater cumulative incidence of these
events (Fig 1).

When all events are considered together, the net benefit for
tamoxifen is considered highly favorable because recurrent breast
cancer is frequent and poses a significantly greater mortality threat
than endometrial cancer, whereas contralateral breast tumor risk is

also reduced and other events do not appear to be directly influ-
enced by tamoxifen. This is also the consensus opinion from a large
body of clinical trials of tamoxifen.19 For suitably high-risk indi-
viduals, tamoxifen may even be considered for breast cancer inci-
dence reduction, despite increased endometrial cancer risk.20

SIMULATED DATA EXAMPLES

Studies of the relative performance of the log-rank and Gray’s test
have recently appeared in the statistical literature.21-23 Here, we
further illustrate the relationship between these tests using two
examples. For two groups A and B, hypothetical follow-up times
with two possible failure types (events 1 and 2) along with a
random censoring time were generated from independent expo-
nential distributions with different known hazard rates. The ob-
served time is taken as the minimum of the two event times and the
censoring time. We then used the log-rank and Gray’s tests (at
two-sided � � .05) to examine the differences between groups
(Table 2). Corresponding cumulative hazard and cumulative inci-
dence function plots are shown in Figure 2.

Scenario I: Equal Hazards for Event 1, Greater Hazard

in Group B for Event 2

The log-rank test comparing cause-specific hazards indicates no
difference between groups for event 1 (produces a significant result

Table 1. Average Hazard Rates, Average Hazard Rate Ratios, Log-Rank Test, and Gray’s Test for Events Comprising Disease-Free Survival in a Clinical Trial of
Tamoxifen for Node-Negative, Estrogen-Receptor–Positive Breast Cancer16,17

Event Type

Placebo Tamoxifen

Rate
Ratio 95% CI

12-Year Cumulative Incidence P

No. of
Events Rate�

No. of
Events Rate�

Placebo Tamoxifen
Log

Rank Gray’s% 95% CI % 95% CI

Recurrence 437 32.17 276 18.10 0.56 0.48 to 0.66 29.2 26.8% to 31.6% 18.2 16.2% to 20.2% � .0001 � .0001
Contralateral breast tumor 105 7.73 81 5.31 0.69 0.51 to 0.93 6.5 5.1% to 7.9% 4.5 3.3% to 5.7% .0108 .0687
Endometrial cancer 6 0.44 30 1.97 4.46 1.82 to 13.09 0.4 0.0% to 0.8% 1.8 1.0% to 2.6% .0003 .0001
Other events 175 12.88 212 13.91 1.08 0.88 to 1.33 10.1 8.5% to 11.7% 11.9 10.1% to 13.7% .5551 .0409
All first events (disease-free survival) 723 53.22 599 39.29 0.74 0.66 to 0.82 46.2 43.6% to 48.8% 36.3 33.8% to 38.8% � .0001 —

�Average annual rate per 1,000 patients.

Table 2. Comparison of the Log-Rank and Gray’s Test Under Different Competing Risks Scenarios, With 500 Subjects per Group

Scenario

Hazards

Hazard Ratio
Log-Rank

Probability (reject)
Gray’s Probability

(reject)

Specified Estimated

Group A Group B Group A Group B

I
Event 1 �11 � 1.00 �21 � 1.00 1.002 1.003 1.001 .048 .369
Event 2 �12 � 1.00 �22 � 1.50 1.002 1.501 1.498 .978 .941
Overall — — 2.004 2.504 1.250 .846 —

II
Event 1 �11 � 1.00 �21 � 0.80 1.002 0.802 0.801 .576 .059
Event 2 �12 � 1.00 �22 � 0.67 1.002 0.667 0.666 .969 .692
Overall — — 2.004 1.469 0.732 .986 —

NOTE. Competing risks data were simulated from two independent exponential failure distributions with the hazard parameters indicated and independent
censoring that resulted in approximately 25% of lifetimes being censored. Averages of estimated parameters and proportion of times the tests reject the null
hypothesis (ie, power) are based on 3,000 independent simulated data sets.
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approximately 5% of the time, the rate expected by chance),
whereas Gray’s test rejection rate is 0.369 (meaning that, of a large
number of simulation runs, approximately 37% differed enough to
be statistically significant). This occurs because a greater number of
individuals experience failure resulting from event 2 in group B,
and thus fewer remain available to experience event 1, which
results in its decreased cumulative incidence. For event 2, there are
large differences in both hazards and cumulative incidence (Fig
2B), as both tests indicate (Table 2). Note that the overall (ie,
event-free survival) HR is less extreme (HR � 1.250) than that for
event 2 alone (HR � 1.498), and consequently the log-rank test for
a difference in overall hazards has lower power (rejects less often)
than the cause-specific log-rank test.

With larger sample sizes, the log-rank test will maintain its 5%
rejection rate for event 1 (the nominal � � .05 level), whereas power
for Gray’s test will increase because the cumulative incidence does
indeed differ between the groups (Fig 2A). Both tests will achieve
higher statistical power for event 2 because both hazards and cumula-
tive incidence differ between groups.

Scenario II: Hazards for Both Events Are Smaller in

Group B Than in Group A

Cumulative hazards (Fig 2C and 2D, bottom) reflect the
smaller hazard within group B for event 2 than for event 1, as well
as smaller hazards for both events in group B than in group A.
However, cumulative incidence is eventually higher for event 1 in
group B than in group A (Fig 2C, top), even though the hazard is

lower. Furthermore, the crossing cumulative incidence curves for
event 1 results in a test result of no difference for Gray’s test (a
weighted test14 may be more appropriate in this case, if one were
interested in, say, early or late differences in cumulative incidence).
For event 2, group B is more favorable with respect to both the
hazard and cumulative incidence (Fig 2D). For the overall hazard,
even though the hazard ratio is slightly smaller, the imbalance in
events in favor of group B resulting from both cause-specific haz-
ards being smaller in that group results in high power for the
log-rank test.

This scenario is not unrealistic in cancer treatment; for exam-
ple, adjuvant therapy for breast cancer reduces both local and
distant recurrence. Because power is determined in part by the
number of failures, the reduction in observed failures caused by
competing risks must be considered during study design to ensure
adequate statistical power for cause-specific outcomes.24,25 Addi-
tional considerations relating to power involve how the hazards
(log-rank test) or subdistribution hazards (Gray’s test) differ over
time.25 Both tests examined herein are optimal when the HR or
subdistribution ratio is constant over time, or satisfies the propor-
tional hazards (subdistribution hazards) assumption. This is why,
for example, power for Gray’s test in scenario I, event 1 is lower
than that for scenario II, event 2, even though the curves appear
more discrepant in the former (Fig 2A, top). The latter case, show-
ing a consistent difference throughout follow-up time, more
closely resembles the proportionality condition.
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Fig 2. Cumulative incidence and cumulative hazard plots from the simulated data examples. The estimated curves are based on large samples from distributions
having the parameters specified in Table 2. (A, B) Scenario 1; (C, D) scenario 2.
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OTHER CONSIDERATIONS

Dependent Competing Risks

In real-life situations, because we observe only the minimum
failure time and at most one failure type, we cannot estimate the
magnitude of dependence between failure times or even detect its
presence.1-3 Nonetheless, dependence between failure times may be
present. For example, patients who experience local recurrence may
be more likely to have distant metastatic recurrence, with the event
times correlated. That is, had the patient not experienced failure re-
sulting from one of these first, he/she likely would have soon experi-
enced failure resulting from the other. As simulation studies have
shown that if there is correlation between failure types, then both the
log-rank and Gray’s tests may be affected.21-23 Nonetheless, when
analyzing data with respect to first failure event, we must rely on
functions of the observed cause-specific hazards for inference, which
may be different from the true hazards in absence of other events or
taking correlation into account.

Modeling Competing Risks Data

In randomized trials, adjustment for covariates is either not nec-
essary or can be accomplished via stratified versions of these tests. In
other situations, one may wish to model the relationship of patient
and disease covariates to outcomes in the competing risks setting.
Analogous to the tests discussed in this article, one must consider the
metric on which to model and interpret the results. For example, the
familiar Cox model can readily be adapted for the cause-specific haz-
ard, but the covariate effects obtained do not then pertain to the
cumulative incidence of a given event type.5,15,26 Additional issues
with interpretation of covariates on the hazard scale may also arise.27,28

When modeling on the cumulative incidence scale, one must keep in
mind that cumulative probabilities are a function of multiple cause-
specific hazards, and thus so are the regression coefficients. Modeling
of cumulative incidence functions has been approached in a variety of
ways, and methodology is still evolving.15,29-31

DISCUSSION

Because, as Gray originally pointed out,14 cause-specific hazards
and cumulative incidence curves capture different aspects of the
event histories in competing risks data, inference on these met-
rics may yield different results. In this article, we have attempted
to illustrate where and why this occurs. With respect to perfor-
mance of the tests, the log-rank test correctly detects differences
in cause-specific hazards, and, unless there is strong depen-
dence between failure times, is largely unaffected by between-
group differences in hazards for other competing events. On the
other hand, Gray’s test correctly detects whether there is a
difference in cumulative incidence between groups for a given
event, whether that difference is caused by a difference in haz-
ards between the groups for the event itself or by a difference in
hazards for the competing events. As the simulations illustrate,
there are situations where the cumulative incidence curves and
Gray’s test will indicate, for example, that a treatment is bene-
ficial with respect to one event type, when in fact the treatment
has simply increased the incidence of a competing event. Thus,
when choosing and interpreting a statistical test, one must take

these properties into account, as well as whether primary inter-
est is in contrasting the relative rate of events or the absolute
difference in incidence of events between groups.

In clinical situations, competing events are often not strictly
mutually exclusive, and so the relative consequences of each, as well as
adverse and beneficial effects of subsequent interventions, must be
considered. In the case of tamoxifen and endometrial cancer among
breast cancer patients, the risk/benefit ratio is highly favorable, be-
cause if endometrial cancer occurs, it is likely to be detected early and
be treatable. If the breast cancer recurs, the patient will likely discon-
tinue tamoxifen and undergo additional, more aggressive treatments,
so the risk of subsequent endometrial cancer may no longer be a major
concern relative to the clinical situation at hand. A contrasting risk/
benefit scenario might involve the occurrence of acute myelogenous
leukemia (AML) and similar conditions after chemotherapy for breast
cancer. Risk of AML appears to be associated with chemotherapy in a
dose-dependent manner, with a six-fold relative risk increase for the
highest-intensity dose compared with the standard regimen.32 Be-
cause AML is difficult to treat successfully, its occurrence either before
or after breast cancer recurrence is of great clinical consequence. Even
here, one must place the risk in the proper context; in the AML
study,32 incidence reached about 1.25% at 8 years in the highest
intensity chemotherapy arm, compared with 0.50% in the standard
chemotherapy arm, whereas the absolute incidence of recurrence in
lymph node-positive breast cancer patients is approximately 35%.
Thus, for standard-dose chemotherapy, the trade-off is clearly worth-
while. For higher-dose chemotherapy regimens, which have shown
limited benefit for breast cancer, risk of AML might be considered
more carefully.

Given the complementary nature of these approaches to ana-
lyzing competing risks data, a universal recommendation for all
problems would not be appropriate. Rather, in a given study,
inference should be based on a priori choice of the primary ques-
tion to be addressed. From the perspective of demonstrating a
putative treatment effect, the HR is more relevant, and whenever
competing events are infrequent and reasonably balanced between
treatment groups, the log-rank test can be expected to perform
well. In this case, one might still also compute the cumulative
incidence curves to obtain estimates of absolute differences in
event probabilities over time. Whenever competing events are
frequent relative to the event of interest, or are imbalanced by
treatment group (as in the tamoxifen example), then a graphical
depiction via cumulative incidence curves provides important ad-
ditional insight, although the log-rank test remains appropriate for
testing group (ie, treatment) effects on each event type. On the
other hand, from a standpoint of evaluating treatment policy in
populations, the cumulative incidence of different event types may
be the more relevant metric because it represents in absolute mag-
nitude the positive and negative consequences of an intervention
over time. For example, if one were interested in incidence of
secondary AML under different chemotherapy regimens or the
risk/benefit trade-off of tamoxifen purely from a health-economic
rather than biologic perspective, then comparisons of cumulative
incidence curves would be more informative and scalable to other
settings. That is, if characteristics such as patient age were to
change, then so will the absolute benefit of treatment, even in the
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absence of any change in the relative benefit (eg, HR), and cumu-
lative incidence calculations will reflect this. Whenever basing in-
ference on cumulative incidence tests, the accompanying
cumulative incidence plots of the event of interest and competing
events are critical to interpreting any inferential procedure.33

These considerations are pertinent to a related debate about
how late toxicity effects of certain cancer treatments should be
summarized.6,34,35 For example, a patient may undergo intensive
radiotherapy that successfully eradicates the tumor, but may then
suffer permanent functional disabilities. Bentzen et al34 argue that
both the crude frequency percentage of occurrence and the cumu-
lative incidence of this late effect misrepresent the risk, because
many patients with aggressive disease die before the manifestation
of the late effect. They instead advocate what they refer to as the
“actuarial” estimate, or 1–Sk(t), for the cumulative probability of
the late effect (note that this quantity will always be greater than or
equal to the cumulative incidence estimate). Although we agree
that crude frequencies are a potentially misleading summary, only
the cumulative incidence estimate yields the correct probability of
observing the event under the study conditions at hand. However,
if the treatment were applied to low-risk patients, then, as Bentzen
et al indicate, a greater incidence of the late effect might be revealed.
Although the cause-specific hazard for the late effect, which naturally
conditions on still being at risk to experience it, was not discussed,
reference was made to log-rank tests for the actuarial estimates, which
in fact compare cause-specific hazards, and would provide the rele-
vant inference for assessing individual patient risk. Alternatively, the

infrequently used conditional cumulative incidence,9 which equals the
cumulative probability of a given event at some time point divided by
the cumulative probability of not experiencing failure as a result of
other causes, might also be considered.

In summary, in competing risks situations, choice of the
appropriate metric on which to summarize outcomes and com-
pare groups depends on the question of principal interest. New
developments on the clinical front, such as target-specific treat-
ments, will require even more careful consideration of compet-
ing risks when designing studies, and appropriate methods
should be applied.24,25
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