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Abstract 

When estimating the probability of failure for cause-specific endpoints, the 

complement of the Kaplan-Meier produces inflated estimates. The potential failure of a 

patient experiencing the competing risk is erroneously redistributed to the remaining 

patients at risk. Simulated data and clinical data were used in this thesis to demonstrate 

this effect. The cumulative incidence should always be used in a competing risks setting. 

Results of a review of clinical oncology literature reveal the cumulative incidence 

estimator is not being utilized by researchers.  Eighty-five percent of papers in this 

evaluation used the Kaplan-Meier method for estimation of failure probabilities.   

The continued use of the Kaplan-Meier methods despite journal articles detailing 

its problems may be due to a lack of understanding among clinicians. In an attempt to 

address this issue, a “cartoon guide” was produced to aid clinical researchers in their 

understanding of the problem. 
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Chapter One: Introduction 

Clinical investigators in medicine specifically, oncology, sometimes use various 

statistical methodologies incorrectly; many techniques are based on vital assumptions that 

must be met a priori any statistical assessment is complete (1).  Survival analysis, also 

referred to as time to event analysis, is a class of statistical methods for analyzing data 

measured from a particular time point (e.g. date of entry into the study or date of surgery) 

until a pre-specified endpoint (e.g. date of recurrence or date of death) (2). Given the 

widespread use of this method, it is surprising to find that it is often used incorrectly or 

described inaccurately in the methods section of many journal articles.  As a result, 

findings of research studies that misuse survival methods may be questionable.   

The Kaplan-Meier product limit method is a common approach to estimate survival 

probabilities. Fundamental to the use of the Kaplan-Meier estimator is the understanding 

of the concept of censored or incomplete data.  Censoring occurs in studies when the 

exact survival time for a subject is not known.  The most common type of censoring is 

right censoring, which indicates the survival time on a subject is incomplete because the 

subject did not have an event before the end of the patient’s follow-up in the study (3). 

All that is known in these cases is that the survival time exceeds the time of the last 

observation. The underlying assumption of the Kaplan-Meier technique is that censoring 

of subjects occurs at random; subjects are censored for reasons unrelated to the outcome 

of the study (4).   Thus, the probability distribution of survival times for those censored 

should be similar to those uncensored.  As there is no formal test of random censorship in 
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survival analysis, the assessment of this assumption is left to the discretion of the analyst, 

which in many cases in medical research is a non-statistician.     

The intent of this thesis is to discuss the theoretical limitations in the traditional use 

of the Kaplan-Meier technique to estimate survival probabilities for specific events such 

as recurrence. More specifically, the emphasis will be to explain the methods that deal 

with cause-specific events analyzed within the competing risks framework.   

The focus will be on competing risk events where the follow-up only spans the 

time to the first event, and does not focus on multiple or repeated events.  

1.1 Outline 

In this first chapter, the difference between true and cause-specific endpoints is 

described in addition to providing a brief historical overview of the analysis of cause-

specific endpoints.  Additionally, this introductory chapter provides an explanation of 

basic concepts in survival analysis providing the necessary background for Chapter Two. 

In Chapter Two, two approaches to estimate the probability of failure for endpoints 

that are subject to competing risks are reviewed: complement of Kaplan-Meier and 

cumulative incidence.  The intent of this chapter is to highlight the fundamental problems 

with the use of the Kaplan-Meier method for cause-specific endpoints.  This chapter may 

be neglected by readers not interested in the mathematical details.  

In Chapter Three, methods and reporting for the analysis of cause-specific events in 

cancer literature are reviewed in the following three journals: International Journal of 
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Radiation Oncology*Biology*Physics, Journal of Clinical Oncology and the Journal of 

the National Cancer Institute. 

In Chapter Four, illustrative examples are presented in a non-technical manner to 

demonstrate the inappropriate use of the complement of the Kaplan-Meier method to 

compute failure probabilities for cause-specific events.   

In Chapter Five, data from the study, Rectal Cancer the Alberta Experience: A 

Review of Treatment, Recurrence Rates and Survival, conducted by Dr. Buie at the 

Alberta Cancer Board are used to further illustrate the difference between the 

complement of the Kaplan-Meier method and the cumulative incidence. 

In Chapter 6, conclusions will be summarized and areas of interest for future 

research will be discussed. 

1.2 True Endpoint vs. Cause-Specific Endpoint 

Events in survival analysis can be distinctly classified as either true or cause-

specific endpoints, and the statistical methods applied to one type of endpoint are not 

necessarily valid for the other (4).  Methods for true survival endpoints are based on the 

fundamental assumption that all subjects will ultimately fail if the follow-up on each 

subject is complete (4).  In other words, had the study been able to span a sufficient 

amount of time it would have been possible to observe an event for each subject. 

Examples of true survival endpoints include: overall survival where the event of interest 

is death from any cause, and event-free survival where the event of interest is one of 

many predefined events including but not limited to recurrence, distant metastases,  or 
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death from any cause (4).  Methods developed to analyze such data assume the 

underlying cause for censoring observations is independent to the underlying mechanism 

for event occurrence (4). In theory, subjects who are censored are at equal risk of 

developing the event of interest compared to those who are still being followed but have 

not developed the event. This is commonly referred to as non-informative censoring.  

In many cancer studies a common endpoint of interest is recurrence of the disease 

given initial success of the treatment.  The recurrence may be at the site of the original 

tumour in which case the endpoint is called local failure or at a nearby lymph node, 

commonly referred to as regional failure, or at a distant site (5).  Regardless of the 

duration of the follow-up, not all subjects will experience a recurrence; thus, recurrence 

cannot be considered a true survival endpoint. 

Subjects with cancer are susceptible to many events including local recurrence, 

regional recurrence, distant metastases, or treatment related mortality. Ultimately, the 

first failure of the subject can only be attributed to one of these events, referred to as the 

cause-specific endpoint.  Subjects susceptible to two or more causes of failure are 

analysed by methods that allow for competing risks.   

Competing risks “preclude the occurrence of another event under examination or 

fundamentally alter the probability of occurrence of this other event” (6).  For example, 

studies of radiation therapy may use local recurrence as the event of interest to measure 

therapeutic efficacy but the competing risk of early death precludes the onset of the local 

recurrence. As a result, subjects who experience death are not at risk for developing the 

event of interest. This is referred to as informative censoring, which violates a 

fundamental assumption of the Kaplan-Meier method.  Consequently, alternative 
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methods must be implemented for cause-specific endpoints susceptible to informative 

censoring. 

1.3 Cause-Specific Endpoints 

Methods for estimating cause-specific failure probabilities have been in use for a 

long time but remain less visible in medical literature; the reason for this is unclear (7). 

Perhaps, from the technical perspective, the cause-specific methods have a tendency of 

being mathematically challenging, and deal with the less-than-ideal situation of dealing 

with more than one event. From the applied side, the reason is most likely a lack of 

awareness among clinical investigators of alternative methods that can be applied.     

In 2004, Satagopan et al published a non-technical review, aimed at the applied 

clinical researcher, recommending and demonstrating the use of competing risks survival 

analysis using the cumulative incidence function (2). The function they explicate was not 

new in that this is the most common approach to estimate probabilities in the presence of 

competing risks.  Two commonly cited references include Kalbfleisch and Prentice in 

1978 (8) and Marubini and Valsecchi in 1995 (9). 

A number of authors have examined the estimation of failure probabilities within 

the competing risks framework.  A brief overview is provided below.    

Gooley et al, present an alternative representation of the cumulative incidence and 

the complement of the Kaplan-Meier (1-KM) utilizing Efron’s concept of redistributing 

censored observations to the right (6;10).  They illustrate that the 1-KM estimator 

‘redistributes’ competing events ‘to the right’ in the same manner that censored 
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observations are ‘redistributed to the right’, which incorrectly assumes that failure from 

the event of interest is still possible.  The cumulative incidence estimator however, 

removes subjects experiencing the competing event from the risk set and only 

‘redistributes’ censored observations ‘to the right’.  Hence, if a subject fails from a 

competing event, the contribution to Gooley’s representation of the cumulative incidence 

is zero. In comparing these two estimators, if there are no competing risks the 

cumulative incidence and 1-KM are exactly the same.  If competing risks exist, the 1-KM 

estimate is inflated resulting in a biased estimate of failure.  In addition, Gooley et al 

highlight that the cumulative incidence is based on the hazard of the event of interest as 

well as the hazard of the competing risks whereas the 1-KM is a function of the hazard of 

failure from the event of interest only. 

Tai et al (11) extend the approach of Lunn and McNeil (12) to estimate cumulative 

incidence based on the Cox proportional hazards model. They also indicate the estimates 

produced by the 1-KM approach are inflated as opposed to the estimates produced by the 

cumulative incidence method.  

Caplan et al (4) identify that the mechanism of early failure differs from that of 

late failure in studies involving radiation therapy.  For a thorough analysis of local failure 

the authors advocate the use of the cumulative incidence function.  They conclude the 

estimator is of particular importance when estimating failure probabilities at a given time 

but point out the estimator fails to convey overall risk for the patient population yet to 

experience the event of interest. One approach suggested was to display a plot of the 

cumulative hazard rate, which increases as risk increases but is also difficult to interpret 

as it lacks a direct probability interpretation.  An alternate approach involves calculating 
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the cumulative conditional probability.  This estimator is not considered in further detail 

but is worth mentioning in reference to cause-specific failure probabilities.   

Pepe and Mori (13) outlined guidelines for summarizing and displaying recurrence 

incidence utilizing the Kaplan-Meier, cumulative incidence and conditional probability 

curves. For a complete analysis of recurrence, the authors suggest displaying a Kaplan-

Meier curve of event-free survival along with the cumulative incidence and conditional 

probability curves for recurrence.  The Kaplan-Meier estimator for recurrence estimates a 

predictive probability where death and other competing risks do not exist (7).  Hence, the 

Kaplan-Meier estimator is deemed clinically irrelevant for cause-specific endpoints.   

The term cumulative incidence used by Kalbfleisch has been referred to as a simple 

probability (7), the marginal probability (13) , the cause-specific risk (14), crude 

incidence (15) and cause-specific failure probability (4).   

For the purpose of this thesis, the term cause-specific probability will be used as a 

general term describing the probability of failure from either the complement of the 

Kaplan-Meier (1-KM) or the cumulative incidence.  The term cumulative incidence will 

be used specifically to describe the probability of failure using the estimator described by 

Kalbfleisch (16). 

The intent of this thesis is to discuss the theoretical limitations in the traditional 

use of the Kaplan-Meier technique to estimate survival probabilities and does not address 

issues of statistical inference.  Further details regarding statistical inference in the 

competing risks framework may be found in Pintilie (17).    
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1.4 Estimators of True Survival Endpoints 

This section introduces estimators used in the description of true survival endpoints 

such as overall survival where the event of interest is death from any cause.  For true 

survival times, censored observations arise because subjects are still being followed at the 

time of analysis or simply from loss to follow-up.  Censoring is appropriate here since 

subsequent death is entirely possible complying with the assumption of non-informative 

censoring. 

The simplest layout for survival analysis is illustrated in Table 1.1, where the data 

consist of n independent failure times, t t,  , , , t   with the resulting event indicators, 1 2 n 

δ1,δ2 , , ,δn for subjects, i = 1,..., n . 

Table 1.1: Data layout for survival analysis 

i 

1 

2 

. 

t 

1t 

2t 

. 

δ 

1δ 

2δ 

. 

. . . 

. 

n 

. 

nt 

. 

nδ 
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The event or censoring indicator, δ , takes the value one if the event has been 

observed or 0 if observation has been censored: 

⎧0,  if time ti censored 
δ i = ⎨ 

⎩1,  if time ti  is time to failure 

Survival time is expressed as a random variable, T , having a non-negative 

continuous probability distribution (3).  In most cases, t = 0 , is the time at entry into a 

study or time at start of therapy. There are various probability distributions used to 

describe survival time.  The cumulative distribution function, denoted F t( ) , is the 

probability that the continuous random variable, T, is less than or equal to specified 

value, t (16). 

F t( )  = P(  T ≤ t) (1.1) 

To summarize time-to-event data, the survivor function is more interpretable than 

the cumulative distribution function.  The survivor function, S t( )  is the probability of 

observing the event after some specified time, t. 

S t( )  = P(  T > t) 
(1.2)

= −1 F t( )  

The survivor function has the following three properties: 1) S t( )  is a non-negative 

non-increasing function; 2) at t = 0, S t  ( ) =1; 3) lim t→∞ S t( ) = 0 . The probability density 

function, f ( )t , is the derivative of the cumulative distribution function which is also the 

negative of the derivative of the survival function. 
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f t( )  = 
dF t ( )  

dt 
d[1− S t  ( )] 

= 
dt 

dS t ( )
= −  

dt 

Of equal importance to the survival function, is the hazard function or the 

instantaneous death rate, h t( )  , which is defined as the probability of death within a short 

interval [ , t t + Δt] , given the subject was alive at the beginning of the interval as Δt

approaches zero (9). More precisely, 

< + Δ  t T  t)h t( )  = lim  P(t T≤ t | ≥ (1.3)
t 0 ΔtΔ →  

The hazard function is related to the survival function (17) as outlined below: 

h t( )  = lim  ⎧ P t  T  ( ≤ < + Δ  t t) | (  T ≥ t) ⎫
⎨ ⎬

Δ →t 0 ⎩ Δt ⎭ 

= lim ⎨ 
( t t) 

⎬ 
⎧ P t  T  ≤ < + Δ  ⎫ 

Δ →t 0 ⎩ ΔtP T ( ≥ t) ⎭ 

= lim 
⎧
⎨ 

F t( t) ⎫
⎬ 

+ Δ  −  F t  ( )  
t 0 ⎩ Δ ( ≥ t ⎭Δ →  tP T ) 
1 ⎧ F t( + Δ  −  t) F t  ( )  ⎫ = lim ⎨ ⎬S t( )  Δ →t 0 ⎩ Δt ⎭ 

f t( )
= . 

S t( )  

The Kaplan-Meier product limit method is the most common method used to 

estimate the survival function.  It was originally constructed to estimate survival 

probabilities at a time, t , allowing for right censored data. The probability of survival at 

a given time is the conditional probability of surviving to that time given that the 
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individual is at risk for the event (such as mortality) at that time (9).  The survival 

probability up to time t is the product of the conditional survival probabilities for all 

event times prior to time t. Let 1 t ... k < tK ,  be the distinct ordered failure times t <	 2 < < t ... 

where k represents the k th ordered failure time. 

S t 	 (1.4)ˆ( )  = ∏
⎛
⎜1−

dk ⎞⎟ 
k t| k ≤t ⎝ nk ⎠ 

Where nk  is the number of subjects alive immediately before time tk and dk is the number 

of subjects who died at time tk . 

If complete data are available, the complement of the Kaplan-Meier (1-KM) reduces to 

the proportion of patients who have died at time t (7). 

⎛ n d− ⎞ ⎛ n − d ⎞
S t  = × × ⎟ 

⎝ n1 ⎠ ⎝ nk ⎠ 

Successively expanded using nk = nk −1 − dk −1 leads to: 

1− ˆ( ) 1− ⎜ 1 1 ⎟ ... ⎜ k k . 

n2 ⎛ nk ⎞⎛ nk − dk ⎞⎛ ⎞  
1 ⎜ ⎟  ... ⎜ ⎜= − × × ⎟ ⎟ n ⎝ n⎝ ⎠  1 k −1 ⎠⎝ nk ⎠ 

⎛ nk − dk ⎞= −1	 ⎜ ⎟ 
⎝ n1 ⎠ 
− +  dkn n1	 k= . 

n1 

Successively expanding n1  using nk −1 = nk + dk −1 yields: 

n + d + +  −  ... d nˆ k 1 k k1− S t( )  = 
n1 

d + +... d 
= 1 k . 

n1 
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As will be shown in Chapter Three, the 1-KM estimator does not reduce to a simple 

proportion for cause-specific endpoints such as recurrence, even with complete follow-up 

data, because competing events are considered in the calculation. 

1.5 Software 

Most commonly used software packages do not contain pre-programmed functions 

for estimating cumulative incidences.  Various authors have published macros in SAS 

(SAS Institute, Inc., Cary, NC), or created packages with functions that are available for 

use in R (http://www.r-project.org) or Stata (Statacorp, College Station, Texas, USA). 

The ‘st0059’ package available from Stata/SE 9.2 was used to estimate the cumulative 

incidence in this thesis.  

1.6 Data Example 

The data used in Chapter Five is from the study Rectal Cancer the Alberta 

Experience: A Review of Treatment, Recurrence Rates and Survival, conducted by Dr. 

Buie at the Alberta Cancer Board. The purpose of the original study was to review the 

treatment and outcomes of all rectal cancers in Alberta from January 1996 to December 

1997. A total of 428 patients with rectal cancer were identified through the Alberta 

Cancer Registry at the Alberta Cancer Board.  Following surgery for rectal cancer, 

patients went through a period of disease-free survival. To measure the therapeutic 

efficacy of the surgery, local recurrence was the primary event of interest but 52 patients 

died before the onset of the local recurrence.  Hence, early death prior to the onset of 

(http://www.r-project.org)
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recurrence of rectal cancer is a competing risk event and best addressed by the methods 

that allow for two or more causes of failure. 
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Chapter Two: Estimators for Cause-Specific Endpoints 

This chapter introduces estimators used in the description of cause-specific 

endpoints. These endpoints include subjects who are susceptible to J (J ≥ 2)  causes of 

failure and need to be addressed by methods that allow for competing risks.  As 

mentioned earlier, the ultimate failure of the subject is attributed to one of these risks, 

referred to as the cause of failure. Two non-parametric approaches to estimate the 

probabilities of failure within the competing risk framework are reviewed: complement 

of Kaplan-Meier and cumulative incidence.   

2.1 Basic Notation and Statistical Approaches to Competing Risks Data 

The simplest layout for competing risks data is illustrated in Table 2.1, where each 

subject i , i = 1,..., n , is exposed to m mutually exclusive causes of failure 

J ∈{1, 2,..., m} (9). Utilizing the potential or latent failure time approach, the different 

competing risks are represented by a collection of positive random variables 

X1, X 2 ,..., X m   representing conceptual failure times (18). 

 For the ith subject, the actual failure time is represented by  ti = min( x1, x2 ,..., xm ) 

with corresponding event indicator δ i = j if ti = x j . 

⎧0,  if individual i  has censored failure time 
δ i = ⎨ 

⎩ j,  if individual i  failed from cause j 
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Table 2.1: Layout of competing risks data in wide format 

i 1X 2X 3X … mX t δ 

1 

2 

. 

x11 

x21 

. 

x12 

x22 

. 

x13 

x23 

. 

1mx 

2mx 

. 

t1 

t2 

. 

1δ 

2δ 

. 

. . . . . . . 

. 

n 

. 

n1x 

. 

n2x 

. 

n3x 

. 

nmx 

. 

nt 

. 

nδ 

Further considerations on the latent failure time approach may be found in Klein 

and Moeschberger (18) and David and Moeschberger (19).  The competing risks model 

may also be viewed as a particular form of a multi-state model.  In this model, there is 

one initial state referred to as the ‘transient state’ where the subject is alive and m  final 

states referred to as ‘absorbing states’ that represent each of the cause-specific endpoints 

(20). The changes of state from 0 to state j   are termed transition intensities α j ( )t and 

represent the cause-specific hazards. 
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1 Absorbing State 

Relapse, 

0 Transient State 

Alive 

J Absorbing State 

Dead, 

( )j tα 

Figure 2.1: Competing risk multi-state model 

The probabilities associated with the various state-changes are termed transition 

probabilities and are defined by: 

0 j ( , ) t P  (state j  at time t | state 0 at time s) for <P s = s t  .


Thus, P00 (0, ) t    is the probability of being alive at time t and P0 j (0, ) t  is the probability


of failure from cause j before time t. P0 j (0, ) t  is computed with the cumulative incidence 


function.  Further details on the multi-state mode time approach may be found in


Andersen et al (20). 

2.2 Cause-Specific Functions 

The hazard function for a single cause of failure previously defined in Chapter One 

can be extended to accommodate multiple causes of failure.  In particular, the cause-

specific hazard function is defined as the instantaneous failure rate for cause j  at time t 

in the presence of the remaining  (m −1)  causes: 
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h t( ) = lim P( ≤ < + Δ  t J  , = j T  t  ) , j =1,2,..., j Δ →t 0 

t T  t  
Δt 

| ≥ m . (2.1) 

It is obtained from the conditional probability of failure from cause j in the 

interval [t t, + Δt]  while the other (m −1)  causes are simultaneously acting given the 

subject is free from failures of all other types at time t . (9) A related function is the 

cause-specific cumulative hazard: 

t 

H t( )  h u( )  du (2.2)j = ∫ j 
0 

As illustrated by Marubini and Valsecchi the cause-specific survival function can 

be rewritten in terms of the integrated cause-specific hazard rate as outlined below (9).  

dh t( )  = − log  S t  (  )  (2.3)j jdt 

By integrating both sides: 

t 
th u d ( )  ( )  u = − log  S u  ∫ j j 0 

0 

or: 

H t( )  = − log  S t  (  ).  j j 

By exponentiation of both sides of the equation, the cause-specific survival function 

becomes: 

⎡ t ⎤
S t( )  = exp  ⎡−H t  ( )  ⎤ = exp  ⎢− h u( )  du⎥ . (2.4)j ⎣ j ⎦ ∫ j

⎣ 0 ⎦ 

This cause-specific survival function, j ( )S t , is utilized most often in medical 

literature to estimate the survival probabilities.  The challenges lie in understanding this 
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function since the negative integral of the cause-specific hazard has no direct probability 

interpretation (13).  With respect to recurrence, the cause-specific survival probability is 

the probability of recurrence exceeding some predetermined time t  in the hypothetical 

setting where non-recurrent deaths and all other competing risks are assumed not to 

occur. As such, when more than one cause of failure is acting, the cause-specific 

survival probability is considered a predictive probability useful only in protocol 

development for a new therapy assumed to eliminate all remaining competing risks.  For 

this reason, the cause-specific survival probability function cannot be applied to studies 

with multiple endpoints.   

The cause-specific hazard function for failure type j can also be rewritten in terms 

of event-free survival and a subdensity function (17), which is the unconditional 

probability density function of failure type j , as outlined below:  

h t( )  = lim  P( ≤ t , = j T  ≥ t)t T < + Δ  t J  | 
j t 0 ΔtΔ →  

= lim ⎧⎨ 
P t  T  (	 ≤ < + Δ  t , 

⎬ 
t J  = j ⎫ 

Δ →t 0 ⎩ ΔtP T ( ≥ t) ⎭ 

+ Δ  −  j (  ),  ⎧ F tj ( t) F t  ⎫ 
= lim ⎨	 ⎬ 

t 0 ⎩ Δ ( ≥ t ⎭Δ → 	 tP T ) 

F t( t)+ Δ  −  F t  ( )  1 ⎧ j j ⎫ 
= lim ⎨ ⎬S t( )  Δ →t 0 ⎩ Δt ⎭ 

f t( )
= j 

S t( )  

Upon rearrangement it is evident that the subdensity function is the product of the 

probability of being event-free of any failure at time t  and the hazard function for cause 

j  in the interval [t t, + Δt] : 
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f j ( )t ( )  j . (2.5)= S t h  t  ( )  

The subdensity function may be rewritten to define the subdistribution function as 

follows 

t 

I t( )  = f  u d( )  uj ∫ j 
0 (2.6)
t 

= ∫ ( )  j ( )S u h  u du  
0 

This subdistribution function, also termed the crude probability function or 

cumulative incidence, is an appropriate tool for the analysis of multiple endpoints since 

I j ( )t  depends not only on the hazard rate of the cause-specific event but also on the 

probability of event-free survival, which takes all competing risks into account (9).  With 

respect to recurrence, the crude survival probability (1 − j ( )) I t is the probability of 

recurrence exceeding some predetermined time t , where non-recurrent deaths, distant 

metastases and all other competing risks are assumed to occur.    

The cumulative incidence has the following three properties: 1)  I j ( ) t  is a non

negative non-decreasing function, 2) at t = 0, I t  ( ) = 0 , 3) lim →∞ I t( ) <1 (9). It is notj t j 

considered a true distribution function because of the third property. 

It is important to note that sum of the cumulative incidence functions for the 

component causes is equal to the overall cumulative distribution function for an event of 

any type, denoted F t( ) : 
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F t( )  = ( ≤ tP T  ) 
m 

= ∑ P T( ≤ t J  , = j) (2.7) 
j=1 

m 

= I t( )∑ j 
j=1 

Since the sum of cumulative incidences cannot exceed F t( ) , a low probability of 

recurrence may be an indication of a high incidence of the competing risks, death or 

distant metastases.  For this reason, the cumulative incidence functions of all cause-

specific failures must be considered simultaneously in order to interpret results 

appropriately. 

It follows that, the overall hazard rate for any event type is equal to the sum of 

cause-specific hazards and the overall cumulative hazard rate for any event type is equal 

to the sum of the cause-specific cumulative hazard rates:  

m 

H t( )  H t  ( )  (2.8)= ∑ j 
j=1 

With equation 2.4 and 2.8, it is evident the event-free survival function can be 

expressed as: 

S t( )  = exp  ⎣⎡−H  t  j ( )  ⎤⎦ 
m 

= exp 
⎡
⎢−∑ H t( ) 

⎤ 
j ⎥ (2.9) 

⎣ j=1 ⎦ 
m 

= j ( )∏S t  
j=1 

Irrespective of independence of the competing risks, the product of the cause-specific 

probabilities will equate to the event-free survival probability. 
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According to Kalbfleisch and Prentice (16), the nonparametric maximum 

likelihood estimate of the cause-specific hazard function hjk is 

d jk=ĥ 
jk nk 

where d jk  is the number of subjects failing from type j  at tk  and nk  denotes the number 

of subjects at risk of failing at time tk . Since we are dealing with data at a finite set of 

discrete points in time, we can estimate the value of expression 2.6 using a sum over 

those points in time.  Consequently, the cumulative incidence for failure of type j  is 

estimated by 

ˆ d jkI tˆ 
j ( )  = ∑ S t  ( k −1) (2.10) 

k t| k ≤t nk 

where S tˆ( k −1)  is the event-free Kaplan-Meier estimator at time tk −1 (9). 

2.3 Non-parametric Estimation of Cause-Specific Failure Probabilities 

2.3.1 Kaplan-Meier 

The Kaplan-Meier approach estimates the probability of failure of type j at time 

tk by the simple ratio of : 

p̂ jk = 
d jk 

nk 

where d jk  represents the number of failures of cause j that occur as first events at time tk 

and nk  is the number of patients at risk of failure of cause j at time tk . 
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The cause-specific survival probability up to time tk  is the product of the 

conditional cause-specific survival probabilities for all event times of type j prior to time 

tk  (9). 

ˆ 
j ( )  = ∏

⎛
1 

d jk 
⎟
⎞

S t  ⎜ − 
k t| k ≤t ⎝ nk ⎠ 

I j 
KM = −It follows that the complement of the Kaplan-Meier is, ˆ ( )t 1 Ŝ 

j ( )  t . When 

separate Kaplan-Meier analyses are implemented on the component causes of failure 

patients experiencing multiple events will fail only once.  As a result, the number of 

patients at risk at a given time for each of the cause-specific events is the same.  The 

product of the cause-specific failure probabilities equate to the event-free survival 

probability:     

m 

Ŝ 
EFS ( )t = ∏ Ŝ 

j ( )t 
j=1 

Despite this, the sum of the component cause-specific failure probabilities will 

exceed the total probability of failure from event-free survival because the 1-KM method 

does not accommodate multiple causes of failure except to censor all events other than 

the event of interest.   By censoring death and other competing events, the 1-KM method 

treats loss to follow-up and death in the same manner assuming they are equally at risk of 

developing the event of interest. The 1-KM method violates the assumption of random 

censorship and must be interpreted as a predictive probability for the unlikely situation 

where competing risks do not occur. 
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The most informative and precise probability for the outcome recurrence should 

be assessed by simultaneously considering the incidence of the remaining competing 

risks, death, for example.  A low risk of recurrence is not clinically relevant in the 

presence of a high risk of mortality (6).   

2.3.2 Cumulative Incidence 

As previously stated the maximum likelihood estimate of the cause-specific 

hazard ĥ 
jk  is equal to the ratio d jk / nk , the same quantity used for p̂ jk  used in the 1-KM 

method (9).  Without assumptions of independence or non-informative censoring the non

parametric estimate of the cumulative incidence for failure of type j  is 

I tˆ 
j ( )CI = ∑ S t  ˆ( k −1) 

d jk (2.11) 
k t| k ≤t nk 

where S tˆ( k −1)  corresponds to the Kaplan-Meier event-free survival estimate at the last 

event time prior to time tk (9). 

The computation of the cumulative incidence accommodates multiple causes of 

failure by weighting the estimate of the cause-specific hazard, ĥ 
jk , by the Kaplan-Meier 

event-free survival estimate at the event time prior to tk . These values are then summed 

across all previous failure times.  From equation 2.11 it is apparent the cumulative 

incidence is the joint probability of not failing from any event until time tk  and 

experiencing a failure of type j  at time tk . 
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When separate cumulative incidences are computed for each cause-specific event 

the cumulative distribution function for an event of any type, denoted by F t( )  is equal to 

the sum of the cumulative incidence functions, I t( )(CI )  for all failure types j (9). In otherj

words, the sum of the component cause-specific failure probabilities will equate to the 

total probability of failure from event-free survival.   

As the hazard of the competing risks increases, the difference between the 

Kaplan-Meier methods and cumulative incidence increases.  The estimates produced by 

the 1-KM are systematically larger than the CI method.  This can be illustrated by the 

following equations (17): 

⎛ n d− n − d ⎞ ⎛  n d  ⎞
S tˆ ( ) = 1 j1 ⎞ 

... 
⎛ k −1 jk −1 k − jk× ×  ×j k 	 ⎜ ⎟ ⎜  ⎟ ⎜  ⎟  

⎝ n1 ⎠ ⎝ nk −1 ⎠ ⎝  nk ⎠ 
n d  

= k − jk S tˆ ( )j k  −1nk 

= ˆ ( ) −
d jk ˆ (  ).  S t  S tj k  −1 j k  −1nk 

Since, ˆ ( )  = − S t  j  k  (  )   we have: I j k  t KM 1 ˆ 

KM ˆ d jk ˆI t  ˆ ( )  = − S t( + (j k  1 j k  −1) S tj  k  −1) .  
nk 

Expanding ˆ ( ) similarly until t = 0 where S t  = 1 leads to: S t 	 ( ) j k  −1	 j 

I tˆ ( )  = S t  ( )j 
KM	 ∑ ˆ 

j k  −1 

d jk 

| k ≤ nkk t  t  

When compared to the estimate of the cumulative incidence function: 
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CI ˆ d jkI t  = )ˆ 
j ( )  ∑ S t  ( k −1 , 

k t| k ≤t nk 

the only difference between these two estimators is that the 1-KM estimator uses the 

cause-specific survival estimate ˆ 
j ( )S t  , whereas the cumulative incidence estimator uses 

the event-free survival estimate, ˆ( ) Given that S tˆ( )  j ( )  , it follows that for any S t  . ≤ S t  

CI KM ( )CItime t , I tˆ ( )  ≤ I t( )  . In the absence of competing risks, I t = I t( )KM . For thisj i j i j i j i

reason, the cumulative incidence estimator is considered the appropriate method for 

estimating cause-specific failure probabilities.  We now turn to a review of the literature 

to investigate the use of each estimator in practice. 
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Chapter Three: Review of Methods and Reporting of Cause-specific Survival 

Analysis in Oncology 


Medical research relies on statistical methods such as survival analysis to evaluate 

the efficacy of therapeutic treatments.  Such analyses may evaluate long-term clinical 

benefit, such as prolonged survival or identify short-term therapeutic advantage, such as 

tumour shrinkage or preclusion of tumour recurrence. Prolonged survival is a 

straightforward endpoint and studies that can be conducted to assess survival should aim 

to do so, but this endpoint may be problematic because of the extensive follow-up 

required. For this reason, the analysis of endpoints such as recurrence or tumour 

progression are of clinical importance, but can be complicated when death occurs without 

prior tumour progression.  Such events, known as competing risks are often incorrectly 

considered as censored observations during survival analysis when utilizing the 

conventional Kaplan-Meier method.  The inappropriate use of the Kaplan-Meier 

estimator for competing risks data has received attention in both statistical and medical 

journals in the last decade and many authors have stated the alternate estimator, 

cumulative incidence function, is underutilized in the medical literature.  Although this 

statement is made repeatedly there is no published review quantifying the extent of the 

problem.  Therefore, this chapter aims to describe and critically evaluate the current 

methods used for survival analysis when dealing with competing risks data in clinical 

oncology journals and to set forth recommendations to enhance the completeness of 

reporting and the transparency of the results.    
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In 1995, Altman et al published a review of survival analyses in cancer journals, 

which addressed several aspects of analyses and presentation of results, but was not 

restricted to cause-specific endpoints (1).  They included an assessment of survival 

analyses where the length of survival was examined in relation to one or more 

explanatory variables. The review in this chapter will not focus on any inference 

measures as that is beyond the scope of this thesis.  The definitive goal of this thesis is to 

draw attention to extent of the misuse of the Kaplan-Meier method to estimate failure 

probabilities in the presence of competing risks.   

The results from the Altman et al paper revealed “a high proportion of papers 

were deficient” in many areas evaluated (1).  They focused particularly on graphical 

issues in the presentation of survival probabilities and stated “many survival plots were of 

poor quality” (1). In light of these findings, the review included in this thesis also 

assesses the graphical issues in the presentation of cause-specific survival probabilities. 

Although the results from the two reviews cannot be compared because of different 

inclusion criteria, this review may suggest an overall trend of increasing quality of 

reporting. It should be noted the Altman et al’s review was prepared from papers 

published in cancer journals in 1991.  The review for this thesis will be prepared from 

papers published fifteen years later. 

In addition to the estimation of failure probabilities and graphical analyses, this 

review addresses the issue of endpoint clarity.  The simplest method to provide 

transparency in a paper in which survival analysis is employed is to state reasons for 

censoring observations. As mentioned previously, the underlying assumption of the 

Kaplan-Meier technique is that censoring of subjects occurs at random.  This allows the 
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reader to assess any potential bias in the results.  Moreover, the period of observation for 

each cause-specific event should be stated including the event of interest as well as any 

competing risks.  

The primary purpose of this review is to evaluate the methods of estimation for 

cause-specific failure probabilities in clinical oncology journals.  If the results of this 

review conclude the cumulative incidence estimator is not being utilized by researchers in 

clinical oncology, then the concepts need to be communicated more effectively and more 

broadly. 

3.1 Methods 

The selection criteria of this review were set to identify the first twenty research 

articles published after January 1, 2006 in each of the International Journal of Radiation 

Oncology*Biology*Physics, Journal of Clinical Oncology and the Journal of the 

National Cancer Institute where the outcome of interest was time to a cause-specific 

event and survival analyses methods were employed.  

The choice of twenty articles in each of the three journals was not based on a 

formal sample size calculation, but chosen for convenience. This represents a similar 

sample size used in previous articles reviewing statistical methods (21), (22) and was also 

considered of sufficient size to provide robust results in addition to not prohibiting an in 

depth evaluation of the articles.   Furthermore, it must be noted the purpose of this review 

is not to compare journals, but to attain a representative sample of papers published in 

clinical oncology. Certain unique features of each journal may be highlighted.  
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Relevant publications were identified by hand searching the full-text articles from 

each journal with the exception of editorials, systematic reviews, book reviews, meta

analyses, correspondence and memorandums.  Initial selection was based on inspection 

of the reported statistical methods and then further examination of the introduction and 

results. As the intent of this review is to evaluate the methods used to estimate cause-

specific failure probabilities, papers failing to do so were not selected.  Two papers 

computing medians for the time to event variable were not included.  Seven papers 

reporting hazards models, but failing to report a failure probability were not included. 

The assessment of cause-specific events was not based only on the definition of 

endpoint, but the examination of the censoring mechanisms.  This was done because 

there are no standardized definitions of endpoints used in clinical oncology journals.  For 

example, in the analysis of disease-free survival some authors considered cancer-related 

deaths as events and censored non-cancer related deaths while others included all deaths 

as events. If non-cancer deaths were censored during analysis the paper was included in 

the review.   

The selection of the journals was based on the 2006 Institute for Scientic 

Information (ISI) Journal Citation Report, which ranked Journal of the National Cancer 

Institute fourth with an impact factor of 15.3 and Journal of Clinical Oncology fifth with 

an impact factor of 13.6 in the oncology category.  The top two ranked ISI journals, A 

Cancer Journal for Clinicians and Nature Reviews Cancer, were not considered for this 

evaluation since they are tertiary scientific journals, which consist of a compilation of 

review articles. The third top ranked journal, Cancer Cell, was not considered for 

evaluation since the purpose of this review is to analyze current practices of clinical 
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oncology researchers as opposed to laboratory researchers.  The International Journal of 

Radiation Oncology*Biology*Physics reported an ISI impact factor of 4.46 and is 

considered the most widely read journal for radiation oncologists (personal 

communication Dr. Jackson Wu).   

The 60 papers considered for further detailed examination were evaluated using a 

standard form (see Figure 3.1). The content of the form was produced through an 

iterative process attempting to ensure all relevant aspects of cause-specific survival 

analysis were addressed as well the aspects of graphical analyses suggested in Altman et 

al (1). 
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Standard Evaluation Form 
Background 
Design of study 
Number of patients in study / in survival analysis 
Did sub-analysis reduce n<30 
Endpoints 
Total number of cause-specific endpoints 
Label of endpoint 
Disease-free survival used as cause-specific endpoint? 
If yes, define. 
Progression-free survival used as cause-specific endpoint? 
If yes, define. 
For each cause-specific endpoint: 
Endpoint clearly defined: (Poor/ Fair/Good) 

Time origin stated 
Events listed or described 
Censored observations described 
Competing risks described 

Overall judgment of endpoints 
Follow-up 
Table of first failure presented 
Number of endpoints where event count is reported (in text) 
Number censored events indicated  
Number deaths indicated 
Median follow-up indicated 
Number loss to follow-up indicated 
Estimation of failure probabilities 
Complement of Kaplan-Meier or Cumulative Incidence 
Assumptions used to compute failure probabilities correct 
If no, are the results biased 
Inference 
Cox modeling done for cause-specific endpoint 
Log-Rank done for cause-specific endpoint 
Graphical Display 
Number of cause-specific endpoints graph was done for? 
Number at risk indicated 
If yes, should graph be curtailed? 
Confidence interval on graph 
Tick marks for censored observations 
Reasonable time frames on x axis 
Good use of line to separate graphs 
Software  

Figure 3.1: Standard evaluation form with variables of interest 
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3.2 Results 

The 60 research papers in this review included 20 papers from each of the 

International Journal of Radiation Oncology*Biology*Physics, Journal of Clinical 

Oncology and the Journal of the National Cancer Institute.  The samples effectively 

spanned 2, 2 and 10 months, respectively, in order to retrieve the first 20 papers meeting 

the inclusion criteria. Although it appears many more papers were searched in the 

Journal of the National Cancer Institute to retrieve the first 20 papers meeting inclusion 

criteria, the 10 month span is actually a reflection of fewer papers being published each 

month in this journal. The first 20 papers meeting inclusion criteria included 19% of all 

papers published in the Journal of the National Cancer Institute, 29% of all papers 

published in Journal of Clinical Oncology, and 35% of all papers published in 

International Journal of Radiation Oncology*Biology*Physics. Table 3.1 summarizes 

these findings (23-72). 

Table 3.1: Papers meeting inclusion criteria per journal 

Months Papers Papers Percent 
Spanned Required Searched papers 

to attain meeting 
first 20 inclusion 
papers* criteria 

Journal of the National Cancer 10 20 106 19 % 
Institute 
Journal of Clinical Oncology 2 20 70 29 % 
International Journal of Radiation 2 20 57 35 % 
Oncology*Biology*Physics 

*Not including editorials, systematic reviews, book reviews, meta-analyses, correspondence and 
memorandums 
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3.2.1 Design 

The 60 research papers in this review were comprised primarily of prospective 

cohort studies (48%) or clinical trials (30%).  Of the clinical trials, eight papers were 

phase III randomized control trials, eight papers were phase II trials and two papers were 

described as prospective randomized trials.  The remaining 13 papers consisted of: six 

observational retrospective studies, two case-control studies, two using data from 

previously published trials, and one comparing data from two different trials. Two studies 

used mouse models; both were in the Journal of the National Cancer Institute. 

3.2.2 Sample Size 

The 60 research papers in this review included a median of 181 subjects with a 

range of 20 to 8724. In five of the papers, the number of subjects was 30 or less.  The 

number of subjects used in the survival analysis was different from the number of 

subjects in the study in 17 papers.  A median of 124 subjects were used in the survival 

analysis. Reasons for excluding a subset of patients included, but were not limited to, 

patients unable to achieve remission, patients not receiving full treatment and patients 

missing outcome data.  In addition, 12 papers did supplementary analyses on different 

groups of subjects within the study, which reduced the number of subjects to less than 30.  

3.2.3 Endpoints 

The assessment of endpoints was one of the most challenging components of this 

review due to the lack of standardized definitions of endpoints.  The number of cause-

specific endpoints ranged from 1-8 with 33 papers (55%) reporting failure probabilities 
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for more than one endpoint (Table 3.2).  The types of endpoints included a wide range 

with most common being recurrence, used in 52 (87%) papers.  Nine papers used local 

recurrence, seven papers used local-regional recurrence, three papers used regional 

recurrence, and 14 papers used distant metastases as an endpoint.  Cause-specific 

mortality was assessed in 15 papers. 

Table 3.2: Number of cause-specific endpoints 

Number of cause-
specific endpoints 

Number of 
Papers 

1 27 
2 16 
3 7 
4 7 
5 2 
8 1 

The lack of standardized endpoint definition led authors to use the terms disease-

free survival and progression-free survival interchangeably.  Progression-free survival 

analyses were employed in 17 % of papers and disease-free survival analysis was used in 

13% of papers. See Tables 3.3 and 3.4 for varying definitions of progression-free 

survival and disease-free survival.  It is important to note that this review was limited to 

cause-specific endpoints so the tables presented below are not intended to accurately 

represent all the varying definitions of progression-free survival and disease-free 

survival. Papers were excluded from this review if the endpoints progression-free 

survival and disease-free survival included death from any cause.   

Of the 10 papers using progression-free survival as an endpoint, three papers did 

not provide definitions. The remaining seven definitions are provided in Table 3.3.  Death 
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from any cause was censored in three papers and seven papers censored death from other 

causes. 

Table 3.3: Varying definitions of progression-free survival 

Progression free survival Events Progression free survival Censored 

•	 appearance of new lesions •	 death from other cause 
•	 25% increase in an indicator 

lesion 
•	 death due to treatment related 

toxicity 
•	 local recurrence •	 death from any cause 
•	 regional recurrence 
•	 distant recurrence 
•	 progression of the disease •	 death from other cause 
•	 death from disease 
•	 start of a new therapy 
•	 increase of 20% or more in the • death from any cause  

sum of longest diameters of • toxicity 

target lesions 


•	 appearance of one or more new 
lesions 

•	 radiographic progression in the •	 death from other cause 
brain 

•	 death 
•	 local progression •	 death from other cause 
•	 distant progression 
•	 relapse 
•	 death due to disease 
•	 development of any new lesion •	 death from any cause 
•	 greater than 25% increase in the 

mass of any measurable tumour 
•	 previously negative bone 

marrow sample that is now 
positive for tumour cells 
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Of the eight papers using disease-free survival as an endpoint, two papers did not 

provide definitions. In the remaining six papers death from any cause was censored. 

Table 3.4: Varying definitions of disease-free survival 

Disease-free survival events Disease-free survival censored 

• no clinical or radiographic • death from any cause 
evidence of tumour re-growth  

• loco-regional relapse • death from any cause 
• distant relapse 

• recurrence of cancer • death from any cause 

• tumour progression • death from any cause  
• relapse • second malignancy 

• recurrence • death from any cause 

• time to smoking-associated • death from any cause 
second primary tumour* 

• recurrence 
*Smoking Associated Disease-free Survival 

In relation to endpoint clarity, 30% of papers did not state reasons for censoring 

observations for at least one endpoint in the paper and 92% of papers did not mention any 

competing risks for the cause-specific events analyzed.  Fifty papers (81%) stated the 

time origin for at least one endpoint.   

Overall, 38% of papers clearly defined the endpoints; the time of observation was 

defined in addition to stating which observations were censored for the main outcomes of 

the paper. An additional 26% of papers described the endpoints but made no reference to 
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censored observations.  Endpoint definition was poor in 35% of all papers indicating the 

endpoint was listed without any description or any indication of what constituted a 

censored observation. 

3.2.4 Follow-up 

A table reporting the number of failures is informative for the interpretation and 

transparency of results and was not produced in most papers.  As indicated in Table 3.5, 

the majority of papers did not indicate number of censored observations or number lost to 

follow-up. Only the median follow-up was adequately reported.    

Table 3.5: Follow-up events reported 

Number 
of Papers 

Reported number of failures from each  event in table 8 
Reported number of failures from each  event in text 46 
(for at least one cause-specific event) 
Reported number deaths 33 
Reported number lost to follow-up 17 
Reported median follow-up 51 
Reported number censored observations 3 

3.2.5 Method to Compute Failure Probability 

The cumulative incidence estimator was used in nine papers while the 

complement of the Kaplan-Meier was utilized in 51 papers.  In six of the 51 papers using 

the complement of the Kaplan-Meier method it was likely that the estimates of the cause-

specific failure probabilities were unbiased (Table 3.6).  This was because either all 

events occurred prior to the censored (due to a competing risk) observations or because 
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competing risks were not present.  This was seen in studies with a limited number of 

subjects and a shorter duration of study. In nine of the 51 papers it was unclear whether 

the results were biased because the authors gave no indication of the number of deaths or 

the occurrence of any other competing risks.  Overall, 60% of the papers included in this 

review used the complement of the Kaplan-Meier method in the presence of competing 

risks, likely producing biased estimates. 

Table 3.6: Method to compute failure probability 

Number of papers producing biased 

estimates 


No Unknown Yes 


Complement of Kaplan-Meier 6 9 36 

Cumulative Incidence 9 0 0 

Of the 51 papers using the complement of Kaplan-Meier method to compute 

cause-specific failure probabilities, 27 used Cox Proportional Hazards modeling and 39 

papers used log-rank statistics. 

Of the papers using cumulative incidence, two were in the Journal of the National 

Cancer Institute, six were published in Journal of Clinical Oncology and one in the 

International Journal of Radiation Oncology*Biology*Physics (see Table 3.7). 

Table 3.7: Number of papers using cumulative incidence per journal 

Cumulative

Incidence used 


Journal of the National Cancer Institute 2 
Journal of Clinical Oncology 6 
International Journal of Radiation Oncology*Biology*Physics 1 
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3.2.6 Graphical Presentation 

Results of graphical analyses are presented in Table 3.8.  Eight of nine papers 

using the cumulative incidence created graphs to display probability of failure.  

Table 3.8: Number of papers using graphical representation 

Number 
of Papers 

Graph of survival probability 53 
Complement of  Kaplan-Meier 45 
Cumulative Incidence 8 
Reported number at risk at time intervals 15 

Plot should be curtailed 9 
Inappropriate time scale 17 
Standard error or confidence interval reported 7 
Censored observations reported on graph 32 

3.2.7 Software 

Software use was of particular interest because most commonly used software 

packages do not include menu-driven competing risk analyses; two of nine papers 

reported using SAS to calculate the cumulative incidence.  Please refer to Table 3.9 for 

distribution of papers using software for complement of Kaplan-Meier. 
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Table 3.9: Number of papers using software for 1-KM 

Software used for Number of 
Kaplan-Meier Papers 

Not stated 33 
SPSS 9 
SAS 6 
Stata 3 
Statistica 2 
GB-STAT 1 
GraphPad Prism 1 
R 1 
S-Plus 1 
SAS/Stata 1 

3.3 Discussion 

Previous reviews of the medical literature have revealed statistical techniques are 

poorly applied (1). Most reviews concentrated on issues pertaining to randomization and 

subgroup analyses. One review concentrated on the use of survival analyses in cancer 

journals, but did not address the issue of competing risks (21).  To my knowledge, no 

published review exists on the estimation and presentation of cause-specific failure 

probabilities in the presence of competing risks. 

The analysis of the cause-specific endpoints, recurrence and death are important in 

clinical oncology.  The probability of recurrence provides information on the efficacy of 

the treatment in respect to the original disease while the probability of death provides 

information on both the efficacy of the treatment and toxicity-related deaths.  These two 
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probabilities are often related to one another.  For example, higher doses of radiation 

result in a low probability of recurrence but may be accompanied by a higher probability 

of death from adverse events.  Together, the two endpoints, recurrence and death 

estimate the probability of total treatment failure.   

The success of a treatment is often measured by the survival endpoint, disease-free 

survival, which is the complement of total treatment failure.  Disease-free survival 

estimates the probability a patient is alive without disease and is a composite of the two 

cause-specific failure probabilities; recurrence and death. A common definition of 

disease-free survival includes death from any cause as an event but this review indicates 

13% of papers censored death from other causes not related to cancer.   In all cases, the 

complement of the Kaplan-Meier estimator was used for analysis.  Progression-free 

survival was used in 17% of all papers reviewed and results indicated a similar lack of 

consistency in the events used to describe the endpoint.  In some cases, deaths from any 

cause were censored and in some cases only death from cancer was censored. 

In three papers progression-free survival was mislabelled as disease-free survival. 

In one paper the two terms were used interchangeably.  The distinction between disease-

free survival and progression free survival is that disease-free survival is usually the 

preferred endpoint in the adjuvant setting once a tumour has been removed (i.e. the 

individual is considered free of disease after definitive treatment).  Progression-free 

survival is the preferred endpoint in the salvage setting where the intent is not to 

eliminate disease but to control the disease.  Hence, progression-free survival estimates 

the probability that a patient is alive in a stable state of disease.  
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The lack of standardization of endpoints raises concerns because endpoints are not 

consistently being used to describe the same events.  As a result, incorrect methods may 

be employed to analyze these data.  When authors publishing within one journal are 

using similar terms to describe different events this leads to misunderstanding amongst 

clinicians. 

The confusion could be alleviated if authors were to provide a clear description of 

the endpoints used in survival analysis. This was not the case in this review as 62% of all 

papers did not state reasons for censoring observations.  In a subset of these papers, 

reasons for censoring could be inferred because the events for each endpoint were listed 

implying events not on the list were likely censored.  Nevertheless, definition of the 

endpoint was poor in 35% of all papers indicating the endpoint was stated without any 

description of the events or any reference to censored observations.  The major weakness 

came from failing to specify if all death or non-cancer deaths were treated as events or 

censored observations. 

The results of the review revealed deficiencies in areas other than endpoint clarity, 

such as reporting of results. The reporting of the number of patients lost to follow-up 

was poor with only 25% of papers reporting the actual number.  One paper described lost 

to follow-up as a limitation without stating the actual number lost.  Furthermore, a 

number of papers did not report the number of patients failing from each cause-specific 

event. This information is most informative when presented in the form of a table; this 

was evident in 32% of papers. The median follow-up was stated in 85% of papers.  Most 

papers (51%) reported the median follow-up on all patients or the patients yet to 

experience the event of interest (survivors).  Other issues relate to inadequate reporting of 
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number of patients experiencing death.  Only 55% reported the number of deaths. A large 

number of papers included the endpoint overall survival and reported a probability of 

death by a specific time without explicitly stating the number of deaths and causes of 

death. When this information is missing the reader is unable to assess any potential bias 

that may exist in the results.  In addition, very few papers indicated the numbers of 

censored observations. Some amount of censorship was revealed by the graphs, but that 

was only apparent in 60% of the graphs. Other deficiencies included not displaying 

statistical uncertainty and not displaying the number of subjects at risk at distinct time 

points. 

The results from the graphical analyses in this review lead to a similar account as 

that reported by Altman et al (1).  The one issue pertaining to reporting of median follow-

up was improved in this evaluation.  The graphical issues of greatest concern in reference 

to cause-specific survival analysis were the display of censored observations with the use 

of tick marks on the graph. Important information may be missing in the methods section 

of the paper but could be overcome with the use good graphical displays.  Consider for 

example, the two graphs in Figure 3.2 (38).  Although these graphs have other issues 

(time frame, number at risk), both convey to the reader that death from all causes was not 

included in the definition of disease-free survival. 
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Figure 3.2: Overall survival curve reveals some deaths censored in definition of 
disease-free survival 

Overall, the most serious deficiency revealed by this review is that authors used an 

inappropriate method to compute the cause-specific failure probabilities.  Eighty-five 

percent of papers in this evaluation used the Kaplan-Meier method with the majority, 

60%, likely resulting in biased estimates.  

As the sole reviewer of these papers, it must be noted that some subjectivity may 

have been introduced into the evaluation. This review was challenging because critical 

information was missing in the papers reviewed.  Interpretation of incomplete 

information may vary between readers.   

A number of the issues discovered in this review are relatively negligible and were 

included for interest and completeness (i.e. graphical representation). These deficiencies 

could potentially be classified as errors in reporting as opposed to methodological issues. 

Issues relating to inappropriate use of estimators to compute cause-specific probabilities 

were methodological in nature.  This review into the current state of cause-specific 

survival analyses raises concerns regarding aspects of analyses and reporting that could 

lead to misleading results in major oncology journals.  
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When analyzing and presenting data where competing risks occur, it is important to 

describe the probability of failure from not only the cause of interest but also from 

failures due to competing risks (6). 
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Chapter Four: Cartoon Guide for the Estimation of the Cumulative Incidence 

Despite the number of useful journal articles on this subject matter, the results of 

the systematic review in Chapter Three revealed the cumulative incidence method 

remains underutilized by clinical investigators in oncology.  There are at least two 

possible reasons for this: the explanations are still too complex for the clinical audience 

or authors are unaware of the issue. To address the complexity issue we present a 

pictorial representation of the difference between the two methods for estimating the 

cause-specific failure probabilities intended to make the appropriate method more 

accessible to the target audience (health professionals). 

4.1 Illustrative Example: Estimation with Competing Risks 

In this section, an example based on simulated data is used to illustrate why using 

the complement of Kaplan-Meier method to estimate failure probabilities in the presence 

of competing risks is inappropriate.   The use of simulated data allows us to “know” 

when the unobserved failures occur, something we cannot know in real-life data. 

Data is simulated from two exponential survival functions, S1(t) = exp(-λ1t) and 

S2(t) = exp(-λ2t), one for each of the two events of interest. We chose λ1 = 0.005 and λ2 = 

0.009 for the rate of recurrence and rate of death, respectively. The methods to generate 

the failure time data are explained in Section 4.4.1.   
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The total number of subjects in the simulated dataset is 100.  Having generated the 

event times for each individual we took a “snapshot” at  t = 60 months.  By 60 months an 

individual may have suffered neither event, one of the two events or both of the events; 

this is depicted in the following cartoon.  
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Figure 4.1: Snapshot of simulated data at t=60 months 
Forty-two individuals suffered neither event by 60 months, 20 recurred by 60 

months with 4 of these individuals dying following recurrence but prior to 60 months. 
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Thirty-eight individuals died by 60 months, of these five WOULD HAVE recurred by 60 

months if they had not died. The cumulative incidence estimate at t=60 months is simply 

the number of OBSERVED recurrences prior to 60 months; any recurrence occurring 

after death would not be included since by definition it cannot happen. Thus, we simply 

count up the number of recurrences prior to 60 months AND prior to death, 20/100 = 

0.20. However, the 1-KM estimate treats the deaths as censored observations. 

Essentially the 1-KM estimate tries to “capture” those five recurrences that occurred after 

death but prior to 60 months.  This illustrates why the 1-KM estimate overestimates the 

cumulative incidence and why the estimate is inappropriate; it includes additional events 

and these are events that cannot occur.  In this example, the 1-KM estimate of recurrence 

is equal to 0.25. 

In the next section we illustrate how the Kaplan-Meier estimate treats censored 

observations. 

4.2 Illustrative Example: Estimation with Censoring 

The most logical estimate of the probability of failure at a specific time point t is 

simply the ratio of the number of subjects failing by time t divided by the total number of 

subjects in the study. Unfortunately in real life, things are not as simple.  The study may 

end before all individuals have been observed to time t or individuals may be lost to 

follow-up prior to time t. Such observations are commonly referred to as censored 

observations. We know if the individual has not failed by some censoring time c t , the< 
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patient continues to be at risk for failure, but do not know whether or not the individual 

will have failed by time t. 

We now illustrate how data from censored individuals is included in the 1-KM 

estimate of the failure. As an illustrative example we consider a group of six patients 

being followed for the development of an event of interest without being susceptible to 

competing risks.  If it is assumed that each of the six patients is equally likely to fail from 

the event of interest, then it is known that each failure contributes an equal amount to 

probability of failure (the inverse of the total number of subjects in the study).  In the 

hypothetical example with 6 patients, the potential contribution is equal to 1/6.  In the 

absence of censoring and competing risks at each failure time the 1-KM estimate “jumps” 

by 1/6 (left side of Figure 4.2). 

The right side of the figure illustrates how censored observations are handled. 

When an individual is censored, his/her mass is “redistributed to the right” (10) to the 

remaining individuals who have not yet failed.  In our example the first censored 

observation occurs at time=11 months.  

At this time, the censored individual’s mass (1/6) is redistributed equally to the 

remaining three individuals.  Therefore, 1/3 of 1/6 is added to each of the three 

remaining individuals increasing their contribution from 1/6 to 4/18. Thus, when the next 

individual fails at time=4 the 1-KM estimate “jumps” by 4/18.  Another censored 

observation occurs at t=17 months, the mass of 4/18 of this individual is redistributed to 

the one remaining individual at risk increasing his/her mass to 8/18. When this individual 

fails the curve “jumps” by 8/18.  
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Figure 4.2: Cartoon guide of how censoring is redistributed to the right 
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Redistribution of an individual’s mass to the remaining at-risk individuals makes 

sense if one can assume that the censored individual is at the same risk of failure as those 

who remain.  However, redistribution does not make sense if the censored individual is 

no longer at risk or is at lower (or higher) risk of failure than those who remain.  

In the next section we illustrate how the Kaplan-Meier estimate treats competing 

risks and how this leads to overestimates of probability of failure.   

4.3 Illustrative Example: Estimation with Competing Risks 

We now illustrate how data from patients experiencing competing risks is included 

in the 1-KM estimate of the failure. As an illustrative example we consider a group of six 

patients being followed for the development of recurrence susceptible to the competing 

risk of death. 

The right side of Figure 4.3 illustrates how competing risks are handled with the 1

KM estimator. When an individual experiences death, his/her mass is “redistributed to the 

right” (10). In our example a patient experiences death at time=11 months and the dead 

individual’s mass is redistributed equally to the remaining three individuals.  The result is 

an overestimate of probability of failure because the potential contribution of a patient 

not capable of failure is incorrectly redistributed to the remaining patients at risk.   

The alternate estimator, the cumulative incidence does not treat censored patients 

and patients experiencing competing risks in the same manner.  Rather, in the calculation 

of the CI the potential contribution of individuals experiencing competing risks is not 

redistributed because this estimator assumes further failure is not possible.  In the left 
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side of Figure 4.3 after death has occurred at time=11 months the ‘jump’ in the estimator 

at time=12 months is still equal to 1/6.   It should be noted both the 1-KM and CI treat 

observations in the same manner.  

In the next section, the effect of varying the competing risk rate is illustrated.   
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Figure 4.3: Cartoon guide of death redistribution in 1-KM vs. CI. 
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4.4  Illustrative Example: Simulated Data with Competing Risks 

The methods to generate the failure time data are explained in Section 4.4.1.  These 

details may be overlooked for readers not interested in mathematical details. 

The simulation design includes two distinct causes of failure: recurrence and death. 

The event of interest is recurrence. The purpose of the simulation is to compare the two 

estimated curves: Complement of the Kaplan-Meier and Cumulative Incidence.  For 

simplicity, this simulation design involves a single treatment group and does not included 

censored observations. 

As before, we constructed a simulated dataset by assuming exponential survival 

functions. The hazard rate of recurrence was calculated assuming 25% of the patients 

recurred by 60 months, indicating a hazard rate of 0.005. Varying hazard rates were 

calculated for the competing event of death assuming: 1) no death 2) 10% death by 60 

months 3) 30% death by 60 months 4) 50% death by 60 months.  This equates to a hazard 

rate of death of 0, 0.002, 0.006 and 0.011 respectively.  The number of subjects selected 

were N=100. From Figures 4.4 to 4.7 it is observed that as the rate of the competing risk 

increases the 1-KM estimate becomes substantially larger than the CI estimate.  
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Figure 4.4: Comparison of complement of Kaplan-Meier and cumulative incidence 
with no death. 
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Figure 4.5: Comparison of complement of Kaplan-Meier and cumulative incidence 
with 10% death at 60 months. 
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Figure 4.6: Comparison of complement of Kaplan-Meier and cumulative incidence 
with 30% death at 60 months. 
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Figure 4.7: Comparison of complement of Kaplan-Meier and cumulative incidence 
with 50% death at 60 months. 
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4.4.1 Generate survival time (this section can be ignored for non-statisticians) 

The time to failure for each cause-specific event follows an exponential distribution. 

Survival times are generated as follows: 

1. generate 100 U(0,1) random variables 

2. invert the exponential CDF to generate the random recurrence times,  

U = F(t) =1- exp(-λ1t) 

t1 =- log(1-U) /λ1 

3. generate 100 U(0,1) random variables 

4. invert the exponential CDF to generate the random death times 

U = F(t) =1- exp(-λ2t) 

t2 =- log(1-U) /λ2 

5. event time=minimum of recurrence and death times, i.e. min(t1,t2) with δ =0 if death 

occurs and δ =1 if recurrence occurs.   
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Chapter Five: Applied Example 

To further illustrate the differences between the complement of the Kaplan-Meier 

method and the cumulative incidence, this chapter will apply previously discussed 

methods to a clinical oncology study.   

5.1 Rectal Cancer the Alberta Experience: A Review of Treatment, Recurrence 
Rates and Survival 

The data used throughout this chapter is from the study Rectal Cancer the Alberta 

Experience: A Review of Treatment, Recurrence Rates and Survival conducted by Dr. 

Donald Buie at the Alberta Cancer Board. The purpose of this study was to review 

treatments and outcomes of all rectal cancers diagnosed in Alberta from January 1996 to 

December 1997.  A total of 600 patients with a primary rectal cancer (not recurrent 

cancer) were identified through the Alberta Cancer Registry. Exclusion criteria were set 

forth to exclude patients without one of the following pathologies: adenocarcinoma, 

carcinoid, sarcoma, lymphoma, and melanoma.  In addition, patients with distant 

metastases at diagnosis or comorbid conditions were also excluded.  Of the remaining 

429 patients, all baseline, treatment and five year follow-up data was abstracted from 

chart reviews. One patient refused surgery and died without a period of disease-free 

survival; this patient was excluded from the analysis.  Patients were followed from their 

date of surgery until the onset of local recurrence, distant metastases, mortality or the last 

follow-up date. 
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5.2 Completeness of Follow-up  

In this study, 15 participants were lost to follow-up the day after the surgery 

indicating a zero follow-up for these participants.  Fifty-two of 428 patients died of other 

causes before recurrence; 230 of 428 patients did not experience an event or were lost to 

follow-up. Only twenty-eight percent of patients that have not yet recurred had greater 

than 5 years of follow-up. A summary of the follow-up of the 230 censored patients is 

given below: 

Table 5.1: Follow-up summary statistics for censored observations 

min 10th 

percentile 

25th 

percentile 

50th 

percentile 

75th 

percentile 

90th 

percentile 

max 

0 0.0 0.3m 2.7m 61m 6.5y 7y 

5.3 Multiple First Failures 

Unfortunately in a clinical environment, the exact survival times are not always 

easily accessible.  Some patients may develop distant metastases and then undergo 

surgery to find the cancer was also locally situated.  Thus tied event times exist for 

patients whose events are identified at the same time even if one event may have 

preceded the onset of the other.  Of the 198 patients with at least one failure, tied event 

times occurred in eight patients, local recurrence being one of all tied failure types (Table 
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5.2). Tied failure times for local and distant metastases were combined into a single 

failure type. Local recurrence as a single event accounted for 31 percent of all first failure 

types whereas metastases accounted for 39 percent.    

Table 5.2: Site of first failure including tied first events 

Site of first failure N % 

Alive – No Disease 198 46.3 
Alive – Status Unknown 32 7.5 

Local recurrence 61 14.3 

Metastasis: 77 18.0 

Bone 3 0.7 

Brain 1 0.2 

Liver 24 5.6 

Lung 28 6.5 

Other 21 4.9 

Local recurrence and liver metastasis 7 1.6 

Local recurrence and lung metastasis 1 0.2 

Death: 52 12.2 

Cancer 15 3.5 

Other causes 37 8.6 

Following curative resection of the rectal cancer, patients went through a period 

of disease-free survival. To measure therapeutic efficacy of the surgery, local recurrence 

was the primary event of interest but 52 patients died before the onset of the local 

recurrence. Hence, early death prior to the onset of local recurrence of rectal cancer is a 

competing risk event best addressed by methods that allow for two or more causes of 

failure. 
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5.4 Recurrence 

The endpoint recurrence included the following events: local recurrence, 

metastases, tied local recurrence and distant metastases and all cancer related death. 

Figure 5.1 shows the two estimates of the probability of recurrence; the complement of 

the Kaplan Meier estimate is larger than the cumulative incidence estimate. These results 

coincide with those seen with the simulated datasets.  

The estimated recurrence rate must be interpreted with caution given the 

retrospective nature of the data collection.  Patients did not follow a standardized 

schedule of follow-up following treatment and it is likely that when patients recurred they 

came to a Cancer Board facility for treatment and the recurrence was documented in the 

patient’s chart. Thus, patients who were lost to follow-up may represent a healthy subset. 

This is a type of informative censoring.   
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Figure 5.1: Cumulative incidence and complement of Kaplan-Meier for recurrence 
and cumulative incidence for death 

5.5 Local Recurrence 

Some patients received adjuvant radiation therapy (RT) in conjunction with 

surgery as part of the definitive therapy.  Hence, it is of interest to compare the rates of 

local recurrence between those who received and those who did not receive RT. For the 

purpose of comparing local control, distant metastases and death were pooled together 

into a single competing risk.  A patient who dies is not at risk for a local recurrence.  A 

patient who suffers distant metastases will receive further systemic treatment thereby 

altering the risk of local recurrence.  We estimated the cumulative incidence of local 

recurrence using both the complement Kaplan-Meier approach and the competing risk 
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approach; the results are shown in Figure 5.2.  It is observed that patients receiving 

radiation therapy had lower incidences of local recurrence then those patients that did not. 

Moreover, the estimates produced by the complement of the Kaplan-Meier method once 

again produce inflated estimates of failure.  
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Figure 5.2: Cumulative incidence and complement of Kaplan-Meier for local 
recurrence and cumulative incidence for all competing risks for patients with and 
without radiation therapy 
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Chapter Six: Discussion and Conclusion 

This thesis has two objectives.  Firstly, to demonstrate that the probabilities of 

failure produced by the Kaplan-Meier methods for cause-specific endpoints are greater 

than those produced by methods that allow for competing risks.  The second objective is 

to present these findings to clinicians in oncology in a non-technical manner. 

 When estimating the probability of failure for cause-specific endpoints, the 1-KM 

produces inflated estimates because this method treats competing risks in the same 

manner as censored observations.  Both the simulated data and the clinical data from the 

rectal cancer study demonstrated this result.  The potential failure of a patient 

experiencing the competing risk of death is erroneously redistributed to the remaining 

patients at risk. The 1-KM probability can only be interpreted as a hypothetical 

probability where death and other competing events do not occur.  If it is of interest to 

calculate probabilities of failure for cause-specific events, a method that accounts for the 

competing risks should always be utilized as an alternative even if the number of 

competing events is small.  

The results of our literature review highlight that the cumulative incidence 

estimator is not being utilized by researchers in clinical oncology.  Eighty-five percent of 

papers in this evaluation used the Kaplan-Meier method for estimation of failure 

probabilities. Sixty percent likely reporting biased estimates.  

The continued use of the 1-KM method despite journal articles detailing its 

problems may be due to a number of reasons including the tendency of medical 



66 

researchers to utilize methods employed in previous publications (73), the inability of 

statistical software packages to natively calculate the cumulative incidence estimates, or a 

continued lack of understanding of the problem among clinicians. Addressing the first 

issue of inappropriate analyses appearing in medical journals is a difficult problem as 

most peer reviewers have little statistical training and few journals have dedicated 

statistical reviewers. The issue relating to software could be rectified in the future as 

mainstream statistical software includes such functionality. We hope our “cartoon guide” 

will aid clinical researchers in their understanding of the problem.  

Finally, the importance of a sound study design cannot be overemphasized; no 

statistical method can overcome the limitations of a faulty study design.  The rectal 

cancer study provides a good example where the lack of structured and rigorous follow-

up leads to informative censoring and very likely, biased estimates (21). 
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APPENDIX A: JOURNAL CITATION REPORT 

Table A.1: Journal citation report in oncology 

Rank Abbreviated Journal Title Impact Factor 

1 A CANCER JOURNAL FOR CLINICIANS 63.342 

2 NATURE REVIEWS CANCER  31.583 

3 CANCER CELL 24.077 

4 JOURNAL OF THE NATIONAL CANCER 

INSTITUTE 

15.271 

5 JOURNAL OF CLINICAL ONCOLOGY  13.598 

6 ADVANCES IN CANCER RESEARCH 10.682 

7 LANCET ONCOLOGY 10.119 

8 BIOCHIMICA ET BIOPHYSICA ACTA

REVIEWS ON CANCER 

9.156 

9 STEM CELLS 7.924 

10 CANCER RESEARCH 7.656 

*32 INTERNATIONAL JOURNAL RADIATION 

ONCOLOGY BIOLOGY PHYSICS 

4.463 
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APPENDIX B:  STATA CODE FOR GRAPH OF CUMULATIVE INCIDENCE IN 


SIMULATED DATASET 

clear 

set obs 100 

set seed 1234 

gen trel = -1/0.005* log(1-uniform()) 

gen tdead = -1/0.002 * log(1-uniform()) 

/* 25% relapse and 10% death */ 

gen time = min(trel,tdead) 

gen byte fail = 0 

replace fail=1 if min(trel,tdead)==trel 

replace fail=2 if min(trel,tdead)==tdead 

stset time, f(fail==1) 

sts gen KM_Censor = s 

gen Complement_Censor= 1-KM_Censor 

stcompet CumInc=ci se=se, compet1(2) 

gen CI_trel=CumInc if fail==1 

gen CI_tdead=CumInc if fail==2 

gen stderr_trel=se if fail==1 

gen stderr_tdead=se if fail==2 

sts list, failure at (0.5 1 1.5 2) 

label var Complement_Censor "Complement Kaplan-Meier:Recurrence " 

label var CI_trel "Cumulative Incidence: Recurrence" 

label var CI_tdead "Cumulative Incidence: Death" 

sort time

scatter Complement_Censor CI_trel CI_tdead time/// 

if time<=120, m(i i i) c(J J J) clpattern(solid dash dash) ///  

legend( pos(11) cols(1) region(lstyle(none)) ring(0) ) /// 

ylabel(0(.1)1.0) xlabel(0(20)120) ytitle(Probability) xtitle(Months) /// 

graphregion(color(gs16)) sort 
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APPENDIX C: STATA CODE FOR GRAPH OF CUMULATIVE INCIDENCE OF


LOCAL RECURRENCE 

stset time_eventdte, f(fail==6)  

sts gen KM_rad = s if rad==1 

sts gen KM_nrad = s if rad==0 

gen Inverted_KM_rad= 1-KM_rad 

gen Inverted_KM_nrad=1-KM_nrad 

replace fail=3 if fail==4|fail==5|fail==7 

stcompet rad_se=se rad_hilim=hi rad_lowlim=lo rad_ci=ci if(rad==1), compet1(3)  

stcompet nrad_se=se nrad_hilim=hi nrad_lowlim=lo nrad_ci=ci if(rad==0), compet1(3)  

gen lrec_rad_ci=rad_ci if fail==6 

gen lrec_nrad_ci=nrad_ci if fail==6 

gen oth_rad_ci=rad_ci if fail==3 

gen oth_nrad_ci=nrad_ci if fail==3 

label var Inverted_KM_rad "Complement Kaplan-Meier" 

label var Inverted_KM_nrad "Complement Kaplan-Meier" 

label var lrec_rad_ci "Cumulative Incidence: Local Recurrence" 

label var lrec_nrad_ci "Cumulative Incidence: Local Recurrence" 

label var oth_rad_ci "Cumulative Incidence: Competing Risks" 

label var oth_nrad_ci "Cumulative Incidence: Competing Risks" 

scatter Inverted_KM_rad lrec_rad_ci oth_rad_ci time_eventdte if time<=6, /// m(i i i) c(J 

J J) clpattern(solid dash dash) legend( pos(11) cols(1) region(lstyle(none)) ring(0) ) /// 

ylabel(0(.1)0.7) xlabel(0(1)6) title(Radiation) ytitle(Probability) /// 

xtitle(Years after surgery) graphregion(color(gs16)) sort 

scatter Inverted_KM_nrad lrec_nrad_ci oth_nrad_ci time_eventdte /// 

if time<=6, m(i i i) c(J J J) clpattern(solid dash dash) ///  

legend( pos(11) cols(1) region(lstyle(none)) ring(0) ) /// 

ylabel(0(.1)0.7) xlabel(0(1)6) title(No Radiation) ///  

ytitle(Probability) xtitle(Years after surgery) /// 

graphregion(color(gs16)) sort 




78 

APPENDIX D: SYSTEMATIC REVIEW SUMMARY 

Journal 

Table D.1: Systematic review summary 

Study Reference 
Selected 

Endpoints* 
Endpoints 

Overall 

KM 
vs. 
CI 

Bias 
Overall 

IJROBP Wolden et al. (p57) LRFS, RRFS, DM, Poor KM yes 
PFS 

IJROBP Corry et al. (p63) LRFS, DM Poor CI no 
IJROBP Yamazaki et al. (p77) LRFS, CSM Poor KM yes 
IJROBP Hoogsteen et al. (p83) RRFS Poor KM unknown 
IJROBP Cheng et al. (p90) Fair KM no 
IJROBP Ballo et al. (p106) DFS, RRFS, DM, Fair KM yes 

CSM 
IJROBP Poulsen et al. (p114) RRFS, DM, CSM Good KM yes 
IJROBP Chen et al. (p120) LRFS , DM, CSM Poor KM yes 
IJROBP Niehaus et al. (p136) Poor KM no 
IJROBP Arcangeli et al. (p161) DM Fair KM yes 
IJROBP Ozsahin et al. (p210) LRFS Fair KM yes 
IJROBP Pieters et al. (p251) LRFS Good KM yes 
IJROBP de Arruda et al. LRFS, RRFS, DM Poor KM no 

(p363) 
IJROBP Kwong et al. (p374) RRFS, DM, PFS, Poor KM yes 

DFS 
IJROBP Salama et al. (p382) RRFS, DM, PFS Good KM yes 
IJROBP O’Brien et al. (p408) RRFS Good KM yes 
IJROBP Aoki et al. (p414) LRFS Poor KM yes 
IJROBP Ronson et al. (p425) Poor KM yes 
IJROBP Deodato et al. (p483) Poor KM yes 
IJROBP Zhang et al. (p505) RRFS, DFS Good KM unknown 
JCO Rustin et al. (p45) PFS Poor KM yes 
JCO Suh et al. (p106) Poor CI no 
JCO Eapen et al. (p145) CSM Good CI no 
JCO Li et al. (p181) PFS Fair KM yes 
JCO Jüttner et al. (p228) DFS, CSM Good KM yes 
JCO Bachmann et al. CSM Good KM yes 

(p268) 
JCO Bredel et al. (p288) DFS Poor KM yes 
JCO International Breast Good CI no 

Cancer Study Group 
(p337) 

JCO Ko (p379) Good KM unknown 
JCO Rodríguez-Moranta et Fair KM yes 

al. (p386) 
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JCO Kulke et al. (p401) PFS Poor KM yes 
JCO Hegenbart et al. CSM Good CI no 

(p444) 
JCO Iacobucci et al. (p454) PFS Poor KM unknown 
JCO Bassal et al. (p476) Good CI no 
JCO Burkhardt et al. DFS Good KM yes 

(p491) 
JCO Greimel et al. (p579) PFS Poor KM yes 
JCO Urba et al. (p593) DFS, CSM Fair KM yes 
JCO Koontz et al. (p605) CSM Good KM yes 
JCO Lee et al. (p612) Fair KM yes 
JCO Kraybill et al. (p619) RRFS, DM Good CI no 
JNCI Aghi et al. (p38) Poor KM no 
JNCI Hawes et al. (p100) Poor KM yes 
JNCI Zecevic et al. (p139) Poor KM yes 
JNCI Sotiriou et al. (p262) DM Fair KM yes 
JNCI Canon et al. (p273) Fair KM yes 
JNCI Naumov et al. (p316) Good KM yes 
JNCI Khuri et al. (p441) Fair KM yes 
JNCI Winnepenninckx et al. DM Good KM yes 

(p472) 
JNCI Holm et al. (p671) Good KM yes 
JNCI Smith et al. (p681) Good KM unknown 
JNCI Sklar et al. (p890) Fair CI no 
JNCI Abramson et al. Good CI no 

(p904) 
JNCI Boersma et al. (p911) Good KM yes 
JNCI Xi et al. (p1045) Fair KM unknown 
JNCI Buyse et al. (p1183) DM Good KM yes 
JNCI Asgharzadeh et al. PFS Fair KM no 

(p1193) 
JNCI Inogès et al. (p1292) Poor KM unknown 
JNCI Smith et al. (p1302) Fair KM unknown 
JNCI Ferreri et al. (p1375) Good KM no 
JNCI Henshall et al. DM Fair KM unknown 

(p1420) 
* Selected Endpoints indicate study included (but was not limited to) any of LRFS = 
Local Recurrence Free Survival, RRFS = Regional Recurrence Free Survival, DM = 
Distant Metastases, PFS = Progression Free Survival, CSM = Cause Specific Mortality 
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APPENDIX E: ETHICS APPROVAL 


