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Ch. 9 
 

Known fate1      
 

“You shall know the truth, and the truth shall make you mad.” 
-- Aldous Huxley 

 
“I am always anxious to know what has happened while I've been 

asleep.” 
-- Christian Lacroix 

 
Questions to ponder: 

• How does known-fate data differ from other types of data used to estimate survival? 
• What is the difference between left- and right-censoring? 
• How do I calculate nest survival with the Mayfield method? 
• How is “staggered entry” handled with Kaplan-Meier methods? 

 
Known-fate data 
 
We will start to assess ways to estimate survival by starting with the simplest analytical method—
known-fate data.  We note that these data are not necessarily the easiest to collect, nor are they 
the cheapest to collect.  But, the structure of the models is the simplest. 
 
Known-fate is a type of data that involves the marking of a cohort of individuals that is re-
visited at a later time to determine their fates.  The unique quality of known-fate information is 
that we have 100% certainty, theoretically, of finding the individuals and assessing their fate.  In 
Chapter 8, we discussed encounter probabilities—a necessary “evil” in parameter estimation, 
because we cannot typically guarantee that we will catch, trap, see, or otherwise encounter a 
specific individual during a specific time period.  However, this problem disappears for a select 
group of situations for which we can provide known-fate information. 
 
What kind of methods or situations provide known-fate data?  The use of radio-telemetry is a 
grand example.  Because we place a radio or satellite tag that allows the tracking of an animal’s 
location (and in some cases, the tag even broadcasts a prediction of the animal’s live/dead 
status), we can find the animal during any time period we wish—providing that the tag is still 
working and the animal has not escaped the geographic breadth of our relocation capabilities.  
The monitoring of plants and nests are other examples of known-fate scenarios.  Plants can be 

                                                 
1 With thanks for content to Michael Conroy, Jay Rotella, Evan Cooch, William Clark, and Gary White 
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labeled with a flag and relocated with ease.  Nests do not move, unlike their creators.  So, we can 
mark the position of nests and find them in the future.   
 
Known-fate approaches can also be used to study dynamics other than survival.  In Chapter 3, 
we used a tag loss study to introduce the concept of a maximum likelihood estimator.  In that 
example we examined the probability that fish would lose their tags. The biologists put 10 fish in 
a tank, and each fish is marked with the special tag.  After one day, the animals are checked.  The 
biologists estimated the probability of tag retention over the 1-day period of time.  The tanks of 
fish could be relocated and their ‘fate’ (tagged or not tagged) assessed perfectly.  We could use 
known-fate approaches to estimate the probability of a specific behavior of animals under 
observation, where we consider the presence of behavior or lack of a behavior to be a binomial 
success/failure. 
 
We can also pause and note that ecologists are not the only ones who use known fate 
information to estimate survival.  Biologists who engage in medical studies can typically track 
patients and relocate them throughout a study to determine the success or failure of a certain 
treatment.  Mechanical engineers can track specific products—like washing machines and 
airplanes—to estimate longevity.  There is no need to estimate encounter rates, because the 
subject can usually be located with 100% probability.  Of course, things can go wrong with 
tagged animals, and we discuss this below! 
 
The ability for near-perfect relocation of a study subject simplifies our analysis.  In Chapter 10, 
we will discuss the estimation of survival when we cannot relocate our subjects during each time 
interval—using a method established by Cormack, Jolly, and Seber (CJS).  Here, we see the 
simplicity of known-fate analyses, for which we do not need an encounter rate (p).  Given 
capture of an animal in occasion 1, the probability statements for the subsequent observations 
(enumerated by the capture histories using a simple coding of “1” for “survived time period” 
and “0” for “died during time period”) can be written as follows: 
 

 
Animal 

Capture 
history 

Probability  
statement 

Animal #1 
Animal #2 

111 
110 

S1 · S2 
S1 · (1-S2) 

 
Thus, our known-fate information tells us that Animal #1 was alive (1) in all three time periods, 
so the probability of observing the animal being alive from occasion 1 to occasion 3 is simply 
the product of two survival probabilities.  Animal #2 is known to have died (0) after being 
observed alive at the beginning of occasion 2, so the probability of observing this is the product 
of one survival probability, S, and one mortality probability (1-S). 
 
In Chapter 3, we developed a maximum likelihood estimator for known fate data that can be 
used to estimate survival with n trials and y successes: 
 
 
 n

y
S =ˆ
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And, in Chapter 4, we used a known-fate example with northern bobwhite (quail [Colinus 
virginianus]), and we estimated sex-specific survival estimates for a given time period for the 
following scenario: 
 

100 radio-marked quail 
50 males, 50 females 

 
At end of time period: 

20 males alive 
35 females alive 

 
The simple period-specific estimate for Smales would be  
 

Smales = 20/50 = 0.40 
 
The simple period-specific estimate for Sfemales would be 
 

Sfemales = 35/50 = 0.70 
 
The known-fate approach for these data has some underlying assumptions: 

• The individuals in our sample are independent 

• Capture probability, with our tagging method, is 100% 

• All individuals have the same underlying survival probability when individuals are 
modeled with the same survival parameter (e.g., if a “male” survival parameter is 
estimated for all males, all males are assume to have the same probability of survival)  

 
The latter assumption simply indicates that our method is to sample a group of individuals, and 
we use the combined patterns of fates of all sampled individuals (e.g., all males in the example 
mentioned above) to estimate a probability of survival that is associated with every individual in 
the sampled group.  In our example, we’ve divided quail into males and females, so the survival 
estimate that we receive for males applies to all males.  We could also pool males and females to 
estimate one survival probability that would apply to all quail.  And—if we had information 
available—we could divide males and females into sub-groups of juveniles and adults to estimate 
survival of adult males, juvenile males, adult females, and juvenile males.  The only method we 
have to estimate a survival rate for a specific individual is to use individual covariates to predict 
survival based on some characteristic of the individual—for example, as we saw in Chapter 6, we 
could also collect mass information for each bird in our sample, and we could model survival as 
a function of mass.     
 

Mayfield’s known-fate model for nests 
 
The history of known-fate models is a good way to learn about the method, as we typically start 
with simple structures and move towards more complex structures as methods develop over 
time.  Harold Mayfield made an early advance in known-fate models for ecology in 1961 when 
he published methods for the estimation of the daily probability of survival for avian nests 
(Mayfield 1961).  Of course, this method can be, and has been, generalized to estimate daily 
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survival of animals and plants.  We start with Mayfield’s method because of its relative simplicity, 
and because it showcases an ecologist thinking about his data—and adjusting his analysis to 
reduce bias that he perceived in the standard analytical methods of his time.  
 
The context of Mayfield’s work (for those of you who do not spend countless hours searching 
for bird nests) is that avian biologists have to search pretty diligently to find bird nests—it’s 
similar to trying to trap a species of animal that is fairly difficult to trap.  Eggs are laid and 
incubation begins, but the field biologist might not find the nest for a few days.  Of course, once 
the nest is found, the biologist can return again and again to monitor the nest in known-fate 
fashion. 
 
The data available to the biologist is the first date of observation (t0), and the last day that the 
nest was observed.  We also have the status on that last date (was the nest successful, or did it 
fail).  In certain cases, we might have to “censor” (more on this later in the chapter) our data, 
because the status was unknown after a certain censor point (perhaps a technician forgot to 
check the nest, perhaps the nest could not be found again, or perhaps the research team had to 
end the study before the nest’s cycle was complete, etc.). 
 
Mayfield’s methods were also based on the context that avian biologists typically check nests 
over periods of days at 2-, 3-, or 4- day intervals.  Nests are typically not checked every day 
because daily checks could cause too much disturbance at the nest.  In addition, visiting rates 
may vary among nests (2-day intervals for one nest, and 4-day intervals for another nest that is 
logistically harder to reach).  Still at each visit, the fate of the nest (still ‘alive’ or failed) is 
recorded.  And, there is an end to the monitoring, the date for which varies depending on when 
the nest fails or a brood disperses from the nest.   
 
Prior to Mayfield’s work, waterfowl and songbird biologists had simply reported the raw success 
of nests as a percentage of nests that were successful.  So, no matter when a nest was found 
(early in its cycle or almost before completion), the nest was included in the sample of “nests at 
risk”.  And the simple maximum likelihood estimator was used to estimate “nest success”: the 
proportion of nests that succeeded. 
 
 
 
 

Mayfield’s contribution 
 
Mayfield (1961) advanced the field of known-fate analyses, because he acknowledged that failed 
and successful nests are not usually found by biologists with the same probability.  To clarify 
this, we can summarize: 

• Most nests are found after egg-laying has begun  

• Normally, only active nests (with attending parent(s)) are found 

• We often miss early failures that happen before we find some nests 
 
The last point was Mayfield’s main concern.  Because of the lag in finding nests, many failed 
nests are probably never incorporated into the sample of nests—that is, a nest that was found on 
day 10 had to, by definition of the manner in which nests are found, survive until day 10.  If the 

trials

successes

n

y
p ==ˆ
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nest had failed on day 8 (never found or found after it failed), it would have never been entered 
into the sample.  Thus, “apparent nest success” (our modern term for the proportion of nests 
that succeed) is biased high, relative to actual nesting success. 
  
Rotella (2014) provides a convincing analysis of the potential bias in nest survival estimates that 
occurs because of the lag in finding nests after the eggs are laid.  If all nests are found on day 0 
(which can happen if the females are radio-marked or if the biologist is working in a colonial 
species where nests are constantly monitored in a small area), there is no bias.  But, if nests are 
not found, on average, until day 10, nest success is biased by 12%.  That is, an “apparent nest 
success” estimate of 35% should actually be adjusted to 23%--because nests that failed before 
day 10 were not included in the sample.  Rotella’s (2014) bias estimate is based on a 35-day 
nesting scenario, but similar biases were Mayfield’s concern as well—for nesting intervals of any 
length.  
  
Mayfield’s solution was to avoid using the nest as the “trial”.  Instead, Mayfield proposed using a 
risk-day as the trial.  Mayfield (1961) theorized that all nests have the same probability of failing, 
and he treated all nests under observation as the sample.  Therefore, Mayfield’s advancement 
was to estimate “daily nest survival”—instead of “nest survival probability”.  The method 
accounts for the fact that some nests were not observed for the entire nest period. 
 
Mayfield’s estimator for daily nest survival is: 
 
 
 
 
Daily survival is estimated using the exposure days of all nests as the number of trials, and the 
mortality rate (deaths per exposure days) is changed to a survival rate.  And, after the daily nest 
survival is estimated, the probability of a nest (with a nest interval of L days) can be estimated as 
 
 
 
As we noted earlier, situations do arise (usually 
unexpectedly) for which censoring is necessary.  
Nests that cannot be found or monitored again 
should be removed from the exposure day count.  
However, we don’t remove all of the data from 
these nests—the nest was present and monitored 
until a certain date, so the information that we 
know remains a part of our sample. 
 
As an example, if we used Mayfield’s simple 
estimator to estimate survival of elk (Cervus 
canadensis) in a sample that required censoring, we 
would now use this adjusted formula: 
 
 
 
 

daysExposure

deathsnumber
Sd −=1ˆ

L

dp SS ˆˆ =

animalscensorednumberdaysExposure

deathsnumber
Sd −

−=1ˆ

Figure 9.1: Male elk (USFWS public domain photo by 
Paul Prado). 
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If a given elk was in the sample for 15 days, but could not be found (perhaps radio failure, 
perhaps moved off the study area) on day 16, we would end its observations.  Although there are 
16 exposure days, one of the exposure days is removed because we censored the animal on day 
16.  When that elk’s data are added into the sample for use in the equation above, we would 
include 16 exposure days and one censored animal (Figure 9.2; results in a net of 15 exposure 
days: 16-1 = 15) and no deaths.  Exposure days, censor events, and deaths from all elk in our 

sample would be used to estimate Sd. 
 
 
 
 
 
 
 
 
 
Mayfield’s methods have the following assumptions and characteristics: 

• All nests (or more generally, “subjects”) have constant survival over the nest interval, L 

• Subjects are not required to enter the study at the same time (known as “staggered entry” 
to the sample) 

• Survival is constant for the entire sample; thus, in staggered entry, survival is not 
different for the newly added individuals 

• The estimate for variance is based on number of exposure days (number of trials), so 
studies with fewer exposure days will have a less precise estimate of survival.   

 

The variance (and remember, �� = √���) for the estimate of daily survival ( Ŝ d) from the 

Mayfield method, with exposure days, di, for n nests, is (Skalski et al. 2005): 
 
 
 
 
 
 
And, using the delta method (see Chapter 5), the variance for the period-specific (over L days) 
probability of nest survival is: 
 
 
 
 
A problem encountered by Mayfield was what to do with the last interval in which a failure was 
observed.  Again, the context is that a biologist would observe an active nest on a certain day 
and then check the nest again, perhaps 4 days later.  If a failure was observed, it was obvious that 
it happened sometime in the last 4 days…but when?  This uncertainty affected the exposure 
days—because it should be obvious that for a large sample of nests which fail, they do not 
always fail on the 4th day of a 4-day interval.  Presumably, some fail on the 1st day of the interval, 
some on the 2nd, some on the 3rd, and some on the 4th.   
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Figure 9.2: Calculation of exposure days for animal “lost” on day 16.  Exposure 
days are limited to the days for which the fate of the animal, at the end of the time 
period, is known. 
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Mayfield postulated (which has been subsequently supported by Manolis et al. 2000), that if we 
assume constant survival, the average date of failure in a large sample of nests would be the mid-
point of the last interval.  So, in our example, we would use two exposure days rather than four. 
 

Mayfield example:  Georgia wood thrushes 
 
To provide a simple Mayfield example, let’s look at some 
real nests of wood thrushes (Hylocichla mustelina, a medium-
sized songbird) in Georgia in 1996 (Lang et al. 2002).  
Wood thrush nests were found during months of April, 
May, June, and July.  Lang and his associates recorded the 
date on which each nest was found, the last date the nest 
was known to be active, the last day the nest was checked, 
and the nest’s fate as of the last check.  Dates were 
recorded as day-of-season, where April 1 = day 1 and 
therefore May 1 = day 31, which makes calculations much 
easier!   
 
We can use the table of data (below) to calculate the exposure days and the number of failures 
needed to estimate daily nest survival.  We first calculate the number of exposure days during 
times that are known to be within active intervals for each nest.  Then, we look at the last 
interval for nests that failed, and calculate (using the Mayfield approach) the number of exposure 
days to use during that interval (1/2 of the interval).  We then tally up the number of failed 
nests. 
 
The apparent nest success estimate for this sample of 13 nests (of which 5 were successful) is 
5/13 = 0.385.  So, 39% of our nests survived. But, many of them were not found on the first 
day of the nesting cycle.  Finding nests is difficult… 
 
We can use Mayfield’s method to estimate daily survival as: 

 
 
 
 

 
And, variance:  
 
 
 
 
 
 
Thus:  
 

Figure 9.3: An adult wood thrush.  Public 
domain photo. 
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Day* 
found 

Day last 
active 

Exposure 
days 
during 
active 
intervals 

Day of 
last 
check 

Days 
assumed 
alive 
during 
failure 
interval** 

Total 
Exposure 
Days 

End 
fate 

Failure 

67 83 16 85 1 17 F 1 

11 11 0 16 3 3 F 1 

61 78 17 81 2 19 F 1 

86 86 0 89 2 2 F 1 

32 40 8 43 2 10 F 1 

40 47 7 47  7 S 0 

72 96 24 96  24 S 0 

46 62 16 65 2 18 F 1 

53 72 19 72  19 S 0 

82 87 5 90 2 7 F 1 

93 99 6 101 1 7 F 1 

51 71 20 71  20 S 0 

50 73 23 73  23 S 0 

TOTALS: 161  15 176  8 

*Day-of-season: April 1 = day 1; **Using the Mayfield approach to only include half of the exposure days 
during the last interval when the interval ends in a failure. 
 
 
The SE of 0.07 indicates a fairly high level of uncertainty around the daily survival estimate (a 
95% confidence interval would be approximately ±0.14).  But, remember that this is a small sub-
sample of 13 nests that we are using for our example.  We have only 176 exposure days, and you 
should see by looking at the equation above (for the variance of the daily survival) that if we had 

the same estimate of daily nest survival ( dŜ ) but 1000 exposure days, our variance estimate 

would be much, much lower. 
 
What is our Mayfield-corrected probability of nest survival?  Wood thrushes have, on average, 
24-day nest periods (12 days incubation and 12 days nestling care) before the nestlings fledge.  
To extrapolate the daily survival to 24-day survival to estimate the probability that a wood thrush 
nest produces fledglings, we can use: 
 
 
 
 
And, the variance as: 
 
 
 
 

L

dp SS ˆˆ = 3271.09545.0ˆˆ 2424

24 === dSS
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Thus, the SE:   
 
 
 
So, our potentially-biased apparent nest success estimate was 39%, and our Mayfield adjusted 
estimate was approximately 33%.  This sample shows the bias that Mayfield tried to correct with 
his method—Lang and his colleagues, like most avian ecologists, apparently missed some early 
nest failures that were not included in the naïve estimate of apparent nest success.  Mayfield’s 
estimator gave us a tool to eliminate this bias. 
 

Significant digits 
 
Before moving on, we pause to emphasize the value of using at least 4 decimal places when 
reporting and manipulating survival probabilities.  If we were to report fewer decimal places, our 
24-day estimate could vary, because of rounding.  Consider similar factors of raising daily 
survival probabilities of adults, for example, to annual probabilities by raising to the 365th power-
--similar effects of rounding would definitely occur.  This effect could lead to significant biases 
in simulation models. 
 
Below, the daily survival estimate from the wood thrush example above is provided with 4 
decimal places and fewer, prior to estimating the 24-day nest survival probability.  The difference 
in the predicted nest survival is about 3.5%, using the same initial daily survival estimate! 
 

0.954524  = 0.3271 
0.95524    = 0.3312 
0.9524      = 0.2920 

 

Kaplan-Meier methods 
 
Three years before Mayfield’s (1961) publication, Kaplan and Meier (1958) provided a survival 
estimator that has also been incredibly influential to known fate survival estimation.  The 
method provided, which has become known as the Kaplan-Meier method (again, we pause to 
note that one method to achieve immortality is to develop a new analytical method that will 
most likely be named after you!), sought to combat two problems with the standard, very simple 
approaches to survival estimation in known-fate situations, where  
 
 
 
Kaplan and Meier (1958) provide the problem statement for their work: 

“In lifetesting, medical follow-up, and other fields the observation of the time of occurrence of the event of 
interest (called a death) may be prevented for some of the items of the sample by the previous occurrence of 
some other event (called a loss). Losses may be either accidental or controlled, the latter resulting from a 
decision to terminate certain observations. In either case it is usually assumed in this paper that the 
lifetime (age at death) is independent of the potential loss time; in practice this assumption deserves careful 
scrutiny. Despite the resulting incompleteness of the data, it is desired to estimate the proportion P(t) of 
items in the population whose lifetimes would exceed t (in the absence of such losses), without making any 
assumption about the form of the function P(t).” 

3533.01248.0)ˆr(âv)ˆ( 2424 === SSSE
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Very simply, Kaplan and Meier were worried that: 

• Mortality was not constant through life, and in fact they wanted to model the survival 
function, P(t), to help with insurance estimation and medical evaluations of humans.   

• Often, individuals are removed from the sample (they refer to this as loss, we would refer 
to this as censoring), making the simple S=y/n formula inadequate. 

 
The context, then, of a Kaplan-Meier analysis of survival is one in which the study can be 
broken into intervals (regular or irregular), each with a constant risk of mortality within the 
interval.  Such studies are used extensively in medical, engineering, and product reliability studies 
and are often referred to as “time to failure” studies.  Ecologists soon warmed to this technique, 
because it allowed graphical representation of variation in survival through time.  Remember 
that the Mayfield method assumes constant survival, which does not easily allow assessment of 
potential variation in survival during the nesting period. 
 
Kaplan and Meier’s model structure is as follows: 
 
 
 
 
where 

• S(t):  probability of an animal surviving t units of time from the beginning of the study 

• We know, for each animal, the first and last date of observation and the fate of the 
animal at each time step 

• ni = number of animals alive and at risk in time period I 

• di = number of deaths during time period i  
 
Note that we can see that survival is a product (because of the use of ∏, which directs us to take 
the product) of sub-units in which survival is calculated as in Mayfield.  In fact, the parenthetical 
portion of the formula is exactly the same as Mayfield’s estimator for survival.  The variance for 
survival in Kaplan-Meier methodology is based on the number of animals (not exposure days as in 
Mayfield). 
   
Kaplan and Meier labeled this 

estimate of St as the product limit 
estimate, which they envisioned as 
a function that described the 
cumulative effects of period-
specific mortality on a population.  
If the survival probability for an 

individual time period, st, could be 
determined, then the survival 

probability for all time periods, St, 
could be estimated as the product 
of the survival for the individual 
time periods. 

∏
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Figure 9.4: Temporal depiction of a study with the goal to estimate the probability 

of survival for the entire study period (St).  The study has 5 time periods, each with 

an estimate of survival (st).  St, then, is the product of all st’s. 
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We note that, for the Kaplain-Meier product limit estimate, the time periods do not have to be 
of the same duration.  As an example, consider data approximated from Fries (2002) for human 
survival in the United States in 1900.   We can look at time periods of interest: early survival 
during ages 0-10, a period of low mortality from 11-50, and periods of increasingly higher 
mortality from 51-70, 71-80, and 80-100.   
 
As the following table shows, we can estimate the period-specific probability of surviving any of 
the intervals.  In 1900, in the United States, young children had a 90% probability of surviving 
until age 1.  And, that 1-year survival probability was almost equal to the 9-year probability of 
surviving from age 1 to age 10 (S = 0.8889).  At age 70, people only had a 17% probability of 
being alive at age 90.  And, there was a 0% probability of surviving to 100, for those who were 
90.   
 
 
 
 
 
 
 
 
 
 
 
 

The cumulative survival, St, can be calculated at any point, and these estimates are then shown in 
the figure.  A graphic advantage to Kaplan-Meier-type survival curves is the ease with which one 
can identify periods of high risk and low risk for a population over time (Figure 9.5). 
 
 
 
 
 
 
 
 
 
 
 

 
 
 
 
 
 
 

Age 
Interval (t) 

No.  
at risk  

No. 
deaths  

s(t) S(t) 

0-1 100 10 0.9000 0.9000 
1-10 90 10 0.8889 0.8000 
10-50 80 20 0.7500 0.6000 
50-70 60 30 0.5000 0.3000 
70-90 30 25 0.1667 0.0500 
90-100 5 5 0.0000 0.0000 
100+ 0    

Figure 9.5: A Kaplan-Meier estimate of cumulative survival, St, over 100 years of life, for 

humans in the United States.   
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Kaplan and Meier’s example 
 
It may be instructive to look at the example that Kaplan and Meier provided to show the merits 
of their product-limit estimator.  The context is a two-year evaluation of a set of individuals that 
are being monitored for survival during the first two years of life.  Two trials, or samples, are 
available to provide survival information:  the first is a small trial for two years, and the second is 
a larger trial that only lasted for one year.  Both trials provide information about survival during 
year-one.  But, only the first trial provides year-two information.   
 
 
 
 
 
 
 
 
 
 
 
 
As Kaplan and Meier (1958) describe, it is easy to look at Sample I and determine that S2 can be 
estimated as 15/100 = 0.15 (a 15% probability of surviving for two years).  But, this ignores the 
1000 samples tested during the second study.  Unfortunately, we cannot lump the two studies 
together to estimate S2 as 15/1100, because Sample II did not follow individuals for year 2.   
 
But, Kaplan and Meier proposed that information from both samples could be used to inform 
the year-one survival estimate, or s1.  Thus, if we combine the data from both samples, we can 
estimate s1 as (30+250)/(100+1000) = 0.255.  And, we note that this is different estimate for s1 
than if we only used Sample I (30/100=0.300). 
 
Now, Kaplan and Meier completed the calculations by using Sample I’s data (the only available) 
for year-two survival, s2 = 15/30 = 0.500. 
 
And, the estimate for S2 can now be obtained as 0.255*0.500=0.127. 
 
This result, we note, is different than if we only used Study I, and Kaplan and Meier (1958) 
argued that our current estimate for S2 is now better-informed because we have used all available 
data.  That is how the Kaplan-Meier method was introduced to the world. 
 

Kaplan-Meier assumptions 
 
The assumptions of the Kaplan-Meier method are: 

• An animal is considered at risk if alive at start of time period (see example below) 

• Survival is assumed constant for all animals during specific time periods, but there is no 
assumption of constant survival throughout the study. 

• K-M methods do not require all animals enter at the same time 

 Samples/Trials 
Observations/Data* I II 
Initial cohort 100 1000 
Deaths in first year 70 750 
Deaths in second year 15 -- 
   
One-year survivors 30 250 
Two-year survivors 15 -- 
*From Kaplan-Meier (1958) 
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• Newly tagged animals (in staggered entry) are assumed to have the same survival 
function as previously tagged animals 

• Animals represent a random sample of the population 

• Animals are independent 

• Working radio-tags are always located, when using radio-telemetry to locate animals 

• Censoring is a random event, and independent of mortality 

• The relocation method (e.g. radio-telemetry transmitters) do not impact survival 
 
The only tricky assumption is the statement about censoring, with regard to its independence of 
mortality.  Unfortunately, it is usually difficult to validate this assumption, and mortality events 
could be predicted to cause radio failure at rates higher than mechanical failure or disappearance 
of the animal. 
 

Censoring 
 
To demonstrate censoring under Kaplan-Meier methods, we will consider an example of radio-
marked northern bobwhite quail from Pollock et al. (1989).   Eighteen individuals were radio-
marked at Fort Bragg, North Carolina, USA in the spring of 1985.  During the study, 6 
individuals were found dead, and 5 disappeared (and were censored). 
 

During weeks when no animals were censored, the estimation of st is straightforward. For 
example, in Week 3, 2 deaths were recorded while 18 birds were at risk.  So, s3 = (18-2)/18 = 
0.8889. 
 
 

Week 
(t) 

 No. at 
risk (t) 

 No. 
deaths (t) 

No. 
censored 

Newly 
added 

s(t) S(t) 

1 18 0 0 0 1.0000 1.0000 
2 18 0 0 0 1.0000 1.0000 
3 18 2 0 0 0.8889 0.8889 
4 16 0 0 0 1.0000 0.8889 
5 16 0 0 0 1.0000 0.8889 
6 16 1 0 0 0.9375 0.8333 
7 15 0 0 0 1.0000 0.8333 
8 15 1 1 0 0.9286 0.7738 
9 13 1 2 0 0.9090 0.7035 
10 10 1 1 0 0.8889 0.6253 
11 8 0 0 0 1.0000 0.6253 
12 8 0 1 0 1.0000 0.6253 
13 7 0 0 0 1.0000 0.6253 
From Pollock et al. (1989), with a correction in Week 9 made by Powell and Gale.  
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During weeks when censoring occurred, the number of animals at risk is modified by subtracting 
the animals that were at risk.  For example, Week 9 started with 13 animals at risk, but 2 were 
censored.  Even though we started the week 
with 13 at risk animals, our cohort must be 
modified (13 at risk - 2 censored = 11 at risk) 
to reflect the size of the cohort for which we 
know the final status.  Therefore, we pretend 
the two censored birds were not there when 
Week 9 began.  We note that one of the 11 
at-risk birds died.  So, s9 = (11-1)/11 = 
0.9090. 
 
During each week, it is possible to provide a 
95% confidence interval by estimating the 

variance of the cumulative survival, St, at that 

period, t, for rt animals at risk (Pollock et al. 
1989):  
 
 
 
 
And, we can provide a 95% confidence interval as: 
 
  
 

If we create a figure of St through time, with the confidence intervals we see this pattern of 
survival for our cohort of 18 quail.  We can see that the confidence intervals grow in size (less 
certainty in the 
estimate) as the 
sample size declines 
because of deaths and 
censoring (Figure 9.7). 
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Figure 9.6: Northern bobwhite in North Carolina, 

photo by Dick Daniels (public domain). 

Figure 9.7: Cumulative 
survival estimates, with 95% 
confidence intervals, from a 
Kaplan-Meier analysis of the 
Pollock et al. (1989) quail data. 
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Kaplan-Meier methods use two types of censoring: left censoring and right censoring.  To 
this point in the chapter, we’ve been using the term “censor” to indicate the most frequent type 
of censoring—right censoring.  As the terms suggest, right-censoring means to “cut off” an 
animal’s risk-presence on the “right side” or the latter time periods of the study.  In contrast, 
left-censoring means to trim the risk-presence on the “left side” or the early time periods.   

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

Figure 9.8 shows an example where both types of censoring are needed.  To the right side of the 
figure, we see the Animal #3 and Animal #8 disappear from the sample.  As we have done in 
the previous quail example, those individuals would be right-censored and would not be 
considered in the at-risk cohort. 
 
But, we also see that we have a unique problem with Animal #1 and Animal #2—both are the 
only animals at risk during Week 1, and Animal #1 is found dead.  Because of the small sample 

size, s1= 1/2 = 0.500.  And, St is cumulative, so St will never get larger than 0.500.  The Kaplan-

Meier survival function (St) can only go down.  Of course, we would guess that the animal’s 
survival during one week is most likely not 0.500—so the proper thing to do is to left-censor the 
data.  We eliminate Week 1 from the analysis and we start with Week 2. 
 

Left-censoring is a consideration because we base our estimate of St and var(St) on the sample 
size in the interval.  In essence, we continually divide the data into smaller piles.  Although we 
typically worry only about the effect of small sample size on the variance, we can now see that 

the estimate for St can also be affected.   

Figure 9.8: Fates of a sample of 8 radio-tagged animals shown through 7 time periods, t.  Mortalities and disappearances 
(to be right-censored) are indicated with stripes and light shading.  The at-risk sample size, r, is shown at bottom for each 
time period. 
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We can describe the process of left-censoring as the act of determining “when to start the 
analysis”.  If biologists are worried about the effect of the capture event on survival, they may 
left-censor an individual for a few days before officially adding it into the ‘at risk’ pool—giving 
the animal time to recover from the capture event.  We recommend that you make decision 
rules about when you will left-censor before you begin your field work.   
 
Figure 9.9 shows what could have happened to the Pollock et al. (1989) data if two additional 
birds were tagged during a preliminary Week 0 (we stress: this is purely hypothetical—not a part of 
the Pollock et al. (1989) data).  If one of the two early-tagged birds had died during Week 0, the 
survival rate would have plunged immediately to 0.500, and the resulting 13-week survival would 
be much lower (about 38%) 
than the 63% survival reported 
by Pollock et al. (1989; note: if 
we left-censored this 
hypothetical data set—to 
address the problem, we would 
see the results shown in Figure 
9.7)  
 
 
 
 

 
Left-censoring, because of small samples during a staggered entry process, is only a concern 
when performing the time-specific analyses that are characteristic of Kaplan-Meier.  Analyses 
with the Mayfield method or the general binomial model, described later in this chapter, have 
the option to simply pool the limited data from the early periods with other data, unless a time-
specific model is required. 
 

Capture histories for known fate data 
 
The software you use for analysis will dictate the exact form required for your input files.  But, it 
is worth describing the general form that is used to describe known-fate data for capture 
histories.  The type of input that is a standard for program MARK is called live-dead, or 
LDLDLDLD.  This type of capture history varies from the simple single-digit entries required 
for estimation of population size in Chapter 8 or CJS-type survival in Chapter 10. 
 
Live-dead encounter histories use two digits for each occasion.  The simplest capture history, 
for an animal surviving through all 5 time periods of a 5-occasion study is: 
 

10 10 10 10 10 

Figure 9.9: Hypothetical result from a 
Kaplan-Meier analysis of the Pollock et al. 
(1989) data if 1 of 2 tagged individuals 
died during week 0.  Left-censoring can be 
used to avoid this problem. 
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We place a “1” in the first column of the each occasion to indicate that the animal was alive and 
at risk in all 5 time periods.  Thus, we know that this animal was tagged during (or before) the 
first time period.  We place a “0” in the second column of each occasion to indicate that this 
animal never died.  If the animal had died in the second time period, the capture history would 
read: 
 

10 11 00 00 00 
 
And, we see that the animal was at risk during the first two time periods, but was found dead 
during the second time period.  By definition, the dead animal was not at risk during the last 
three time periods! 
 

You try it! 
 
Can you explain what happened in these capture histories?  Describe the status of each 
individual.  Answers are at the end of this chapter. 
 

Critter A:  00 00 00 10 10 
Critter B:  10 10 00 00 00 
Critter C:  00 10 10 11 00 

 

Found it!  A little more about right-censoring 
 
Suppose one of the individuals in your study disappeared for more than one time period, and 
then you found it alive.  Such a discovery is always a good feeling, when you’re hot and tired in 
the field (or cold and tired, if you’re tracking polar bears).  The prodigal critter has returned, and 
all is well with the world again, right?! 
 
So, it’s time to construct your capture history and you are torn.  The capture history that directly 
reflects the animal’s participation in your study is 10 00 00 10 10, because you didn’t know 
where it was during time 2 and 3.  However, you found the animal alive—so logic tells you that 
it was alive while you could not find it.  So, perhaps you should code the capture history as 10 10 
10 10 10? 
 
The former approach is correct.  Do not fill in the time periods that you did not record the 
animal “at risk.”  Live animals are more likely to be re-encountered than dead animals, so by 
filling in ‘survival’ information after you find a live animal, you positively bias your survival 
estimate.   
 

The general, binomial approach to known fate  
 
Earlier in this chapter, we noted that the binomial estimator (with y successes in n trials) for 
known-fate survival was  
 
 
 n

y
S =ˆ
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How can we generalize the idea of the Kaplan-Meier estimator, with survival estimated for 
specific intervals?  What approaches do modern software use?   
 
To build in multiple time intervals, we can make our estimator time-specific for time period i: 
 
 
 
 
To think of known-fate analyses in a likelihood framework, we must stipulate what can happen 
to a tagged animal before the next time period: 

• The animal dies and is found dead. 

• The animal survives and is found alive. 

• The animal, known to be alive at the beginning of the time period, disappears and is 
censored. 

 
It is important to note that the third possibility, censorship, is not actually a third “status”—it is 
simply a condition that requires the removal of the animal from the “at risk” sample for that 
time period.  Because of this, we can still use the binomial approach shown above, with “alive” 
indicating “success” and “dead” indicating a “failure”.  That is, we do not need a third 
“censored” category and we do not estimate the probability of censorship. 
 

For a given time period in a set of time periods, i, that have ni animals alive and at risk during the 

time period, we can write the likelihood statement for known-fate survival (Si) as: 
 
  
 
 
 
Let’s apply this to the Pollock et al. (1989) quail example from earlier in this chapter.  An 

abbreviated table is shown here.  We can see that the number of animals at risk, ni, during each 
time period would be:  n1 = 18, n2 = 18, n3 = 18, and n4 = 16.   
 
 

Week 
(t) 

 No. at 
risk (t) 

 No. 
deaths (t) 

No. 
censored 

Newly 
added 

s(t) S(t) 

1 18 0 0 0 1.0000 1.0000 
2 18 0 0 0 1.0000 1.0000 
3 18 2 0 0 0.8889 0.8889 
4 16 0 0 0 1.0000 0.8889 
From Pollock et al. (1989), first 4 weeks.  
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The likelihood used for S3 is: 
 
 
 
 
 
 
 
 
Using the techniques we covered in Chapter 3, we could estimate S3 from the above likelihood 

statement.  Similarly, we could estimate all other Si’s.   
 

Conclusion 

 
The structure of known-fate models 
for survival are relatively simple, 
because we do not need to worry 
about encounter rates—all animals 
are assumed to be located with 
100% success each time period.  
Mayfield uses the concept of 
exposure days (days a nest or some 
organism is exposed to potential 
predators or other source of 
mortality) typically to assess nest 
survival, while Kaplan-Meier uses a 
similar concept of looking at the 
number of animals “at risk” during a 
particular time period to examine variation in survival through time.  If animals are not located, 
they are right-censored from the sample.  Mayfield and Kaplan-Meier methods provide simple 
and historic examples of the applications of known fate methods.  The generalized, binomial 
approach to known-fate data allows a more flexible assessment of variation in survival because it 
provides the avenue to investigate the effects of covariates on survival using linear models.    
 

Answers: You try it! 
 
Can you explain what happened in these capture histories?   
 

Critter A:  00 00 00 10 10 
Critter B:  10 10 00 00 00 
Critter C:  00 10 10 11 00 

 
Answers:  “Critter” A was not tagged until time period 4, and then it survived through the end of 
the study.  Critter B was tagged in time period 1, and survived through time period 2.  However, 
it is not listed “at risk” in time period 3, which suggests that Critter B disappeared during time 
period 3 and was right-censored.  We note that the survival information provided by Critter B during times 
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Figure 9.10: A radio-marked leopard (Panthera pardus) surveys its territory 
in Mashatu Game Reserve in eastern Botswana; photo by Andrei Snyman, used 
with permission. 
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1 and 2 is still used in the analysis.  Critter C was not tagged until time period 2, and it survived until 
time period 4 when it was found dead.   
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