
S
urvival analysis is a statistical method of 
analysing the time to occurrence of an index 
event. Actuarial life tables and Kaplan–Meier 
curves are graphical means of representing 
survival analysis. A working knowledge of 

these methods is useful to help interpret the medical and 
scientific literature. 

Important definitions
The index event (end point)
This is often survival or death, but other end points can be 
used (e.g. tumour relapse, renal transplantation in patients 
with end-stage renal failure) (Stel et al, 2005). Survival 
analysis is widely used in the medical literature to analyse 
aspects such as recovery rates, mortality rates and the 
effectiveness of treatment (Jemal et al, 2008).

The time to event
This is conventionally termed the survival time, even if 
the chosen event is not death. The event could be a single 
or multiple end points (Wanner et al, 2005). There are 

two common problems in calculating the mean survival 
time for a cohort of patients: different start times for given 
subjects (secular dates) and data loss over time (censoring). 

Serial time
The different dates in the calendar at which subjects 
enter the study are known as the calendar dates or secular 
dates. To correct for different start times, all subjects in 
the cohort begin analysis at the same standardized point 
of time: time zero. The serial time for each subject is the 
time duration from which the subject started the study 
(time zero) until the occurrence of either the event or 
being censored. 

Censoring
Censoring is loss of data during a study (as a result of 
participant withdrawal or being lost to follow up) or at 
the end of the study (because the event has not occurred 
and the subject survives until the end of the study period). 

The distribution of censored subjects over time is 
important. For example, if there were many censored 
subjects a curve representing treatment effectiveness could 
indicate that subjects withdrew from the study to pursue 
different therapies (Rich et al, 2010).

Gradual omission of censored observations reduces 
the sample size and correspondingly causes reduction in 
the accuracy of survival estimates. Less than half of 319 
published randomized controlled trials using Kaplan–Meier 
methods accurately included the details of patients lost 
to follow up, potentially interfering with the conclusions 
(Vervölgyi et al, 2011).

Two common methods allow for censored data: the 
actuarial life table and the Kaplan–Meier curve.

Time intervals
The main difference between these survival methods is 
that in actuarial life tables, study duration is expressed 
in equally spaced set intervals at which follow up occurs. 
Thus, survival time (i.e. time to event) is expressed in the 
number of intervals before the event or censoring. However, 
with the Kaplan–Meier approach, observed event times and 
censoring times are used to express survival times. 

The conditional probability
The probability of surviving an interval without having 
the event.

The cumulative probability
The overall chance of survival to any time point. 
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ABSTRACT
Survival analysis is a set of methods used to study the time between enrollment 
in a study and the occurrence of an event of interest. Two methods are commonly 
used: actuarial life tables and the Kaplan–Meier approach for survival analysis. A 
good understanding of both these methods is useful when reading and appraising 
the literature concerning prognostic and interventional studies. Kaplan–Meier 
curves are widely used as they enable analysis of incomplete sets of data  
(i.e. after patients withdraw from studies or are lost to follow up). This review 
explains these two methods and gives practical examples of their use. 
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The incidence rate
A measure of the number of events per unit of time and 
so a measure of rate rather than risk. It does not account 
for the decay of the population at risk (i.e. number at 
risk is gradually decreasing with the occurrence of each 
event) and should be differentiated from the cumulative 
probability.

The actuarial life table
This is a simple method of analysing survival. Survival 
probabilities are calculated at fixed intervals. Life table 
analysis is often presented graphically as a survival curve 
that plots time vs cumulative survival.

These graphs are constructed as follows (Table 1, Figure 
1):

X-axis
This graphs time. The serial time starts at time zero for all 
subjects. The follow-up duration and status (i.e. has the 
event occurred or not) are set at predetermined follow-up 
intervals. The follow-up intervals divide the follow-up time 
of the cohort into a number of discrete pieces. In the above 
example (Table 1, Figure 1), a cohort of 100 subjects has 
been followed up for 4 years with preset yearly follow up 
(i.e. four intervals).

Y-axis
This graphs the cumulative probability. The curve will step 
(change in cumulative probability) at the preset intervals 
and not after each event occurrence as in Kaplan–Meier 
curves. In Figure 1, the curve steps down as the cumulative 
probability declines at the end of each interval. At the start 
of the study, the cumulative probability for survival was 
1.0, and at the end of the first, second, third and fourth 
years it was 0.8, 0.6, 0.4 and 0.2 respectively.

Censoring
To allow inclusion of censored data life tables assume 
that withdrawal or censoring occurs in the middle of 
a studied interval (uniform timing). Censored patients 
are usually indicated by tick marks (or dots) along the 
interval in which they were censored. Censoring will 
not cause the cumulative probability to drop (i.e. the 

curve to step down or the interval to terminate), but it 
will decrease the number of patients at risk available for 
the next interval.

Conditional survival probability
Conditional survival probability is calculated for each 
interval as follows: 
1 – [(number of events occurring in that interval)/(number 

of patients at risk at the start of the interval - censored 
subjects)]

For example, looking at Table 1, at the end of the first 
interval only 20 subjects had the event out of the 100 
subjects with no censoring. The conditional probability 
of survival for the first interval is 0.8.

Table 1. An example of the basic information required to construct a life table for a cohort of 100 subjects followed 
up for 4 years. The intervals refer to the preset follow-up periods. At each interval the number of patients entering 
the interval and remaining after events and censoring is calculated (i.e. number at risk at the start and at the end of 
interval). Conditional and cumulative probability of survival are derived for each interval

Interval (years)
No. at risk at start 
of the interval Events Censoring

No. at risk at end 
of the interval

Conditional 
probability of survival

Cumulative 
probability of survival

Incidence rate 
of events

1 100 20 0 80 0.8 0.8 0.2

2 80 15 20 45 0.75 0.6 0.25

3 45 10 15 20 0.66 0.4 0.33

4 20 10 0 10 0.50 0.2 0.50

Figure 1. An actuarial survival curve derived from the data tabulated in Table 1. The 
X-axis shows the intervals. The Y-axis shows the cumulative survival probability. 
Vertical short lines pointing upwards refer to censoring. The survival rates are 
calculated at the follow-up intervals. The curve will step (change in cumulative 
probability) at the preset intervals. 
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Cumulative survival probability
Cumulative survival probability is the product of 
conditional probabilities of survival up to that interval. 
For example, the cumulative probability of survival at the 
end of the second interval would be 0.75 x 0.8 = 0.6.

Incidence rate
Incidence rate is calculated as [number of events occurring 
in that interval / (number of patients at risk at the start 
of the interval - censored subjects)]. The incidence rate 
of events at the end of the fourth interval is [10/(20-0)] 
= 0.5.

The usefulness of actuarial life tables is limited because 
analysis is at preset intervals. It neglects details of the study 
between two dates of calculation. 

The Kaplan–Meier curve
The Kaplan–Meier method recalculates the survival rate 
each time the event of interest occurs rather than at preset 
follow-up intervals as in actuarial life tables. Kaplan–
Meier analysis is thus event dependent and not duration 
dependent. This provides more accurate measurement 
of survival rates at different intervals. With this method, 
rather than listing serial time in terms of predetermined 
intervals, time is marked in terms of events (Kaplan and 
Meier, 1958). 

The relative advantages of actuarial tables and of 
Kaplan–Meier curves are shown in Table 2.

A Kaplan–Meier curve is constructed as follows (Figure 
2):

X-axis
This graphs time. Again, it is assumed that all participants 
started the study at the same point of time (i.e. time zero).

Horizontal lines along the curve are the survival times or 
intervals and show the time starting from a defined point 
to the occurrence of the event (Akl et al, 2009). Steps in 
the graph correspond to the times at which events were 
observed, usually connected by vertical lines for cosmetic 
value (Vervölgyi et al, 2011).

It follows that the higher the number of participating 
subjects, the more the events and thus the more frequent 
the steps in the curve. Curves with large steps usually 
have a smaller number of subjects and correspondingly 
less accuracy. 

The longer the observation period, the higher the 
accuracy.

Y-axis
This shows participants who have not had the event nor 
been censored.

The survival probability is 1 at the study’s commencement 
(i.e. no events have yet occurred). At this point the entire 
cohort would be ‘at risk’ of subsequent events. Follow-up 
periods or serial times would be graphed on the X-axis 
and would start from time zero till the end of follow up.

As failures (events) begin to occur during the follow-up 
period, the survival probability decreases. The accuracy of 
the study is higher at the left of the curve (higher sample 
size) and reduces with time (Drüeke et al, 2006). 

The slope of the curve is a function of the survival 
duration. The steeper the slope, the more frequent the 
event occurrence and thus the less the survival duration 
between events. 

Censoring
This is indicated by short vertical lines or tick marks of 
equal lengths at the relevant serial time. These tick marks 
simply indicate the times at which censoring occurred but 
not the numbers of censored subjects. These subjects would 
not affect the survival probability or cause the curve to step 
down, but they would decrease the remaining number of 
subjects at risk. 

Figure 2. Kaplan–Meier survival curve for an intervention-control study. Each 
cohort consists of 10 patients. The X-axis shows the serial times (in years). The 
Y-axis shows the survival probability. Vertical short lines pointing upwards refer to 
censoring while vertical longer lines pointing down refer to occurrence of events. 
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Table 2. A comparison of Kaplan–Meier survival curves vs 
actuarial tables

Actuarial life table Kaplan–Meier survival curve

Allows for censored data  
and cumulative probability calculations

Allows for censored data and cumulative 
probability calculations

Time dependent (calculations made  
at fixed time intervals)

Event dependent  
(recalculated after each event)

Unreliable in small data sets Reliable in small data sets

Uniformity assumption  
(uniform timing of censoring assumed)

No assumption is made about the timing 
of censoring
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To compensate for censoring two tails to the curve 
can be displayed. The first displays a standard survival 
curve of participants who have had the event. The second 
shows a worst-case curve which assumes that patients lost 
to follow up have reached the end point or the event of 
interest (Kaplan and Meier, 1958). This is demonstrated in 
Figure 3 which shows that the true Kaplan–Meier estimate 
would actually lie between these two tails (i.e. the actual 
scenario curve and the worst-case scenario curve). The 
reader can then be certain that the true survival curve lies 
somewhere between the worst-case and standard survival 
curves (Murray et al, 1993). 

Conditional survival probability
This is calculated as follows:
1 – [(number of events)/(number of patients at risk)]. 

Consider group 1 in Figure 2: after 4 months, two events 
occurred. The conditional survival probability would be 0.8 
and the number at risk would decrease to 8. Another event 
occurred at 8 months leading to a conditional probability 
of 0.875 (1– [1/8]). 

Cumulative survival probability
This is the product of conditional probabilities up to a time 
point. From the above example, the cumulative survival 
probability at 8 months would be 0.8 x 0.875 = 0.7.

The cumulative survival probability can be calculated for 
different groups and the groups then compared. The log-
rank test for statistical significance or the Cox proportion 
hazard test are used to compare rates of having an event 
in one group against another (i.e. intervention vs control) 
(Marubini and Valsecchi, 1958).

Reliability
The number of participants remaining in the follow-up 
group is an important variable determining the reliability 
of the data. With numbers as low as 10 the possible 
error is approximately 20% (Peto et al, 1977). This can 
be corrected by adding 95% confidence intervals for the 
cumulative probabilities especially at the tail of the curve. 

Median survival time
This can be estimated by drawing a vertical line from where 
the curve crosses the 50th percentile down to the X-axis. 
In Figure 2, the median survival time for group 1 is 1 year 
while for group 2 it is 3 years.

The causes of inaccuracy  
of Kaplan–Meier interpretation
The tail of the curve
Towards the end of follow up, the sample sizes are smaller. 
The occurrence of a given event will have a proportionately 
higher impact on the survival rate.

Studies omitting the tail of a survival curve may exclude 
important information. This is particularly important 
whenever the event more often occurs after longer follow-
up times. For example, studies concerning failures as an 

event after hip arthroplasties should include the tail of the 
curve along with confidence intervals for the cumulative 
probabilities, as these failures (i.e. events) usually continue 
to occur after the end of the study. Presenting the 
cumulative probabilities with confidence intervals better 
shows the reliability of the tail (Lettin et al, 1991).

Competing events
A competing event is an event which prevents occurrence 
of the event of interest. The Kaplan–Meier method assumes 
that there would be an equal chance for occurrence of the 
event for all censored subjects after the end of the study. A 
competing event may cause this assumption to be incorrect 
if there is no chance of occurrence of the event (i.e. a 
participating patient’s death). The Kaplan–Meier method 
is therefore not suitable for analyses in the presence of 
competing events.

Researchers should correct for competing events 
affecting the data to avoid overestimation of the cumulative 
risk of the event of interest. In such cases, an alternative 
statistical method is used such as the sub-distribution 
hazard model (Gooley et al, 1999).

Future predictions
Kaplan–Meier studies have limited use in predicting future 
survival rates after the end of the study. Because of this, 
survival analysis should not be used to extrapolate survival 
rates beyond the end of a study. 

For example, a study by Ritter and Campbell (1987) 
assessed the survival rates of Charnley hip replacements. 
A 10-year cumulative survival rate of 92% forecasted a 
15-year survival of 88%. The actual 15-year survival rates 
were found to be 65%.

Figure 3. A Kaplan–Meier survival analysis for the cohort in the example is shown 
with a worst-case scenario curve below. The true Kaplan–Meier estimate would lie 
somewhere between these two.

1.0

0.8

0.6

0.4

0.2

0.0
0 2 4 6 8 10

Su
rv

iv
al

Time

Censored subjects

Kaplan–Meier 
survival curve

Worst-case scenario curve

British Journal of Hospital Medicine, November 2019, Vol 80, No 11� 645

Focus on Statistics
©

 2
01

9 
M

A 
H

ea
lth

ca
re

 L
td



A further example of a Kaplan–Meier curve
The study
Figure 3 shows the Kaplan–Meier curve of a study 
describing survivorship of a new total hip replacement 
prosthesis. The event of interest is failure of the prothesis. 
The study recruited 10 patients and aimed for a 10-year 
follow-up period. 

The patients had their operations at different dates 
(secular dates). For the purposes of the study, the follow up 
commenced at point zero (serial time) and was measured 
in years.

The survival probability
Survival probability includes calculation of the conditional 
probability and the cumulative probability and are 
discussed below.

The conditional probability
This is calculated after each event. For example, if after 
2 years, two subjects out of the 10 had failure, then the 
conditional probability would be 0.8 (i.e. failure probability 
is 2/10) surviving and the number ‘at risk’ would have 
decreased to 8. After 5 years from the start of the study, 
another two participants had failure, then the conditional 
probability would be 0.75 (i.e. failure probability is 2/8), 
and the number at risk would have declined to 6 (i.e. six 
participants remaining).

The cumulative probability
This is calculated as the product of successive conditional 
probabilities up to that time point. For example, after 
5 years from the start of the study, the cumulative 
probability would be 0.6 which is the product of the 
previous conditional probabilities (i.e. 0.8 x 0.75). 

The incidence rate
From the above example, we can see that the incidence 
rate for failures after 5 years would be 0.4 (4/10). However, 
the cumulative probability or probability of survival until 
5-year follow up in a decaying population would be 
different. The cumulative probability for survival at this 
point was 0.6.

The tail of the study
The remaining number at risk would be low as a result of the 
successive occurrence of failures and might not be reliable. 
Figure 3 shows the addition of a worst-case scenario curve. 
The real cumulative probability lies between these two curves. 
In this example, the cumulative probability for the worst-case 
curve is 0.4 while that for the primary curve is 0.6. The real 
cumulative probability should lie between these two values.

Conclusions
Actuarial life tables and Kaplan–Meier curves are widely used 
methods of survival analysis and allow useful values to be 
calculated for a given data set. Understanding these methods 
allows better comprehension of the medical literature.  BJHM
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KEY POINTS
■■ When analysing survival rates, ideally a complete actuarial life table and a 

Kaplan–Meier survival curve should be presented.

■■ The X-axis shows the serial times while the Y-axis shows the conditional 
survival probability.

■■ The cumulative probability is calculated as the product of successive 
conditional probabilities up to that time point.

■■ A worst-case survival curve should be plotted assuming that all cases lost to 
follow up have had the event of interest.

■■ Confidence limits should be plotted, especially at the tail of the curve.

■■ The Kaplan–Meier method is not suitable for use in the presence of competing 
events.
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