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SUMMARY

The methods of calculation of survival corrected for independent cause of death are discussed, and a
maximum likelihood method is proposed and illustrated by survival of colon cancer patients in Geneva. The
methods which are at present favoured for doing such calculations are subject to various biases when
estimating net survival if the populations are heterogeneous for life expectancy. The proposed maximum
likelihood approach would eliminate these biases by enabling relevant adjustment for covariates which
influence survival. The routine use of such methods would permit better comparison of survival within and
between populations. "

1. INTRODUCTION

The statistical literature on survival analysis is most often associated with the randomized clinical
trial. Indeed many important methodological results related to the analysis of censored observa-
tions have originated from continuous collaboration between clinicians and biostatisticians
working on the evaluation of cancer therapy. Comparatively less attention has been given to the
study of cancer patient survival itself, though the estimation and comparison of population-wide
survival is of the greatest importance for public health authorities. In particular, it may help to
evaluate the effectiveness of the health care system in various segments of the population, and
may eventually permit study of the net effect of therapeutic improvements on the population as a
whole. Although the basic survival methodology is similar to that used in clinical trials, the
problems of interpretation which arise in such group description and comparison are essentially
different.! One of the tools for undertaking such a task is relative survival,? which has been used
widely though unfortunately not always understood. This important concept was created to
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Figure 1. Survival of colon cancer patients, both sexes, Geneva 1970-79

provide an objective measure of the proportion of patients dying from the direct or indirect
consequences of disease in a given population, and hence a measure of patient survival corrected
for the effect of other independent causes of death.? In evaluating the survival of a group of cancer
patients, many clinicians would exclude from their calculations deaths unrelated to cancer,
considering it unfair to attribute to the disease those deaths which would have occurred in its
absence. A practical evaluation would consider non-cancer deaths as censored observations in the
usual actuarial or product limit estimates of survival; the resulting curve would represent the net
effect of cancer on survival, and is known as the net survival curve (Figure 1). This curve tends to
level off after several years and the corresponding limit is usually interpreted as the probability of
being cured of the disease. However, it has long been recognized? that there is no fully satisfactory
method of deciding whether a given death should be classified as a cancer or as a ‘non-cancer’
death. Even if such a method existed, the available information on cause of death (recorded on the
death certificate or in other routinely collected information) would rarely be sufficiently accurate
to make such a classification possible when dealing with population data. Given this lack of
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information, it was proposed® * to rely on the vital statistics available for the population under
study to estimate net survival. The purpose of this article is to discuss the methodology related to
this later approach which resulted in the notion of relative survival.

2. RELATIVE SURVIVAL

Relative survival is the ratio of the observed survival of a given cohort of (cancer) patients to the
survival that the group should have experienced based on the life table of the population from
which they were diagnosed.? Usually, the cohort of patients will include all cancers of a given site
identified at a cancer registry, and expected survival will be calculated from the life table of the
population covered by the registry. Although this is hardly explicit in the above reference, the
intention of the originators of this concept was to estimate net survival since

So(t) = S.(1)S (1) (1)
is equivalent to
Ao(t) = Ac(t) + A1), )

where S and A stand for survival and hazard respectively, and o, ¢, and e for observed (in fact
observable), corrected and expected. The method of estimation of S (t) has been questioned on
several grounds, and Ederer himself proposed two versions of his method based on life tables. In
the first? the probabilities of surviving ¢ years after diagnosis are obtained from the relevant life
tables for all individuals in the study cohort and summed to get the expected number of survivors
after t years; the expected survival is obtained by dividing by the initial size of the cohort. Relative
survival is then estimated as the ratio of the observed survival (actuarial) and the expected
survival. In the second method,* the probability of dying in the next ‘actuarial’ interval is
estimated at the beginning of the interval for each individual still at risk at that time. The sum of
these probabilities gives the expected number of deaths in the interval. An expected actuarial
survival may then be calculated, and the relative survival at ¢ years after diagnosis is the ratio of
the observed actuarial survival and the expected actuarial survival at this time point. The two
methods are evidently different since in the second expected survival at ¢ years is dependent on the
observed survival and on the pattern of withdrawal.

The main difficulty of this methodology was identified a long time ago by Hakulinen,® and
relates to heterogeneity within the study population of covariates which affect survival, and to
changes in their distribution as the study group is depleted by death from the disease and from
other causes. Age at diagnosis is an important example of such a covariate; if we suppose that net
survival depends on age x, then relative survival as defined in the first approach? would estimate

_ i n, S, (t, x)S.(t, x)

Sy ===t ) (3)
n.S.(t, x)
1

M

x=

where the numerator is the ‘observable’ survival of the study cohort and S.(z, x) denotes net
survival in the age group x comprising initially n, individuals. S,(¢) is therefore a weighted average
of net survival, the weights being proportional to the number of survivors which would be
expected in the various subgroups at time ¢, based on the life table of the general population. As
noted by Hakulinen,® this statistic will estimate in the long term the net survival of the group with
the longest life expectancy. Since for some cancers net survival is better for those diagnosed at a
younger age, it is not surprising to observe that the ‘empirical” relative survival increases with
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time, simﬁly as a result of the increasing dominance of these individuals and not, as has been
suggested, because cancer survivors receive better medical care than the general population; it is
therefore important to recognize that relative survival is heavily influenced by the initial age
composition of the cohort and by its evolution with time. Consequently, it is difficult to use this
statistic for cdgxparative purposes between populations, and several alternatives have been
proposed (see Hakulinen et al.® for a recent review).

In the next sectibQ we describe a full maximum likelihood solution, and we place this approach
in the context of otlfer‘.p\goposed alternatives in the discussion.

i oo
3. A MAXIMUM LIKELIHOOD SOLUTION

This method has been suggested by several authors’ ™ but has never been entirely worked out; we
propose here a means of implementation.
The mortality rate of the cohort under study at time ¢t after diagnosis may be written

Aot 2, x) = 2. (t,2) + A (x + 1, 2,), 4)

where x is age at diagnosis; z is a vector of covariates; z, is a subvector of z for which mortality
from other causes is available (for example sex, ethnic group); A, is the net hazard to be estimated;
and A, is a known hazard function, usually obtained from published vital statistics.

Estimation of A, by maximum likelihood is greatly facilitated if we represent this function by a
parametric model. The choice of model here follows the present trend of using the Cox regression
model for calculating survival of large cohorts. Given the number of individuals in the cohort and
the inevitable lack of precision in the time variable, many ties will occur and the approximation to
the likelihood which is used is equivalent to considering the hazard function constant within post-
specified time intervals.'® Therefore we suggest that the intervals be pre-specified and survival be
calculated using either the actuarial method, the Cox regression model or maximum likelihood
for net survival, according to the purpose of the calculation. This policy corresponds to present
usage in cancer registries, where there is some preference for grouped data, and places all these
calculations within a common framework. We shall then assume a multiplicative model of the
form

Ade,2) = exp(B) 3. w0 B

where I,(1) is the indicator function for the kth interval and 7, is the net mortality rate in
that interval for patients with z = 0. The statistical problem consists of estimating # and T,
using the maximum likelihood method, from a sample of n observations t;, J;, z; and x;,
i=1,...,n where 1; is the survival time and J; denotes as usual the censoring index
(1 if ¢; is the time of death; O if ¢; is a censored observation). The log-likelihood may be
written (up to a constant) :

L(ﬁ7 t) = - Z Ac(tb zi) + Z 5[ IOg ["{c(ti’ Zi) + j'e(ti + Xi» zli)]’ (6)
i=1 i=1 .
and the first and second dernivatives are given by
oL & & zpK
nd SR 6,1t — (A + At 7
ﬁﬂ] kzl tkizx '{c + lc[ i k(tl) (A'c + C)tkl] ( )
oL R

[t — (e + At ] (®)
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where A (t;, z;} is the net cumulative hazard rate up to t;; A, and A, stand respectively for 1_(t;, z;)
and A.(t; + x;, zy;); z;; is the value of the jth covariate for the ith individual; R; = exp (fz,); and
t; = |8 I (t)dt is the time spent by the ith patient in the kth interval.

The ML procedure appears therefore (see equations (7) and (8)) as a refinement of a method
which consists of subtracting the number of expected deaths from the observed deaths in each
interval and inferring the mortality rate from this adjusted number. We may then foresee some
difficulties when the number of expected deaths is already greater than the observed deaths. This
will occur when very few people remain alive or when the pre-specified intervals are too small.
The practical solution is to constrain the T, to be positive and to choose intervals in such a way
that it will be unlikely that the maximum of the likelihood will be reached on the boundary of the
valid domain (r, = 0). However, it should be kept in mind that 7, may truly tend to zero as k
increases since, for some sites at least, a proportion of individuals are cured of disease.

To help the user of the method, a program (available on request to the first author) makes a
rough estimate of relative survival for two dates and fits a log-logistic model to evaluate the
probability that a given interval will provide sufficient deaths to estimate the net hazard rate.
Starting with 3 month intervals, the program groups them together in such a way that (i) the
number of observed deaths is likely to exceed the number of expected deaths in each interval, and
(i1) the length of successive intervals increases and corresponds to a partition of each year of
follow-up if shorter than 1 year. Users may alternatively build their own partition. This lengthy
strategy is employed to avoid a data driven choice which would be criticized on the basis of well-
known statistical arguments. In the example presented below the follow-up was 10 years, and this
strategy led to a partition in sixteen intervals: twelve intervals of 3 months up to 3 years; two
intervals of 6 months up to 4 years; one interval of 1 year; and one interval of 5 years. This
partition was retained in the analysis. As noted above, the net hazard should tend to zero, and this
strategy is bound to define longer intervals at the end of the follow-up, owing to the decreasing
number of deaths caused by the cancer under study. To test whether the net survival rate tends to
zero, one could look at the confidence interval of the last 1, or alternatively dichotomize the last
interval and test the hypothesis that the last 7 so created is equal to zero using the likelihood ratio
test.

4. EXAMPLE

The Cancer Registry at Geneva, which was created in 1970, made available to the authors
anonymous data on 940 colon cancer patients (ICD = 153) registered between 1970 and 1979.
The vital status of each registered cancer case is ascertained routinely on the Sth, 10th and 15th
anniversaries after diagnosis and, when relevant, the cause of death is validated by a physician
working at the registry;!! only for 2 per cent of these patients was follow-up incomplete.
Therefore it was possible to calculate relative and net survival using the life table for Switzerland
(1978-83); net survival was also obtained from the Cox method considering non-cancer deaths as
censored observations. The cohort was followed up to 1984 and consists of 454 men and 486
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Table I. Survival of colon cancer patients, Geneva 1970-79: age and sex effects on crude and net survival

Parameter estimates§
(standard error)

Proportional Sex Age (years)
hazard model (men) 65-74 75+ Log likelihood
Crude survival* 0101 0621 0986 — 4006-28
(0-08) ©11) ©-10)
Test for sex — 0-616 0970 — 4007-07
©11) 0-10)
Net survivalt
(life table estimate) 0-048 0-593 0916 -~ 1039-89
(0-09) 0-12) ©12)
Test for sex — 0-591 0-909 — 1040-02
0-12) 0-12)
Net survivali .
(cause-specific estimate) 0-005 0-613 0934 — 3364-78
(0-09) 0-12) 011)
Test for sex — 0612 0934 — 3364-78
0-12) ©-11) '

* Survival from all causes. The censored observations are those of people withdrawn and lost to follow-up. Cox
regression model with a time unit of 3 months is used for estimation.

T Survival corrected for other causes as described by equations (4) and (5). Maximum likelihood estimates as described in
this article.

1 Net survival estimated by considering ‘non-cancer’ deaths as censored observations. Cox regression model with a time
unit of 3 months is used for estimation. )

§ The exponential of these figures gives the estimate of the relative hazard rate for the specified groups.

Table II. Net survival of colon cancer patients, Geneva 1970-79: comparison of various methods of
estimation

Life table method Cause-specific

Age ML method* Ederer methodf net survival}
(years) No. cases S years 10 years 5 years 10 years 5 years 10 years
< 65 322 0-56 0-51 0-54 0-50 0-57 0-55

(003) 0-04) (0-03) (0-04) (0-03) (0-03)
65-74 292 0-35 0-30 0-37 0-30 038 031
(0-03) (0-04) (0-03) (0-05) (0-03) (0-04)
75 + 326 0-24 0-19 0-32 0-30 0-25 021
(0-03) (0-03) 0-03) (0-09) 0-03) (0-03)
Total 940 040 036 042 0-40 0-40 036
(0-02) (0-03) (0-02) 0-02) 0-02)

(0-03)

* As derived from the second model in Table T with the sex effect omitted.

t Calculated by the method described in Reference 2; actuarial method is used with 3-month intervals and the life table of
Switzerland (1978-83) is used for the calculation of expected survival.

1 The cause of death coded at the registry determined whether an observed death is a true response or a ccnsored
observation; the actuarial method of calculation was used with 3-month intervals. '
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Figure 2. Survival of colon cancer patients, both sexes, age 75 + years, Geneva 1970-79

women. The men were younger (mean age 66) than the women {mean age 68-5). Table I describes
the effects of age and sex on survival. The crude survival is slightly worse for men but not
significantly so, and net survival is the same in both sexes. There is a very strong age effect on net
survival, almost as large as the age effect on crude survival. This effect is slightly stronger when the
computation is done from the cause of death, suggesting that there is a tendency to attribute
death to other causes in younger people. This is also suggested in Table II, where it may be seen
that net survival calculated from the life table is marginally lower than net survival obtained from
the cause of death. This discrepancy could also be explained by some inadequacy of the Swiss life
table for the city of Geneva. It is also evident from Table II and Figure 2 that the Ederer method
is in this particular instance too optimistic for the oldest age group. Furthermore, this method
gives the wrong impression that survival is constant after 5 years (Figures 1 and 2), which is
contradicted by the mean hazard rate 7 in the interval 5 to 10 years being equal to 0-019 per year
with a standard error of 0-008. Division of the last time interval into two intervals of 30 months
results in estimates of 7 (and its standard error) of 0-022 (0-010) and 0-013 (0-012) respectively, with
a likelihood of — 1039-9, which is almost the same as previously. Although the net survival rate is
no longer significantly positive after 7-5 years, there is no indication that the exponential survival
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model for the last 5 year interval is oversimplistic. Finally, we should note that in this particular
example the life table and the cause-specific methods give exactly the same value for the net
survival of the whole cohort (Table II and Figure 1).

5. DISCUSSION

In this article we have proposed a maximum likelihood method for computing net survival when
the causes of death of cohort members are not known or when it seems advisable not to use them.
The method is well adapted to population data and has a natural place in the statistical
methodology for survival computation. The favourite method for calculating relative survival®
has several shortcomings when estimating net survival, especially for populations which lack
homogeneity in covariates which influence either net survival or survival from other causes.
Hakulineni® !2 discussed this problem and proposed a correction for heterogeneity in patient
withdrawal, but retained the basic idea of calculating an expected survival which depends only on
the initial composition of the cohort and on the potential time of follow-up. He argued that this
expected survival should not be influenced by the way the cohort is modified by the cause of death
under study as in the method proposed by Ederer and Heise* and programmed by Rothman and
Boice.!* However, none of these methods avoids the propensity to overestimate long-term net
survival in a group which has heterogeneous life expectancies. In the oldest age group of the
Geneva cohort, for example, the Ederer and Heise estimate of 10 year survival was 0-24 and the
estimate obtained with the method of Hakulinen was 0-30. As suggested by the last author, one
should distinguish clearly between relative survival (the ratio of observed to expected survival)
and net survival as estimated from modelling the hazard rate. These two concepts could coincide
in some situations; but in other contexts, observed differences between them provide some
information about the pattern of survival in the study group.

Breslow!* suggested calculating an SMR for the cohort of patients as if the presence of disease
acted multiplicatively on the hazard rate of the general population. This idea was later developed
within a more general discussion of multiplicative and additive modelling of excess mortality, and
it was emphasized that the SMR is the appropriate choice only in the framework of the
multiplicative model.!%- !¢ Hill et al.!” calculated the expected deaths in each follow-up interval
from a multiplicative model and constructed an expected survival curve from these expected
deaths. Their method is therefore similar to that of Ederer and Heise.* Pocock et al.® used
basically the same methodology as Ederer and Heise to calculate long-term relative survival for
pre-menopausal and post-menopausal breast cancer women in Scotland. However, they sup-
ported an additive hazard model similar to that used in the present paper, but supposed that the
excess death rate decreased exponentially with time. Andersen et al.!® improved considerably the
use of the multiplicative model in this context. They rightly employed age as the time metameter
and observed that the problem can be reduced to the estimation of a Cox proportional hazard
model with time dependent covariates. The application they had in mind was the modelling of the
survival of insulin-dependent diabetics, and this may explain their choice. The excess death rate
due to this disease should have a very different shape from that caused by cancer and could well
be described correctly in the framework of a multiplicative model. The problem of modelling and
estimating excess and relative mortality is further discussed in a research report of Andersen and
Vaeth,'® following ideas of Aalen;2° in this report they proposed to estimate the cumulative
excess mortality from the difference between the observed cumulative hazard and an expected
cumulative hazard obtained from the known background risk in the general population. This
approach would be again a direct extension to continuous data of the method of Ederer and
Heise.* It is clear from this discussion that, although the method of Ederer et al.? is at present the
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method of choice for routinely published survival data from cancer registries, there is little
agreement on its superiority for estimating net survival.

The computation of net survival often has comparative purposes, and it is appropriate to use it
if the populations of patients to be compared have different ‘normal’ life expectancy. If this is not
so, then a simple comparison of raw survival adjusted for age may be sufficient. The present
maximum likelihood method may also be applied here, and some advantage could come from
prior knowledge that the ‘competing cause’ age effect acts additively;!® it may therefore be useful
to separate it from the multiplicative effect acting on net survival. When net survival depends on
age, the two approaches above are superior to the simple comparison of relative survival since, as
noted by Ederer et al.? but often forgotten subsequently, relative survival estimates are not
automatically adjusted for age (see aiso Myers and Hankey?? and Hakulinen?). When different
life tables should be used for the populations compared, the methodology described in the present
article is appropriate and easy to apply. It has in fact been demonstrated that this type of
piecewise exponential model has useful theoretical properties which could probably be extended
in the present context.?? Even though proportional hazard models have been criticized on the
grounds of complexity or because the hypothesis of proportionality is not realistic,” we should
nevertheless remember that they provide at least the same power of analysis as the more simplistic
methods. An analysis with different hazard rates in strata is always possible and, except for the
choice of interval, the same strategy as for the Cox regression analysis would apply to this ML
method for net survival. Other methods have been proposed, and are based on the comparison of
the number of deaths between groups in each follow-up interval. Brown?? developed an extension
of the Mantel-Haenszel approach in which relative survival appears as a nuisance parameter. The
corresponding score test is a weighted sum of differences between observed and expected deaths
based on the estimated common relative survival. Hakulinen et al.%* ?* modelled the expected
deaths in each follow-up interval using a generalized linear model. 1t is to be noted that these two
methods hypothesized a binomial distribution for the number of observed deaths in each follow-
up interval. This is not usually the case; on the contrary, at the beginning of each interval the
population is heterogeneous for expected survival and the probability of surviving to the end of it
is different from person to person. This is taken into account in Hakulinen’s method in allowing
different dispersion from that anticipated by the binomial distribution; he suggested estimating
the true variance with a scale parameter in the GLIM macro proposed for undertaking such an
analysis.?®

The analysis of survival data from cancer registries will be more frequent in the future, and it is
important that a robust and standard methodology is used everywhere. We have proposed here
an approach which, in our opinion, has some advantages over previous methods. Other
methodological problems, related to the availability of the stage of diagnosis or the procedure of
follow-up, should be con51dered26 before routinely obtained figures can be pubhshed as is
presently done for incidence data.?’
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