Leontyeva etal. BMC Medical Research
BMC Medical Research Methodology (2023) 23:291

https://doi.org/10.1186/512874-023-02118-w Methodology

. . ®
Including uncertainty of the expected GEE

mortality rates in the prediction of loss in life
expectancy

Yuliya Leontyeva'’, Mats Lambe', Hannah Bower?, Paul C. Lambert'? and Therese M.-L. Andersson’

Abstract

Purpose This study introduces a novel method for estimating the variance of life expectancy since diagnosis (LE.)
and loss in life expectancy (LLE) for cancer patients within a relative survival framework in situations where life
tables based on the entire general population are not accessible. LE- and LLE are useful summary measures of sur-
vival in population-based cancer studies, but require information on the mortality in the general population. Our
method addresses the challenge of incorporating the uncertainty of expected mortality rates when using a sample
from the general population.

Methods To illustrate the approach, we estimated LE- and LLE for patients diagnosed with colon and breast
cancer in Sweden. General population mortality rates were based on a random sample drawn from comparators
of a matched cohort. Flexible parametric survival models were used to model the mortality among cancer patients
and the mortality in the random sample from the general population. Based on the models, LE- and LLE together
with their variances were estimated. The results were compared with those obtained using fixed expected mortality
rates.

Results By accounting for the uncertainty of expected mortality rates, the proposed method ensures more accu-
rate estimates of variances and, therefore, confidence intervals of LE- and LLE for cancer patients. This is particu-
larly valuable for older patients and some cancer types, where underestimation of the variance can be substantial
when the entire general population data are not accessible.

Conclusion The method can be implemented using existing software, making it accessible for use in various cancer
studies. The provided example of Stata code further facilitates its adoption.
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Introduction
The loss in life expectancy (LLE) for cancer patients, or
the number of years lost due to cancer, is a useful com-
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diagnosed with cancer (LE,,). The latter, expected life
expectancy of a cancer patient (LE,,,), is approximated
by the life expectancy of an individual from the general
population of the same age, sex and potentially other fac-
tors. LE is obtained as the area under the observed (all-
cause) survival curve for cancer patients and is usually
estimated in the relative survival framework [1]. The rela-
tive survival framework is often used for estimating can-
cer patient survival in population-based studies because
it does not require information on cause of death. Within
the relative survival framework, the all-cause survival for
cancer patients is presented as the product of the survival
a cancer patient would experience if they did not have
cancer, or expected survival, and relative survival (RS).
Under certain assumptions, RS is an estimate of net sur-
vival, which represents the survival in absence of other
causes of death. The expected survival is assumed to be
the same as the survival of matched individuals in the
general population given a specific covariate pattern and,
in practice, usually obtained from general population life
tables, and so is LE,,,, described above. Any uncertainty
in the estimates of the expected survival and expected
mortality (an analogue to the expected survival on the
hazard scale) obtained from general population life tables
is assumed to be negligible. Thus, the expected survival,
expected mortality and LE,, for cancer patients are
treated as known or fixed values and do not contribute to
the variability of LE- and LLE.

Recent work has shown that when estimating RS and
LLE for colon cancer patients in Sweden using life tables
from the entire general population, uncertainty in the
expected survival and mortality can often be ignored
when calculating SEs [2]. Here, the entire general popula-
tion refers to all people living in a country or region, i.e.
the catchment area for the population-based cancer reg-
istry. However, it has also been illustrated that in some
situations the uncertainty in the expected survival and
mortality should be taken into account, otherwise, SEs
for RS and LLE will be too small and confidence intervals
too narrow [2]. These situations may include, but not lim-
ited to, when estimates of the expected measures are not
based on the entire general population but on a sample
from the general population.

The need for the sample may arise when certain char-
acteristics, which may affect expected mortality rates,
are unavailable at the population level. This situation also
becomes necessary in cancer randomised trials, where
participants are carefully selected based on specific inclu-
sion criteria. In both scenarios, estimating the expected
mortality for cancer patients using general popula-
tion data might be not appropriate. It has been demon-
strated that using mismatched life tables can introduce
biases in estimating excess mortality [3]. While this issue,
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known as non-comparability bias, has received extensive
attention in the literature [4-7], there remains a gap in
addressing the variability of expected values.

Moreover, the impact of ignoring the uncertainty in the
expected survival or the expected mortality has a more
substantial effect on the estimates of SE of LLE than SE
of RS [2]. This is due to the fact that the expected mor-
tality rates are included in several parts of the estima-
tion of LLE, namely, the estimation of life expectancy in
the general population and life expectancy of the cancer
patients, which in turn, is estimated using the expected
mortality rates and excess mortality rates.

In a previous study [2], the necessity of incorporat-
ing uncertainty in the expected measures was evaluated
under various scenarios. To conduct this assessment,
a parametric bootstrap approach was employed. This
involved generating 1000 realisations of general popula-
tion mortality rates and obtaining 1000 estimates. Such
an approach can be computationally intensive and time-
consuming, potentially not very practical. The aim of
this study is to develop an approach to incorporate the
uncertainty of the expected measures in the estimation of
LLE when a sample from the general population is used
for the estimation of expected measures. The approach is
illustrated using data on breast and colon cancer in Swe-
den. The proposed method has the advantage of using
existing Stata software.

The remainder of this paper is laid out as follow.
“Background” section describes an existing approach
of estimation of LE- and LLE when uncertainty in esti-
mates of the expected measures is ignored. “Estimation
of LE,, including uncertainty in the expected survival
and mortality of the general population’, “Estimation of
LE( including uncertainty in the expected survival and
mortality of the general population” and “Estimation
of Var(LLE) including uncertainty in the expected sur-
vival and mortality of the general population” sections
describe how uncertainty of the expected measures can
be incorporated in estimation of LE, LE; and LLE,
respectively. In “Data and analysis” section we present
the data used in the analysis. “Results” section presents
the results and compares estimates obtained when
uncertainty in the expected measures is included with
the estimates when uncertainty in the expected meas-
ures is ignored. Finally, “Discussion” section discusses
the proposed method.

Methods

Background

Life expectancy is a well-known concept quantifying the
average number of years an individual is expected to live.
For cancer patients, life expectancy (LE.) quantifies the
average number of life years remaining at diagnosis, while
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the loss in life expectancy (LLE) is the average number of
life years a cancer patient loses due to cancer. The LLE
for cancer patients is estimated as the difference between
the life expectancy cancer patients would have if they did
not have cancer LE,,, and the life expectancy of cancer
patients LE:

LLE(Z) = LEexp(Z2) — LEc(Z),

where LEexp(Z3) and LEc(Z) are calculated as the area
under the corresponding survival curve, the survival
cancer patients would have if they did not have cancer
S*(t|Zy) (also referred to as expected survival) and the
observed (all-cause) survival for cancer patients S(¢|Z2),
respectively:

t*
LEexp(Z2) = / S* (M|Zz)du
0

t*
LEC(Z):/ Su|Z)du
0

Using these, the above equation for LLE becomes:

t* t*

LLE(Z) = / S*(u|Zy)du — / Sw|Z)du, (1)
0 0
where t* is the maximum time when both survival
curves, the expected survival S*(¢|Z;) and all-cause sur-
vival §(¢|Z) are effectively zero. Z, denotes a set of covari-
ates for the life expectancy of cancer patients if they did
not have cancer while Z presents the covariates for the
life expectancy of cancer patients at cancer diagnosis and
includes Z5.

In practice, expected survival S*(¢|Z;) is assumed to
be the same as the survival in the general population,
obtained from the general population life tables strati-
fied by some sociodemographic covariates Z; like age,
gender and calendar year. The uncertainty in the esti-
mates of expected measures based on the entire general
population, i.e. all people living in a country, region or
the catchment area for the population-based cancer reg-
istry, is negligible with regards to the uncertainty in a
much smaller cancer population and is, therefore, usually
ignored [2].

Estimation of LE¢(Z) most often requires extrapolation
of $(¢|Z) in the cancer cohort beyond the study period
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the all-cause mortality rate for cancer patients, h(¢|Z),
can be partitioned into the mortality rate due to cancer,
and the mortality rate due to other causes. The mortal-
ity rate due to other causes is assumed to be the same as
the mortality rate of an individual in the general popu-
lation, matched on age, sex, calendar year and possibly
other covariates, and referred to as expected mortality,
h*(t|Z3), and the mortality due to cancer is referred to
as excess mortality A(¢|Z;), the mortality rate in excess
to the expected mortality. Z; presents covariates for the
cancer-specific death and Z is the combination of Z; and
Zy. Very often Z, Z1 and Z, will be the same. The extrapo-
lation of the all-cause mortality is performed separately
for the expected and excess mortality rates. On a survival
scale, all-cause survival for cancer patients S(¢|Z) is the
product of expected survival $*(¢|Zy) and relative sur-
vival R(¢|Z1):

S(t1Z) = R(t|Z1) - S*(t1Z,) (2)

The relative survival can be estimated from a flexible
parametric relative survival model (FPRM) [9]. The log
cumulative excess hazard In[A (£|Z;)] within a FPRM is
expressed as:

In[A(#Z)] = s(n(@)|y1, k1) + B1Zy, (3)

where ¢ represents time since cancer diagnosis,
s(In(¢)|y1, k1) is a restricted cubic spline function of In(¢)
used to estimate the baseline log cumulative excess haz-
ard [10], Z; represents a vector of covariates for excess
mortality. Model (3) is a proportional excess hazards
model but time-dependent effects can be incorporated
by including interactions between covariates and a spline
function of log time [11]. The estimates of parameters
(B1, y1) from Model (3) are obtained using maximum
likelihood, where the contribution of the i-th individual
to the log-likelihood / can be written as:

Li(Br, »lti, Zi) = d;i In[h* (8| Z,) + At Zy,, Br, y1)] + In[S™ (81 Zy,)]
+ In[R(t|Zy,, Br, 1)1,

where d; is the death indicator.

We assume that 4#*(t|Zy) and S*(¢£|Z;) are known, i.e.
measured without uncertainty. As they do not depend on
the model parameters, S*(¢|Z;) can be dropped from the
log-likelihood and / can be rewritten as:

LB, y1lti, Z;) = di In[h* (81 Z2;) + 2412y, Br, 1)) + In[R(41Zy,, Br, 1)) (4)

since follow-up until the death of all cancer patients,
i.e. until the observed survival curve is effectively zero,
is not feasible. For most cancer types this extrapolation
has been shown to perform well in a relative survival
framework [8]. Within the relative survival framework

Here, for each cancer patient, i, their expected mor-
tality rate, 4*(t;|Z>), given covariates Z, at the time of
death due to any cause, £;, is assumed to be known, and
most often obtained from life tables based on the entire
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general population. We denote a variance-covariance
matrix of B1 and y; as V1.

Using estimates from Model (3) and the relationship
between the cumulative hazard function and survival
function, R(t|Z1) can be obtained by

R(t1Z1) = exp (~ exp(n[A(t1Z1))) (5)

LLE can be estimated in the relative survival setting as

— t*
LLE(Z) :/ S*(u\Zg)du—/
0 0

£*

Rw|Zy) - S*(ulZy)du, (6)

Since §*(t|Zy) is treated as fixed, it does not contribute to
the variance of LLE, i.e.:
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We suggest using a flexible parametric survival model
(FPM) [14] with attained age as a time-scale to estimate the
mortality rate for the comparators:

In[H (a|Z2)] = s(In(a)|y2, k2) + B2Za, (8)

where a is the attained age, Zj is a vector of covariates for
the expected survival, H(a|Z;) is the cumulative expected
hazard, s(In(a)|y2, k2) is a restricted cubic spline func-
tion of In(a), used to estimate the baseline log cumulative
hazard. Model (8) is a proportional hazards model but
can easily be extended to non-proportional hazards by
incorporating interactions between covariates and spline
terms for In(a). .

Parameter estimates B2 and p; from Model (8) are

Var(LLE) = Var(LEep — LEC) = Var(LEexp) + Var(LEc) — 2 - COV (LEexp, LEC)

—— t* o~
= Var(LEc) = Var / R(u|Zy) - S* (u|Z2)du
0

t*
= Var / exp(— exp(In[A u|Z)))) - S*(u|Z)du
0

’

which can be obtained using the delta method [12]. In
this case, the uncertainty of the LLE solely comes from
the uncertainty in excess mortality.

obtained by maximum likelihood that incorporates the
potential delayed entry (left-truncation) and can be writ-
ten as follows:

li(B2, y2lao,, ai» Za;) = diIn[h*(ai|Zy;, B2, y2)1 + In[S* (a;|Za;, B2, ¥2)]

— In[S*(ao,|Z2;, B2, y2)1,

In situations, where there may be concerns about the
extrapolation of survival curves, for example, for young
cancer patients, or for long follow-up times, restricted
mean survival times (RMST) can be obtained [13].
Expected restricted mean survival time (RMST,,),
observed restricted mean survival time for cancer patients
(RMST) and the difference (loss) between restricted mean
survival times (LRMST) for cancer patients are estimated
within a predefined time window.

Estimation of LE,,, including uncertainty in the expected
survival and mortality of the general population

It has been shown that the uncertainty in the expected
survival should be taken into account when the estimates
are based on a sample from the general population [2].
An example of such a sample can be comparators from a
matched cohort study, where cancer patients are matched on
age to comparators from the general population. By fitting
a survival model to estimate mortality for the comparators,
the predicted rates can be used as an alternative for #*(¢|Z5),
and the uncertainty of the estimates can be obtained.

where ag, is the age at the beginning of the follow-up
period for i-th individual.

Using the general relationship between cumulative
hazard, hazard and survival, $*(a) can be obtained by:

§*(alZs) = exp (— exp(nlf(alZ2))) ©)

Then LEey,(Z2) with attained age as time scale is esti-
mated as:

— ao+t* §‘< 4 V4
[Eory(Z2) = / MWz 4

— (10)
ao S*(aolZ2)

where ¢* is the maximum of follow-up time when every-
one is expected to have died and 49 is the age at matching
(age at diagnosis for the corresponding matched cancer
patient). We can rewrite Eq. (10) with time since diag-
nosis as time scale by taking into account that attained
age is a function of time, i.e.: a = a¢ + ¢. Then by putting
u = u' — ag, we rewrite:
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/\ ag+t* § u\Z , t*
LEexp(Zz)=/ Sl =/ §*(u+ aolZz, ao)du. (11)
ap S§*(a0lZ2) 0

The variance of L/Ee\Xp can be obtained using the delta
method:
Var(LEeyp) = GE

- Vo - GE (12)

where V5 is the variance-covariance matrix for ;/3; and p;
from Model (8) and GE is a vector of the first derivatives
of function LE,,, (Eq. (11)) with respect to each of the
parameters B2 and ys.

t*

—— t*
LEC(Z) = / Su|Z)du = t* — /
0 0
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framework, while it is also known as cumulative incidence
function in competing risk terminology [18]. Crude proba-
bility of death due to cancer and crude probability of death
due to other causes can be estimated as:

— l* —_ ~ ~
Creancer (E1Z) = / S$*(u+ aolZy) - R(ulZy) - A(u|Z1)du
0
—_ ‘t* —_ ~ ~
Crother (t12) = / S*(u + aolZy) - R(u|Zy) - h* (u|Z2)du
Jo

The life expectancy for cancer patients is then estimated
as:

(acancer (”|Z) + aother (”|Z))du’

Estimation of LE. including uncertainty in the expected
survival and mortality of tbe general population

Recall, that LEc(Z) = jot Ru|Zy) - §*(u|Z2)du (Eq. (6)).
By using the estimates of R(t|Z1) from Model (3) and
the estimates of S*(¢|Z3) from Model (8), LEc(Z) can be
written:

—_— t* ~ A~
LEC(Z)=/ R(ulZy) - $*(u + aolZ2)du
0

where ¢* is a pre-defined time point after cancer diagno-
sis when we expect all individuals to have died. This use
of the competing risk approach (i.e. by re-writing LE.
with respect to Crs) allows us to use the Stata command
standsurv [19] to obtain LE(, its SE and a vector of the
first partial derivatives for the function LEc with respect
to each parameter from both models (3) and (8), i.e. with

(13)

t*
- /0 exp (— exp(ln[A(u|Zl)])) - exp (— exp(In[H (u + a0|Zz]))du,

where A(t|Z;) is the cumulative excess mortality, while
H(t + ao|Z,) is the cumulative expected mortality.

The relative survival R(f) is interpreted as net survival, i.e.
survival from specific cancer in a hypothetical world where
a cancer patient can die only from the cancer of interest
if conditional independence assumption holds. In other
words, conditional on covariates cancer-specific mortality
and mortality due to other causes, are independent [15].
They are competing but mutually exclusive events. There-
fore, for implementation purposes to use existing Stata
software, Model (13) can be specified in terms of a compet-
ing risks approach [16], where all-cause survival S(¢) can be
presented as:

S@®) =1 — (Creancer(t) + Crogher ()

Here, Cregncer (t) is the crude probability of death due to
cancer, interpreted as the probability of dying from cancer
by time ¢, while also being at risk of dying from other causes
and Cryger (¢) is the crude probability of death due to other
causes interpreted as the probability of dying due to other
than the cancer of interest causes by time ¢, while at risk of
the cancer death [17]. It should be noted that the notation
crude probability of death is used in the relative survival

respect to vector (81, y1, B2, yz)T. We denote this vector
of the first partial derivatives G¢.

Estimation of Var(LLE) including uncertainty

in the expected survival and mortality of the general
population

Recall, that loss in life expectancy is obtained as the differ-
ence between life expectancy for cancer patients and their
life expectancy if they did not have cancer. Therefore, to get
the variance of LLE, we need to know the variance of LE,,
the variance of LE. and their covariance (Eq. 7). Var(LEexp)
is obtained as shown in Eq. (12). Var(LE¢) is obtained as
described above.

To obtain Cov(LEexp,LEc), let G denotﬁi matrix_of
observation-specific first derivatives for LEexp and LEc
with respect to each of parameters from both model (8)
and model (3), i.e. with respect to (81, ¥1, B2, yz)T:

G*
— E
o~ (&)

Note that Gg is a vector of observation-specific first
derivatives for LE.yx, with respect to (81, y1, B2, yg)/T,\i.e. G;
includes GE, a vector of the first derivatives for LEey, with
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respect to parameters (B2, y2) and a vector of 05, a vector
of the first derivatives for LEey, with respect to parameters
(B1, ¥1) because models (8) and (3) do not have shared
parameters.

Let V denote a combination of two variance-covariance
matrices V1 and V3 from models (3) and (8), respectively:

(V2 O
= (0 3)
Note that Os in V' convey that models (3) and (8) do not

have shared parameters.
And let X be a result of matrix multiplication:

r=G6T.v.G, (14)
where X can be rewritten:
lfey CLEeplEc
T = (15)
_ 2
ULEC vLEexp OLEC

The estimates from Matrix (15) are used to calculate
Var(LLE).

Marginal estimates including uncertainty in the expected
survival and mortality of the general population

For population-based cancer studies, it is common to
estimate marginal measures to summarise survival in the
cancer population. The appealing feature of the marginal
estimates is that they have a simple interpretation even
though the underlying models are complex, and provide
estimates on the population level [20]. To obtain mar-
ginal estimates of LE,,, LE- and LLE we use regression
standardisation. For all individuals in the cancer popu-
lation, we predict LE,,,, LE: and LLE and average them
by taking the mean for the N individuals in the cancer
cohort [21]:

N

— 1 —

LEexpm = ﬁ E LEexpi (ZZ,')
i=1

N
A 1 A
LEc, = N igl LEc,(Zy)

N
— 1 —
LLEy =+ > LLE{(Zy),
i=1

where LEexy (Za,), LLE;(Z;) and LEc,(Z;) are the pre-
dicted estimates for individual i from the cancer cohort.
The variance of marginal LLE is obtained in the same way
as described above.

A more detailed description of the calculation of the
variance of LLE can be found in Supplementary file 7 and
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an example Stata code is provided in Supplementary files
5and 6.

Data and analysis

Data

In this study, we used Breast Cancer Data Base Sweden
(BcBase2), a Swedish Quality breast cancer database,
which includes information on women diagnosed with
breast cancer in the health care regions of Central Swe-
den (Uppsala-Orebro), Stockholm-Gotland and North-
ern Sweden. The data set also includes age-matched
controls without breast cancer at matching. To inves-
tigate whether including uncertainty in the prediction
of LLE would differ for different cancer types, we also
used data from the Swedish Cancer Registry to iden-
tify women diagnosed with colon cancer in the Central,
Stockholm-Gotland and Northern regions of Sweden.

Only women diagnosed with invasive breast can-
cer were included in the breast cancer cohort. In both
cohorts we identified women diagnosed at age 50 or older
in the years 1992 to 2003 in the same regions. The breast
cancer patients were followed from the date of diagnosis
until death, the date of censoring due to first emigration
or the end of follow-up (December 31st 2014); whichever
occurred first but for a maximum of 15 years. In total,
25,927 breast cancer patients were included in this study.
The colon cancer patients were followed from the date of
diagnosis until death or the end of follow-up (December
31st 2017); whichever occurred first but for a maximum
of 15 years. In total, 9,114 colon cancer patients were
included.

This study was approved by the Swedish Ethical Review
Authority. Informed consent from study subjects was not
required for the current study. This study was carried
out in accordance with the Declaration of Helsinki, and
all methods were carried out in accordance with relevant
guidelines and regulations in Sweden.

Analysis

To imitate the situation, when life tables based on the
entire general population are unavailable, and only a
small sample is at hand, a random sample of 5,000 indi-
viduals was drawn from the matched comparators
included in BcBase2. The choice of this sample size was
justified by findings from a previous study [2]. There it
was shown that when using the entire general population
(i.e., the catchment area for the population-based cancer
registry) or a sufficiently large part of the general popu-
lation to estimate expected mortality and expected sur-
vival, uncertainty in estimates of the expected values was
fairly negligible. However, when estimating expected val-
ues based on the general population reduced to 0.5% of
its original size, which is approximately 5,000 individuals
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for the breast cancer cohort, accounting for uncertainty
in these estimates became necessary. While the sample
was drawn from matched comparators for the breast can-
cer patients, it can also be employed to estimate age- and
calendar year-specific expected mortality rates for colon
cancer patients, assuming no other influential factors on
expected mortality rates for the cancer patients.

A FPM as described in Eq. (8) was fitted, where the
baseline log cumulative hazard was modelled smoothly
using restricted cubic splines with 5 degrees of freedom
(df). The calendar year of matching (i.e. the year of diag-
nosis for the breast cancer patient) was included in the
model as a continuous covariate using restricted cubic
splines with 3 df- and we allowed for time-varying effect
by including interactions between calendar year and
attained age (using splines with 2 df for both).

To obtain estimates of RS for breast cancer and colon
cancer patients FPRMs were used, as shown in Eq. (3).
The baseline log cumulative excess hazard was modelled
smoothly using restricted cubic splines with 5 df. Age at
diagnosis was included as a continuous variable using
restricted cubic splines with 3 df and we allowed for
time-varying effect by including interactions between age
and log time (using splines with 2 df and 3 df for age and
log time, respectively). The expected mortality rates #*(¢)
for each cancer patient at the time of death due to any
cause are required as shown in Eq. (4). These expected
mortality rates /*(¢) for each age and calendar year were
obtained by fitting a Poisson model to the comparators
adjusting for attained age and attained year. Predicted
mortality rates from this Poisson model were used in the
likelihood (4) and assumed to be fixed.

LE¢, LE,,, and LLE by age and year at diagnosis as well
as their marginal estimates were obtained with the sug-
gested approach, where the uncertainty in the expected
mortality rates was included in the estimation of LEeXp,
LE_ and LLE as described above. We refer to it as mod-
elled w.u. The estimates obtained with this approach were
then compared with the approach, where expected mor-
tality and expected survival are obtained as predictions
from the model (8) but the uncertainty from /*(¢) and
S*(¢) is not incorporated. This approach is denoted as
modelled w/o u. For illustrative purposes only, estimates
of LE;, LE,, and LLE obtained with a conventional
approach (standard) were also included. In the conven-
tional approach, the life tables of the whole population in
Sweden stratified by age, sex and calendar year [22] were
used in the estimation of RS and LLE and any uncertainty
in the expected measures was ignored.

As a complement to the above-mentioned estimates,
conditional and marginal estimates of 15-year restricted
mean survival times for both the cancer population and
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controls and their standard errors were obtained with the
same three approaches. 15-year restricted survival time
for the cancer population (RMST) quantifies the aver-
age life expectancy for cancer patients within the first 15
years since diagnosis.

Measure of comparison

To compare SEs obtained with the two modelling
approaches with and without uncertainty in the expected
measures, we estimated the relative % precision (RP):

RP = 100 - << SEmodelled w.u. >2 _ 1)
SEmodelled w/o u.

RP is defined as the percentage disparity in precision
when comparing the outcomes of these two modelling
approaches. For instance, a RP of 100 % implies that the
variance obtained through the modelling approach that
incorporates uncertainty is twice as big as the variance
obtained through the modelling approach that does not
include uncertainty.

All analyses were performed with the publicly available
Stata software packages stpm2 and standsurv [9, 19],
and all analysis were performed in Stata 17 [23].

Results
The Point Estimates (PE) of LLE, LE; and LE,, by
selected ages at diagnosis (55, 65, 75, 85) and selected
years at diagnosis (1992, 1997 and 2002) obtained with
the approaches outlined in (“Analysis”) section are pre-
sented in Supplementary Table 1 for breast cancer and
Supplementary Table 2 for colon cancer. Even though
the model for excess mortality does not include year of
diagnosis, the LE,,,, LE: and LLE vary over calendar year
since expected mortality differs across calendar year. The
Standard Errors (SE) and 95% Confidence Intervals (CIs)
for each of the estimates are also shown as well as Rela-
tive % Precision (RP), comparing modelling approaches.
Graphical comparisons of the two approaches are pre-
sented in Fig. 1. SEs of LLE and LE obtained with mod-
elled approach w.u. were larger than SEs of LLE and LE.
obtained with modelled approach w/o u. The results were
consistent across cancer type, age and year at diagnosis.
RP for LE; and LLE generally increased with age. For
example, the RP of LLE for females aged 55 years diag-
nosed with breast cancer in 2002 was approximately
21% while it was approximately 73% for females aged 85
years diagnosed in the same year. For females diagnosed
with colon cancer, RPs of LE- were approximately 8%
and 112% for patients aged 55 and 85 years, respectively,
diagnosed in 2002.
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Fig. 1 Relative (%) precision (RP) comparing the modelling approaches, where uncertainty in the expected mortality rates used to estimate

expected life expectancy, LE,,p,

life expectancy for cancer patients, LE., and loss in life expectancy due to cancer, LLE, is 1) taken into account and 2)

ignored. Results are presented for women, aged 55, 65, 75 and 85 years at breast or colon cancer diagnosis in 1992, 1997 and 2002. The above graph

(a) presents RP of LE- and the below graph (b) depicts RP of LLE

It is noticeable that RP for LE- was higher for breast
cancer patients than for colon cancer patients. For
instance, RP of LE for a 65-year-old female diagnosed
in 2002 was approximately 166% and 28% for breast and
colon cancer, respectively. RPs of LLE were similar for
younger patients diagnosed with breast or colon can-
cer. However, for elderly women diagnosed with breast
cancer, RP was smaller than for elderly women diag-
nosed with colon cancer. For instance, the RP of LLE
of a 75-year-old woman diagnosed with breast cancer
in 1997 was approximately 46% and for a 75-year-old
woman diagnosed with colon cancer in 1997, the RP of
LLE was 63%.

Values of RP of LE were much higher than values of
RP for LLE for women diagnosed with breast cancer
across all ages and calendar years. For example, the RP
of LE- and LLE for females aged 55 years diagnosed with
breast cancer in 2002 was approximately 92% and 21%,
respectively. For women diagnosed with colon cancer, RP
of LLE and RP of LE_ were very similar. In particular, the
RP of LE; and LLE for females aged 55 years diagnosed
with colon cancer in 2002 was approximately 8% and 9%,
respectively.

Similar patterns to the estimates of LE,,,, LE- and LLE
presented in Supplementary Tables 1, 2 and Fig. 1 could
be seen for estimates of 15-year RMST in Supplementary
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Fig. 2 Relative (%) precision (RP) comparing the modelling approaches, where uncertainty in the expected mortality rates used to estimate

expected 15-year restricted mean survival time, RMSTEXD,

15-year restricted mean survival time for cancer patients, RMST, and 15-year loss

in restricted mean survival time, LRMST, is 1) taken into account and 2) ignored. Results are presented for women, aged 55, 65, 75 and 85 years
at breast or colon cancer diagnosis in 1992, 1997 and 2002. The above graph (a) presents RP of 15-year RMST and the below graph (b) depicts RP

of 15-year LRMST

Table 3 for breast cancer, Supplementary Table 4 for
colon cancer and Fig. 2. The increase in RP of 15-year
loss in RMST and 15-year RMST was seen across all
ages. Also, RP of 15-year RMST was higher for breast
cancer patients than for colon cancer patients.

Figures 3 and 4 present 95% Cls of LLE and LE for
modelling approaches with and without including uncer-
tainty in the expected mortality for breast and colon can-
cer by selected ages at diagnosis (55, 65, 75 and 85 years)
and selected years at diagnosis (1992, 1997 and 2002).

Point estimates, standard errors, 95% confidence
intervals and relative % precision for marginal LLE, LE.
and loss in 15-year RMST for breast and colon cancers
obtained with the modelling approaches are illustrated
in Table 1. An increase in SE of all estimates obtained
with modelled w.u. compared to SE obtained with mod-
elled w/o u. was seen. For colon cancer, the RP of LE- was
almost the same as the RP of LLE, around 50%. In con-
trast, for breast cancer, the RP for LE. (179%) was almost
5 times bigger than the RP of LLE (34%).
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Fig. 3 95% confidence intervals of life expectancy LE. (graph (a)) and loss in life expectancy LLE (graph (b)) for cancer patients from two modelling
approaches: 1) when including uncertainty in the expected mortality rates in the estimation (modelled w.u.), and 2) when ignoring uncertainty
in the expected mortality rates in the estimation (modelled w/o u.). Results are presented for women, aged 55, 65, 75 and 85 years at breast cancer

or colon cancer diagnosis in 1992, 1997 and 2002

Discussion

The main purpose of this paper is to propose an approach
for including the uncertainty of the expected mortality
rates in the estimation of life years remaining since diag-
nosis (LE:) and loss in life expectancy (LLE) for cancer
patients in a situation when life tables based on the entire
general population are unavailable, and instead, a sample
from the general population is utilised.

Aiming to validate the necessity of the suggested
approach, we illustrated that standard errors (SE) of
LE: and LLE obtained with the suggested approach
were larger than SE of LE- and LLE, obtained with the
assumption of known (fixed) mortality rates from the
general population.

For younger patients diagnosed with cancer, cancer-
specific mortality usually prevails over other-cause

mortality; thus, the variance in the expected mortality
rates might become negligible. However, cancer patients
tend to be old, and there will be competing causes of
death other than cancer. In such a case, ignoring the
population component can lead to a substantial underes-
timation of the variances of LE and LLE, and thus, much
narrower confidence intervals. In this study, the variance
of LLE (LE), for instance, for females diagnosed with
breast cancer at 65 and 85 years old in 2002 obtained
with the suggested approach were 40% (166%) and 73%
(215%), respectively, larger than variance of LLE (LE.)
obtained with the approach without including uncer-
tainty in the expected measures.

For different cancer types, other-cause mortality can
prevail over cancer-specific mortality at different times
since diagnosis. In this study, we have presented esti-
mates of the variance of LE and LLE for colon and breast
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Fig. 4 95% confidence intervals of observed 15-year restricted mean survival time, 15-year RMST (graph (a)) and loss in 15-year restricted
mean survival time, 15-year LRMST (graph (b)) from two modelling approaches: 1) when including uncertainty in the expected mortality rates
in the estimation (modelled w.u.), and 2) when ignoring uncertainty in the expected mortality rates in the estimation (modelled w/o u.). Results are
presented for women, aged 55, 65, 75 and 85 years at breast cancer or colon cancer diagnosis in 1992, 1997 and 2002

cancer. Colon cancer is characterised by higher excess
mortality than breast cancer, where longer survival is
more common. The variance for LE., for example, for
females diagnosed at 55 years old in 2002 with breast and
colon cancer were 92% and 8%, respectively, larger com-
pared to the variance obtained with the approach when
variation in the expected measures was ignored .

The estimation of LLE includes uncertainty in the
expected mortality rates in the estimation of both LE,,,
and LE.. This will influence the extent of the underes-
timation of the variance of LLE. We can expect more
severe underestimation for LE- than LLE. The marginal

estimates of the variances of LLE (LE:) showed larger
differences. Variances of marginal LLE (LE) for females
diagnosed with breast and colon cancer obtained with
the modelling approach including uncertainty in the
expected measures were 34% (179%) and 58% (50%)
larger, respectively, than variances of marginal LLE (LE)
obtained with the modelling approach ignoring uncer-
tainty in the expected measures.

We have provided an approach to include uncertainty
of the expected mortality rates in the estimation of LE,,,
LE. and LLE. The question of the variance of non-para-
metric LLE has been discussed in a previous paper [24].
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for

cancer patients together with PE of marginal loss in 15-year restricted mean survival times (LRMST), observed 15-year restricted
mean survival time (RMST() and expected 15-year restricted mean survival time (RMST,,) for cancer patients, with standard errors
(SE), relative % precision (RP), lower (LCl) and upper (UCl) 95% confidence intervals. RP illustrates the comparison of the modelling

approaches. All the estimates are measured in years

Approach PE SE RP(%) LCl uci PE SE RP(%) PE SE

Loss in Life Expectancy (LLE) Life Expectancy for cancer patients (LE.) Expected Life
Expectancy (LEexp)

breast cancer

modelled w/o u 3.94 0.082 3.78 4.10 16.22 0.082 20.16

modelled w.u. 3.94 0.095 34.14 375 413 16.22 0.137 178.83 20.16 0.157
colon cancer

modelled w/o u 6.36 0.091 6.18 6.54 8.02 0.091 14.38

modelled w.u. 6.36 0114 57.88 6.14 6.58 8.02 011 5047 14.38 0.134
Loss in 15-year restricted mean survival time Observed 15-year RMST Expected 15-year
(LRMST) RMSTy
breast cancer

modelled w/o u 1.70 0.028 1.64 1.75 10.67 0.028 12.36

modelled w.u. 1.70 0.030 11.18 1.64 1.75 10.67 0.043 135.75 12.36 0.042
colon cancer

modelled w/o u 4.36 0.058 424 447 6.23 0.058 10.59

modelled w.u. 436 0.065 25.85 423 448 6.23 0.066 29.96 10.59 0.061

However, a bootstrap approach was suggested for esti-
mating the variance, which can be a time-consuming
with big data sets and especially for marginal meas-
ures. In this paper, we used flexible parametric relative
survival models to obtain the variances of the expected
life expectancy for cancer patients if they did not have
cancer, LE,,, life expectancy for cancer patients, LE,
and the loss in life expectancy, LLE, for cancer patients
in comparison with the general population. Another
advantage of the suggested approach is the usage of
existing Stata software and an example of Stata code is
included. This makes it easy to implement the approach
in various research projects. However, it is essential to
acknowledge that the suggested approach has a limita-
tion as it does not consider the variation of expected
mortality rates when estimating relative survival. This
can be a possible extension of the suggested approach.
This study exclusively focused on conducting an empiri-
cal assessment of the suggested approach. However, a
comprehensive simulation study could offer additional
insights into the new approach’s performance across var-
ious scenarios.

There are also other issues in our work which were
not explored here, but which could be of possible inter-
est. In this study we utilised comparators for cancer
patients to estimate expected values for cancer patients
if they did not have cancer. In cases where a comparable

sample is unavailable, the modelling process can be
used by directly adjusting the available background
population, as discussed in previous research [25-27].
Nevertheless, although those proposed models are
valuable in addressing non-comparability bias, they do
not account for potential variability in expected mor-
tality rates. For example, Touraine et al. [26] proposed
a model, which becomes unstable by allowing the
background mortality to change, even though, it was
observed that model estimates’ variability increased
with the inclusion of corrective parameters. Addition-
ally, the model featuring a random effect, as proposed
by Rubio et al. [25], is not recommended for data sets
with fewer than 5,000 observations or with a censor-
ing rate exceeding 50%. To address these limitations,
further research is necessary to incorporate a possible
uncertainty in the estimates of the expected measures
in these models.

In conclusion, by accounting for the uncertainty of
expected mortality rates, the proposed method ensures
accurate estimates of the variance of LE- and LLE for
cancer patients when a sample from the general popu-
lation is used. This is particularly valuable for older
patients and cancer types with longer survival time,
where underestimation of the variance can be substan-
tial when the entire general population data are not
accessible.
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