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ABSTRACT
Over the last decade, the number of years of life lost (YLL) has
become a popular metric in biostatistics for assessing mortality and
life expectancy discrepancies between patient cohorts and the gen-
eral population.Usingdata fromtheBelgianCancer Registry (161,007
cases of melanoma, thyroid, and female breast cancer), a three-state
(healthy–cancer–death) illness-deathmodel is used to illustrate how
it can be applied to cancer registry data to estimate the incidence
risk and YLL due to cancer at various ages of diagnosis and sur-
vival times post-diagnosis. The probabilities of being diagnosedwith
cancer over the next 20 years remain low for melanoma and thy-
roid cancers for both sexes but considerably increase with age for
female breast cancer. YLL before age 70 due to cancer is highest for
early diagnoses of female breast cancer but peaks at later ages for
melanoma and thyroid cancers. Additionally,male patients generally
experience higher YLL before age 70 due to cancer than females for
melanoma and thyroid cancers. For patients surviving 10 years post-
diagnosis, YLL before age 70 due to cancer remains below one year
for melanoma and thyroid cancers, suggesting a limited impact on
life expectancy compared to the general population.
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1. Introduction

Over the last decade, the number of years of life lost (YLL) has become a popular tool in
biostatistics and epidemiology to measure discrepancies in life expectancy or mortality.
The idea behind YLL is to quantify the number of years of life a specific cohort of patients
has lost due, for example, to a given disease, compared to the general population. Thismea-
sure, as defined by Andersen [1] and Andersen et al. [2], has the advantage (compared to
others such as the hazard ratio or excess hazard) that it is measured on a time metric (usu-
ally in years) making its interpretation easy for policy-makers and meaningful for gauging
public health outcomes [3].
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It was first introduced to measure the reduction in life expectancy for a group of indi-
viduals compared to a hypothetical cohort where no one dies before a given age [1].
However, in most situations, it may seem more natural to measure the reduction in life
expectancy for a group of individuals compared to a reference population (where some
years of life are lost because of some standard or background mortality rates). In this
sense, YLL can be used to estimate the number of years a specific cohort of patients (can-
cer patients, for instance) is expected to lose compared to the general population (i.e. the
reference population to which the cancer cohort is compared). The difference between
the life expectancy of the general population and that of the considered cohort of patients
corresponds to YLL. This measure is sometimes referred to as excess YLL because it is
the number of years of life patients lose in excess of that seen in the general popula-
tion. The greater this measure, the more important the societal burden of the disease or
condition.

Similarly to the excess hazard, information about the cause of death is not required to
estimate YLL, making it a practical measure for population-based studies in which the
cause of death is often unavailable or unreliable [4]. There are two types of YLL. First,
the number of years of life lost by the entire cohort, which can be denoted YLLc, and
which is of interest if one wants to estimate at one point in time the global number of
years of life lost due to a particular disease (see for instance Aragon et al. [5] who rank
leading causes of premature death based on the total number of years of life lost due to
each cause). This may be used to answer questions such as, ‘How many years of life are
lost in the population due to cancer?’ [6]. It is of great interest to economists, govern-
ments and policy-makers to determine which condition or disease has the largest negative
impact on citizens and society as a whole (for resource allocation, public health priori-
ties, cancer control progress, etc.). Second, the number of years of life lost (on average) per
individual, which we denote YLLi, and which quantifies how many years of life a patient
is expected to lose (see for example Belot et al. [7] or Latouche et al. [3]). It answers ques-
tions such as ‘How much does the life expectancy of an individual on average change if
diagnosed with cancer?’. See examples with common cancers in Chu et al. [8] who mea-
sure health impacts on society using YLLi. In this situation, YLLi can be seen as an average
per person, whereas YLLc can be seen as the sum of the years of life lost for each individ-
ual in a patient cohort. See a comprehensive overview of the years difference measures in
Manevski et al. [9]. Note that individuals do not necessarily lose years compared to the gen-
eral population; they may also gain years. This is the case, for instance, in the study of the
long-term survival of elite athletes for which survival may be better than that of the general
population [10].

From a general point of view, the major advantages of YLLc and YLLi are that (i) it is
measured on a time metric (usually in years), facilitating its interpretation and communi-
cation [11,12], (ii) information on the cause of death is not needed to estimate it, and (iii)
it can be computed for any time horizon and for a comprehensive list of causes of death.
Andersen [13] suggested severalmeasures of life years lost among patients with a given dis-
ease in the framework of a (Markov or non-Markov) illness-death model, illustrated using
data on Danish male patients with bipolar disorder. The main goal of the present study is
to demonstrate how YLLi can be easily estimated from a multi-state model and what the
advantages are of doing so, with a focus on two applications using data on Belgian cancer
patients. Their use in the context of the right to be forgotten will also be discussed.
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Figure 1. Visual representation of the ‘illness-death model’ without recovery for cancer patients.

Multi-state models (MSM) are a powerful statistical approach to study the evolution of
individuals between several ‘states’ (see Andersen et al. [14] and Hougaard [15] for a gen-
eral review). MSM can be seen as an extension of classical survival analysis, in which only
the transition frombeing alive to being dead is considered [16–18].Unlike classical survival
models, MSM are used to model processes which go from an initial state (for instance
‘healthy’) to a terminal (also referred to as absorbing) state (for example ‘dead’), but where
more than two states are considered, some being transient. For example, considering that
the ‘healthy’ state is portioned into two or more intermediate states corresponding to spe-
cific stages of a disease [19]. Thus, MSM offer a complete and informative representation
of the occurrence of intermediate events on the pathway to some final event, notably via
transition probabilities which have a natural interpretation [20,21].

In this paper, a three-statemodel, assuming that an individual can either be ‘healthy’, ‘ill’
(diagnosedwith cancer), or ‘dead’ is considered.Wewill see that in our context, we actually
only need to consider transitions from healthy to ill, healthy to dead, and ill to dead.While
excluding the possibility to transit from ill back to healthy can be interpreted as assuming
that cancer is a permanent condition (which is debatable), we actually decided not to con-
sider it following the parsimony principle since it would not bring any useful information
in our context. Indeed, as it will be shown later, in our type of applications, distinguishing
the health status of the patient between diagnosis and death is actually not required. This
non-reversibility greatly simplifies the computations, as in this case, our three-state process
is hierarchical and trajectories can be described in terms of just a few random variables
[22]. See Figure 1 for a visual representation of the model, often referred to in the literature
as the ‘(three-state) illness-death model’ without recovery. More advanced types of MSM
(known as reversibleMSM) can be used in case recoveries are possible and have to be taken
into account for the application considered. Note that this three-state model is, in its math-
ematical concept, similar to the well-known SIRmodel (susceptible – infected – recovered)
in epidemiology [23,24]. The difference with our three-state illness-death model is that a
susceptible individual must go through the infectious state before being recovered; he/she
cannot go directly from ‘susceptible’ to ‘recovered’.

The key contribution of this paper is thus to illustrate how disease incidence risk and
YLLi can be estimated based on a Semi-Markov three-state MSM using cancer registry
data, and what type of useful information can be obtained out of it. Furthermore, the main
advantage of computing these quantities in a Semi-Markov context is that it allows tak-
ing into account the number of years a patient survived after diagnosis. To the best of our
knowledge, most studies refer to the number of years of life lost at the time of diagnosis,
without taking the time survived since diagnosis into consideration. This is a major dif-
ference, given that time spent in the ill state is known to have an influence on survival for
cancer patients.
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Table 1. Number of persons diagnosed with melanoma, thyroid and female breast cancer in Belgium
between 2004 and 2020 (BCR data) by sex, site and age group, together with the percentage lost to
follow-up and the number of deaths.

Sex Cancer site Age at diagnosis Lost to follow-up Number of included cases Number of deaths

Men Melanoma 20–34 3.72% 969 94
35–49 2.66% 3, 266 404
50–69 1.70% 7, 460 1, 583

Total 11, 695 2, 081
Men Thyroid 20–34 4.10% 366 6

35–49 3.12% 961 67
50–69 2.14% 1, 773 379

Total 3, 100 452
Women Melanoma 20–34 3.62% 2, 488 78

35–49 1.47% 6, 137 382
50–69 1.35% 8, 893 1, 112

Total 17, 518 1, 572
Women Thyroid 20–34 3.80% 1, 607 14

35–49 2.67% 3, 449 107
50–69 2.06% 4, 085 484

Total 9, 141 605
Women Breast 20–34 2.76% 3, 112 502

35–49 1.78% 32, 743 4, 058
50–69 1.31% 83, 698 15, 946

Total 119, 553 20, 506

The remainder of this paper is laid out as follows. Section 2 presents the data used to
perform the present study. Section 3 details the methods and tools, with a focus on Semi-
MarkovMSM. Section 4 illustrates two usefulMSM-based health indices. The final section
(Section 5) concludes the paper with a discussion.

2. Data

For these applications, the data available from the Belgian Cancer Registry (BCR) are con-
sidered. The BCR is a national population-based cancer registry collecting data on all new
cancer diagnoses in Belgium since the incidence year 2004. For the execution of this main
task, the BCR relies on its own specific legislation (more information can be found on the
BCR website, at kankerregister.org).

To illustrate our work, themethods were applied to three cancer types: melanoma (ICD-
10 C43), thyroid (ICD-10 C73) and female breast (ICD-10 C50) cancer. These three cancer
sites have been selected to evaluate the proposed method in different scenarios. Melanoma
and thyroid cancer patients are known to have a limited excess hazard compared to the
general population and a high survival probability [25–29]. The situation for female breast
cancer patients is different, with usually a high survival probability in the first years after
the date of diagnosis before it eventually decreases due to late cancer recurrences [30]. Only
female breast cancer is considered due to the limited number of male breast cancer cases.

Out of a total of 161,007 cases, melanoma, thyroid, and breast cancer represent, respec-
tively, 29,213 (18.1%), 12,241 (7.6%), and 119,553 (74.3%) cases diagnosed between 2004
and 2020. Patients were followed up until April 11, 2022, resulting in follow-up periods
ranging from 2 to 18 years. Only one record per patient (with the earliest incidence date)
within each cancer site was kept for patients with multiple primary diagnoses. A minority
of patients without a national security number were excluded from the analysis. Patients
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lost to follow-up (mostly due to moving abroad) and patients still alive at the end of the
follow-up period were treated as censored observations.

Table 1 summarizes the number of included cases, number and proportion of deaths and
percentage lost to follow-up before April 11, 2022 per type of cancer, sex and age group.
The fraction of patients lost to follow-up per subgroup varied from 1.31% for women with
breast cancer aged 50–69 to 4.1% for male thyroid cancer patients aged 20–34. The total
fraction of patients lost to follow-up cases, regardless of sex, site or age group, was 1.64%.
Moreover, mean age at diagnosis was 50.5 years (standard deviation (SD) = 12.1), 48.1
years (SD = 12.4) and 54.6 years (SD = 9.5) for melanoma, thyroid and breast cancer,
respectively.

In order to estimate the number of years of life lost, mortality in the cancer cohort must
be compared to the expected mortality in the general population. Mortality in the general
population is therefore also needed. The complete Belgian population is also required to
estimate the transition from healthy to ill (which cannot be estimated based on the can-
cer registry data). These general population data come from the Belgian population life
tables, which are available from Statbel (the Belgian statistical office) and can be freely
downloaded from the website statbel.fgov.be.

Note that as population life tables take into account all deaths, those due to the cancer
of interest are also included. Nonetheless, it is commonly assumed that the fact that popu-
lation life tables include cancer mortality is not an issue since mortality for a given cancer
represents only a small fraction of the overall mortality. Correcting for this mortality of the
cancer being studied has, in practice, an insignificant effect on the survival of the general
population [31,32].

3. MSM and YLL for cancer patients

AMSM, which is a model for time-to-event data, consists of states and transitions between
pairs of states that reflect the disease and death mechanisms in medical applications. Main
motivations for using aMSM are often to obtain (i) more biological insight into the disease
or recovery process of a patient, and (ii) more accurate predictions than standard models
neglecting intermediate states. Indeed, by incorporating intermediate events, predictions
are adjusted in the course of time, givingmore precise information about survival duration
[16,17].

When considering MSM, the following concepts must be distinguished: (1) Marko-
vian and Semi-Markovian, and (2) homogeneous and non-homogeneous models. These
concepts can be defined as follows:

– Markovian: What happens next only depends on the current state, not on what
happened before;

– Semi-Markovian: What happens next depends on the current state and how long
ago it was reached (so the duration in that state);

– Homogeneous or time-homogeneous: Transition between states do not depend
on time (but time seen as age and not duration in the state, hence the name
time-homogeneous);
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– Non-homogeneous or time-inhomogeneous: Transition between states may depend
on time (seen as age, not duration).

For a non-homogeneous Markov model, the time until the next state is allowed to
depend on the current state and the individual’s age (i.e. time). For a homogeneous semi-
Markov model, the time until the next state is allowed to depend on the current state and
the time since he/she entered this state (i.e. duration). For a non-homogeneous Semi-
Markov model, both aspects (time and duration) are combined: the time until the next
state is allowed to depend on the current state, the time since he/she entered this state, and
his/her age.

Thus, in our context, assuming a homogeneous Markov illness-death model would
mean to consider that the expected length of stay in the ill state of a cancer patient depends
only on the current state. In other words, it would assume that two cancer patients have
the same expected length of stay in the ill state (and thus, the same mortality), even if one
has been diagnosed for one year and the other for 10 years. However, it is known that mor-
tality for cancer patients (and thus expected length of stay in the ill state) varies with time
since diagnosis (and thus sojourn time) [33]. Therefore, the Markovian assumption does
not hold for our situation, and a Semi-Markov assumption taking also into consideration
the time spent in the ill state is preferable. Moreover, the non-homogeneous assumption is
also preferable as transitions may depend on the patient’s age. In this non-homogeneous
Semi-Markov case (also known as general Semi-Markov), the expected length of stay in the
ill state of a cancer patient will thus depend on both the age and the time since diagnosis.
This assumption is important because it allows us to update the patient’s life expectancy
conditional on the fact that he/she survived up to that time and a given specific age. This
is the reason why our calculations are performed in the context of a non-homogeneous
Semi-Markov illness-death model.

Thewhole process frombirth to death of any individual can be defined formally as a ran-
domprocess over timeX = [X(t), t ≥ 0], whereX(t) gives the state occupied at age t. Here,
t corresponds to the time since birth. In the irreversible illness-death process depicted
in Figure 1, X(t) has values in state space S = {0, 1, 2} where state 0 corresponds to the
‘healthy’ state, state 1 to the ‘ill’ state, and state 2 to the ‘dead’ state. Individuals are initially
with no cancer detected, thus considered as healthy. Then, they may be diagnosed with
cancer and die, or they may die without having been diagnosed with cancer.

More formally, let’s denote by Tij the age at which the patient moves from state i to state
j. For patients diagnosed with cancer at age T01 and who died at age T12, we have

X(t) = 0 0 ≤ t < T01,

X(t) = 1 T01 ≤ t < T12 and

X(t) = 2 t ≥ T12.

For patients without cancer who died at age T02, we have

X(t) = 0 0 ≤ t < T02 and

X(t) = 2 t ≥ T02.
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Remember that it is assumed that a cancer patient stays in the ‘ill’ state until he/she dies
(i.e. the transition from state 1 to state 0 is not allowed). So, in fact, the state ‘ill’ should
rather be understood as ‘having been diagnosed with cancer’.

In our context, we have to assume that the time spent in state i influences transition to
the next state. Therefore, the random variable Z(t) is introduced, and defined as the time
spent in the state occupied at time t. Formally,

Z(t) = max{z ≤ t|X(t) = X(t − h) for all 0 ≤ h ≤ z}.
For an individual in state i at time t, Z(t) is the time since entry in the state (i.e. time from
birth for i = 0 and time from diagnosis for i = 1). Henceforth, we work under the Semi-
Markov assumption: the current state X(t) and the time Z(t) spent in the current state
influence future transitions. This means that the stochastic process [(X(t),Z(t)), t ≥ 0] is
a Markov process.

A fundamental concept in multi-state models is the transition intensities, which govern
movements between the different states depending on the state currently occupied and the
sojourn time. The following transition intensities fully describe the process in an illness-
death model:

α01(t) = lim
h→0

P[X(t + h) = 1|X(t) = 0]
h

(1)

α02(t) = lim
h→0

P[X(t + h) = 2|X(t) = 0]
h

(2)

α12(t; z) = lim
h→0

P[X(t + h) = 2|X(t) = 1,Z(t) = z]
h

(3)

where αij(·) are the transition intensities between state i and state j (i = 0, 1;j = 1, 2). Tran-
sition intensities from state 0 depend on the time spent in that initial state through attained
age. Furthermore, there is an influence of the duration of stay in state 1 so that transition
intensities from state 1 depend on both attained age and time z since diagnosis. In our
context, α01(·),α02(·) and α12(·; ·) are, respectively, the intensity of developing cancer, the
death intensity without cancer, and the death intensity with cancer. Also, the exit intensity
from state 0 is denoted α0•(t), that is, α0•(t) = α01(t) + α02(t).

Transition probabilities are meaningful to estimate in addition to transition intensities.
Considering an individual who is healthy at age t, that is, who is in state 0 at time t, the
probability of being in state 1 at time t+ h is denoted as

p01(t, t + h) = P[X(t + h) = 1|X(t) = 0],

the probability of being in state 2 at time t+ h is denoted as

p02(t, t + h) = P[X(t + h) = 2|X(t) = 0],

and the probability of still being in state 0 at time t + h is denoted as

p00(t, t + h) = P[X(t + h) = 0|X(t) = 0].

Since the time spent in state 1 influences future transitions, the random variable Z(t) also
enters the transition probabilities from that state. Precisely, considering an ill individual
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diagnosed at age T01 and aged t = T01 + z, that is, who is in state 1 since the last z =
t − T01 years, the probability of being in state 2 at time t+ h is denoted as

p12(t, t + h; z) = P[X(t + h) = 2|X(t) = 1,Z(t) = z]

and the probability of still being in state 1 at time t + h is denoted as

p11(t, t + h; z) = P[X(t + h) = 1|X(t) = 1,Z(t) = z].

As explained before, we do not need to consider the possibility to move back to the initial
state, or to transition to an intermediate ‘recovery’ state for our applications. Hence, tran-
sition probabilities p00(t, t + h) and p11(t, t + h; z) are in reality sojourn probabilities, i.e.

p00(t, t + h) = P[X(t + u) = 0 for all 0 < u ≤ h|X(t) = 0]

p11(t, t + h; z) = P[X(t + u) = 1 for all 0 < u ≤ h|X(t) = 1,Z(t) = z].

More generally, transition probabilities can be rewritten as

pij(t, t + h; z) = P[X(t + h) = j|X(t) = i,Z(t) = z] ∀ i, j ∈ S
and transition intensities can be rewritten as

αij(t; z) = lim
h→0

P[X(t + h) = j|X(t) = i,Z(t) = z]
h

∀ i, j ∈ S

= lim
h→0

pij(t, t + h; z)
h

∀ i, j ∈ S .

While these transition probabilities and transition intensities give useful information on
the evolution of the individuals, obtaining information about survival duration is also of
great interest for clinicians and patients. Life expectancy at birth is a metric widely used in
demography to measure the length of survival present in a population, and corresponds to
the average number of years an individual is expected to live from birth (given that mor-
tality rates remain constant in the future) [34–36]. Moreover, remaining life expectancy is
the average number of remaining years an individual is expected to live, starting from a
certain age instead of birth. By computing remaining life expectancy starting at a certain
age, it is meant to be conditional on survival to that certain age. If, in addition to estimate
life expectancy from a given age instead of birth, it is also estimated up to a given time
horizon, it is known as the restricted mean lifetime and it can be interpreted as the average
number of years an individual is expected to live between two specific ages. In this paper,
we will be particularly interested in taking into account both a starting age different than
birth (so conditional on survival to some ages after birth) and a finite time horizon (so
considering a given upper age τ ). See Section 4 for more details about the choices of the
starting age and τ .

As mentioned earlier, the number of years of life lost can be seen either at the cohort
level (YLLc) or at the individual level (YLLi). When applied to cancer patients, on the one
hand, YLLc represents the total number of years of life lost by the cancer cohort. This
is useful to compare, for instance, the societal burden of cancer with other diseases or
between different countries. On the other hand, YLLi can be interpreted as the average
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number of years of life lost that a cancer patient experiences from the time of diagnosis
in comparison to a healthy individual of the same age (and possibly sex, year and other
covariates such as ethnicity or socio-economic factors). This latter definition resonates
more in the patient-clinician communication. In this paper, it is the YLLi which is chosen
and illustrated.

YLLi in a certain time interval is the sum of life years lost due to (i) population mor-
tality (governed by mortality rates in that reference population) and due to (ii) the cancer
of interest. This quantity can be computed based on the estimated survival observed in
the general population minus the estimated survival in the cohort of cancer patients con-
sidered. Formally, the number of years of life lost due to cancer starting from the age at
diagnosis T01 until age τ is defined as

YLLi(T01) =
∫ τ

T01
ŜP(t) dt −

∫ τ

T01
ŜC(s) ds (4)

where ŜP(·) denotes the classical survival function estimated via the population mor-
tality rates, and ŜC(·) is the cancer survival curve (in general, estimated via the non-
parametric Kaplan-Meier [37] method, but it could be estimated via another method
as well) [7].

The lower bound T01 in the integrals represents age at diagnosis (so conditional on sur-
vival to ageT01) and the upper bound τ corresponds to the time horizon, chosen arbitrarily
or such that it matches a certain cut-off. The number of years of life lost uses the age at
diagnosis for each cancer patient as its starting point and estimates the expected remain-
ing lifetime at that age using age-specific mortality rates. The number of years of life lost
due to cancer is then estimated by matching the expected remaining lifetime for someone
diagnosed with cancer with the life expectancy in the general population at that specific
age. Age-specific mortality rates and life expectancy in the general population are gener-
ally available through life tables (as they are usually stratified by age). For life tables that are
stratified by sex in addition to age, the number of years of life lost can be used to compare
cancer patients to the general population of the same sex and age.

Our objective is to demonstrate how this quantity can be estimated from ourMSM. The
idea here is to start from our MSM to compute YLLi using life expectancy, probabilities of
developing the disease within a specific time period, and expected lengths of stay in each
of the different states (also referred to in the literature as the mean sojourn time, see Jack-
son [38]). Following Equation (4), estimation of YLLi via a MSM starting from the age at
diagnosis is denoted YLLiMSM(T01) and corresponds to the number of years of life lost at
the time of diagnosis for someone diagnosed at age T01. Figure 2 illustrates the approach,
where e(T02) is the remaining life expectancy until the expected death of a healthy individ-
ual. One could argue that it does not make sense to speak about age at diagnosis T01 if the
person has no cancer. However, in fact, we compare what would have happened to a patient
diagnosed at age T01 if he/she would not have had cancer at the time he/she was actually
diagnosed. We are now considering the hypothetical trajectory that a patient diagnosed at
age T01 would have had if he/she had not had cancer and therefore if he/she had remained
in state 0.
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Figure 2. Representation of MSM to estimate YLLi from diagnosis.

In the context of a Semi-Markov multi-state model, the remaining life expectancy for a
cancer patient diagnosed at age T01, given the time z elapsed since diagnosis is

eτ11(T01 + z; z) =
∫ τ

T01+z
p11(T01 + z, s; z) ds. (5)

Since t = T01 + z, Equation (5) becomes

eτ11(t; z) =
∫ τ

t
p11(t, s; z) ds. (6)

Following Figure 2, to define YLLiMSM(T01) in a Semi-Markov context we add the con-
ditioning on z to have the number of YLL for someone diagnosed at age T01 but who
would have already survived with his/her cancer for z years. In that case, we obviously
have to update the life expectancy for the cancer patient (the fact that he/she lived already
for z years gives information on his/her life expectancy) and do the same for his ‘healthy’
counterpart. This is denoted YLLiMSM(T01; z) and is defined as follows

YLLiMSM(T01; z) = remaining life expectancy at age T01 for a healthy individual

− remaining life expectancy for a cancer patient diagnosed at ageT01,

given the time z elapsed since diagnosis

= e(T01) − eτ11(T01 + z; z). (7)

Remaining life expectancy at age T01 for a healthy individual is usually found with life
tables and population mortality rates. Here, the expected remaining lifetime until age τ

for someone diagnosed with cancer is matched with the τ -restricted life expectancy in the
general population at that specific age.

As often the case in practice, transition intensities are assumed to be piecewise constant
in order to ease calculations but also given the information available in cancer registries.
In that case, transition intensities are easily estimated by the ratio of the observed number
of transitions (diagnosis or death) to the corresponding exposure (in the state to be left)
[33]. When (annual) piecewise constant transition intensities are considered, we get

eτ11(t; z) =
τ−t−1∑
k=0

exp

(
−

k−1∑
l=0

α12(t + l; z + l)

)
1 − exp(−α12(t + k; z + k))

α12(t + k; z + k)
(8)

with
∑k−1

l=0 α12(t + l; z + l) = 0 if l = 0. The development of eτ11(t; z) is explained in
Appendix.
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Remember that YLLiMSM(T01; z) is defined at an individual level. In this sense,
YLLiMSM(T01; z) quantifies the number of years of life a patient diagnosed with cancer z
years ago is expected to lose compared to someone who will never develop the disease.
It can be seen as an insightful health indicator, complementary to other health indica-
tors already used by clinicians and policy-makers. Indeed, it can be used to communicate
about a patient’s survival, but it can also serve as a measure of the burden of cancer for the
whole society (with comparisons between diseases, countries or throughout the years, for
example).

4. Derived health indices: case studies for three cancer types

Oneof themain advantages of estimatingYLLi fromaMSM is that several health indicators
could be derived from it. The focus here is put on two different applications to illustrate
its potential uses; (i) the cancer incidence risk and (ii) the number of years of life lost due
to cancer given a certain time spent after diagnosis. Note that the first health indicator
requires the 3 states. However, regarding the second one, we consider an individual of age
T01 at diagnosis. This means that state 0 is no longer needed, since we are already in state
1. Also note that incidence refers to the number of new cases of a disease over a specified
period, and can be expressed as a risk or an incidence rate [39]. We are interested in the
former, that is, the incidence risk that a subject within a population will develop a given
cancer, over a specified follow-up period. This incidence risk, expressed as a probability,
can be interpreted as an estimation of the risk of cancer in an individual subject over a
certain time frame.

For these applications, our analyses are limited to patients aged 20 to 69 years old at the
time of diagnosis for two main reasons. First, childhood cancers can be seen as a category
of cancer on their own and are often studied separately because they differ greatly from
adult cancers. Second, τ has been set to 70 years, an age at which persons were censored
if they had not died before to focus on active life from a public policy perspective. The
estimate of YLLi has therefore to be interpreted as the number of years of life lost before that
specific age. This is analogous to the τ -restricted mean lifetime, which can be interpreted
as the average number of years lived before time τ . Note that the choice of τ is arbitrary.
In some settings, researchers may be interested in YLLi before retirement age applicable
in a country. In our case, we are interested in potential implications for insurers in the
context of the right to be forgotten, hence the upper limit of 70 years (people aged above
are unlikely to contract a loan).Note the distinction between themaximumage at diagnosis
(69 years) and the upper age limit τ (70 years). This difference is explained by the fact that
we include patients who have been diagnosed before their 70th birthday (and thus who are
still 69 years old at the time of diagnosis), while we are interested in the number of years
of life lost before the age of 70 due to cancer. This is to avoid the possibility that a patient is
diagnosed between his or her 70th and 71th birthday, while computing the number of years
of life lost before he or she has reached the age of 70 years.

To display our results, the time since diagnosis z is set to 0, 5, and 10 years. YLLi(T01; 0)
corresponds to the number of years of life lost due to cancer at the time of diagnosis for
a patient diagnosed at age T01. YLLi(T01; 5) and YLLi(T01; 10) correspond to the same
quantity computed after having survived to the cancer for respectively 5 and 10 years. A z
of 5 and 10 years after diagnosis has been chosen to cover a relatively large period of time
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after diagnosis, while we refrain from setting it higher due to the limited follow-up period
in our data.

4.1. Incidence risk

We start the applications with the estimation of the probability for the population of
age t to be diagnosed with each of the three types of cancer we consider between age t
and t+ n. In other words, the probability of being diagnosed with cancer for a healthy
individual aged t over the next n years is computed. This measure, similar to the inci-
dence risk and again assuming yearly-constant intensities, is defined based on a MSM as
follows

p01(t, t + n) =
n−1∑
k=0

α01(t + k) exp

(
−

k−1∑
l=0

α0•(t + l)

)
1 − exp

( − α0•(t + k)
)

α0•(t + k)
(9)

with
∑k−1

l=0 α0•(t + l) = 0 if l = 0.
The probabilities of being diagnosed with breast, melanoma, and thyroid cancer over

the next 20 years for a healthy individual obtained via the Semi-Markov three-state
model are displayed in Figure 3, for ages t ∈ {20, 21, . . . , 40} and for each sex separately.
Figure 3 shows that incidence risk over a 20-year period remains rather low (< 0.71%)
for melanoma and thyroid cancers for both sexes, but considerably increases with age for
female breast cancer (culminating at 5.12% at age 40).

4.2. Years of life lost from diagnosis

Results of YLLiMSM(T01; z) as functions of age at diagnosis (T01 ∈ {20, 21, . . . , 69}) and
for z = 0, 5 and 10 years after diagnosis are presented by sex and cancer site in
Figure 4.

We can see that, for both sexes and all three cancers of interest, the longer the time sur-
vived after diagnosis (i.e. the greater the z), the lower YLLiMSM(T01; z) (with an exception
for women diagnosed with thyroid cancer at the age of 25 and below). For female breast
cancer, YLLiMSM(T01; z) is highest when diagnosed at the age of 20 and then decreases with
age at diagnosis, whereas for melanoma and thyroid cancers, it peaks when diagnosed at
later ages (between 35 and 55 years depending on the cancer and sex). For both melanoma
and thyroid cancers, YLLiMSM(T01; z) is larger for men than for women. Botta et al. [40],
who describe the impact of cancer during patients’ entire lives, found a similar pattern
between women and men. Comparisons between sexes cannot be made for breast cancer
as only female breast cancer is included. Among men, YLLiMSM(T01; z) is globally lower
for thyroid cancer than for melanoma cancer. Among women, YLLiMSM(T01; z) is lowest
for thyroid cancer and highest for breast cancer. Note also that, for patients diagnosed with
melanoma or thyroid cancer at all considered ages, YLLiMSM(T01; 10) remains below one
year. This indicates that, once they have survived their cancer for 10 years, they lose (com-
pared to the general population and up to the age of 70 years) a limited number of years of
life due to cancer.
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Figure 3. Probabilities of being diagnosed with breast, melanoma and thyroid cancer over the next
n = 20 years for a healthy individual as a function of age t ∈ {20, 21, . . . , 40}.

Remember that YLLiMSM(T01; z) is computed at the individual level with τ = 70 years,
so these figures give the number of years of life a patient diagnosed with cancer is expected
to lose due to the disease before the age of 70 years (at the time of diagnosis, 5 and 10 years
after diagnosis). This health indicator can, however, also be analyzed in relative terms, that
is, in comparison with other cancers, diseases, or conditions rather than in absolute terms.
Indeed, knowing that a group of patients has more to lose (up to a certain age) in terms
of years of life due to a specific disease compared to another one is more meaningful for
policy-makers and clinicians. This comparison would allow, for example, to rank diseases
in terms of burden to society, that is, highlight those which are, until a chosen age, themost
(or least) lethal.

It is also worth noting that curves displayed in Figure 4 would be different if another age
was chosen for τ . Indeed, the higher the upper age limit τ , themore years of life an individ-
ual can lose. The decreasing trend of YLLiMSM(T01; z) at older ages can be explained partly
by the fact that the survival of a cancer patient is approaching that of the general population,
and partly by the fact that a cancer patient has, comparatively to the general population,
simply fewer years of life to lose before the age of 70 years as he or she approaches that age.
Unfortunately, it is not possible to distinguish between these two reasons without explic-
itly calculating the number of years of life lost with a much higher age limit. However,
this higher limit was not applied in our calculations, as we are determining the number of
years of life lost within the context of mortgage insurance (which we recall, is an insurance
product mainly taken out by young adults).
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Figure 4. Number of life years lost at the individual level before the age of 70 years due to cancer,
estimated from z = 0, 5 and 10 years after diagnosis, as a function of age at diagnosis.

5. Discussion

As it has been highlighted on several occasions in the literature, there are several
approaches and methods to estimate the number of years of life lost due to cancer [13].
Sometimes, it even has different definitions and meanings depending on the context and
the audience [7]. It is therefore hard to compare YLLi due to cancer across different stud-
ies, in particular when the upper age limit τ is different. In the present study, it is set to 70
years to focus on young adults and active life, while most studies set it at a higher age to
consider the number of years of life lost during the entire lifetime [41,42]. As mentioned
above, the number of years of life lost before a given time horizon (70 years in our illustra-
tion) obviously depends on how far this time horizon is. Therefore, it is important to note
that results found for the number of years of life lost from diagnosis until age 70 should
not be taken as an evaluation of the risk from a medical or biological point of view. Such
information could however still be very useful in a situation where this time horizonwould
be meaningful, as could for example be the case from an actuarial or economical point of
view. Indeed, in the context of the right to be forgotten for instance, the insurer is mainly
interested in the survival until the end of the loan contracted.More generally, from a public
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policy perspective, one may be interested in the number of years of life lost before the age
of retirement.

Although it is hard to compare results with existing literature, our results could be con-
sidered as in line with Silversmit et al. [43], who, also using Belgian data, found a YLLi of
3.2 years for female breast cancer, 2.5 and 3.6 years for female and male melanoma cancer,
and 1.5 and 2.5 years for female and male thyroid cancer, respectively. These results are
obtained using the life expectancy from the general population at the age of diagnosis as
the reference age, which is mostly larger than 78 years.

There has been a proliferation of research on the topic of the number of years of life
lost, in several countries and for several conditions or diseases. Findings from other studies
cannot be compared to each other easily, nor to our results due to the fact that time horizons
are different. Nonetheless, for the sake of completeness and for the interested reader, we
highlight themain findings related to cancer research. Andersen et al. [2] found a YLLi due
to cancer (all types of cancer) ranging from 0.11 to 3.68 years for Danish males and from
0.21 to 1.62 years for Russian males, depending on the age at diagnosis and the method
used. Baade et al. [11] found aYLLi due to, respectively,melanoma and female breast cancer
ranging from 3 years (at 40 years old) to 1 year (at 80 years old) and from 12.1 years (at 40
years old) to 1.6 years (at 80 years old). Capocaccia et al. [44] obtained a YLLi due to female
breast cancer ranging from 8.7 years at age 40–44 to 2.4 years at ages 70–74. For patients
diagnosed at age 45 years, Botta et al. [40] found a YLLi below 6 years for thyroid cancer
in women and melanoma in men. Andersson et al. [6] arrived at a YLLi for female breast
cancer ranging from 13 years (50–59 age group) to 2.2 years (80+ age group) and from
9.13 years (50–59 age group) to 1.84 years (80+ age group) for melanoma cancer. Finally,
Belot et al. [7] found a YLLi due to colon cancer over a 10-year time window ranging from
4.14 to 4.77 years depending on the socioeconomic group.

There is a vast literature on YLL and MSM in biostatistical and medical studies. The
present paper illustrates their relevance for computing a measure of the number of years of
life lost before a given age, chosen depending on the situation or the research question. Arık
et al. [45] have shown the implementation of years of life lost in the context of a multi-state
model. However, it differs from the present study on several points: (i) it uses a Markov
model (so transition intensities do not depend on the duration of stay in the current state),
(ii) it is targeted to another age group as it uses data on women diagnosed with breast
cancer aged 65–89 years, and (iii) it focuses on the number of years of life lost by the entire
cohort. The present paper aims at filling this gap. Some useful applications of MSM-based
calculations to derive health indices such as disease incidence risk and the number of years
of life lost due to cancer targeted to this public have been illustrated.

Most studies refer to the number of years of life lost or remaining life expectancy starting
from the date of diagnosis as an estimate of the disease burden [6,11,12,46–48]. This is
undoubtedly useful when considering patients who have just been diagnosed, the time
at which a patient is most likely to be concerned about his/her survival. Nonetheless, its
relevance need not be limited to quantifying the loss of survival at the time of diagnosis.
For long-term survivors, it becomes even more pertinent when considering its evolution
over time [40,44]. Indeed, there are many applications where one would be interested in
the loss of survival due to cancer, given that the patient already survived some years after
diagnosis. This is particularly useful for cancers where the amount of time survived since
diagnosis has an influence on the patient’s survival. This is actually the underlying basis



16 A. SOETEWEY ET AL.

behind the right to be forgotten [28,29,49,50]. Implemented since 2016 in France and since
2019 in Belgium, it states that no difference can bemade, in terms of access to an insurance
product and the level of its premiums, between a healthy client and a cancer patient if
he/she survived at most 10 years after the end of the therapeutic protocol. YLLi over time
since diagnosis can be interpreted as a measure of how close to being cured long-term
survivors can be considered [40]. A decreasing YLLi over time since diagnosis shows some
evidence that patients who are still alive are approaching the same mortality risks as the
general population. In this context, Capocaccia et al. [44] proposed a cut-off of less than
two years of life lost for colon cancer patients to be considered as statistically cured.

It is important to note that there have been improvements in the treatment of advanced
melanoma over the last decade, leading to a positive impact on quality of life and overall
patient survival [51–54]. Obviously, the bigger the improvements in treatment and overall
survival, the more the duration in the ill state is underestimated and the more the number
of years of life lost is overestimated. This does not, nonetheless, undermine our analyses
for multiple reasons. First, a better prognosis has no impact on the incidence nor on the
incidence risk (i.e. the first application of the present study). Second, the largest improve-
ments in treatment and overall survival concern advanced melanoma, so stages III and IV.
These two advanced stages represent a limited share of all tumours considered here (8.96%
and 4.16% for stages III and IV, respectively). Third, improvements in treatment are quite
recent, limiting the impact on the obtained results. Fourth, in the context of the right to be
forgotten and from an insurer’s point of view, it is more conservative if the number of years
of life lost due to cancer before a certain age is overestimated than if it is underestimated.

Melanoma, thyroid and female breast cancers may include a variety of cancer sub-types
and could be diagnosed at different stages of severity, leading to differences in terms of
survival. It is thus undeniable that including the information on stages of severity would
refine the analysis. This could be achieved, for instance, by stratifying the analyses by cancer
stage. However, it has been omitted on purpose for the sake of illustration of the proposed
approach.

Cancer is not one disease but a family of many diverse diseases with different outcomes.
Results in the present paper focus onmelanoma, thyroid, and female breast cancer patients,
and cannot, at this stage, be transferred to other cancer types. A natural extension of this
workwould be to repeat the analyses for allmajor cancer types. Arık et al. [55] even showed,
in a comprehensive study usingUKdata, that for female breast cancer there are regional dif-
ferences in terms of cancer morbidity. Thus, the analysis could also be refined to a regional
level instead of a national level. This is not done in the present paper as it goes beyond the
scope of this study which primarily aims to advocate a newmethod to estimate the number
of years of life lost.

Cancer patient survival has improved over the last few decades, with an increasing pro-
portion of patients being cured for many types of cancer [56–58]. Given the increasing
numbers of people being diagnosed with cancer, informing patients and involved parties
with relevant risk information is crucial [11]. Providing a precise and informative estimate
of the reduction in the remaining life expectancy in case cancer is diagnosed or to long-
term cancer survivors is therefore of prime importance, for patients, policy-makers, and
society as a whole. From the literature, it is clear that the number of years of life lost is an
important addition to existingmeasures that give a complete picture of the impact of a can-
cer diagnosis. The methods proposed in this paper help to estimate this important health
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indicator from amulti-statemodel’s perspective. This will undoubtedly help to assess when
the excess mortality from cancer becomes negligible in cancer survivors, in turn allowing
the right to be forgotten to be developed further.

In this study, the assumption is made that a cancer patient cannot become healthy again
(i.e. transition from the ill to the healthy state is not possible). Although this assumption
is believed to be reasonable for most cancers, one may argue that it does not always hold.
However, in our context, the real transition of interest is more from ill to dead than from
ill to healthy, following the reasonable paradigm that staying long enough in the ill state
to die from something else is, at least from a statistical point of view, equivalent to being
cured (cfr. the idea of ‘statistical cure’ for example in Boussari et al. [59], Jakobsen et al.
[60], Tralongo et al. [61]). Also, the main objective of this study is to illustrate how the
concept of MSM can be applied to estimate another well-known quantity in medicine and
epidemiology, which has not yet been done so far. Using more advanced MSM to estimate
the number of years of life lost is undoubtedly an interesting question, but left for future
research.

For cancer patients, quality of life may be considered as important as the length of life
itself [62]. The number of years of life lost gives an easily interpretable measure about
the survival of cancer patients. However, other indicators such as, among others, the
disability-adjusted life years (DALY) should also be considered, in particular for diseases or
conditions that cause significant disability or do not result in death. Another metric which
could be estimated via the proposed methods is the cancer-free life expectancy. This could
be estimated (i) via the mean sojourn time in the healthy state, or (ii) by subtracting, from
the life expectancy in the general population, the number of years of life lost due to can-
cer up to the age corresponding to the life expectancy in the general population. Note that
even though it is the number of years of life lost due to cancer that is estimated, the meth-
ods proposed in this paper are not limited to cancer and could be applied to several other
diseases or conditions (diabetes and HIV, amongst others).
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Appendix. Development of eτ
11(t; z)

In this section, we show how Equation (8) is obtained. Assuming τ > t, and τ and t are integers, we
have

eτ11(t; z) =
∫ τ

t
p11(t, u; z) du (A1)

=
τ−t−1∑
k=0

∫ t+k+1

t+k
p11(t, u; z) du (A2)

=
τ−t−1∑
k=0

∫ t+k+1

t+k
p11(t, t + k; z)p11(t + k, u; z + k) du (A3)

=
τ−t−1∑
k=0

p11(t, t + k; z)︸ ︷︷ ︸
(1)

∫ t+k+1

t+k
p11(t + k, u; z + k) du︸ ︷︷ ︸

(2)

(A4)

The terms (1) and (2) in Equation (A4) are developed below.

(1) p11(t, t + k; z) = exp

(
−

∫ t+k

t
α12(u; z + u − t) du

)
(A5)

= exp

(
−

k−1∑
l=0
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t+l
α12(u; z + u − t) du

)
(A6)

= exp

(
−
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l=0
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t+l
α12(t + l; z + l) du

)
(A7)
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= exp

(
−

k−1∑
l=0

α12(t + l; z + l)

)
(A8)

(2)
∫ t+k+1

t+k
p11(t + k, u; z + k) du =

∫ t+k+1

t+k
exp

(
−

∫ u

t+k
α12(s; z + s − t) ds

)
du (A9)

=
∫ t+k+1

t+k
exp

(
−

∫ u

t+k
α12(t + k; z + k) ds

)
du (A10)

=
∫ t+k+1

t+k
exp (−α12(t + k; z + k)(u − t − k))du (A11)

=

⎡
⎢⎢⎣
exp

(
− α12(t + k; z + k)(u − t − k)

)
−α12(t + k; z + k)

⎤
⎥⎥⎦
t+k+1

t+k

(A12)

=
1 − exp

(
− α12(t + k; z + k)

)
α12(t + k; z + k)

(A13)

Hence,

eτ11(t; z) =
τ−t−1∑
k=0

exp

(
−

k−1∑
l=0

α12(t + l; z + l)

)
︸ ︷︷ ︸

(1)

1 − exp
(

− α12(t + k; z + k)
)

α12(t + k; z + k)︸ ︷︷ ︸
(2)

. (A14)


	1. Introduction
	2. Data
	3. MSM and YLL for cancer patients
	4. Derived health indices: case studies for three cancer types
	4.1. Incidence risk
	4.2. Years of life lost from diagnosis

	5. Discussion
	Acknowledgments
	Data availability statement
	Authors' contributions
	Disclosure statement
	Funding
	Ethics approval and consent to participate
	ORCID
	References


<<
  /ASCII85EncodePages false
  /AllowTransparency false
  /AutoPositionEPSFiles false
  /AutoRotatePages /PageByPage
  /Binding /Left
  /CalGrayProfile ()
  /CalRGBProfile (Adobe RGB \0501998\051)
  /CalCMYKProfile (U.S. Web Coated \050SWOP\051 v2)
  /sRGBProfile (sRGB IEC61966-2.1)
  /CannotEmbedFontPolicy /Error
  /CompatibilityLevel 1.5
  /CompressObjects /Off
  /CompressPages true
  /ConvertImagesToIndexed true
  /PassThroughJPEGImages false
  /CreateJobTicket false
  /DefaultRenderingIntent /Default
  /DetectBlends true
  /DetectCurves 0.1000
  /ColorConversionStrategy /sRGB
  /DoThumbnails true
  /EmbedAllFonts true
  /EmbedOpenType false
  /ParseICCProfilesInComments true
  /EmbedJobOptions true
  /DSCReportingLevel 0
  /EmitDSCWarnings false
  /EndPage -1
  /ImageMemory 524288
  /LockDistillerParams true
  /MaxSubsetPct 100
  /Optimize true
  /OPM 1
  /ParseDSCComments false
  /ParseDSCCommentsForDocInfo true
  /PreserveCopyPage true
  /PreserveDICMYKValues true
  /PreserveEPSInfo false
  /PreserveFlatness true
  /PreserveHalftoneInfo false
  /PreserveOPIComments false
  /PreserveOverprintSettings false
  /StartPage 1
  /SubsetFonts true
  /TransferFunctionInfo /Remove
  /UCRandBGInfo /Remove
  /UsePrologue false
  /ColorSettingsFile ()
  /AlwaysEmbed [ true
  ]
  /NeverEmbed [ true
  ]
  /AntiAliasColorImages false
  /CropColorImages true
  /ColorImageMinResolution 150
  /ColorImageMinResolutionPolicy /OK
  /DownsampleColorImages true
  /ColorImageDownsampleType /Bicubic
  /ColorImageResolution 300
  /ColorImageDepth -1
  /ColorImageMinDownsampleDepth 1
  /ColorImageDownsampleThreshold 1.50000
  /EncodeColorImages true
  /ColorImageFilter /DCTEncode
  /AutoFilterColorImages true
  /ColorImageAutoFilterStrategy /JPEG
  /ColorACSImageDict <<
    /QFactor 0.40
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /ColorImageDict <<
    /QFactor 0.40
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /JPEG2000ColorACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /JPEG2000ColorImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /AntiAliasGrayImages false
  /CropGrayImages true
  /GrayImageMinResolution 150
  /GrayImageMinResolutionPolicy /OK
  /DownsampleGrayImages true
  /GrayImageDownsampleType /Bicubic
  /GrayImageResolution 300
  /GrayImageDepth -1
  /GrayImageMinDownsampleDepth 2
  /GrayImageDownsampleThreshold 1.50000
  /EncodeGrayImages true
  /GrayImageFilter /DCTEncode
  /AutoFilterGrayImages true
  /GrayImageAutoFilterStrategy /JPEG
  /GrayACSImageDict <<
    /QFactor 0.40
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /GrayImageDict <<
    /QFactor 0.40
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /JPEG2000GrayACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /JPEG2000GrayImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /AntiAliasMonoImages false
  /CropMonoImages true
  /MonoImageMinResolution 1200
  /MonoImageMinResolutionPolicy /OK
  /DownsampleMonoImages true
  /MonoImageDownsampleType /Bicubic
  /MonoImageResolution 600
  /MonoImageDepth -1
  /MonoImageDownsampleThreshold 1.50000
  /EncodeMonoImages true
  /MonoImageFilter /CCITTFaxEncode
  /MonoImageDict <<
    /K -1
  >>
  /AllowPSXObjects true
  /CheckCompliance [
    /None
  ]
  /PDFX1aCheck false
  /PDFX3Check false
  /PDFXCompliantPDFOnly false
  /PDFXNoTrimBoxError true
  /PDFXTrimBoxToMediaBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXSetBleedBoxToMediaBox true
  /PDFXBleedBoxToTrimBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXOutputIntentProfile (None)
  /PDFXOutputConditionIdentifier ()
  /PDFXOutputCondition ()
  /PDFXRegistryName ()
  /PDFXTrapped /False

  /Description <<
    /ENU ()
  >>
>> setdistillerparams
<<
  /HWResolution [600 600]
  /PageSize [493.483 703.304]
>> setpagedevice


