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Abstract
The Massart (J Cancer Policy 15:70–71, 2018) testimonial illustrates the difficul-
ties faced by patients having survived cancer to access mortgage insurance secur-
ing home loan. Data collected by national registries nevertheless suggest that excess 
mortality due to some types of cancer becomes moderate or even negligible after 
some waiting period. In relation to the insurance laws passed in France and more 
recently in Belgium creating a right to be forgotten for cancer survivors, the pre-
sent study aims to determine the waiting period after which standard premium rates 
become applicable. Compared to the French and Belgian laws, a waiting period 
starting at diagnosis (as recorded in national databases) is favored over a waiting 
period starting at the end of the therapeutic treatment protocol. This aims to avoid 
disputes when a claim is filed. Since diagnosis is often recorded in the official reg-
istry database, as is the case for the Belgian Cancer Registry, its date is reliable and 
unquestionable in case of claim. Based on 28,994 melanoma and thyroid cancer 
cases recorded by the Belgian Cancer Registry, the length of the waiting period is 
assessed with the help of widely-accepted tools from biostatistics, including relative 
survival models and time-to-cure indicators. It turns out for instance that a waiting 
period of 4 years after diagnosis is enough for 30-year-old thyroid cancer patients. 
This appears to be similar to the 3-year period starting at the end of treatment proto-
col according to the Belgian law in such a case.
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1  Introduction

Property loans are often accompanied with mortgage insurance that pays the balance 
of the loan if the mortgagor dies. Coverage is usually awarded in the form of term 
insurance with decreasing sum insured, with the amount of death benefit diminish-
ing as the debt decreases. This is common practice in Belgium, with about 170,000 
new mortgage loans per year, mainly contracted by young adults acquiring their first 
family house (statistics from the Belgian Central Credit Register indicate that 36% 
of new mortgage loans in 2017 were contracted by borrowers younger than 35 and 
about 68% were granted to borrowers younger than 45).

Based on answers to a health questionnaire, insurers evaluate applicant’s health 
status and either impose surcharges in case of impaired lives or refuse to cover the 
risk. Filling such health questionnaires may create frustration for patients having 
survived cancer occurred many years ago. Having repeatedly to answer questions 
related to this disease has psychological consequences and being charged higher pre-
miums or denied coverage generates a feeling of discrimination [45]. This is often 
felt as a double penalty by cancer survivors.

The restricted access to insurance cover is often regarded as a barrier to prop-
erty and home ownership (in case of house loan) and to entrepreneurship (in case 
of professional loan). This lead Belgian authorities to create the Bureau du suivi de 
la tarification assurance solde restant dû (http://www.burea​udusu​ivi.be)—Opvolg-
ingsbureau voor de tarifering schuldsaldoverzekering (http://www.opvol​gings​burea​
u.be) (which could be translated literally as the “Outstanding balance insurance pric-
ing monitoring office”) in 2014, in application of the law on insurance. This body 
reviews health questionnaires used by insurance companies selling mortgage insur-
ance in Belgium and checks whether the proposed premium surcharges or cover 
denials are justified for impaired lives. In 2017, only 16% of the 454 cases submitted 
by insurance applicants to the Bureau resulted in improved policy conditions, as it 
can be read from the annual report published by the Bureau [13].

Faced with a similar situation, France established in 2016 a “droit à l’oubli” 
(translated literally as “right to be forgotten” in the remainder of this text), that is, 
the right for an insurance applicant not to declare a previous cancer after a period of 
10 years starting at the end of the therapeutic protocol. This 10-year waiting period 
is reduced to 5 years if the applicant suffered cancer before the age of 18. These 
periods of 10 and 5 years start from the date of the end of the therapeutic treat-
ment, in absence of relapse within this period. The 10-year length of the waiting 
period is further shortened for several types of cancer (and other non cancer related 
pathologies), as detailed in the reference grid used in France (known as convention 
AERAS, see http://www.aeras​-infos​.fr/cms/sites​/aeras​/accue​il.html) with reduced 
duration after which survivors have access to the right to be forgotten. After this 
period, insurance companies cannot take the pathology into account in risk assess-
ment and cannot refuse the insurance, nor impose a premium surcharge because of 
the pathology.

A similar rule has been introduced in Belgium in a law dated April 4, 2019 
(published in the Official Journal on April 18, 2019) for home-related and 

http://www.bureaudusuivi.be
http://www.opvolgingsbureau.be
http://www.opvolgingsbureau.be
http://www.aeras-infos.fr/cms/sites/aeras/accueil.html
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professional mortgage insurance. Despite clear similarities, the right to be for-
gotten established in Belgium differs from its French counterpart in an impor-
tant way. Cancer survivors must still declare their pathology to insurance compa-
nies when applying for mortgage insurance in Belgium but the decision to grant 
coverage cannot be based on this information. Besides this right to not declare 
(in France) or to declare but without consequences (in Belgium) a cancer after a 
given waiting period, the premium surcharges may also be prohibited or limited 
for some cancer types. This has been implemented in Belgium in a Royal decree 
published in the Belgian Official Journal on June 14, 2019.

Although the establishment of such a right to be forgotten in Belgium is 
clearly an improvement for cancer survivors, there is most probably room for fur-
ther reducing the waiting period for some cancer types. Also, there remains some 
ambiguity about what is considered as treatment and thus what marks the end of 
the therapeutic protocol. Since all cancer cases (and date of diagnosis) must be 
recorded in a national database in Belgium and many other EU countries, defin-
ing the start of the waiting period at the recorded date of diagnosis would cer-
tainly avoid endless discussions when a claim is filed.

There is abundant literature on cancer survival in biostatistical and medical 
studies. However, this topic has been the subject of few actuarial papers beyond 
those dealing with the assessment of extra mortality after  Haberman and Ren-
shaw [35] and Renshaw [58], such as Dodd et al. [26]. Let us briefly discuss some 
of the contributions on pricing life insurance specifically for cancer patients that 
appeared in the actuarial literature.

Lemaire et  al.  [42] considered term life pricing in the presence of a family 
history of breast or ovarian cancer. These authors found that while many women 
with a family history of breast or ovarian cancer can be accepted at standard rates, 
women with two family members with cancer or one first-degree relative with 
cancer at an early age show substantial mortality increases (up to 100%) and can 
thus probably only be accepted at higher premium rates. Moreover, the authors 
also found that mortality increases for women with the BRCA1 or BRCA2 gene 
mutation (a malfunction which results in cells more likely to develop additional 
genetic alterations that can lead to cancer) reach 150% and can thus possibly only 
be accepted at a premium rate that incorporates a severe mortality surcharge.

Using 10-year and 20-year term life products, Shang [62] calculated the single 
premium for breast cancer patients and found that both the average and minimum 
premium of the sample cancer patients to be much higher than standard premium, 
with the minimum premium still being close to 40% of the sum insured for the 
least risky patients. In order to improve the affordability of insurance products for 
cancer patients, Shang [62] also suggested to set a waiting period during which no 
death claims will be paid. Since many deaths happen during the first years after 
diagnosis, a waiting period reduces the mortality risk and thus the net premium. 
For instance, for a 20-year term life product with sum insured 10,000 contracted 
by a 40-year-old cancer patient, a waiting period of 1, 2 and 3 years reduces the 
average premium by, respectively, 24.85%, 41.48% and 51.05% compared to no 
waiting period, according to the calculations by Shang [62].
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The present paper concentrates on the determination of the length of the waiting 
period embedded in the right to be forgotten, that is, the minimum duration before 
the applicant can be covered at standard premium rate. To this end, we apply several 
widely-accepted tools from biostatistics in order to assess excess mortality. We concen-
trate on melanoma (ICD-10 C43) and thyroid (ICD-10 C73.9) tumors for the sake of 
illustration, leaving other types of cancer for future research. These two types of cancer 
(called cancer sites) were selected to get a significant number of incidences occurring 
before the age of 40 (mortgage insurance applicants being rather young) and as they 
lead to a fraction of the patients who have a chance of survival close to cancer-free 
patients. We were thus looking for cancers with a relatively high survival rate or high 
cured rate. Our analysis is based on 28,994 cancer cases recorded by the Belgian Can-
cer Registry (BCR): 19,848 melanoma and 9146 thyroid tumors, diagnosed between 
2004 and 2016.

Based on survival data recorded by the Belgian Cancer Registry, the present paper 
aims

•	 to show that for some types of cancer (with melanoma and thyroid as examples), 
survivors actually have a survival comparable to that of the general population, that 
is, excess mortality is negligible.

•	 to demonstrate that patients having survived long enough to some types of cancer 
(still with melanoma and thyroid as examples) can access life insurance market at 
standard insurance rates, contrarily to the common belief within the actuarial com-
munity. The technical waiting period appears to be relatively short, and shorter 
compared to the 10-year period specified in the law.

In addition, we promote a waiting period starting at diagnosis rather than at the end of 
the therapeutic treatment protocol in order to avoid disputes in case of death. Indeed, 
diagnosis is recorded in databases maintained by official bodies within the European 
Union. The results obtained in the present study appear to be particularly encouraging 
as they suggest a considerable shortening of the 10-year waiting period for some types 
of cancer.

The remainder of this paper is structured as follows. Section 2 presents the data used 
to perform the present study. Sections 3 and 4 apply several tools from biostatistics to 
assess the length of the waiting period, with a focus on the estimation of the survival of 
cancer patients in Sect. 3 and concentrating rather on the time after which we can con-
sider the patients still alive as “cured” in Sect. 4. Comparisons with standard premium 
rates based on life tables generally used on the Belgian market are provided in Sect. 5. 
The final section (Sect. 6) concludes the paper with a discussion.
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2 � Data sources

2.1 � Belgian Cancer Registry (BCR)

The Belgian Cancer Registry (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, BCR relies on its own specific legislation.

In this study, we restrict our analysis to two cancer sites, as explained in the 
introductory section. We also limit our analyses to patients from 20 to 69 years 
old at time of diagnosis since the right to be forgotten mainly concerns young 
adults and active life. A total of 19,848 cases of melanoma and 9146 cases of 
thyroid cancer diagnosed between 2004 and 2016 were followed-up until the 1st 
of July 2018. Follow-up thus varied from 2 years for patients diagnosed in 2016 
to 14 years for those diagnosed in 2004. Patients without a national security num-
ber (INSZ/NISS) were excluded from our analyses, as we have no vital status 
on these patients. Patients lost to follow-up (mostly due to moving abroad) and 
patients still alive at the end of the follow-up period were censored. Table 1 sum-
marizes the percentage of lost to follow-up before the 1st of July 2018 in each 
remaining subgroup together with the number of included cases. The fraction 
of patients lost to follow-up per subgroup varied from 1.04% for women with 
melanoma cancer aged 50–69 to 4.41% for male melanoma cancer patients aged 
20–34. The total fraction of patients lost to follow-up cases, regardless of gender, 
site or age group was 1.87%. The analyses were conducted separately for women 
and men, representing 65.13% and 34.87% of all cases respectively, and age at 
diagnosis was included as a covariate, continuous or categorical depending on 
the approach. Age at diagnosis ranges from 20 to 69 years and 3 age groups were 
considered: 20–34, 35–49 and 50–69.

Table 1   Numbers of melanoma 
and thyroid cancer cases 
diagnosed in Belgium between 
2004 and 2016 (BCR data) by 
gender, site and age group, with 
percentage of lost to follow-up

Gender Cancer site Age at diagnosis Lost to 
follow-up 
(%)

Number 
of cases 
included

Women Melanoma 20–34 3.44 1863
35–49 1.07 4386
50–69 1.04 5786

Thyroid 20–34 3.07 1204
35–49 2.66 2596
50–69 1.67 3048

Men Melanoma 20–34 3.45 725
35–49 2.29 2360
50–69 1.84 4728

Thyroid 20–34 3.30 273
35–49 2.49 724
50–69 1.69 1301

Total 1.87 28,994
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2.2 � General population

In order to estimate excess cancer mortality, mortality in the cancer population 
must be compared to the expected mortality in the general population. Belgian 
population life tables, obtained from Statbel (the Belgian statistical office), were 
used to estimate expected mortality in the general population. Gender-specific 
mortality rates for the period 2004–2018 (by single year of age) have been 
smoothed in two dimensions to remove erratic variations. The surface smooth-
ing was performed with the SAS procedure PROC LOESS using local linear pol-
ynomials weighted by population size [19–21].

3 � Survival of cancer patients

3.1 � Overall survival

In this paper, we analyze survival (i.e., time to death) for cancer patients beyond 
diagnosis according to a number of covariates summarized into the vector Z . 
Specifically, T  denotes the remaining lifetime at diagnosis. Given Z = z , T has 
probability density function f (⋅|z) , distribution function F(⋅|z) , survival function 
S(⋅|z) = 1 − F(⋅|z) , and hazard rate, or force of mortality �(⋅|z) = f (⋅|z)∕S(⋅|z) . 
Contrarily to insurance studies, T denotes the remaining lifetime since diagnosis 
and age at diagnosis is included in the covariates (attained age is thus obtained 
by summing age at diagnosis and survival time). This is why we refrain here 
from complying with the international actuarial notation for survival probabili-
ties and force of mortality (when computing premiums in Sect. 5, we will revert 
back to the actuarial notation).

The non-parametric Kaplan–Meier [38] estimator is used here to estimate 
the overall survival function S(⋅) , without distinguishing according to causes of 
death [5]. Estimated overall survival probabilities according to gender and site 
(melanoma and thyroid) are detailed in Table  2 and illustrated in Fig.  1. The 
10-year overall survival probabilities range from 0.774 (with 95% confidence 
interval [0.762–0.786]) for men with melanoma cancer to 0.93 (with 95% CI 
[0.922–0.938]) for women with thyroid cancer (see Table  2). Remember that 
overall survival probabilities take into account all causes of deaths, that is, both 
cancer and non-cancer related deaths are considered.

In addition to the two curves for women and men in Figs.  1 and 2, a third 
curve including both sexes (denoted “Belgium”) is also drawn for the simple 
reason that that since December 21, 2012, the European directive on equality 
between men and women also applies to outstanding balance insurance, so the 
gender no longer has an influence on the premiums. Therefore, we believe it is 
of interest for insurance companies to visualize these survival probabilities for 
both sexes combined.



141

1 3

Waiting period from diagnosis for mortgage insurance issued…

3.2 � Relative survival

Information on cause of death due to cancer is often unavailable or unreliable and 
not all deaths can be easily classified as deaths due to the cancer of interest or due 
to another cause [50]. Relative survival, which does not require information on the 
cause of death, provides a measure of the excess mortality experienced by cancer 
patients by comparing the mortality in the cancer population with the mortality in 
the general population. This led the relative survival to become the standard meas-
ure of patient survival for population-based cancer registries, as shown by its promi-
nence around the world in studies related to cancer survival [8, 22, 49, 52, 53, 59].

Relative survival models are divided into two types; (i) additive models and 
(ii) multiplicative models; see e.g. Pohar and Stare [54]. Despite the wide accept-
ance of multiplicative specifications within the actuarial community, it turns out 
that additive models are biologically more plausible in cancer studies and pro-
vide a better fit to the data [10, 12, 25, 29, 36]. The additive specification is thus 

Fig. 1   Estimated overall survival probability by gender and site using the non-parametric Kaplan–Meier 
([38]) estimator

Table 2   Estimated overall survival probabilities by gender and site using the non-parametric Kaplan–
Meier estimator at 5 and 10 years after diagnosis, Ŝ(t = 5) and Ŝ(t = 10) , with their confidence interval 
(CI) at 95% level

Sex Cancer site Ŝ(t = 5) CI
95% Ŝ(t = 10) CI

95%

Women Melanoma 0.928 (0.923–0.933) 0.885 (0.878–0.893)
Thyroid 0.961 (0.956–0.966) 0.930 (0.922–0.938)

Men Melanoma 0.847 (0.838–0.855) 0.774 (0.762–0.786)
Thyroid 0.915 (0.903–0.927) 0.839 (0.820–0.860)
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favored here. The hazard rate at time t  since diagnosis for cancer patients with 
covariate vector Z , is decomposed into two additive components: the population 
hazard based on available patient’s characteristics Z = z , denoted as �P(⋅|z) , and 
the excess hazard specific for the disease of interest, denoted as �E(⋅|z) . Formally,

From this expression, relative survival model (3.1) can be written as

where the relative survival function r(⋅|z) is defined as

In words, the relative survival function r(⋅|z) corresponds to the ratio of the survival 
function of the studied group S(⋅|z) to the survival function of a comparable group 
(i.e., with the same characteristics) from the general population SP(⋅|z) [25].

In (3.1), �P(⋅|z) is usually estimated on the basis of external data such as popu-
lation life tables, which are usually stratified according to the main factors affect-
ing patient survival such as age, gender, and calendar year. As population life 
tables take into account all deaths, those due to the cancer of interest are thus 
also included. However, it is assumed that this does not influence the estimated 
ratio as mortality for a given cancer represents only a small fraction of the over-
all mortality. Correcting for this over-representation of the cancer being studied 
has, in practice, an insignificant effect on estimates of expected survival [30]. 
Oksanen  [47] shows that this holds even for common cancers such as prostate 
cancer.

(3.1)�(t|z) = �P(t|z) + �E(t|z).

S(t|z) = SP(t|z)r(t|z)

(3.2)r(t|z) = S(t|z)
SP(t|z)

.

Fig. 2   Net survival by gender and site using the non-parametric Perme et al. [52] estimator
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Net survival is a measure of patient survival corrected for the effect of other 
causes of death [25]. It represents the (hypothetical) survival that would be 
observed if the only possible cause of death was the disease of interest [6, 60]. If 
we are in a situation where we only have data from (a sample of) our sub-popu-
lation of interest (e.g., cancer patients) but we have information on the cause of 
death, then estimation methods for net survival, sometimes referred then as mar-
ginal survival [see Geskus 33], can be estimated in a competing risks framework. 
However, unbiased estimate of this net or marginal (cause-specific) survival can 
only be obtained if one can assume independence of the censoring due to death 
from other causes [40, 60]. On the other hand, net survival can also be estimated 
when the cause of death is unknown by making use of information from the gen-
eral population. In this different framework, net survival can then be estimated 
using the relative survival method. Since the BCR does not collect information 
on the cause of death, we are in this latter situation. The net survival function is 
thus derived from the excess mortality hazard �E(⋅|z) . Formally, it is defined as

Depending on �E(⋅|z) , Sn(⋅|z) may be a proper survival function but this is not neces-
sarily the case.

There are several approaches to estimate net survival of a cohort of patients in 
a relative survival framework. Danieli et  al. [24] showed that only two of them 
provide unbiased estimates of net survival: (i) the non-parametric  Perme et  al. 
[52] estimator and (ii) the excess risk based on an adjusted modeling on the 
demographic variables of the life tables. We used the non-parametric Perme et al. 
[52] estimator to estimate net survival as recommended by Danieli et al. [24] for 
population based studies.

Net survival probabilities by gender and site are illustrated in Fig. 2, while net 
survival by age group and site is displayed in Fig.  3. Numerical values are listed 
in Table  3. The net survival functions reach a plateau for both sites and genders, 
which is indicative for ‘cure’ of cancer. The estimated survival curves staying practi-
cally constant after 5 years since diagnosis indicates that the excess hazard of dying 
compared to the general population becomes negligible after only a few years after 
diagnosis. This suggests that a waiting period of moderate length would be enough 
to apply standard life insurance rates for the cancers under consideration.

Net survival by site and age group (both sexes combined, Fig. 3) follows a quite 
expected path for melanoma cancer patients (left panel): younger patients have a 
better net survival compared to older patients. In particular, the 5-year and 10-year 
net survival probabilities for patients aged 20–34 were respectively 0.959 (with 
95% confidence interval [0.951–0.968]) and 0.943 (with 95% confidence interval 
[0.932–0.955]), meaning that for this age group (which is typically the age at which 
one starts a loan), patients’ survival is close to that of the general population. Net 
survival by age group for thyroid cancer patients (right panel of Fig. 3) yields even 
more promising results in the context of mortgage loans as the age group which is 
most likely to subscribe to such financial products (20–34 years) has a 5-year and 

(3.3)Sn(t|z) = exp

(
− ∫

t

0

�E(u|z)du
)
.



144	 A. Soetewey et al.

1 3

10-year net survival probabilities of respectively 0.998 (with 95% confidence inter-
val [0.995–1) and 0.996 (with 95% confidence interval [0.989–1]).

Net survival by gender, site and age group (Table 3) indicates a highly favorable 
outcome for women and men diagnosed with thyroid cancer and aged 20–34. For 
both subgroups, the 95% confidence interval for net survival at 10 years after diag-
nosis indicate that a net survival equal to that of the general population cannot be 
rejected at the 5% significance level.

Regarding the gap between women and men for the net survival curves (in par-
ticular for melanoma cancer patients), we do not have a clear explanation for these 

Fig. 3   Net survival by age group and site using the non-parametric Perme et al. [52] estimator

Table 3   Net survival probabilities by gender, site and age group using the non-parametric [52] estimator 
at 5 and 10 years after diagnosis, Ŝ

n
(t = 5) and Ŝ

n
(t = 10) , with their confidence intervals at 95% level

Gender Cancer site Age at diagnosis Ŝn(t = 5) CI
95% Ŝn(t = 10) CI

95%

Women Melanoma 20–34 0.974 (0.966–0.982) 0.963 (0.951–0.974)
35–49 0.956 (0.949–0.963) 0.936 (0.925–0.946)
50–69 0.927 (0.918–0.936) 0.907 (0.893–0.922)

Thyroid 20-34 0.998 (0.995–1.000) 0.997 (0.990–1.000)
35–49 0.992 (0.987–0.997) 0.990 (0.981–0.998)
50–69 0.958 (0.948–0.968) 0.941 (0.924–0.959)

Men Melanoma 20–34 0.921 (0.901–0.942) 0.894 (0.868-0.921)
35–49 0.899 (0.886–0.913) 0.871 (0.853–0.890)
50–69 0.871 (0.859–0.884) 0.849 (0.828–0.870)

Thyroid 20-34 0.997 (0.987–1.010) 0.989 (0.968–1.010)
35–49 0.972 (0.957–0.987) 0.932 (0.901–0.964)
50–69 0.928 (0.908–0.949) 0.895 (0.858–0.933)
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differences in survival probability. However, although stage distribution is very sim-
ilar across gender, The Belgian Cancer Registry [64], in agreement with Balch et al. 
[4], showed that compared to men, females have more often melanoma on the arms 
or legs which has a better prognosis. This partly explains the difference in survival 
for melanoma cancer patients.

Using data provided by the French network of cancer registries (FRANCIM), 
Boussari et al. [11] found very similar results for thyroid cancer patients diagnosed 
between 1995 and 2010. They obtained a 10-year net survival of 0.99 (95% CI 
[0.99–1.00]) for women aged 15–45, and 0.98 (95% CI [0.96–0.99]) for men of the 
same age group. Their results are also very close to ours when comparing patients 
aged 45–55: a 10-year net survival of 0.99 (95% CI [0.98–1.00]) for women, and 
0.92 (95% CI [0.88–0.95]) for men. In another study including melanoma cancer 
patients diagnosed between 1989 and 2004 by the French registries, Jooste et al. [37] 
obtained a 10-year net survival for men and women aged 15-45 of 0.81 (95% CI 
[0.78–0.84]) and 0.91 (95% CI [0.89–0.93]), respectively.

3.3 � Proportional excess hazards

Previous sections suggested that some patients actually have a survival comparable 
to that of the general population. In the following sections, we confirm these find-
ings from the point of view of the excess hazard.

Esteve et al. [29] proposed a maximum likelihood method for estimating net sur-
vival via the modeling of the excess hazard. The excess hazard �E(t|z) to be esti-
mated is represented as

where � is the log hazard ratio corresponding to the covariates, Ik(t) the indicator 
function for the kth interval (after splitting the follow-up time into short time inter-
vals) and �k the net baseline hazard rate in that interval for patients with z = 0.

A maximum likelihood approach to estimate parameters of model (3.4) is avail-
able in the relsurv package [51, 54] in R [56]. Fitting two models to our data (one 
for each cancer site) with age group (50–69 years old taken as the reference cat-
egory) and follow-up (with intervals of 5 years) as covariates, we obtain the results 
presented in Tables 4 and 5. The coefficient estimates �̂  and their standard errors are 
displayed in the second column, p-values are reported in the last column. Note that 
the significance is largely impacted by the large sample size.

For both cancer sites, being a woman and being younger at the time of diagnosis 
are good prognostic factors.

3.4 � Flexible parametric model

Model (3.4) is based on the assumption of proportional excess hazards, which con-
strains the hazard ratio to be constant over the follow-up time [34]. Nonetheless, in 

(3.4)log(𝜆E(t|z)) = (�⊤
z) + log

( m∑

k=1

𝜏kIk(t)

)
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cancer survival, the effects of prognostic factors often vary with time since diagnosis 
[25, 55] and it is well known that the linearity assumption of covariates may be too 
strong and not always verified in practice [46]. As an example with the variable age, 
the effect on hazards of an increase of one year is often different for patients aged 18 
or 60. This is why Remontet et al. [57] and Fauvernier et al. [31, 32] extended the 
model proposed by Esteve et al. [29] to account for non-linear and non-proportional 
effects of covariates. This model also allows (i) a flexible modeling of the baseline 
hazard and (ii) a flexible interaction between several covariates adopting a multidi-
mensional penalized splines approach. This leads to the specification

where gj(⋅, ⋅) are uni- or multidimensional penalized spline functions and each func-
tion gj(⋅, ⋅) can be the marginal basis of time, the marginal basis of a covariate or the 
tensor product of the marginal bases of any number of elements of (t, z) [32]. This 
model has the advantage that the splines bring the flexibility needed for modeling 
the hazard and inclusion of penalty terms allows to control this flexibility for smooth 
estimation [as suggested by Eilers and Marx 27].

Several flexible models to estimate excess hazard were considered in this paper:

•	 baseline hazard only (BH) model:
	   Equation (3.4) without the (�⊤

z) term, as it considers an excess hazard in each 
interval and no other covariates

•	 linear and proportional hazard (LPH) model:

(3.5)log(�E(t|z)) =
J∑

j=1

gj(t, z)

Table 4   Results of model (3.4) 
fitted to melanoma cancer data

Covariates �̂  (S.E.) p-value

Gender Women − 0.759 (0.060) < 0.001

Agegr 20–34 − 0.741 (0.105) < 0.001

Agegr 35–49 − 0.349 (0.064) < 0.001

fu [0,5) − 3.507 (0.045) < 0.001

fu [5,10) − 4.590 (0.105) < 0.001

fu [10,14] − 5.334 (0.420) < 0.001

Table 5   Results of model (3.4) 
fitted to thyroid cancer data

Covariates �̂  (S.E.) p-value

Gender Women − 0.754 (0.169) < 0.001

Agegr 20–34 − 2.864 (0.703) < 0.001

Agegr 35–49 − 1.252 (0.213) < 0.001

fu [0,5) − 4.086 (0.129) < 0.001

fu [5,10) − 5.089 (0.314) < 0.001

fu [10,14] − 5.276 (0.867) < 0.001
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	   log(�E(t|z)) = f (t) + age

•	 linear and non-proportional hazard (LNPH) model:
	   log(�E(t|z)) = f (t) + age + g(t) ⋅ age
•	 non-linear and proportional hazard (NLPH) model:
	   log(�E(t|z)) = f (t) + g(age)
•	 non-linear and non-proportional hazard (NLNPH) model:
	   log(�E(t|z)) = f (t) + g(age) + g(t) ⋅ age

with f(t) the flexible parametric function for the baseline/reference hazard as a 
function of time and g(z) the (non-)linear function of the covariates.

We fitted all these models and compared them based on a likelihood ratio test. 
The remaining of this section is based on the NLNPH model, deemed the best 
one according to likelihood ratio test. Excess hazard, assuming non-linear and 
non-proportional hazard for age at diagnosis, are estimated using the flexrsurv 
package [18] in R.

As previously suggested, for both cancer sites, excess mortality hazard 
increases with age at diagnosis and decreases with time since diagnosis (Fig. 4). 
For thyroid cancer patients, excess hazard at the time of diagnosis is approxi-
mately 0.15 for patients aged 65 and is close to 0 for patients aged 40 and below. 
From 4 to 10 years after diagnosis, excess hazard remains constant and is close 
to 0 for all ages. Beyond 10 years after diagnosis, excess hazard slightly bends 
up but remains small. This observation can also be an artefact of the spline func-
tion, which is “unbounded” at the end (a higher order degree for the spline func-
tion can produce this upwards bend). For melanoma cancer patients, excess haz-
ard at the time of diagnosis is approximately 0.035 for patients aged 65 and is 
close to 0 for the youngest patients. For all ages, excess hazard peaks at 1 year 

Fig. 4   Excess hazard by age and cancer site estimated with a non-linear and non-proportional hazard 
model
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after diagnosis before decreasing until it becomes negligible, around 8 years after 
diagnosis.

3.5 � Cure models

Cure models are a specific class of survival models which assume that a fraction 
of the subjects will never develop the event of interest, here death due to cancer. 
Such models have been used in different fields such as economics (e.g., time until 
an unemployed person finds a new job), engineering (e.g., time until a machine or 
device fails), finance (e.g., time until a bank goes bankrupt), marketing (e.g., time 
until a client buys a new product), for instance. In our context, cure models can 
be used to determine cancer patients who are considered as “long-term survivors” 
and those who are not [44, 48]. The long-term survivors are still often referred to 
as “cured subjects” in the literature as a consequence of the name of this class of 
models. Cure models are particularly suitable for some cancer sites because if the 
treatment is successful, the patient will never suffer a relapse of the disease. It is 
also particularly suitable for less aggressive cancers such as, among others, the two 
considered in this paper because a considerable percentage of subjects exhibits long-
term survival.

There are two main types of cure models in the literature: (i) mixture cure models 
(the most common type, based on the seminal work by Boag and Berkson and Gage 
[7, 9]) and (ii) non-mixture cure models [66, 16, 65]; see Amico and Van Keilegom 
[1] for a recent overview. In the present paper, we consider only the family of mix-
ture cure models. In this approach, the patient population is considered as a mix of 
two types of patients, that is, long-term survivors who will never die of their cancer 
and the uncured patients who, if not censored, will die of their cancer [39]. In the 
global survival setting, the mixture cure model is specified as follows:

where � is the proportion of patients that are long-term survivors and Su(⋅) the sur-
vival function of the uncured population. Both � and Su(⋅) can then be modeled to 
depend on covariates. Cure models can be a useful alternative to standard survival 
models for cancers with a strong medical evidence and a confirmation in the data for 
the presence of long-term survivors [41]. In the relative survival setting, cure mod-
els also allow to determine the proportion of statistically cured cases and survival 
time of the fatal cases [63].

The estimated proportion of cured cases and mean survival time of fatal cases for 
the two cancer sites considered (melanoma and thyroid), using a mixture cure model 
are given in Table 6. Note that NAs for young age groups are due to an insufficient 
number of cases.

The estimated cured proportion ranges from 84.99% ( CI95% [84.65, 85.33]) for 
men with melanoma cancer aged 50–69 to 99.86% ( CI95% [99.82, 99.90]) for women 
with thyroid cancer aged 20-34. The estimated mean survival time of fatal cases 
ranges from 0.47 years ( CI95% [− 0.18, 1.12]) for women with thyroid cancer aged 
20–34 to 10.57 years ( CI95% [1.32, 19.81]) for men with thyroid cancer aged 35–49. 

S(t) = � + (1 − �)Su(t),
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Moreover, higher age at diagnosis is correlated with lower cured proportions, except 
for men with thyroid cancer from the oldest age group.

Using data on 818,902 Italian cancer patients diagnosed between 1985 and 2005, 
Dal Maso et  al. [23] also found encouraging results for thyroid cancer patients, 
with an estimated cured fraction of 99% and 95% for women and men aged 15–45, 
respectively. Regarding melanoma cancer patients, the results on Italian data are 
somewhat lower than the estimations presented in this work, with a cured proportion 
of 85% and 77% for women and men aged 15–45, respectively. The fact that we are 
using a more recent incidence period may partly explain these improved results.

4 � Time‑to‑cure

The time-to-cure (TTC) is generally referred as the time after which patients can 
be considered as long-term survivors. Different approaches to define TTC have 
emerged in the literature. We highlight three of them. Firstly, [15] defined TTCC as 
the time at which “almost” (that is, 1 − � , with � small enough usually ranging from 
0.1 to 0.01) all uncured patients would have died. From that time onwards, the num-
ber of deaths attributable to the cancer of interest becomes negligible.

Secondly, Dal Maso et al. [23] define TTCD as the shortest time after diagnosis at 
which the 5-year conditional net survival (defined as the ratio between net survival 
at time t + 5 years and net survival at time t) is close to 1.

Thirdly, Boussari et al. [11] defined TTCB as the shortest time from which the 
conditional probability of being cured at a given time t  after diagnosis knowing 

Table 6   Estimated cured fractions (in %) and mean survival time (in year) for the fatal cases by gender, 
site and age group, with their 95% confidence intervals

Estimated mean T = Estimated mean survival time of fatal cases. NAs for young age groups are due to 
an insufficient number of cases

Gender Cancer site Age at diag-
nosis

Estimated 
cured frac-
tion

CI
95% Estimated mean 

T
CI

95%

Women Melanoma 20–34 96.53 (96.33, 96.72) 3.81 (3.46, 4.22)
35–49 93.28 (92.94, 93.63) 4.49 (4.04, 5.03)
50–69 90.01 (89.49, 90.53) 3.93 (3.50, 4.46)

Thyroid 20–34 99.86 (99.82, 99.90) 0.47 (− 0.18, 1.12)
35–49 99.03 (98.82, 99.23) 4.87 (3.03, 6.71)
50–69 95.73 (95.39, 96.07) 1.40 (1.02, 1.78)

Men Melanoma 20–34 88.77 (88.21, 89.32) 3.54 (3.12, 4.07)
35–49 86.28 (85.77, 86.78) 3.83 (3.52, 4.20)
50–69 84.99 (84.65, 85.33) 2.94 (2.79, 3.10)

Thyroid 20–34 NA NA NA NA
35–49 91.96 (86.99, 96.93) 10.57 (1.32, 19.81)
50–69 92.87 (92.34, 93.41) 0.96 (0.67, 1.25)
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that the patient was alive up to time t  is close to 1, that is TTCB is the smallest 
value of t  such that, for some given (small) value of �

where � is the proportion of cured patients and is estimated from the relative sur-
vival with the hypothesis of cure.

The main advantage of TTC is that, although the results may depend on the 
chosen definition, it is a simple and straightforward indicator to set the time after 
which a patient who had cancer should not be penalized anymore when applying 
for mortgage insurance.

In this paper, we focus on TTCB for several reasons. First, TTCB depends 
on both the cure proportion and the survival of the uncured, so it is less influ-
enced by high early excess mortality. Second, TTCB has the advantage of being 
an increasing function of time, therefore, it is not sensitive to a temporary pla-
teau effect (that is, net survival curve flattening before decreasing again). Third, 
estimating TTCB requires a 5-year shorter follow-up than TTCD , which is a clear 
advantage of TTCB over TTCD [11].

Time-to-cure TTCB was estimated using the rstpm2 package [17] in R. 
Table  7 presents estimated TTCB (with � = 0.05 and � = 0.01 ) in years and the 
cure proportion in percentage for each subgroup.

In the following we interpret only TTCB with � = 0.05 . Results of TTCB with 
� = 0.01 are still presented for the sake of comparison and completeness. From 
Table 7 we see that while TTCB increases with age, ranging from a few days (0.01 
year) for the youngest age groups to almost 3.5 years for the oldest age group 
of male melanoma cancer patients, cure proportion decreases with age, ranging 
from 99.75% for women aged 20–34 with thyroid cancer to 84.77% for men aged 
50–69 with melanoma cancer. With this approach, the subgroups that stand out 
the most are the ones with a small TTCB (and confidence intervals as narrow as 
possible to decrease uncertainty as much as possible) and a large proportion of 
long-term survivors. Among all subgroups considered, this is the case especially 
for women with melanoma cancer aged 20–34 ( ̂TTCB = 0.01 with 95% confidence 
interval [0.00–1.18] and estimated cure proportion = 96.75%).

Figure  5 illustrates the cure proportion obtained from a cure model and the 
TTCB ( � = 0.05 ) by age group and gender for both cancer sites. We can easily 
classify points into two clusters; the ones in the upper left corner with the best 
possible outcomes in terms of TTCB and cure proportion and the others. Among 
melanoma cancer patients, women aged under 50 belong to this group with 
favorable outcomes, whereas for thyroid cancer patients, women of all ages and 
men aged under 50 belong to this group.

Similar results for thyroid cancer patients have been obtained by Boussari et al. 
[11] on FRANCIM data. They also found that women aged 15–65 and men aged 
15–45 have highly favorable outcomes, that is, a cure proportion close to 100% 
and a TTCB close to 0.

(4.1)
�

S(t)
=

�

� + (1 − �)Su(t)
≥ 1 − �,
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5 � Application to mortgage insurance

All results obtained so far suggest that, for melanoma and thyroid cancer patients, 
excess mortality becomes negligible after some waiting period. In this section, we 
determine the length of such a waiting period as the time needed to get back to 
standard premium rates. Henceforth, standard rates correspond to premiums com-
puted according to life tables commonly used on the Belgian market:

•	 regulatory life table XK applying to insurance products comprising benefits in 
case of death (formally, XK defines minimum premium amount for policies with 
a positive sum at risk). This life table is conservative and generates a relatively 
high safety loading.

•	 experience market life table published by the National Bank of Belgium (NBB). 
These life tables reflect the mortality observed on the market, within portfolios of 
companies controlled by NBB. There is no safety loading and insurers are only 
allowed to apply premium rates resulting from NBB tables for relatively short 
periods of time (rates are subject to revision in case the observed mortality on the 
market changes over time).

We also include premium rates calculated from general population life table pub-
lished by Statbel, for the sake of comparison. Term life premiums are smaller for 
NBB life tables and larger for XK life table, Statbel life tables falling in between 
because of the higher socio-economic profile of the insured population. Premium 
rates for cancer patients are computed from the excess mortality hazards estimated 
with the help of the flexible parametric model discussed in Sect. 3.4, according to 
the time elapsed since diagnosis.

Fig. 5   Cure proportion versus time-to-cure (in years, with � = 0.05 ) by gender and age group at diagno-
sis in patients diagnosed with melanoma and thyroid cancer
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Consider a mortgage insurance applicant aged x borrowing an amount of 100,000 
at interest rate 2% for a duration � . At time t, the amount of the loan that has not been 
amortized is denoted as c(t). This loan is secured by mortgage insurance, repaying 
the lender the amount c(t) in case the policyholder dies at time t. The expected pre-
sent value (EPV) of benefits paid in case of death is thus equal to

where c(t) is the amount of benefit in case of death at time t (which is in our case, a 
decreasing sum insured corresponding to the amount of the loan not yet amortized), 
v(0, t) is the present value at time 0 of a unit payment made at time t (the discount 
factor), tpx is the t-year survival probability for a policyholder aged x and �x+t is the 
force of mortality at attained age x + t.

In case the applicant suffered from cancer, we have to relate tpx and �x+t enter-
ing the formula to the survival function and hazard rate estimated in the preceding 
sections. To this end, we assume that the applicant aged x has been diagnosed with 
cancer at age x − w . We then have

with S(.) and �(.) being estimated from the NLNPH model (eq (3.5)) discussed in 
Sect. 3.4.

This allows us to compute EPV(w) according to (5.1) for each candidate wait-
ing period w after diagnosis and to select the smallest w such that EPV(w) becomes 
close to the value computed from the XK life table (assuming that cancer patients 
are priced with the regulatory life table XK and that the market can absorb the extra 
mortality burden corresponding to the difference between XK and NBB life tables).

Consider a home loan of duration 20 years. A cancer patient aged 30 and another 
aged 50 apply for mortgage insurance, with technical interest rate of 1% and a term 
of 20 years. These characteristics have been chosen as they represent a rather stand-
ard setting and other scenarios revealed similar patterns when considering different 
ages between 18 and 50. EPV based on XK, NBB and Statbel life tables have been 
computed to compare it with EPV(w) for a cancer patient diagnosed with melanoma 
or thyroid cancer at ages 30-w and 50-w. Results are illustrated in Fig.  6. Notice 
that EPV are presented for both genders combined, as XK life table applies to both 
sexes and insurance companies operating in the European Union are not allowed to 
account for gender in pricing.

Results show that EPV of a 30-year-old patient approaches EPV based on XK 
life table about 9 years after diagnosis for melanoma cancer patients and after 
slightly less than 1 year for thyroid cancer patients. For a 30-year-old patient with 
melanoma cancer, the EPV never reaches within our time period the EPV based 
on NBB and Statbel life tables. For a 30-year-old patient with thyroid cancer, 
the EPV goes below the lowest EPV (based on NBB life table) as early as about 

(5.1)EPV = ∫
�

0

c(t)v(0, t)tpx�x+tdt

tpx =
S(w + t|age at diagnosis = x − w)

S(w|age at diagnosis = x − w)

�x+t =�(w + t|age at diagnosis = x − w).
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4 years after diagnosis. For a 50-year-old patient with melanoma cancer, EPV 
reaches the same level than the one based on XK life table 3 years after diagno-
sis, and reaches the lowest level (based on NBB life table) less than 8 years after 
diagnosis. Finally, for a 50-year-old patient with thyroid cancer, EPV reaches XK 
level 1 year after diagnosis, then stays below the lowest EPV 3 years after diag-
nosis. This is in line with the reduced waiting periods published in the Royal 
decree on June 14, 2019, where a duration of 3 years applies in this case. There 
is however a fundamental difference in the approach because the waiting period 
starts at diagnosis in the present study whereas it starts at the end of the treatment 
protocol according to the law.

The improvement for melanoma cancer patients is not as substantial as for thy-
roid cancer patients since the time period is close to 9 and 3 years for 30 and 
50-year-old patients, respectively. Nonetheless, it remains advantageous for 
patients since the 9 and 3-year period starts from the date of diagnosis and not 
at the end of the therapeutic treatment. Note that, at first glance there seems to 
be an advantage for older patients with shorter waiting time, while all the other 
results seem rather to indicate an advantage for younger patients with shorter 
time to cure and higher cure rate. This actually comes from the fact that in abso-
lute terms, younger patients have shorter time to cure and thus lower EPV than 
older patients. As shown in Fig. 6, EPV for a 30-year-old patient is lower than for 
a 50-year-old patient regardless of the time since diagnosis and for both cancer 
sites. However, financial burdens (i.e., XK, NBB and Statbel levels) are much 
lower for younger people than for older people (since young people from the gen-
eral population have a lower probability of dying than older people).

Fig. 6   Expected present value (EPV) of a life insurance contracted by a 30 and 50-year-old cancer 
patient for a period of 20 years with interest of 1 percent and benefit of 100,000. Horizontal lines cor-
respond to EPV calculated with XK, NBB and Statbel life tables
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6 � Discussion

Results derived in this paper are in line with the reduced waiting period specified in 
the Belgian legislation. Furthermore, results are also in line with the reference grid 
used in France (convention AERAS) as the time after which patients have access to 
the right to be forgotten according to this convention is relatively short (maximum 6 
years after the end of the therapeutic protocol for the two cancers considered in this 
paper).

All analyzes in this paper are based on the time since diagnosis although the right 
to be forgotten implemented in Belgium and France is applicable after a certain time 
after the end of the therapeutic protocol. For the sake of clarity and easiness, an 
approach based on the time since diagnosis would undeniably be more favorable to 
patients. A right to be forgotten based on the date of diagnosis would indeed allow 
patients to know when exactly they can expect to benefit from this right. On the 
contrary, with the current approach based on treatment end date (which is unknown 
until the success of the treatment and can even change later in case of relapse), 
benefiting from this right is subject to a high level of uncertainty as durations of 
treatments are heterogeneous and unpredictable even within same cancer types and 
stages. Therefore, patients cannot currently easily estimate when (and if) they will 
be able to benefit from this right.

One of the main results of this paper is thus to promote the use of the date of 
diagnostic instead of the end of the therapeutic treatment for defining the wait-
ing period. However, one could argue that the length of medical treatments may 
have significantly reduced over the period 2004–2018 and if this is the case, both 
approaches could be now closer than expected. While it could have been interest-
ing to formally compare both approaches, individual data on the type and length 
of treatment for each case is not reported in the Belgian Cancer Registry and such 
information is not readily available. Furthermore, the definition of the end of the 
treatment is in itself debatable and the duration of the treatment can be quite differ-
ent depending on several factors, which is actually an argument in favor of consider-
ing the date of diagnosis. Moreover, durations of treatment are heterogeneous even 
within the same cancer type, usually unpredictable, and optimal durations are often 
still open to debates [61]. In any case, a reduction in treatment length due to the pro-
gress made in medical treatment of cancer would obviously lead to closer agreement 
between the two approaches. Since the date of diagnosis, as recorded in national 
registries, offers the advantage to not be subject to any discussion and to allow the 
patient to know from the start when the waiting period will end, we think that all 
parties (actuaries included) will benefit from using the date of diagnosis instead of 
the end of treatment for more convenience and less uncertainty.

Contrarily to other studies [like  Yue et  al. 67], calendar time has not been 
included in the analysis conducted in the present paper, because of the limited 
amount of cases available (recall that we concentrate on younger ages because 
of the product under consideration, targeting young adults). That being said, we 
performed two subanalyses: one for the cohort 2004–2011 and one for the cohort 
2012–2018 and compared the results. There are no real changes, so we conclude 
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that there is no cohort effect. Moreover, simplicity of the system is crucial and 
given that medical treatments keep improving, the resulting bias of ignoring a 
potential cohort effect favors insurance providers. Notice that the approaches are 
dependent on factors such as changing diagnostic criteria and improved diagnos-
tic methods. As these factors may vary over time irrespective of any improve-
ment of the treatment and are different between populations, one can not compare 
excess risks across different time periods and populations [43]. To illustrate this, 
suppose that a medical advance allows a cancer to be diagnosed at a less severe 
stage (cases that are not as fatal as the ones detected with the previous methods) 
and perhaps also earlier with the consequence that more cases are detected (cases 
that would not have been detected with the previous detection methods are now 
detectable). These improvements will yield an increased survival rate, regardless 
of whether the treatment improved or not. This weakness of the survival rate has 
been pointed out in the literature extensively [3, 28, among others]. However, 
although not necessarily the case, earlier diagnoses will in most cases be associ-
ated with better efficacy of the treatment.

The melanoma and thyroid cancers may include a variety of types and could be 
diagnosed at different stages of severity. Moreover, significant gaps are observed 
between women and men. It is undeniable that including the information on stages 
of severity and gender in the NLNPH model would refine the analysis. However, 
these have been ignored on purpose, considering the specific application of the 
results for insurance practice. Since December 21, 2012, the European directive on 
equality between men and women also applies to outstanding balance insurance. 
The judgment of the European Court of Justice indeed stipulates that no discrimina-
tion can be made between men and women when establishing such insurance con-
tract, so the gender no longer has an influence on the premiums nor on the coverage 
conditions of outstanding balance insurances. Therefore, the gender has been omit-
ted not only for the sake of simplicity, but also because it is illegal for insurance 
companies to use that information. Concerning the stage of severity, it has also been 
omitted to ensure the simplicity and thus the legal safety of the system. Moreover, 
not including the stage may bias the analysis but not necessarily in favor of patients 
diagnosed at an advanced stage (perhaps a shorter waiting period would be indicated 
for them). In any case, if the method amounts to determining the time to wait before 
mortality returns to normal, ignoring the stage is actually a conservative approach 
for the insurer.

To ensure that the coverage cost of cancer patients remains acceptable for the 
insurance industry, further constrains may be imposed in terms of sum insured, for 
instance. Also, it could be reasonable to impose that insurers charge a single pre-
mium for mortgage insurance to mitigate mortality risk. Last but not least, compen-
sation could be performed at market level to avoid that some insurers face higher 
costs. Indeed, even if the coverage of mortality risk becomes affordable after a rela-
tively short waiting period, premium rates reflecting the actual mortality of cancer 
survivors remain sometimes above the market premiums resulting from NBB life 
tables. This means that when it is the case, this extra cost must be fairly distributed 
among stakeholders: cancer patients, insurance industry, banking sector (as they sell 
the loans) and society as a whole.
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Notice that cancer stage at diagnosis has not been taken into account in the pre-
sent study. For patients with more advanced cancer stage, the waiting period will 
be more conservative because mortality will peak just after diagnosis and before 
reverting back to the general population level. Note also that in situ cancer cases 
(considered as pre-cancer) have not been included in the present study as they are 
not classified as cancer per se [14] like any other “regular” cancer cases which were 
not diagnosed as in situ before. Moreover, cancer is not one disease, but a family of 
many diverse diseases with different outcomes. Results in the present paper focus on 
melanoma and thyroid cancer patients, and cannot be applied to other cancer types. 
A natural extension of this work would be to repeat the analyses for all major can-
cer types. This would certainly be useful for implementing appropriate market rules 
but goes beyond the scope of this study which primarily aims to advocate a waiting 
period starting at diagnosis.

Cancer patient survival has improved over the last few decades, with an increas-
ing proportion of patients being cured for many types of cancer [2, 39]. Providing 
coverage in case cancer is diagnosed or to long-term cancer survivors is therefore 
of prime importance, for the society but also for the insurance industry since proper 
coverage of such risks may well produce attractive returns.

7 � Software

Extraction of the data and the surface smoothing for Belgian mortality rates were 
carried out using SAS version 9.3 (SAS Institute, Cary, North Carolina, USA). All 
other analyzes and figures were performed with R version 3.6.1 (2019-07-05) [56].
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