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The long-term care insurance (LTCI) market in Switzerland is still in a very early development stage. In
this work, we make use of a representative sample of the Swiss population to simulate the likely effects
of previously discovered information asymmetries in the LTCI market. By resorting to LTCI preferences
of potential customers, and using Monte Carlo simulations, we provide estimations of the expected
probability and duration of dependence indicators. Thereby, we compare the frequency and severity of
the sub-population that has shown interest in LTCI with the rest in different mortality scenarios. While
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1. Introduction

While the proportion of older adults in most populations grows
rapidly, demographic change is “poised to become one of the
most significant social transformations of the twenty-first centu-
ry” (United Nations, 2021). Between 2017 and 2050, the number of
people aged 80+ years is expected to more than triple, from 137
to 425 million (United Nations, 2017). This is critical as this age
group is vulnerable to experience long-term dependence, i.e., they
are more likely to lose their capacity to independently perform ac-
tivities of daily living such as getting dressed, getting up, sitting
or lying down, eating, using the toilet, or walking, among others.
Given the uncertainty on the evolution of healthy life expectancy,
the consequences on the frequency and severity of long-term de-
pendence are more difficult to quantify. However, the demand for
long-term care (LTC) services required by older adults who lose
their autonomy is likely to increase, and costs for health and LTC
spending are projected to rise (Actuarial Association of Europe,
2019). While some researchers claim that extended lifetimes come
along with shorter times in dependence (Fries, 1989, 2005), oth-
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ers claim that this duration remains the same (Fuino and Wagner,
2020), or that it will increase (Kramer, 1980; Olshansky et al.,
1990; Gruenberg, 2005). This lack of understanding often prevents
LTC from receiving proper attention, although its evolution repre-
sents a financial threat to governments and citizens alike (Colombo
et al,, 2011; Kaye et al., 2010). Further, most individuals consider
losing their autonomy as an unlikely event, even though losing au-
tonomy becomes more likely as people get older and gradually lose
physical abilities (Mayhew, 2000; Fuino and Wagner, 2018; Federal
Statistical Office, 2020).

In this paper, we investigate the role that adverse selection and
information asymmetries can have in the development of the Swiss
long-term care insurance (LTCI) market. Fuino et al. (2022) esti-
mate that only around 40% of individuals aged 40 to 65 years
would be interested in purchasing an LTCI policy in Switzerland.
Moreover, they point out that individuals with interest in such a
purchase have in common three main characteristics, they tend
to better understand the way how LTCI works, they tend to bet-
ter understand the costs linked to dependence, and they show a
higher level of concern about their own future dependence, which
is linked to a higher self-perceived probability to lose autonomy in
the future. These findings hint important information asymmetries
in potential LTCI contracts as the three identified drivers are not
easily observed by the insurer. Further, adverse selection could play
a role in the market since it is well known that “small amounts of
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imperfect information could have a significant effect on competi-
tive markets” (Rothschild and Stiglitz, 1976). While most insurance
lines count on an established insurance market with comprehen-
sive historical information to compute premiums (Adams et al.,
2015), such information is not available for private LTCI in Switzer-
land, since very few policies have been offered. Merely relying
on general knowledge about adverse selection is problematic as
coverage-risk correlation has been found “in some markets, but
not for others, and for some pools of insurance in a given mar-
ket, but not for others” (Cohen and Siegelman, 2010). Even when
one finds evidence for groups of people buying insurance based
on privileged private information, such information asymmetries
do not necessarily signal a problem of overall adverse selection.
For example, Finkelstein and McGarry (2006) find that, in the US
LTCI market, two types of policyholders can be identified,“those
with private information that they are high risk”, and those who
buy insurance based on “psychologically cautious tempers”. Other
studies suggest that another type of policyholders exists, namely,
those that buy LTCI based on knowledge and experience of family
members (Coe et al., 2015). This information, unobservable by the
insurer, plays an important role in the market as bringing different
subgroups of policyholders together may end up balancing individ-
ual effects in a pool of contracts (Cohen and Siegelman, 2010).

For our analysis, based on a Swiss population sample, we sim-
ulate the characteristics of an insurance portfolio to assess the
effects of potential information asymmetries. This can help insur-
ers better understand if potential LTCI clients are expected to be
a greater risk than those not interested in LTCI, which allows to
comprehend whether or not insured pools of risk are likely to be
balanced in terms of risk. To operationalize our research, we build
on recent data regarding LTCI interest (Fuino et al., 2022), proba-
bilities to lose autonomy (Fuino and Wagner, 2018), and expected
duration in dependence in Switzerland (Fuino and Wagner, 2020).
We complement that information with new results on the indi-
viduals’ preferred age of LTCI purchase, and cover selection. We
develop a Monte Carlo simulation model to evaluate expected key
indicators on the frequency and severity of dependence. Compar-
ing the results of the simulated LTCI portfolio (insured population)
and the others, we study potential differences in terms of risks.
Our main results indicate that the expected probability to lose au-
tonomy in a lifetime is estimated at about 60% in both population
groups. We also document, for the first time, that there is a very
low chance of adverse selection in the market, at least at an initial
stage, as individuals themselves tend to underestimate their own
risk level of losing autonomy.

The remainder of the paper is structured as follows: In Sec-
tion 2 we describe the methodology of the paper, lay out the idea
and the main aspects of the model, incorporating insurance take
up and dependence probabilities. Section 3 highlights the partial
models that explain the phenomena involved in the simulation,
and in Section 4, we present and discuss the main results from
the Monte Carlo simulation. We start by displaying our results for
the overall population to show later how results are expected to
change as mortality prospects vary. We then quantify the poten-
tial differences when considering two populations, the (potential)
insureds and the rest. We conclude in Section 5.

2. Outline of the methodology

To assess differences between the potential LTCI customers and
the remaining population, we numerically simulate individuals’
course of life.! We start with a population sample from Switzer-

1 These simulations do not take a specific perspective of the insurer or the cus-
tomer. In addition, we do not perform calculations of assets or liabilities as our
interest is to compare risk types only.
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land for which we have access to personal information including
demographic, socioeconomic, health and behavior, LTC literacy and
political factors to fill the parameter values in our modeling. In-
deed, we rely on the survey population described by Fuino et al.
(2022) and the characteristics summarized in the Appendix (see
Table 7). The sample comprises 1066 individuals, males and fe-
males, aged between 40 and 65 years, living in the German- and
French-speaking regions of Switzerland.?

We first use a model to determine for each individual if he or
she buys LTCIL. Therefore, we use individuals’ characteristics and
preferences identified as key drivers for LTCI interest by Fuino et
al. (2022) (see also Section 3.1). Their findings provide a frame-
work to split the initial population sample in (potential) insurance
buyers and the rest. If a person buys LTCI, we evaluate the age
at purchase (see Section 3.2) and the level of insurance protection
that is bought (see Section 3.3). Individual preferences regarding
the level of benefits to be paid out in case of dependence let us
differentiate the insurance takers into two groups which we as-
sume to buy either “low” or “high” coverage.

With the individuals growing older, we determine every year
if they survive using a mortality model. We fit a dynamic mortal-
ity model for Switzerland in the form of a Lee-Miller model (see
Section 3.4). At each age, given the individual survives, we stochas-
tically assess the potential LTC dependence (see Section 3.5) based
on the probabilities of losing autonomy in the Swiss population re-
ported by Fuino and Wagner (2018). Note that, by doing this, we
only conclude that the person has been affected by dependence.
Whether or not an event leads to an insurance payment (if in-
sured) would depend on policy design, which we don’t speculate
about as we are interested in assessing overall risk profiles only.
The probabilities of losing autonomy consider three different frailty
levels. For each initial level of dependence and by age, the time
individuals’ stay in dependence before death is modeled by Fuino
and Wagner (2020). We report their setup in Section 3.6.

In Fig. 1, we display an outline of the simulation models. Since
LTCI and dependence are in our focus, we consider a time horizon
long enough to see the evolution of dependence of the popula-
tion at risk. Thus, we set the time horizon for the simulation to 60
years.

3. Models and implementation

Following the outline of Fig. 1, we introduce the different mod-
els that appear in our simulation. Since the model outcomes are
probabilistic, we run 3000 Monte Carlo simulations to sketch the
life course of each person in the population sample. The relevant
outcomes are:

e buying or not buying an LTCI contract (Fuino et al., 2022),

age of LTCI purchase,

level of LTCI protection,

mortality or survival in each year,

loss of autonomy given survival and initial frailty level (Fuino

and Wagner, 2018),

e duration of LTC dependence until death, given loss of autonomy
(Fuino and Wagner, 2020).

2 Handled by a professional polling agency, the panel is balanced among males
and females, has a homogeneous distribution of 40%, 40%, and 20% of the individu-
als in the age classes 40-49, 50-59, and 60-65 years, and is representative for the
German- and French-speaking regions (67% and 33%, respectively). The limitation to
individuals older than 40 years does not impede our research since typically LTCI
policies target older persons that are aware of dependence issues, typically through
their own parents having lost autonomy. The Italian- and the Romansh-speaking re-
gions are left out since they correspond to only around 8 percent and less than 1
percent of the population, respectively. Given the size of the sample, these subpop-
ulations would yield only a small number of answers with limited statistical power
to draw inferences.
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Relevant model features

Interest in LTCI purchase

(see Section 3.1)

Age of LTCI purchase

(see Section 3.2)

Level of protection

(see Section 3.3)

Every

year
Mortality model

(see Section 3.4)

Dependence probability

(see Section 3.5)

Initial frailty level

(see Section 3.5)

Duration of LTC dependence

(see Section 3.6)

Fig. 1. Outline of the model setup for the Monte Carlo simulations.

Note that the first and the two last outcomes are based on ex-
isting models from the literature (see Sections 3.1, 3.5, and 3.6),
while we develop the others in the present work (see Sec-
tions 3.2, 3.3, and 3.4, as well as the related sections in the
Appendix). With these outcomes, we compute the indicators re-
lated to the frequency of events (e.g., insurance purchase, loss of
autonomy). Regarding the severity, i.e. the duration of dependence,
we use information coming from the simulation such as the age
of dependence, and the initial level (mild, moderate or severe) as
well as information directly taken from the dataset in accordance
to the model described in Section 3.6. These results allow us to
assess potential differences between subsamples using t-tests and
the Wilcoxon test to conclude on hypotheses of the form

Ho: pua = us,
Hi:pa # us,
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where s and up are the mean values of an indicator relating to
two subsamples identified by the subscripts A and B. For the study
of possible adverse selection in the market, we use the subscripts
I and U to differentiate the insured from the uninsured subsample
of individuals. Similarly, the subscripts L and H are used to dif-
ferentiate the insured individuals with a preference for “low” and
“high” levels of insurance cover, respectively. Further, ;4 = p de-
notes the mean frequency, i.e. the probability to lose autonomy,
and p =d the mean severity, i.e. the duration of dependence. If
we find evidence to reject Hy, we perform additional analysis to
decide whether the mean of one group is smaller than that of the
other.

3.1. Interest in LTCI purchase
Fuino et al. (2022) identify a set of characteristics that drive

the interest in buying LTCI in the Swiss population. The level of
interest is surveyed through their Question F4 where participants
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are given information about how LTCI works, the cover it offers,
the costs linked to dependence, and finally asked if they would be
interested in buying insurance.

The most relevant characteristics explaining the responses are
the individual’s concern about future dependence, the understand-
ing of the costs linked to LTC, and the understanding of how LTCI
works. Other factors include the individual’s self-perceived health
state and their monthly income. Information on the model, the
relevant factors, and the numerical results are available in Fuino
et al. (2022, Equation 2 for the regression model, Table 4 for the
included covariates, Tables 6 and 7 for the results). The available
information from the survey data for both LTCI interested and not
interested subgroups provides us with all the necessary details
based on the responses of the participants residing in Switzerland.
Thanks to the regression model, we are able to compute each per-
son’s probability to be interested, and make it available for our
simulation model.

3.2. Age of LTCI purchase

Regarding the age of purchase, the same survey by Fuino et
al. (2022) included the following question: Imagine that, with a high
probability, you will require professional help either at home or at a facil-
ity after having turned 80 years old. At what age would you start saving
or buying a “care insurance”? Participants answered this open ques-
tion by typing a number, and we use their responses to construct
the cumulative distribution for their age preference as shown in
Fig. 5(a) in Appendix B. Because participants tended to answer in
multiples of five, we smoothen the results by fitting a continuous
distribution. The best fit corresponds to a log-normal distribution
with parameters mean 3.924 and standard deviation 0.325 on the
log scale (see Fig. 5b).

Since it is unrealistic to assume that individuals could buy LTCI
at any age, it is necessary to make an assumption about the max-
imum age of purchase. In fact, insurers are likely to reject issuing
a policy after a potential policyholder has reached a certain age,
given the additional risk this may pose and the shorter period for
distributing the total premium. We account for this in the sim-
ulations by assuming that a person can buy insurance up to a
maximum age Xmax = 65 years. In our implementation, we simu-
late the age of insurance purchase by generating a random number,
Tog, coming from the log-normal distribution. Thereby, we ensure
that individuals cannot purchase insurance at an age lower than
their current age x nor at an age greater than the maximum age
Xmax. In consequence, we define the age of beginning of the insur-
ance contract as X; = min(Xmax, Max(rg, X)).

3.3. Level of protection

We are further interested in understanding what makes a per-
son choose a certain level of LTCI coverage. In the survey by Fuino
et al. (2022) different “insurance plans” are presented with ficti-
tious choices of coverage in exchange of different premium levels.
Two questions with the following parameters (the second ques-
tion’s parameters are in brackets) have been asked: Imagine that
you are 55 (44) years old. Among the insurance premiums and benefit
payments below, which combination would you choose?

e Monthly premium of CHF 18 (11) giving the right to a monthly benefit
of CHF 750;

e Monthly premium of CHF 36 (23) giving the right to a monthly benefit
of CHF 1500;

e Monthly premium of CHF 72 (45) giving the right to a monthly benefit
of CHF 3000;

e Monthly premium of CHF 108 (68) giving the right to a monthly ben-
efit of CHF 4 500.
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With this setup, the idea that higher levels of protection, as
well as purchasing a contract at an older age, come with higher
premiums is reinforced. For each question we classify individuals
as either wanting “low” cover (insuring less than half of the out-
of-pocket payment of CHF 4500 for institutional care as stated in
Question F4, see Section 3.1) or “high” cover (insuring more than
half of the expected losses). We fit multiple econometric models
and retain a random forest model as final choice (see the Ap-
pendix C and Table 9 for details on the model selection).

Based on the retained model, we find that individuals’ prefer-
ences for high or low LTCI cover can be well explained by their
monthly income, age group, and beliefs about how costs would be
split between them, private insurance participation, governmental
subsidies, and the level of contact they have with their parents.
In Table 10 in Appendix C, we display selected descriptive statis-
tics and model results. On that basis, we estimate each individual’s
probability to choose a “high” cover level in a potential LTCI con-
tract. We use this probability in the simulation to determine the
expected level of protection bought (see Fig. 1).

3.4. Mortality model

We make use of a dynamic mortality model in the form of a
Lee-Miller model, a variant of the Lee-Carter Method, viewed as
standard and found to produce more accurate forecasts (Booth et
al., 2005; Booth, 2006). We fit the model with information for
Switzerland up to year 2018 from the Human Mortality Database
(2021), and project the expected mortality patterns for the next 60
years, including upper and lower bounds for the expected mortal-
ity rates. Based on this analysis, we compute the survival proba-
bility for individuals at a given age in a given year. The probability
is then used to assess future survival in our simulation. In Ap-
pendix D we provide more details on the method and on the
results.

3.5. Dependence probability and initial frailty level

The probability to lose autonomy in the Swiss population has
been studied by Fuino and Wagner (2018). Their results provide
dependence probabilities by age and gender for individuals aged
65+ years. A graphical representation of the overall probability to
lose autonomy, by age and gender, is provided in Fuino and Wag-
ner (2018, Figure 3). The findings indicate that probabilities to lose
autonomy are very similar and rather low for both males and fe-
males under an age of 80 years. However, the chances to lose
autonomy steadily increase after 80 years, with females’ probabil-
ity to lose autonomy becoming much higher than men’s at the
more advanced ages. The original results also include informa-
tion that allows to estimate the initial acuity level (when entering
dependence) on the scale: mild, moderate, severe. In this work,
we translate these probabilities by age and gender into the over-
all probability to lose independence in a lifetime. To achieve this,
we simulate individual paths and, in case of loss of autonomy, we
record the simulated initial frailty level.

3.6. Duration of LTC dependence

Once a person becomes dependent, we model how long the in-
dividual is expected to live in this condition. Fuino and Wagner
(2020) study the duration of dependence in Switzerland through
the regression model laid out in their Equation 2, and conclude
that it is affected by factors such as the age at which the person
loses autonomy, the gender, the language region, the acuity level
at entry, and the type of care they require. We estimate the ex-
pected duration of LTC dependence by using their model and the
coefficients reported in Fuino and Wagner (2020, Table 7).
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4. Simulation results

We divide the results section into three parts: first, we display
the results for the entire population, then we develop a sensitivity
analysis on mortality to see how the results change under adjust-
ments of mortality forecasts, and finally we report the indicators
distinguishing the insurance portfolio from the rest.

4.1. Total population

The average simulated age of death in our sample (as of now
referred to as the “simulated lifetime”) is 85.25 years, which cor-
responds to 83.60 years in the case of males and 86.84 years for
females. These figures are in line with projections by the Swiss
government. For example, authorities estimate the life expectancy
at the age of 50 to be 33.3 years for men (yielding an average age
of death of 83.3 years) and 36.5 years for females (yielding a total
of 86.5 years, Federal Statistical Office, 2020).

Under our assumptions, the average probability to lose auton-
omy in a lifetime is 61.15%. For the sake of comparison, in coun-
tries like the US, around 50% of the population over 65 years is
estimated to require a “high level of assistance” with LTC services
in their lifetime by Favreault et al. (2015), while others claim that
dependence could potentially affect 7 out of 10 of these individu-
als (ACL, 2020; Long Term Care Poll, 2017). Such high chances to
lose autonomy originate in the large probability of survival to ad-
vanced ages. At first, chances to lose autonomy seem rather low
as discussed in Section 3.5. However, when growing old, individ-
uals face an increasing chance to lose their autonomy that does
not subside until death. This effect combined with high probabil-
ities of surviving to ages 80+ results in a big share of individuals
experiencing loss of autonomy, to some degree, before death. We
observe important differences between the probability to lose au-
tonomy in a lifetime of males and females: we estimate women'’s
probability at 69.88% while men’s reaches 52.13%. This important
difference essentially stems from women living longer, thus imply-
ing higher chances to reach higher ages where the probability to
lose autonomy is (much) higher. This high probability to lose au-
tonomy for both sexes, and potential differences in the population,
signal an urgent necessity to counteract the social consequences.
This becomes particularly important as the pace of population ag-
ing accelerates (World Health Organization, 2018). Even if mortal-
ity does not improve substantially in the future, the probability
to lose autonomy may remain high. For example, as depicted in
Fig. 2, mortality improvements from model projections at the age
of 80 years are much more modest when compared to the histori-
cal observations.

The median of the predicted probability to lose autonomy is
estimated at 65.78%. We observe on Table 1 how the frequency
(probability of dependence) and severity indicators (duration of
dependence) are much higher for women. For instance, individuals
are expected to live 3.77 years in dependence, which corresponds
to 2.74 years in the case of males and 4.77 years for females. This
is consistent with the Swiss Federal Statistical Office (2018) stating
that a higher longevity of women “consists, for a significant por-
tion, of years lived in poor health”. ACL (2020) highlights similar
results for the US.

We estimate the average age of loss of autonomy to be 82.54
years, with a difference of more than a year between males (81.96)
and females (83.09). The results in Table 1 suggest that 75% of the
cases of loss of autonomy are expected to occur before age 83.11.
Naturally, we observe a decreasing trend in the time spent in de-
pendence along the age at which autonomy is lost (see Fig. 3).
For instance, when a person becomes dependent at the age of 66
years, help is required for an expected duration of 11.83 years.
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Conversely, when losing autonomy at the age of 80 years, the ex-
pected duration reduces to 6.52 years. To assess the amount of
cases underlying these estimations, we also compute the share of
the total dependence cases associated with each age of entry. This
is depicted along the second vertical axis with numbers reported
in gray color in Fig. 3. We find that individuals losing autonomy at
ages below 70 years consistently represent less than 2% of the to-
tal cases. By the age of 80, this percentage grows to around 4% and
continues to increase until the age of 85. Afterwards, numbers de-
crease rapidly, linked to the higher mortality. The population aged
between 80 and 85 years is key when studying dependence since
it combines both important absolute numbers and duration, lead-
ing to a large share of the overall LTC demand.

4.2. Mortality sensitivity

As discussed in Section 3.5 and shown in Fig. 3, dependence is
a state linked to high ages, with strongest impact in the category
80+. It is thus reasonable to assume that a person’s probability to
lose autonomy in a lifetime is closely linked to their probability
to reach these ages. In this sense, we now quantify the impact of
changes in the mortality hypothesis. We extract lower and upper
mortality bounds. This is done with the help of the demography
package in R, where the plausible mortality scenarios are obtained
by simulating the forecast log-mortality rates to then add “distur-
bances” to the basis scenario through the coefficients (see Booth
et al., 2020 for details). Based on the projections, we compare the
results obtained when adjusting mortality prospects. This allows
us to quantify the impact of mortality changes on the dependence
estimators.

On the one hand, we see that under the low mortality fore-
cast, the simulated lifetime increases to 85.87 years (see Table 2),
which represents an increment of 0.62 years with respect to the
base scenario reported above. On the other hand, when consider-
ing the high mortality forecast, the simulated lifetime reaches only
84.56 years, i.e., a decrease of 0.69 years. The change in mortality
entails a variation of the probability of losing autonomy of more
than +3.5%. Hence, under the lower mortality scenario, this indi-
cator goes up to 64.68% whereas its value goes down to 57.45%
under the higher mortality assumption. We observe that the gen-
der gap persists under both scenarios. Further, we find that, the
lower the mortality prospect, the higher the age where individuals
are expected to lose autonomy. Regarding the duration of depen-
dence, older adults are expected to stay about four months longer
in the low mortality scenario when compared to the high mortal-
ity scenario.

4.3. Insured vs uninsured population

As reported in Table 3, we estimate the probability of loss of
autonomy for the insured and uninsured subsamples at 60.09%
and 61.81%, respectively. However, population differences become
more evident when looking at the median value. We find that the
potential LTCI clients have a median probability to lose autonomy
of 55.83% whereas those not seeking LTCI protection reach 66.83%.
The differences in distributions are presented in Fig. 4(a). More-
over, the expected age of dependence for the insureds is predicted
to be 82.46 years, whereas the estimation for the others is 82.58
(years). Finally, the expected duration of dependence is 3.65 years
for the population interested in insurance and 3.85 years for the
other. Here, the median duration is estimated to be 2.87 years for
the ones seeking insurance coverage and 4.62 years for the others
(see Fig. 4b).

Regarding the LTCI coverage preferences, we find that those
choosing high levels of protection have a lower probability to lose
autonomy in their lifetime (59.59% compared to 61.17%). The age
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Table 1

Simulated probability, age at entry and duration of dependence in the total population.

Indicator Probability of dependence (%) Age of dependence (years) Duration of dependence (years)
Average 61.15 82.54 3.77
Range 4753 - 7447 80.84 - 83.77 2.48 - 512
First quantile 5313 82.01 2.74
Median 65.78 82.57 4.54
Third quantile 69.96 83.11 4.77
Average men 5213 81.96 2.74
Average women 69.88 83.09 4.77
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Fig. 3. Comparison of the duration of dependence and the share of dependent persons by age of entry in dependence.

of loss of autonomy and the duration of dependence are both
slightly lower for those choosing high coverage as shown in Ta-
ble 4. We find that those policyholders who lose autonomy and
are more likely to have chosen a higher coverage would fall in de-
pendence at age 82.42 on average which compares to 82.54 for
those with low LTCI coverage.

We further test whether or not the registered differences are
statistically significant. For this we resort to both t-tests, which as-
sume a normal distribution of the data, and Wilcoxon tests, which
do not. We present our findings in Table 5. We start by testing the
hypothesis that the means of the indicators are equal. We observe
very low p-values under both tests when we compare the insured
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and uninsured population samples. The results lead, in fact, to re-
ject the null hypothesis. However, we cannot reject the hypothesis
that the means are different when comparing the LTCI coverage
preferences in the population (low vs. high LTCI cover).

We now proceed to confirm that the insured come, in fact,
from a population with a lower expected probability to lose au-
tonomy and duration in dependence. To achieve this, we perform
additional tests, this time including in the null hypothesis the re-
spective inequality. The change made to the null hypothesis leads
to p-values above 0.99, confirming that we find statistical evidence
to conclude that the population interested in LTCI purchase can be
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Fig. 4. Representation of indicators for the insured and uninsured subsamples.

Table 2 Table 4
Comparison of average indicators under low and high mortality forecasts. Comparison of indicators for the insured population along the level of coverage.
Indicator Units Low mortality High mortality Indicator Unit Low cover High cover
Probability of dependence Probability of dependence
Overall (%) 64.68 57.44 Mean (%) 61.17 59.59
Range (%) 50.37 - 78.57 44.83 - 7017 Range (%) 48.47 — 73.67 47.53 — 74.47
Men (%) 55.66 48.52
Women (%) 7339 66.07 Age of dependence
Mean (years) 82.54 82.42
Age of dependence Range (years) 81.34 —83.71 80.89 — 83.70
Overall (years) 82.92 82.12 X
Range (years) 81.28 - 84.03 80.56 - 83.45 Duration of dependence
Men (years) 84.44 81.46 Mean (years) 3.77 3.60
Women (years) 83.38 82.76 Range (years) 2.56 — 5.02 2.48 —5.12
Duration of dependence
Overall (years) 3.93 3.61 expected to have lower risk indicators than the rest of the popula-
Range (years) 2.59 - 5.27 2.38 - 490 tion
Men (years) 2.87 2.60 .
Women (years) 4,95 4,58
) o 4.4. Discussion
Simulated lifetime
Overall (years) 85.87 84.56 . X - .
Range (years) 83.63 - 88.20 82.23 — 86.81 Our results show that those interested in LTCI policies are likely
Men (years) 84.30 82.85 to have lower indicators for the probability and duration of de-
Women (vears)  87.38 86.21 pendence. This could be a hint for a phenomenon usually referred
to as “advantageous selection”. Such selection is believed to occur
when insurance appears to be more attractive for individuals who
present a lower risk type but that have a higher tendency to lim-
iting risk exposures (De Meza and Webb, 2001). In this sense, our
Table 3 evidence suggests that, at least at an early stage, most potential

Comparison of indicators of interest between the population insured vs. population
uninsured.

Indicator Unit Insured Uninsured
Probability of dependence

Mean (%) 60.09 61.81

Range (%) 47.53 — 74.47 47.67 —74.43
Age of dependence

Mean (years) 82.46 82.58

Range (years) 80.89 — 83.71 80.84 — 83.77
Duration of dependence

Mean (years) 3.65 3.85

Range (years) 2.48 —5.12 2.53 -5.10
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policyholders seek protection because they are more aware of the
risk that dependence poses, as well as psychologically “cautious
behavior” as described by Finkelstein and McGarry (2006). More-
over, based on our results, they have good reasons to take future
dependence with caution as we estimate the probability to lose au-
tonomy in a lifetime to be between 57.44% and 64.68%, depending
on mortality prospects. This seems reasonable in the Swiss demo-
graphic context. Indeed, life expectancy at age 60 has increased
5.6 years for males and 4.3 years for females from 1981 to 2020
(Federal Statistical Office, 2022b,a). Moreover, estimations indicate
that in 2016 about half a million people belonged to the age group
of 80 years and more. This number is expected to reach over one
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Table 5
Hypothesis testing results.
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Hypothesis t-test Wilcoxon test

p-value Conclusion p-value Conclusion
Insured vs. uninsured
Ho:pir=pu vs. Hi:p1# pu 0.0027 Reject null 0.0045 Reject null
Ho:dy=dy vs. Hy :d #dy 0.0027 Reject null 0.0051 Reject null
Low vs. high LTCI cover
Ho:pL=pu vs. Hi :pL # pHu 0.1008 Not reject null 0.0671 Not reject null
Ho:dL=dy vs. Hy :dy #dy 0.1219 Not reject null 0.0834 Not reject null
Insured vs. uninsured (inequalities)
Ho:p1<puvs Hi:p1>pu 0.9986 Not reject null 0.9977 Not reject null
Ho:dy <dy vs Hy:d;>dy 0.9987 Not reject null 0.9974 Not reject null

Table 6
Comparison of the self-assessed risk group and groups obtained from modeling.

Self-assessed

Group 1 Group 2 Group 3 Group 4
T Group 1 0 0 0 0
S Group 2 16 25 30 6
§ Group 3 264 434 235 56
Y Group 4 0 0 0 0

million individuals in the next 30 years (Federal Statistical Office,
2018). Consequently, the Swiss Federal Council (2016) has already
signaled potential dependence as one of the greatest challenges for
the country.

Although potential policyholders seem to be more of an excep-
tion, most respondents are not well aware of the risk that depen-
dence poses. Indeed, we find results that suggest that people are
likely not to be aware of their own risk type. As previously re-
ported by Fuino et al. (2022), when asked the question “how likely
are you to lose your independence to carry out activities of daily
living in the future?”, 26% of the population reply that they have
a chance lower than 25% to lose their autonomy (group 1), 43%
think this probability is between 25% and 50% (group 2). Only 25%
of respondents consider to have a chance to lose autonomy be-
tween 50% and 75% (group 3) whereas the rest (group 4, with 6%)
consider the probability to be above 75%. Our results place the av-
erage individual with those that classified themselves in the third
group. This shows that, in reality, a vast majority of the population
is likely to underestimate their risk to lose autonomy.

As an additional illustration, we present in Table 6 a compar-
ison of the self-assessed risk class of respondents with the one
assigned by the model. We find that only 24% (25+235=260 out of
1066) of individuals indicated a future probability to lose auton-
omy that belongs to the same class suggested by the actuarial cal-
culations. This is a key challenge as individuals’ perception of the
risk is relevant to develop an insurance market. The understanding
of this perception becomes even more important when knowledge
about dependence and the levels of concern about future loss of
autonomy are found to be key triggers of interest in LTCI as it is
the case in Switzerland (Fuino et al.,, 2022). As Kunreuther et al.
(1978) point out, to increase voluntary purchases of an insurance
product, and to understand whether or not compulsory programs
may be necessary, it is key to understand how psychological, eco-
nomic, and environmental factors could affect the market.

Since individuals lack the tools to assess their own risk type,
we argue that it is unlikely to experience significant levels of ad-
verse selection in an eventual LTCI market in Switzerland. In fact,
people’s tendency to underestimate the risk may lead to a level
of insurance uptake that is lower than optimal, making it insuf-
ficient to deal with the social consequences of dependence. This
underestimation of the risk is understandable as many people lack
the necessary experience making similar choices, which could lead

to incomplete information that discourages LTCI uptake (Coe et al.,
2015). As seen through our mortality sensitivity analysis, we add
that people’s chances to suffer from loss of autonomy could be in
constant evolution as mortality patterns are adjusted by medical
improvements. In this sense, we show that relatively small mortal-
ity changes can result in important differences in the probability
to lose autonomy in a lifetime, registering an overall change in
the indicator that amounts to more than 7% between two extreme
plausible scenarios. These results suggest that, with the important
mortality improvements registered in the last decades, a person’s
probability to lose autonomy in their lifetime must have silently
increased as individuals have become more likely to survive to
critical ages. Abstract factors like these mortality changes are ex-
tremely difficult to assess for an average person, which could leave
them in a position of great vulnerability. In fact, insurers are likely
to have better tools to assess the risk of potential policyholders
than individuals themselves. Technical knowledge about mortal-
ity development, loss of autonomy, and stochastic modeling makes
a potential insurer more capable to better understand the future
of dependence. This entails that information asymmetries may be
stronger and better justified from insurer to policyholder than the
other way around.

5. Conclusion

As exemplified by the Swiss case, the on-going demographic
changes pose a challenge to the financial stability and welfare of
countries and their populations, and the demand of LTC services is
likely to become a reflection of that in the years to come. Many in-
dividuals, however, seem not to be aware of the magnitude of the
risk of losing independence at advanced ages. We are able to show
this by resorting to stochastic models to simulate the future of de-
pendence of a representative sample of the country, and later we
compare our findings with the subjective beliefs and self-assessed
risk of the study participants. During the modeling process, we use
results from previous analysis on LTCI preferences of potential cus-
tomers (Fuino et al., 2022), probabilities to lose autonomy by age
and gender (Fuino and Wagner, 2018), and duration of care (Fuino
and Wagner, 2020).

In this context, we find that the average individual in our sam-
ple is expected to have a 61.15% chance of experiencing depen-
dence in their lifetime. Through our analysis, we also show how
this probability is highly sensitive to mortality changes. In addition,
we compute expected duration indicators based on the possible
acuity levels of entry in dependence for both the overall popula-
tion and potential LTCI portfolios. We conclude that we have no
evidence to believe that potential LTCI clients seek protection be-
cause they are likely to be at greater risk to lose autonomy. In fact,
we show that most individuals tend to underestimate their own
risk level.

We consider that the knowledge of these results is highly ben-
eficial to society. For instance, by better understanding the future
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of the potential LTCI market, companies that consider the devel-
opment of a related business line can make informed decisions,
which can be particularly valuable for LTCI since the social value
of these policies tends to exceed the private benefits (Akaichi et
al,, 2020). In addition, governmental authorities can make use of
the results when designing public policies.
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Appendix A. Variables involved in the analysis

Table 7
List of variables used in the study.
Variable Label Description
Demographic factors
AG Age Age class in years (from numeric age)
GE Gender Gender of the respondent
SH Size of household Number of people in the household (from
numeric answer)
LR Linguistic region Region in Switzerland of respondent
Socioeconomic factors
ED Education Highest level of education (from 5 classes)
MI Monthly income Monthly net income in CHF (from 7 classes)
Health and behavior
CH Self-perceived health General health rating
CD Concern about Degree of concern for future dependence
dependence
co Contact with parents Frequency of Contact with parents
cp Care preference Type of care for help with ADL
PD Probability of Self-perceived probability to lose
dependence independence
AL Acuity level Severity of dependence at entry
TC Type of care Type of Care received when in dependence
LTC literacy
Ul Understanding of care Understanding of insurance protection
insurance
uc Understanding of care Understanding of the costs in case of
costs dependence (from 4 classes)
PI Private insurance Complementary health and life insurance
participation participation in costs
DP Dependent’s Personal or family participation in costs
participation
SI Social insurance Health insurance and helplessness
participation allowance participation in costs
GS Governmental subsidies Pension supplements, cantonal and
municipal subsidies to costs
EX Dependent parents and Exposure to dependent parents(-in-law) and
help personal help
Political factors
PO Political orientation Political orientation rank (from 11 classes)
SR State’s role Role of the State in financing of care (from
5 classes)
IR Insurers’ role Role of private insurers in financing of care

Other background variables

PM
NB

LTC policy model region

Nationality

(from 5 classes)

Region of main residence (from postal code)
Nationality at birth
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Appendix B. Details on the age of LTCI purchase model
(Section 3.2)

The cumulative distribution for the age preference is shown in
Fig. 5(a). We observe that only a small number of participants
claim that they would start saving for future dependence or buying
insurance by the age of 30 (12.20% of respondents). It is at around
an age of 50 years where we record the biggest jump (see Fig. 5a).
Results show that, whereas only around 20% of participants claim
they would start preparing by the age of 40, 48.2% would prefer to
do so at the age of 50, and, cumulatively, 75.3% and 86.5% by the
ages of 60 and 65 years, respectively. Table 8 shows the results for
an extended group of selected ages.

From the underlying data, we do not find, however, clear pat-
terns to develop a model to justify the choice based on covariates.
In fact, the main trend that we observe is the relationship be-
tween the preferred age to prepare and the age of the participants
when taking the survey. The older the individual, the higher the
preferred age, which could signal that many respondents only con-
sider feasible options to buy in relation to their current age. This
trend alone is, in fact, not useful to build an entire model pre-
dicting the preferred age based on characteristics. Further, the re-
sponses are biased since individuals tend to answer in ages in mul-
tiples of five to the open question. For this reason, we smoothen
the results by fitting a continuous distribution approximating the
results (see Fig. 5b).

Appendix C. Details on the level of protection model (Section 3.3)

When analyzing the respondents’ preferences for “low” or
“high” cover, we observe that 891 individuals out of 1066 re-
spondents (83.6%) consistently classify in the same class for both
plans at the ages of 55 and 44 years, respectively. We retain these
individuals and analyze their characteristics fitting classification
models for the cover response in the form of logistic regressions
and random forest (RF) models using the available covariates (see
Table 7).

The number of records is unbalanced between both classes,
with 598 individuals classified in the “high” cover category and
293 in the “low” one. Unbalanced samples can lead to problems
in machine learning algorithms as classification rules tend to learn
from the majority class and neglect information from the minority
(Lunardon et al., 2014). To account for this, beyond fitting mod-
els with the imbalanced data, we also use a data set with balance
correction using random over-sampling examples (ROSE). For the
model selection, we give particular attention to the F-score since it
is a better indicator of how the model performs when considering
both classes. As part of our analysis, we perform recursive feature
selection with cross-validation, and also obtain the variable impor-
tance ranking from the models. We conclude that including the
seven most important variables suffices to achieve accuracy lev-
els of over 80% under a RF methodology (see Table 9). Based on
these results, we retain the RF model as our final choice since it
is more parsimonious than the AIC-minimizing logit model, and it
performs much better in terms of F-Score (77.48%) and overall ac-
curacy (83.95%).

In Table 10, we display selected descriptive statistics and model
results. The column “Share of sample” reports the percentage of in-
dividuals in each variable’s category, “Share of “high” cover” shows
the percentage of respondents having chosen “high” cover, and “PD
coefficient” displays the partial dependence coefficient (expressed
in logodds) estimated in the retained RF model for each of the co-
variates’ categories.

The descriptive statistics outline that most relationships be-
tween the interest in “high” cover and the explanatory variables
are not monotone. These irregular tendencies are mirrored by
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Fig. 5. Observed distribution of preferred age to start saving for future dependence or buying “care insurance”.
Table 8
Cumulative distribution of answers for selected ages.
Age (years) 20 25 30 35 40 45 50 55 65 70 75
Cumulative % 410 6.40 12.20 13.50 20.30 24.50 48.20 58.00 75.30 86.50 94.30 95.90
Table 9
Models and model performance indicators for “high” LTCI cover preference.
Models and included variables Recall Precision F-score Accuracy
Logistic regression model (imbalanced data)
GE+NB+MS+RT+CD+FC+PM+UI+UC+PO+SR+IR+GS 23.89% 56.91% 33.65% 69.02%
Random forest model (imbalanced data)
NB + IR+ SR 1.71% 50.00% 3.31.% 67.12%
Logistic regression model (data with balance correction)
GE+NB+MI+OW+RT+PM+UI+UC+PO+SR+IR+CO+EX+PI+DP 64.51% 46.32% 53.92% 63.75%
Random forest model (data with balance correction)
MI+ AG+DP+PI+GS+CO +SI 83.95% 71.93% 77.48% 83.95%
Note: The model highlighted in gray performs best.
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Fig. 6. Graphical representation of the Lee-Miller estimates for ay, by, k;.
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Table 10
Descriptive statistics (N = 891) and random forest model effects for “high” LTCI
cover preference.

Variable Share of sample Share of “high” cover PD coefficient
Monthly income MI

<3000 12.91% 60.87% 0.0447
3000-5000 23.91% 65.26% 0.0771
5001-7 000 19.75% 69.89% 0.2132
7001-9000 12.57% 66.96% 0.0583
>9001 13.13% 77.77% 0.3674
No info. 17.73% 63.29% —0.0012
Age group AG

40 — 45 26.26% 65.38% 0.0666
46 — 50 20.20% 68.33% 0.1266
51 —-55 22.00% 67.86% 0.1732
56 — 60 16.16% 63.89% 0.0267
61 —65 15.38% 70.80% 0.1579
Dependent’s participation D P

Nothing 21.44% 67.02% 0.1501
Small share 24.69% 65.00% 0.1032
Significant share ~ 25.93% 63.64% 0.0700
Almost all 15.26% 74.26% 0.2791
Don’t know 12.68% 69.91% 0.2264
Private insurance participation P/

Nothing 24.35% 65.90% 0.2108
Small share 31.09% 65.34% 0.1018
Significant share ~ 20.76% 71.89% 0.1619
Almost all 7.08% 58.73% —0.0483
Don’t know 16.72% 69.80% 0.1473
Governmental subsidies GS

Nothing 9.54% 71.76% 0.1970
Small share 32.77% 67.81% 0.1600
Significant share 28.28% 65.48% 0.0861
Almost all 14.81% 59.85% 0.0817
Don’t know 14.59% 73.08% 0.1840
Contact with parents CO

Very often 34.01% 64.69% 0.0669
Often 25.36% 68.58% 0.1002
Not very often 13.92% 68.55% 0.2042
Never 2.24% 45.00% -0.1690
No parents 24.47% 70.18% 0.1365
Social insurance S|

Nothing 4.04% 58.33% 0.2457
Small share 30.98% 70.29% 0.1082
Significant share 32.77% 64.73% 0.0900
Almost all 15.38% 64.96% 0.2033
Don’t know 16.84% 70.00% 0.1818

Note: “PD coefficient” stands for partial dependence coefficient. Coefficients stem
from the random forest model based on the data with balance correction (see Ta-
ble 9).

the partial dependence effects found from the RFM. We find that
belonging to the highest monthly income group (> CHF 9000)
substantially increases the preference for “high” insurance cover
(PD = 0.3674). Regarding the effect of age, the model suggests
that the age groups 51-55 and 61-65 rather relate to “high” cover,
whereas the groups 40-45 and 56-60 are expected to tend to
“low” cover. We find that individuals who believe dependents have
to cover themselves almost all of the care expenses rather buy in-
surance at a high cover (PD = 0.2791). Further, those who believe
that their private insurance policy would cover almost all costs are
most likely to choose low LTCI cover (PD = —0.0483). Conversely,
those believing that governmental subsidies will not help in the
financing of their LTC costs choose higher cover (PD = 0.197).
Moreover, when individuals believe that they will receive more im-
portant help from the government, or that social insurance would
pay an important share of LTC, their probability to choose “low”
cover increases. Conversely, those thinking that social insurance
pays nothing at all are most interested in getting high protection
levels (PD = 0.2457). Finally, we observe that the absence of con-
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tact with parents makes a person more likely to choose a “low”
cover (PD = —0.1690).

Appendix D. Details on the mortality model (Section 3.4)

For the mortality modeling, we use the Lee and Miller (2001)
model. Thereby, the fitting period starts in 1950, the adjustments
of mortality in time are done using the evolution of life expectancy
instead of the evolution of total deaths, and the jump-off rates are
taken from the actual rates instead of fitted ones (Booth et al.,
2020; Shang et al,, 2011; Charpentier, 2016). The model structure
is given by log(my) = ax + bxk: + €x, where my is the central
death rate for age x and year t, ay describes the general shape of
the age-specific death rates, by is the first principal component re-
flecting relative change in the log-mortality rate at each age, k; is
a measure of the general level of the log mortality rates, and €y,
is the residual. The adjustments including the evolution of life ex-
pectancy are captured by k;.

In Fig. 6, we present a graphical representation of the values
obtained for ay, by, k. The graph for ay shows an increasing pat-
tern for the mortality after the age of 40 years. The known “acci-
dent hump” is also present around ages of 20 years and is more
pronounced for men than for women. Regarding by, the relative re-
sponse at age x to changes in k;, we find a much higher response
for ages below 20 years, an important increment at ages 70-80 for
women, and a decreasing trend after the age of 80 years for both
genders. Finally, the component k; captures the decrease in overall
mortality registered since 1950.
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