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Abstract: Pension funds, which manage the financing of a large share of global retirement schemes,
need to invest their assets in a diversified manner and over long durations while managing interest
rate and longevity risks. In recent years, a new type of investment has emerged, that we call a
longevity megafund, which invests in clinical trials for solutions against lifespan-limiting diseases
and provides returns positively correlated with longevity. After describing ongoing biomedical
developments against ageing-related diseases, we model the needed capital for pension funds to face
longevity risk and find that it is far above current practices. After investigating the financial returns
of pharmaceutical developments, we estimate the returns of a longevity megafund. Combined,
our models indicate that investing in a longevity megafund is an appropriate method to significantly
reduce longevity risk and the associated economic capital need.

Keywords: longevity; mortality; longevity risk; pension fund; megafund; biomedical; biology of
aging; pharma; model; needed capital

1. Introduction

In 2012, Fernandez et al. (2012) presented the concept of “cancer megafund”, a financial solution to
stimulate the financing of potential solutions to cancer. It is an alternative to the current pharmaceutical
development model where dramatic decreases in profitability are described (see Scannell et al. 2012)
that make investors reluctant to bet on biomedical innovation. In essence, the concept is about risk
mutualization: the expected rate of return of 150 diverse and carefully selected biomedical drug
developments is similar to that of a few carefully selected developments but, owing to the law of
large numbers, the risk is considerably smaller. Since investing in many developments requires
many investors, the megafund concept includes securitization techniques to attract enough investors,
notably pension funds and insurance companies. The fund is split between two financial instruments:
“Research Backed Obligations” (RBOs), which provide investors with fixed returns, backed by clinical
trials, and equity, which captures the remaining profits.

The concept is rapidly proposed for other applications than cancer, such as Alzheimer’s disease
(see Lo et al. 2014), orphan diseases (see Fagnan et al. 2014), and general biomedical innovation in
large, in London, the USA, Australia, or Sweden (see Swedish Agency for Growth Policy Analysis 2017).
In parallel, Boissel (2013), Marko (2013), Tenenbaum (2013), Fagnan et al. (2014, 2015), Lo and
Naraharisetti (2014), Lo (2015), Yang et al. (2016), and Hull (2016) underline both the broad potential
applications and risks of the megafund structure. Essentially, in order to finance many “long shots”,
whether health-related or not, the projects should be largely uncorrelated as opposed to all focused
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on the same disease or set of diseases. There are additional considerations to take into account for a
megafund to mitigate risk: according to Hull (2016) and Yang et al. (2016), each individual project
should have a minimum probability of success; according to Yang et al. (2016), the megafund should
not be structured in too many financial components to align investors’ interests.

In 2014, the concept emerges that targeting various diseases has an additional desirable effect
than a better diversification: as described by Stein (2016) and MacMinn and Zhu (2017), it can hedge
longevity risk, i.e., the financial loss if people live longer than planned. They suggest that “biomedical
RBOs” can hedge longevity risk. The link would not be perfect. For example, some life-extending
drugs may be developed in which the megafund has not invested. Still, it would provide a better
longevity hedge than alternative longevity-linked securities (see MacMinn and Zhu 2017). This is
unexpected good news as Pension funds and insurance companies are essential stakeholders for a
megafund to reach its critical mass. This becomes even better news as Pension funds and insurance
companies are not prone to finance treatments that lead to longer pensions to be paid.

Given such impressive conclusions that a megafund could both support medical discoveries and
the financing of pensions, this paper gets back to basics and checks some foundations for such an
interest in pension funds to invest in a longevity megafund. The analysis of fine hedging adjustments,
as in MacMinn and Zhu (2017), is beyond the scope of this article. Instead, we investigate more
fundamental aspects of the equation that were partly ignored, such as the magnitude of longevity
risk and the magnitude of rates of returns. Focusing on the link with longevity risk, we name the
structure “longevity megafund” rather than “biomedical megafund” when it invests into solutions to
life-threatening diseases rather than all kinds of diseases.

The paper is organized in three main sections. In Section 2, and with greater details in Appendix A,
we model the potential size of longevity risk. We conclude that the necessary prudential capital to cover
longevity risk is significantly higher than what is common practice in the industry today. In Section 3,
and with greater details in Appendix B, we model the expected rate of return of a biomedical megafund
and a longevity megafund. We attempt to quantify key factors in the equation such as the cost and
success rate of clinical trials, the profitability of pharmaceutical developments, both under the current
longevity trend and with scenarios of increasing human longevity. In Section 4, we cross both longevity
risk and rate of return to assess the attractiveness of a longevity megafund to pension fund asset
managers. We then conclude and discuss some remaining aspects that we could not study here.

In order to ease the understanding, Appendix C at the very end of the article lists figures, tables,
and variables by theme: “Longevity model”, “Returns of pharmaceutical developments”, and “Pension
fund needed capital”.

2. Potential Size of Longevity Risk

Stein (2016) and MacMinn and Zhu (2017) highlighted that pension funds may be interested
in investing in a longevity megafund to manage some of their longevity risk. Longevity risk is
generally directly or indirectly estimated by how well models match historical mortality data. However,
as described by Debonneuil et al. (2017), not only do frequent actuarial models unknowingly project
decelerating life expectancy trends, advances on the largest source of longevity risk are largely ignored:
a likely forthcoming wave of biomedical solutions to old age conditions that comes from biology of
aging and animal models. Here, we therefore aim to take into account such advances, and we suggest a
simple model that does not produce decelerating life expectancy trends to generate longevity scenarios.
We then use a model of a pension fund to estimate the needed prudential capital with respect to
longevity risk.

2.1. Solutions Derived from Biology of Aging Are Reaching Clinics

In the 19th and 20th centuries, infant mortality rates and young adult mortality rates have dropped
so that the future trend of life expectancy is now to a large extent a matter of solutions to old age
conditions (see Debonneuil et al. 2011).
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In the beginning of the 21st century, a series of biomedical discoveries suggest that mortality
rates may drop at old age as well. The series started with animal models of human aging and is now
turning to humans. In 2008, Ayyadevara et al. (2008) were able to extend the lifespan of laboratory
nematodes by circa ten times with one single gene change and Bartke et al. (2008) were able to extend
the lifespan of laboratory mice by 70% with a combination of gene change and diet. Since then, a vast
range of successful methods in animals were reproduced at the level of cells and tissues in humans
and human trials are now being discussed (see Barardo et al. 2017). The translatability to humans is
supported by several discoveries. In particular, some mutations that increase the lifespans of rodents
are seen in long-lived human families (see Kenyon 2010). Also, low-caloric diets, that can extend the
approximate 2-year lifespan of rodents by more than 40%, extend the approximate 6-year lifespan of
primates by more than 50% (see Pifferi et al. 2018), without observed sign of physical nor mental health
deterioration. The graft of bio-printed organs (see Ravnic et al. 2017; and Mir and Nakamura 2017)
and the in vivo degradation of old tissues that the body then naturally replaces by younger tissue
(see Fahy 2003; Ocampo et al. 2016; Mosteiro et al. 2016; and Mendelsohn et al. 2017) are already being
tested in specific clinical settings. The latter advances show that science is not only on its way to slow
down human aging but also to restore youthful characteristics to the body once old.

One may then expect much better health at old ages, which in turn means lower mortality rates
and longer lives. By how much? The life expectancy impact of curing diseases is inconsistently
estimated because beyond each disease itself there is a largely unknown associated global burden
on the body (see Martin et al. 2003; Arias et al. 2013; and Guibert et al. 2017). Where models or
parameters are to be chosen, psychological ceilings lead to underestimate parameters. This is how
in 1928 Dublin (1928) predicted an ultimate average life expectancy limit of 64.75 and how in 1990
Olshansky et al. (1990) increased that estimate to 85, which is already less than the woman life
expectancy in Japan.

Keeping maximum human lifespan around the age of 115 is one of those arbitrary ceilings.
It seems to be such lately and this leads for example Vijg and Bourg (2017) to consider that it will
necessarily remain as such. But the latter is not a proof, as noted by Gavrilov et al. (2017) who even
observes a constant centenarian mortality since 1940. Comparing the effects of current interventions
in various animal species and humans Ben-Haim et al. (2017) suggests a further increase of 30% of
lifespan, i.e., 150 years of maximal lifespan may be at reasonable reach based on ongoing developments.

Until a few years ago, the field of biology of aging was only about fundamental research and
largely away from pharmaceutical developments. The pharmaceutical industry used to apply methods
developed for single, acute diseases to multiple, chronic diseases (see Thiem et al. 2011; Roman and
Ruiz-Cantero 2017) instead of targeting the underlying aging and regenerative processes as described
above. Since about 2015, various biotech companies have raised funds to bring biology of aging results
to the clinics (see De Magalhães et al. 2017; and Debonneuil et al. 2017). Various investor reports,
books, and conferences consider that current retired persons may be the first populations to benefit
from such advances (see Mellon and Chalabi 2017; Pratt 2016; and Casquillas 2016). When essentially
focusing on hair and skin aging, which were the main anti-aging industry drivers until recently,
estimated sizes of the anti-aging market are $122 Bn in 2013, 140 in 2015, 192 in 2019, and 217 in
2021 (see Zion Market Research 2017; Transparency Market Research 2014) which explains why the
financial industry is starting to drive this move.

Of course, these advances may also require non-negligible adjustments in retirement systems:
retirement systems face the “longevity risk” that retirements must be paid longer than financially
planned. Current retirement systems essentially stem from the middle of the 20th century, when most
young workers were not expected to reach retirement age, and they depend on various mortality
tables that are regularly updated but that empirically under-estimate historical life expectancy trends
(see Antolin and Mosher 2014; and Debonneuil et al. 2017). In the USA only, if deaths caused
by cardiovascular diseases and cancer were eliminated, the fiscal imbalance of Social Security and
Medicare programs may be as high as $87 trillion in present value (see Zhavoronkov et al. 2012).
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2.2. Model of Longevity Risk

We choose a model, derived from Bongaarts (2005) and Debonneuil et al. (2017), that is simple
enough to be traceable and understandable but incorporates key features that are rarely encountered
in actuarial sciences: as we will see, it generates non-decelerating life expectancies and is relatively
universal owing to its simplicity. It is defined by this logistic formula for the annual mortality rate of
someone aged x in t years:

qx,t =
1

1 + ea−b(x−ϕt) (1)

where t = 0 corresponds to 1 January 2020, as explained in Appendix A, ϕ represents the annual
increase of life expectancy at birth, for t < 0 it is set to the current ϕ = 20% trend and for t ≥ 0 it is
randomly selected based on a probability density function to describe various possibilities in the future:

pdf(ϕ) =
e−

(lnϕ − ln 20%)2

2s2

ϕs
√

2π
(2)

Appendix A describes in greater details the reasons for choosing this model and how the parameters
are calibrated (a = 11.3, b = 10%, ϕ = 20% up to t = 0 then s = 1 to draw a random ϕ). It notably
defines remaining life expectancy at age x and time t, ex,t, that is used for the calibration. Overall,
the model and its parameters are chosen to fit mortality rates and life expectancy in Japan, as indicated
in Figure 1, as a representation of the life expectancy of pensioners weighted by amount (that are
higher than the general population as higher amounts are correlated with lower mortality due to
social inequalities). The longevity level at time t = 0, a, can of course be adjusted to model specific
populations of pensioners, but what mostly matters for what follows is the range of possible longevity
trends for t > 0.
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(see Equation (1)), in gray lines using different values of ϕ as written, and from 1990 to 2015 for specific
countries based on historical data (more precisely based on the mortality rates estimates provided
by the Human Mortality Database): Japan in (red) short dashes, France in (blue) continuous lines,
and the USA in black long dashes. As expected, life expectancies are greater in Japan than in France
and lower in the USA. The model fits life expectancy and mortality rates of Japan. The same style of
lines is used for the next two graphs, that represent the mortality rate at different ages in log scale,
for the years 1990 and 2015, respectively. The model matches the Japanese mortality well from age
40 to 85; mortality rates at these ages are important to model life expectancy at age 65 and below
(see Debonneuil et al. 2017). In the fourth graph, the model at 1990 is additionally shown to provide a
visual reference on how mortality rates have evolved from 1990 to 2015. The fifth graph shows the
chosen lognormal probability density of ϕ.

2.3. Implication for a Pension Fund in Terms of Needed Prudential Capital

Let us use a simple model of a pension fund to apply the longevity model and compute
capital needs.

Population studied. We consider the following cohort defined as such at time t = 0: 300 employees
of age 20, 300·

(
1− q20,0

)
employees of age 21, 300·

(
1− q20,0

)(
1− q21,0

)
employees of age 22, etc.

until an age 64 and no retired persons. This provides a distribution of the population across ages that
is roughly natural. When applying the mortality model, this corresponds to 13,000 people at time t = 0
(year 2020). We follow this closed portfolio over time (t = 1, 2, etc.) and every year people die according
to mortality rates. For the sake of simplicity, we do not model arrivals nor departures. The number of
people aged x at time t is then:

Nx,t =

(
300

v<x−t

∏
v≥20

(1− qv,0)

)
v<x

∏
v≥x−t

(1− qv,t+v−x) (3)

The formula is valid for workers aged 20 to 64 at t = 0, i.e., for t ≥ 0 and x < 65 + t and x ≥ 20 + t.
Otherwise, this is not the cohort, so Nx,t = 0. Summing over ages, numerically at t = 0 the cohort is
composed of 13,295 employees.

Contributions and investments. Using Asset Liability Management (ALM) practice standards, we
consider employees of different age tranches, each with different salaries per tranche, a contribution of
10%, and different returns per tranche, as shown in Table 1.

Table 1. Contributions by age tranche.

Age Salary Individual Annual Contribution Annual Investment Return Rate

20 to 34 30,000 3000 i1 = 5% σ1 = 4%
35 to 49 45,000 4500 i2 = 4% σ2 = 3%
50 to 64 60,000 6000 i3 = 2% σ3 = 1%

The table lists the assumptions used to model contributions. For example, employees from age 20 to 34 earn 30,000
each year, provide 3000 to the pension plan, this contribution has an annual return of i1,t = 5% ± 4%.

The increasing contributions of persons aged 20–34, 35–49, and 50–64 that are invested in
decreasing degrees of risk. This is based on practice where younger people invest in more risky
and potentially more profitable assets, whereas older people invest in safer assets with less profitability.
For each of the three funds, dedicated to an age tranche, the annual return rate (i1, i2, i3) is normally
distributed, which corresponds to a lognormal distribution of wealth. The volatilities σ are chosen
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with a Sharpe ratio of 1 (personal experience with such a level), a risk-free rate of 1% and a 2-by-2
correlation of 50%1 between the three fund return rates:

σk =
ik − 1%

1.0
(4)

〈ik,t, il,t〉l>k = 50% k, l = 1, 2, 3 (5)

We consider that in the past, the annual returns were exactly 5%, 4%, and 2% (depending on the
age tranche). In order to avoid modeling complex contractual clauses we consider that the accumulated
capital of a worker who dies serves as accumulated capital Cx,t for the group of persons aged x at t
(no removal of capital).

Under such assumptions, at t = 0:

Cx,0 =



u<35
∑

u≥20
Nu,03000·1.05x−u, 20 < x ≤ 35

Cx,35·1.04x−35 +
u<50

∑
u≥35

Nu,04500·1.04x−u, 35 < x ≤ 50

Cx,35·1.04x−35 +
u<65

∑
u≥50

Nu,06000·1.02x−u, 50 < x ≤ 65

(6)

We also have Cx,0 = 0 for x ≤ 20 (no contributions yet) and x ≥ 65 (at time 0 we only consider workers).
Then, year after year between t − 1 and t,

Cx,t = Cx−1,t−1 + cx−1,t−1·Nx−1,t−1·ix−1,t−1 (7)

where c and i are the contributions and annual investment returns as defined by Table 1 and
Equations (4) and (5).

Initial wealth. By initial wealth we mean the total accumulated capital at t = 0:

W0 = ∑
x

Cx,0 (8)

Numerically, this leads to an initial wealth of approximately 2 Bn (1,995,578,577). In what follows,
we will express the needed prudential capital by amount of initial wealth.

Benefits at retirement. Retirement benefits depend on the accumulated capital at age 65, that is here
converted in a lifelong annuity by an insurer who is responsible for paying corresponding benefits
throughout the life of the pensioners.

Instead of having to model interest rates and increases of annual benefits during retirement,
we take the simplifying assumption that increases are such that the two compensate: the duration of
benefit payments is then the remaining lifespans at age 65. If B65,t is the annual benefit paid to the
workers who retire at time t, the present value of benefits at time t is then B65,t·L65,t.

At time t, however, a longevity trend is not necessarily observed. We consider that the conversion
from the accumulated capital C65,t to the benefit amount Bt is done based on the mortality model with
ϕ = 20%. Since actuarial tables generally have decelerating trends (see Debonneuil et al. 2017), insurers
would consider it prudent compared to existing practices. If longevity increases much, the use of
ϕ = 20% remains a plausible base since actuarial tables do not evolve immediately after observing
overestimations of mortality rates (see Vaupel 2010).

1 The 50% correlation is not critical for the model as longevity risk is the main risk; setting the correlation to 0% did not
materially affect results
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In order to face risks, the insurer may convert only a part π of C65,t, where π is between 0 and 1.
For the sake of simplicity, we consider π = 1.

Bt =
π·C65,t

N65,t·L65,0|ϕ=20%
(9)

With that definition of benefit amounts, if the future longevity trend is ϕ = 20% then the mechanism in
place to collect contributions and investment returns provide the right amount of money to pay all
pensions. However, additional wealth is initially needed to face higher longevity trends.

Needed prudential capital. We define the needed prudential capital by the amount of money initially
needed, in addition to initial wealth, to pay the pensions of the workers with a high probability.

In order to assess the needed prudential capital Kϕ,{ix,t} at t = 0 under the assumption of a
given future scenario defined by the longevity trend ϕ and the investment returns ix,t (“ϕ, {ix,t}”),
we allow wealth to become negative (instead of claiming bankruptcy) and we measure wealth after
all benefits were paid. −Kϕ,{ix,t} is the present value of that final wealth, so that Kϕ,{ix,t} is the
additional initial wealth that would have been needed to provide the right amount to pay retirement
benefits in the future, without reaching bankruptcy. For the sake of simplicity, the discounting is
performed along investments done, i.e., the wealth is divided by the value of an initial investment
of 1 when invested in the different funds in the same proportion of contributions. In practice, long
term investment choices and associated discounting may be optimized through the use of progressive
utility (see El Karoui et al. 2014).

−Kϕ,{ix,t} = ∑
t>0

C65,t − Bt·Lx,t

∏0<u<t

(
1 + ∑x Cx,uix,u

∑x Cx,u

) (10)

We generate 10,000 future scenarios of longevity trend ϕ and investment returns ix,t, using a
Cholesky decomposition of the covariance matrix 〈σk,σl〉 to simulate correlated returns. We compute
10,000 corresponding values of Kϕ,{ix,t} to compute the needed prudential capital, that we arguably
define as being sufficient to pay retirement benefits in 90% of the simulated scenarios: a 90% VaR
(Value at Risk).

K = VaR90%
ϕ,{ix,t} Kϕ,{ix,t} (11)

This would mean that there is a 10% risk of not fully paying retirement benefits. The risk may be lower
because adjustments may occur. For example, in case of difficulties, new business contributions would
probably be used to some extent to pay the benefits of the older business. However, events can be
worse than modeled and reactivity can be questioned with respect to retirement systems. In what
follows, we will also compute the 85% VaR and 95% VaR as this choice has a material impact.

Results. Figure 2 shows the needed amount of additional initial wealth, expressed as a proportion
of the initial wealth, depending on the future longevity trend.

If the current longevity trend continues (ϕ = 20%) an additional capital of circa 15% of the initial
wealth may be considered. This is due to the uncertainty of the fund returns—the thickness of the
curve in Figure 2. Taking the average (the center of the black curve) instead of a VaR shows a perfectly
neutral initial wealth.

However, if the longevity trend is ϕ = 50% the needed prudential capital should be slightly more
than the initial wealth. If the longevity trend is ϕ = 80%, the needed prudential capital should be
more than 4 times the initial wealth.

In practice, however, one does not know the future of longevity, so the prudential additional
wealth shall cover a wide range of possible longevity trends. Using the lognormal distribution of
longevity trends, our simulation suggests that the needed prudential capital is approximately 1.4 times,
2.7 times, or 8.4 times the initial wealth depending on whether a 85%, 90%, or 95% VaR is respectively
considered. One might have expected that longevity risk is handled with a prudential capital of 10%
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or 30% of the initial wealth. This is not the case here because we consider the type of breakthroughs
that were described at the beginning of the article and that are burgeoning. It is worth noting that in
a Solvency II environment the solvency capital requirement is estimated with a short-term view of
risks; here we consider the needed current capital with a long term view of risks given that pensions
represent long term liabilities.
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Figure 2. Needed prudential capital depending on the future longevity trend (or lack of) expressed as
a proportion of the initial wealth. In the two graphs, the y-axis shows the present value of remaining
wealth after paying retirement benefits for current employees, divided by the initial wealth of the
pension fund: “−1” means that 100% of additional wealth would be needed today, i.e., a needed
prudential capital of the size of the initial wealth. In the first graph, the x-axis shows different scenarios
for the longevity trend ϕ and each dot in the graph is the result of a scenario. In the second graph,
the x-axis is the level at which to compute the VaR that represents the needed prudential capital: for
example, a 90% VaR over all scenarios.

2.4. Conclusion of This Section

Longevity risk is not small, which could incentivize pension funds or other retirement payers
to invest in the equity tranche of a longevity megafund provided it brings enough return, including
enough return in a wide range of longevity scenarios.

3. Potential Rate of Return of a Longevity Megafund

In this section, we first discuss the rates of return of pharmaceutical developments, we then
estimate their evolutions in case of longevity scenarios and we then investigate corresponding rates of
return for the equity tranche of a longevity megafund.

3.1. Rate of Returns of Pharmaceutical Developments Today

There has been much debate on the rate of return of pharmaceutical developments. For example,
the average research and development cost per pharmaceutical development has been reported to
be $2558 M by DiMasi et al. (2016) but less than $59 M by Light and Warburton (2011). Appendix B
navigates through such inconsistent historical reports, but also consistent open data and recent
investigations, and concludes that the pharmaceutical development returns have been relatively stable.
The return of a large portfolio of pharmaceutical developments can be put in a model defined by
Fernandez et al. (2012) where an initial investment C0 leads ten years later to a gain Y10 with a
probability p (success rate): the 10-year return is

ρ =
p×Y10 + (1− p)× 0

C0
(12)
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and the annualized return is

r =
(

p×Y10

C0

) 1
10
− 1 (13)

Based on the analysis in Appendix B, the success rate p from undertaking a first small clinical trial
to commercial approval would typically be about 12%. The average research and development cost
would typically be C0 = $50 M, let us consider C0 = $55 M or rather $60 M due to megafund management
fees, and the average 10-year gain when selling results to pharmaceutical companies Y10 = $1.5 Bn.
The corresponding annualized returns are then 11.6–12.5%. In fact, returns may be quite different
depending on the strategy of the megafund, so the numbers initially chosen by Fernandez et al. (2012)
for a cancer megafund seem reasonable to us for a longevity megafund under current conditions
(i.e. the current longevity trend ϕ = 20%): ρ = 3.1 and r = 11.9%.

The next two sections investigate how megafund returns evolve with longevity trends, for a
generic biomedical megafund and for a longevity megafund.

3.2. Evolution of Biomedical Megafund Returns with Longevity: “Linkage 1”

This section investigates how megafund returns evolve with longevity trends, for a generic
biomedical megafund that invests in all kinds of pharmaceutical developments.

In the 19th and 20th centuries, infant mortality rates and young adult mortality rates have
dropped. Now, the future of life expectancy will more and more become a matter of solutions to old
age conditions (see Vallin and Meslé 2010). We apply that latter view in the context of how much
successful pharmaceutical developments are paid when they extend lives.

Currently, biomedical developments and longevity are poorly linked: the approximate 3 months
of increase in life expectancy per year are still largely a matter of improved lifestyles and many
biomedical innovations address health needs that do not relate to longevity, for example, migraine or
glaucoma treatments. The OECD estimates that 37.2% of the current longevity trend is due to health
care spending, other factors being improved education, improved income, and decreased smoking and
alcohol consumption (see OECD 2017). This means that biomedical innovation accounts for less than
an additional month of life every year: out of approximately 35 new molecular entities and biologicals
per year some may add one week but others zero days. Under such circumstances with longevity
trendsϕ < 30%, the profitability of a biomedical megafund that invests in very diverse pharmaceutical
developments, should be close to the one described above: ρ = 3.1 and r = 11.9%.

However, it is difficult to imagine that life expectancy may become much higher than the age of
100 only with lifestyle improvements (see Gavrilov et al. 2017): health care improvements will de facto
be the main driver for large longevity increases. A longevity scenario is for example that 35 new
molecular entities and biologicals are still produced per year but now they mostly address critical life
limiting conditions, such that each therapy on average adds one week of year to life expectancy. Under
that scenario, biomedical innovations alone increase life expectancy by 35 × 7/(365/12) = 8 months
per year. The megafund gains would then depend on accepted costs per year of life saved through
biomedical intervention.

Accepted costs notably increase with the perception of a critical need and with the ageing
of populations (see Murphy and Topel 2006). An analysis in 1995 of 500 life-saving interventions
suggested additional costs of $42 k per additional life-year but only $19 k for the specific case of medical
interventions (see Tengs et al. 1995). However, for cancer patients this number was $54 k in 1995 and it
ramped up to $217 k in 2013 (see Howard et al. 2015). In the UK the NICE used to accept biomedical
innovation for 20 to 30k£ per additional healthy year of life (see Devlin 2003). Elsewhere, $50 k has
long been the common reference and higher numbers are now often used (see Neumann et al. 2014).
Based on all these numbers, we consider $50 k as a reasonable accepted cost per life year gain, and since
pharmaceutical companies would typically pay 40% of the value to the megafund (Stewart et al. 2001)
we consider that the gains provided by the megafund should be the order of $20 k per additional year
of life per person (40% of $50 k).
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Let us now design a model of megafund profitability that accounts for both low longevity
scenarios and high longevity scenarios with some smooth intermediate shape. We use the following
formula for the 10-year profitability ρ:

ρ = ln(exp(ρL) + A) + ε (14)

where the coefficients, ρL, A, and ε are defined as follows.
ρL is a function of longevity that increases the profitability ρ with longevity. Under strong

longevity scenarios, the parameter A is small compared to exp(ρL) and then ρ ≈ ρL + ε: ρL represents
the evolution of ρ with longevity. Historically, this evolution can be estimated via the annual 35 new
molecular entities and biologicals described above, that are taken by approximately 10 M patients in
the years under patent:

ρL =
p×Y10

C0
= Bϕ (15)

with B = p×(Y10/ϕ)
C0

= 10%×(20,000 k$/ϕ)×10M
35 × 50M$ = 11.4. The 10 M patient is an estimate provided by

experts but it corresponds for example to 21% of 48.5 M of Americans over age 65 (see Human Mortality
Database) which is half of those taking polypharmacy (see Kantor et al. 2015), a proxy for using one of
the 35 drugs.

A is a coefficient to set profitability at the right level. Historically, ϕ = 20% and ρ = 3.1 so we
take A = exp(ρ)− exp(ρL) = e3.1 − e11.4 × 20% = 2.48 to get ρ = 3.1 for ϕ = 20%.

The residual performance ε of the megafund, due to factors not present in the equation, such
as the quality of the fund managers, is a uniform random number between −1 and 1 given that the
measure of p = 10% is unsure by approximately 5% (see Thomas et al. 2016; Wong et al. 2018) and that
prices are unsure too (as seen with the Royalty Pharma density above).

We call that link between longevity and returns “linkage 1”; it is for a megafund that invests in
a large set of biomedical developments like the 35 new molecular entities and biologics mentioned
above. Figure 3 shows the corresponding annualized profitability r = ρ

1
10 − 1. With ε = 0, 1 and −1

the annual return under the current longevity trend is respectively 11.9%, 17%, and 7.6%. The curve
is concave.

Risks 2018, 6, x FOR PEER REVIEW  10 of 27 

 

annual 35 new molecular entities and biologicals described above, that are taken by approximately 

10 M patients in the years under patent: 

𝜌𝐿 =
𝑝 × 𝑌10
𝐶0

= 𝐵φ  (15) 

with 𝐵 =
𝑝×(𝑌10/φ)

𝐶0
=

10%×(20,000 k$/φ)×10M

35 × 50M$
 = 11.4. The 10 M patient is an estimate provided by experts 

but it corresponds for example to 21% of 48.5 M of Americans over age 65 (see Human Mortality 

Database) which is half of those taking polypharmacy (see Kantor et al. 2015), a proxy for using one 

of the 35 drugs. 

𝐴 is a coefficient to set profitability at the right level. Historically, φ = 20% and 𝜌 = 3.1 so we 

take 𝐴 = exp(𝜌) − exp(𝜌𝐿) = 𝑒
3.1 − 𝑒11.4 ×20% = 2.48 to get 𝜌 = 3.1 for φ = 20%. 

The residual performance  𝜀 of the megafund, due to factors not present in the equation, such 

as the quality of the fund managers, is a uniform random number between −1 and 1 given that the 

measure of 𝑝 = 10% is unsure by approximately 5% (see Thomas et al. 2016; Wong et al. 2018) and 

that prices are unsure too (as seen with the Royalty Pharma density above).  

We call that link between longevity and returns “linkage 1”; it is for a megafund that invests in 

a large set of biomedical developments like the 35 new molecular entities and biologics mentioned 

above. Figure 3 shows the corresponding annualized profitability 𝑟 = 𝜌
1

10 − 1. With 𝜀 = 0, 1 and −1 

the annual return under the current longevity trend is respectively 11.9%, 17%, and 7.6%. The curve 

is concave.  

As we have seen, various assumptions have led to this link. This may lead to slightly higher or 

lower returns, which can be taken into account in 𝜀 definition. In practice, a megafund could have 

its own development strategy and have consequently greater or lower returns and document it for 

investors. In any case, as we will see, a pension fund could then adjust its share of investments in the 

megafund accordingly.  

 

Figure 3. Megafund annualized return 𝑟 as a function of longevity trend φ. The square represents 

the central scenario with a future longevity trend of 20% and an annualized return of 11.9%. If the 

megafund target a very wide variety of pharmaceutical developments, returns are expected to 

depend on the longevity trend as show by the continuous (blue lines; the thick line is the best 

estimate, the thin lines represent a range of uncertainty): “linkage 1”. If the megafund targets 

mortality-linked diseases, the expected link with longevity is the (green) dashed line. 

3.3. Evolution of Longevity Megafund Returns with Longevity: “Linkage 2” 

This section investigates the link between megafund returns and longevity in case the 

megafund invests in solutions against aging processes and life-threatening diseases. 

Various considerations could further strengthen or weaken the concavity of the curve observed 

in Figure 3. On the one hand, for example, the longevity wave may mostly occur via an improved 

success rate as many biology of aging discoveries may enter hospitals and offer various new ways to 

treat the aging and chronic diseases that are currently difficult to treat. On the other hand, as the 

Figure 3. Megafund annualized return r as a function of longevity trend ϕ. The square represents
the central scenario with a future longevity trend of 20% and an annualized return of 11.9%. If the
megafund target a very wide variety of pharmaceutical developments, returns are expected to depend
on the longevity trend as show by the continuous (blue lines; the thick line is the best estimate, the thin
lines represent a range of uncertainty): “linkage 1”. If the megafund targets mortality-linked diseases,
the expected link with longevity is the (green) dashed line.
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As we have seen, various assumptions have led to this link. This may lead to slightly higher or
lower returns, which can be taken into account in ε definition. In practice, a megafund could have
its own development strategy and have consequently greater or lower returns and document it for
investors. In any case, as we will see, a pension fund could then adjust its share of investments in the
megafund accordingly.

3.3. Evolution of Longevity Megafund Returns with Longevity: “Linkage 2”

This section investigates the link between megafund returns and longevity in case the megafund
invests in solutions against aging processes and life-threatening diseases.

Various considerations could further strengthen or weaken the concavity of the curve observed
in Figure 3. On the one hand, for example, the longevity wave may mostly occur via an improved
success rate as many biology of aging discoveries may enter hospitals and offer various new ways
to treat the aging and chronic diseases that are currently difficult to treat. On the other hand, as the
accepted cost depends on the perceived criticality of needs (see Howard et al. 2015), it may be possible
that new health treatments are not perceived as critical in a longevity scenario and the accepted cost
may not necessarily increase.

Let us now consider a longevity megafund: a biomedical megafund that is particularly focusing
on conditions that are linked with mortality and longevity. The return may be lower in case of low
longevity trend and higher in case of high longevity trend, due to the returns provided by biology of
aging solutions. Obviously and as we will see, this provides a better longevity risk management tool.
Mathematically, the link between longevity and return would be less concave and we model it with a
linear approximation of “linkage 1”:

r = 7.1% + 24%×ϕ+ 4%× ε (16)

This “linkage 2” is chosen to fit the approximately linear part of the “linkage 1” curve seen in
Figure 3. With ε = 0, 1 and −1 the annual return under the current longevity trend is respectively
11.9%, 15.9%, and 7.9%.

3.4. Evolution of Megafund Equity Returns with Longevity

In practice, a pension fund may invest in the equity tranche of the megafund rather that in the
whole megafund. A megafund must be structured into debt and equity (non-debt) because without the
debt part, it would be difficult to find enough investors to have enough drug development programs
financed for the megafund risk to become small compared to returns, hence to be financially attractive.
The debt part, composed of “research-backed obligations” (RBOs), provides fixed annual returns:
it cannot hedge longevity risk. Therefore, i, the annualized return of the equity part of the megafund
that provides gains in excess of RBOs, is the rate that matters to possibly cover longevity risk:

i =
(

ρ− (1− α)× 1.0510

α

) 1
10

− 1 (17)

where α is the equity percentage of investments in the megafund and where we supposed that the
annual interest rate of the RBOs is 5%. Indeed, if I is the total of investments received by the megafund,
αI is the investment in the equity tranche, ρI is the gain generated 10 years, it first pays (1− α)I× 1.0510

to the RBOs investors—who invested (1− α)I—and so that equity investors receive the reminder,
ρI − (1− α)I × 1.0510: this must be compared to the initial αI investment 10 years earlier. When the
10-year return of drug development is ρ = 3.1, having α = 50% or 25% of investments dedicated to the
equity tranche leads to i = 16.4% or i = 22.3%, respectively: the equity share can be used as a lever
to obtain higher returns if there are enough successful drug development programs (at the cost of
reducing returns if there are not enough). Figure 4 shows the corresponding equity return as a function
of longevity trend. Greater returns are found except with the stronger lever (α = 25%) and lowest
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longevity (ϕ < 7% here): here, strongly negative returns are found, highlighting that the lever effect
bears risks. Even though a pension fund should make gains when longevity is high, it should make
sure these are sufficient in such a scenario.Risks 2018, 6, x FOR PEER REVIEW  12 of 27 
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4. In Which Cases Will a Pension Fund Benefit from Investing in a Megafund?

We have seen that a longevity megafund can provide high equity returns in case of longevity,
suggesting interest for pension funds to invest in a longevity megafund. This part analyses the
conditions of interest, starting by deciphering different types of pension funds and other types of
retirement systems.

4.1. What Type of Retirement Systems Would Benefit from Investing in a Longevity Megafund?

Retirement systems are mainly composed of defined benefit plans, defined contribution plans,
pay-as-you-go plans, and voluntary insurance retirement contracts (see US Department of Labor 2016;
House of Commons Work 2016; and Broadbent et al. 2006).

So far, to our knowledge, the literature suggests that longevity megafunds may hedge longevity risk,
without investigating what type of plans would best benefit from investing in a longevity megafund.

a. “Defined benefits” means that the pension benefits are defined and guaranteed by the pension
fund. The fund is reponsible for the investments and bears the longevity risk. The capital may
be handed over to an insurance company which will bear the longevity risk. The benefits are
typically defined as a percentage of the pensionable salary, for example, 20% of the average
salary over the last three years of work. Investing in a longevity megafund could be a way for
defined benefit pension funds to partially hedge their longevity risk: in case of strong longevity
improvements, investment returns should be greater so that the accumulated capital can pay
benefits longer than the prospective life expectancy calculated at time of retirement.

b. In defined contribution plans, employer and employees provide contributions during their working
years. Often, employees make investment choices to build their capital for retirement. The amount
of accumulated capital depends on how well investments perform. Often, the accumulated capital
is transferred to an insurance company that pays annuities and bears the longevity risk. The risk
can also be at the level of the pensioners in case of a lump sum, but they can also buy annuities.
In recent decades, a shift has occurred from defined benefit plans to defined contribution plans
in order to avoid the financial risk borne by the fund during the capital build up period.
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If the pension fund or the employees decide to invest in the longevity megafund, the accumulated
capital should increase with longevity. This is interesting for the employees but if they decide to
annuitize their wealth the annuity amounts would consequently be greater and the longevity risk
borne by the pension fund or the insurer would actually be greater in the same proportion. Therefore,
and paradoxically, investing in the longevity megafund during the capital build-up period is good for
the employees but probably not for the pension fund or the insurer (it depends on whether employees
decide to annuitize their wealth). Investing in the megafund in the retirement period remains a way to
reduce longevity risk, but it is not customary to invest the retirement capital in exotic funds.

c. In pay-as-you-go pension plans, there is no, or very little, investment: the contributions from
employers and employees directly pay the benefits to retired persons. In such a system, that is
for example widely used in France, the lack of investment makes the longevity megafund of no
use for the pay-as-you-go pension plan itself. However, retirees may ask an insurer to annuitize
their wealth and the insurer would benefit from investing it in a longevity megafund.

d. In conclusion, from a first qualitative perspective the equity part of a longevity megafund makes
sense for defined benefit pension plans and for the investment of retirement capital by any
stakeholder, but a priori not for the investment of contributions by defined contribution pension
plans that bear the longevity risk, as it would be increased.

Our analysis is somewhat simplistic as numerous retirement systems exist and risks can be
transferred to stakeholders who have distinct characteristics. For example, insurers providing deferred
annuities may transfer their longevity risk to reinsurers who might benefit from investing in a longevity
megafund. Also, various practical aspects, such as counterparty risk, basis risk, and megafund
returns—of course—may change the conclusion.

4.2. Impact of Investing in a Megafund on Needed Prudential Capital

We here extend the simulation of the needed prudential capital seen at the end of the second part
of the paper, by having the pension fund invest a percentage of contributions in the equity part of
a megafund.

Let p1, p2, p3 be the percentage of contributions invested in the equity part by age tranche, with
the age tranches described in Table 1. The equity part of a megafund offers a higher expected risk and
return than investments performs when approaching retirement, as seen in Table 1. For that reason,
we consider p1 > p2 > p3: p1 = 20%, p2 = 15%, p3 = 10% and we name it a “material investment”.
Since the megafund is a new type of structure we think that pension funds would not invest more in
the coming decade, even if it significantly reduces longevity risk.

The differences in simulations are that at t = 0, the residual performance of the megafund (ε) is a
new variable that is randomly chosen between −1 and 1 for each simulation and that the contributions
to the megafund and the gains from the megafund are computed.

Figure 5 shows the needed prudential capital, expressed as a proportion of the initial wealth,
depending on the future longevity trend. A first result is that much less prudential capital is needed
when investing in the megafund but the longevity risk coverage becomes gradually limited with
longevity trends ϕ > 70%. A second result is that a biomedical and longevity megafund lead to
approximately the same coverage when ϕ is between 20% and 70%, but a longevity megafund has a
higher risk to create losses if ϕ < 20% and greater longevity risk coverage if ϕ > 70%. This is expected
from the linear approximation performed in Equation (16) to model the return of a longevity megafund.
It is also expected due to the nature of a longevity megafund, that focuses on more specific biomedical
advances but that should better cover fundamental improvements of health as we age. A third result is
that a megafund with a lower share α of equity investments leads to a better coverage in case of strong
longevity trends but also a stronger risk of losses when investing in a longevity megafund and when
ϕ < 20. This is also expected when the returns of the pharmaceutical developments are greater than
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the fixed return, the larger the fixed income share, the greater the remaining profits that are distributed
to the equity share; and this leverage works both ways, when megafund returns are lower than 11.9.
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Figure 5. Needed prudential capital, expressed as a proportion of the initial wealth, depending on the
future longevity trend and on investments in a longevity megafund. The first graph is for a megafund
that uses 50% equity investments, the second graph is for a megafund that uses 25% equity investments.
Each dot in the graph is the result of a scenario of the future. In black, no investment is performed in
the megafund (p1 = p2 = p3 = 0). In light gray, the pension fund invests in the longevity megafund.
In gray, the pension fund invests in the generic biomedical megafund.

One may wonder if the megafund still covers longevity risk well with a mild investment or
without structuring the megafund between debt and equity (α = 100%). We define a “mild investment”
as half of the material investment: p1 = 10%, p2 = 7.5%, p3 = 5%. Table 2 explores the needed
prudential capital with respect to diverse investment options. Clearly, longevity risk is reduced when
investing more in the megafund, when investing in a megafund that has a reduced share of equity and
when investing in a longevity megafund, that targets longevity-related pharmaceutical developments.
However, it is also the option that bears risks ifϕ < 20, as seen in Figure 5. Moreover, a basal prudential
capital must exist due to aspects that we only approximately modeled with “ε” so the modeled 14-fold
reduction prudential capital when materially investing in a biomedical megafund having 50% of equity
is suspicious. An optimal megafund structure in these respects would be a mix between a biomedical
megafund with 25% equity and a longevity megafund with 50% equity.

Table 2. Needed prudential capital, expressed as a proportion of the initial wealth, depending on
investments in a longevity megafund.

85% VaR 90% VaR 95% VaR

No megafund 1.4 2.8 8.5
Longevity megafund that has 25% equity 0.3 0.6 0.6 1.4 2.4 4.6
Biomedical megafund that has 25% equity 0.1 0.6 0.5 1.4 3.3 5.1
Longevity megafund that has 50% equity 0.3 0.8 0.9 1.6 3.1 4.9
Biomedical megafund that has 50% equity 0.3 0.7 0.9 1.6 4.0 5.8
Longevity megafund that has 100% equity 0.5 0.9 1.2 1.8 3.9 5.4
Biomedical megafund that has 100% equity 0.5 0.9 1.2 1.9 4.6 6.4

Each line is a different way to invest contributions, and each column is a different definition of the needed prudential
capital. Each cell contains two numbers (except for the first line that serves as a reference), with a precision of circa
0.1. The first number is the needed prudential capital in case of a material investment in the megafund (p2 = 15%),
the second number in case of a mild investment (p2 = 7.5%). For example, taking a 90% VaR, a material investment
in a megafund leads to a needed prudential capital that is less than the initial wealth instead of almost three times
the initial wealth.
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5. Conclusions

The current article studied the conditions in which investing in a longevity megafund can cover
the longevity risk of a pension fund.

With assumptions that such a megafund is reasonably well managed, it appeared that the cover
may work for defined benefit and to some extent for defined contribution pension schemes, however
with some limitations if life expectancy starts to increase by typically 9 months per year.

The risk analysis performed at the end of the second section suggests that the short-term
prudential capital risk approach that is currently proposed by diverse regulators, such as the Solvency
Capital Requirement in insurance, may not lead to the right order of magnitude of prudence.
We defined the notion of needed prudential capital to face long term risks, having in view likely
upcoming significant discoveries in the biomedical, aging-related field. The amounts of needed
prudential capital we compute is not 10% or 30% of the initial wealth but rather 140%, 280%, or 850%
depending on the desired level of value at risk (85%, 90%, or 95%).

Investing 10% to 15% of assets in a longevity megafund, that invests in pharmaceutical
developments with a particular focus on longevity-related developments, would typically divide the
needed prudential capital by 3 (by 2 to 14 depending on conditions, as seen in Table 2). In case of
rapid longevity increases, retirement systems should ideally be thoroughly adjusted. Since adjusting
retirement systems is not easy, a longevity megafund may help accompany changes over time.

The longevity megafund remains at this stage a theoretical concept. If the biomedical discoveries
described at the beginning of the article truly extend human lifespan in a very significant manner, it
may be important to develop this longevity megafund solution early enough. It is therefore a good
time to perform more research on the predicted behavior of the megafund, which we could not study
here in detail.

For example, given the numerous pension funds, biomedical researchers, and pharmaceutical
developments worldwide, mechanisms may be investigated to favor their interaction towards a
longevity megafund that favors both the financing of health and of retirement systems. Also, given
that the longevity megafund concept fits defined benefits schemes better than defined contribution
schemes, solutions for contribution schemes should be investigated.
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Appendix A. Choice of the Mortality Model

This part describes the choice of the mortality model described in Equations (1) and (2) with
greater detail than in Section 2.

The time, t, is expressed in years and t = 0 at year 2020: to compute capital needs we consider a
population or workers in 2020 and study in Sections 2 and 4 how to finance its pensions.

The parameter b can be understood as the natural relative increase of mortality with age. We take
b = 10%: this is approximately the historical slope of log-mortality rates between ages 40 and 90,
as shown for France, Japan, and the USA for the years 1990 and 2015 in the third and fourth graphs
of Figure 1 and in greater detail in Figure A1. Said differently, every increase of age by one year is
associated with an increase of mortality risk by approximately 10% of its value.
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Figure A1. Historical mortality rates, for three countries and as modeled. Annual mortality rates are
shown in log scale as function of age, for the USA, France and Japan (graphs from top to bottom),
in 1990 and in 2015 (graphs on the left and on the right). Each graph shows the mortality of males in a
(blue) continuous line, the mortality of females in (red) dots, the mortality of both in (black) dashes
and the mortality of the model used in this article in a gray line that is visually straight up to age 85.
For the graphs on the right, the mortality of the model in 1990 is added to help visualize the change of
mortality between 1990 and 2015.

Other parameters are defined using the concept of static and prospective life expectancy.
The prospective life expectancy of a population aged x at time t, Lx,t, is how long that population
lives on average if its mortality rates evolve according to a model. The static life expectancy of that
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population, ex,t, is how long that population lives if mortality rates were not evolving after time t.
The word “static” is generally omitted.

Mathematically, the static or prospective life expectancy is the area under the survival curve of the
population. As generally done in actuarial science, we approximate that area by consecutive rectangles.
The rectangles are centered at every round age (we here name u the age at which survival is estimated;
u > x). They are of width one year except the first one, of height 1 and width 0.5 year. This leads to the
following formulas where we indicate the computation of survival, S(u), for the sake of clarity:

Lx,t = 0.5 + ∑
u>x

v<u

∏
v≥x

(1− qv,t+(v−x))︸ ︷︷ ︸
S(u)

(A1)

ex,t = 0.5 + ∑
u>x

v<u

∏
v≥x

(1− qv,t)︸ ︷︷ ︸
S(u)

(A2)

In the calculation, for practical reasons, we must set a limit for u, rather than infinity. It must be an
age that has a negligible probability to be reached according to the model. We arbitrarily take 300 years
and have checked that taking 300 or 400 years does not materially affect the estimates here performed.

The parameter a can be understood as the initial life expectancy level (or initial mortality level
but mortality rates increase when a is decreased). Knowing that what matters most for the article is
to simulate various longevity scenarios, we choose one reference country, Japan in our case, and we
choose a = 11.3: this provides a reasonable estimate of life expectancy at birth and at age 65 of the
Japanese general population in 2020, as shown in the two first graphs of Figure 1 and in greater details
in Figure A2.

For the reference country, we chose Japan as it is a long-lived country. We do so because in most
countries, the mortality of pensioners would be expected to be lower than general populations owing
to their socio-professional levels. This is all the more relevant as the model should represent mortality
weighted by amounts (one would expect pension level, health, and low mortality to be positively
correlated due to social inequalities) to model capital needs. Still, the model could be adjusted to a
particular population by using a different value for a. It is to be noted that further refinements could
be made, such as a better mathematical shape of log-mortality as a function of age using for example
an adaptation of the model of Heligman and Pollard (1980) as described by Debonneuil (2015). These
refinements were deemed unnecessary in the context of this article.

Let us now discuss ϕ, which represents the longevity trend. As explained for a broader range of
models by Bongaarts (2005), Equation (1) produces annual increases of life expectancy at birth by ϕ
years because increasing t by 1 year produces the same mortality rates as decreasing x by ϕ year (and
because at birth, where decreasing x does not make sense, the model produces negligible mortality
rates compared to adult mortality rates). For example, to model life expectancy increases of a quarter
every year we would consider ϕ = 3 months

12 months = 25%. This is a clear behavior compared to various
actuarial models, such as the model from Lee and Carter (1992), that are often believed to extrapolate
historical trends with a neutral view but actually tend to produce decelerating life expectancies and no
longevity improvements ultimately (see Bongaarts 2005; and Debonneuil et al. 2017). Another clear
behavior of the model is to produce mortality improvements that are ϕ

10 at young ages (because we
use b = 1/10), so 2.5% in the example of an additional quarter per year. These mortality improvements
gradually lower with age without forcing mortality improvements by age to be constant over time.

As highlighted in the first two graphs of Figure 1 for 3 countries and by Debonneuil et al. (2017)
for a range of 24 countries, ϕ = 20% fits the current longevity trend. This why we consider ϕ = 20%
before t = 0. Debonneuil et al. (2017) used a similar model, “Best Practice Trend”, that is more complex
to express in terms of annual mortality rates qx,t but that has the same longevity trend feature.
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Figure A2. Static life expectancy at birth and at age 65, for three countries and as modeled. Life
expectancy at birth (graphs on the left) and at age 65 (graphs on the right) are shown as function of
calendar year, for Japan, France and the USA (graphs from top to bottom). Each graph shows the
mortality of males in a (blue) continuous line, the mortality of females in (red) dots, the mortality of
both in (black) dashes and the mortality of the model used in this article in portions of gray straight
lines. More precisely, ϕ = 20% is used for the thick straight line and ϕ = 50% and ϕ = 100% is used for
the two thin straight lines that start in 2020.

However, the future longevity trend may be different. A wide range of potential longevity
increases can happen as we have seen, so we use a lognormal distribution of ϕ. Its median is 20% to
have a 50% chance of greater or lower longevity trend. The probability density function is then the
one shown in Equation (2). Considering a possible wave of solutions for age-related conditions in
the coming decades, we set the standard-deviation s to 1. This leads to a 5% probability that ϕ > 1
(precisely, based on 10 million simulations of ϕ, we measure a probability of 5.38%). Over long periods
of time, the latter corresponds to people enjoying better health and reduced mortality risks as time
goes, for example, because of the emergence and progressive generalization of tissue regeneration
techniques. The future is unknown and some authors may argue that this probability of 5% is not
reflective of future longevity trends. This is why at times in the article, we consider four specific
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longevity scenarios that could be weighted as a mean to represent other distributions of longevity
risk: ϕ = 0% (no improvement in the future), ϕ = 20% (historical trend), ϕ = 50% (wave of anti-aging
solutions) and ϕ = 80% (strong solutions to aging).

The relevance of the ϕ = 50% and ϕ = 80% scenarios and the relevance of a 5% probability of
having ϕ = 100% can be partially appreciated in light of historical annual increases of life expectancy
that followed large implementations of biomedical discoveries. We attribute a value of ϕ to them
because ϕ models annual increases of life expectancy. Around 1950, Japan had a trend above
ϕ = 100%, suggesting that high trends are possible when solutions for better health are known and
are implemented. In the last decades, south Asian countries of Malaysia, Philippines, Vietnam,
Laos, and Bangladesh (see Carbonnier et al. 2013) have experienced an increase above 50%. During
approximately 70 years after the microbial communications of Louis Pasteur, ϕwas around 30% in
long-lived countries (see Vallin and Meslé 2010). The Pasteur example is particularly interesting as
improving hygiene requires complex cultural, technological, and urbanization changes: it can be
foreseen that using anti-aging therapies once available is a faster process.

Appendix B. Investigation of the Current Rate of Return of Pharmaceutical Developments

Biology of aging may be reaching the clinics now and in the forthcoming decades, which
should, in principle, boost the pharmaceutical industry. However, for now a crisis is declared on the
pharmaceutical side, with reported strong increases in research and development investments in the
last decades, high cost of risk for investors, but strong decreases in success rates of drug development
(see Scannell et al. 2012). Reported estimates of average research and developments cost are $802 M
(see DiMasi et al. 2003) per successful drug, including the cost of failures, or more recently $2558 M
(see DiMasi et al. 2016). Such numbers are debated to be less than $59 M and it is suggested that most
publicly available data in the field are biased (see Light and Warburton 2011; and Lazonick et al. 2017).

In this delicate context of non-communicated cost structure, the first megafund studies conducted
sophisticated analysis of historical drug developments.

For the cancer megafund (Fernandez et al. 2012, in Supplementary materials), a Markovian model
was developed for simulations as well as two very simple models to explain the orders of magnitude
of profitability: a model for blockbusters (drugs with annual revenues of more than $1 Bn) and a model
for non-blockbusters. These two models consist in an initial investment C0, $200 M and $100 M,
respectively, leading ten years later to a gain Y10, $12.3 B and $3.1 B respectively, with a probability,
p, of 5% and 10%, respectively. When using Equation (13), it happens that with these numerical
assumptions the two models lead to the same annualized return r of 11.9%.

For the case of a megafund against rare diseases, one would expect smaller investments and
smaller gains: small clinical trial sizes may be accepted given the reduced number of patients, and the
drugs would be commercialized to less patients. After detailed analyses (see Fagnan et al. 2014),
including refinements to be less dependent on industry averages (see Fagnan et al. 2015), the costs for
preclinical trials, phase I, and II (elements of C0) are respectively estimated at about $3 M, $3 M and
$8 M , the resulting values (elements of Y) are estimated at about $7 M, $23 M and $57 M and success
probabilities (elements of p) at about 80%, 87%, and 53%. Put together, the final annualized rate of
return is estimated to be between 12% and 15% (see Fagnan et al. 2015).

Recently, the average costs, probabilities of success and durations of clinical developments have
become much clearer following articles in 2016, 2017, and 2018 from teams with large amounts
of data and incentives (see Sertkaya et al. 2016; Martin et al. 2017; Wong et al. 2018). As a result,
it becomes easier to estimate the megafund profitability by distinguishing cost, success rate, and gains
of pharmaceutical developments. We perform this analysis with a particular focus on the USA as it is
by far the country with the most clinical development (see Thiers et al. 2008).

The average US cost of a phase I, II, and III in the USA is, respectively, $4 M, $13 M, and $20 M
and the cost for the FDA approval step is smaller (see Sertkaya et al. 2016). Similarly, the medium cost
for major biopharma companies is respectively $3.4 M, $8.6 M, and $21.4 M (not specific to the USA;



Risks 2018, 6, 67 20 of 27

see Martin et al. 2017). When summing these numbers, in both cases the cost of a drug development
that goes through two phase I, two phase II, one phase III, and one FDA approval is about $50 M,
or $0.05 Bn (we considered two phases I and two phases II in this amount to represent additional costs
such as reproducibility tests of biology of aging results). This order of magnitude is for all therapeutic
areas on average as well as for the specific case of oncology (see Sertkaya et al. 2016).

The success rate for a compound in phase I to reach the market is estimated by Wong et al. (2018)
at 14% (66.4% to reach phase II and then 58.3% to reach phase III and then 59.3% to reach approval;
the model that assumes at least 1 phase I, 1 phase II, 1 phase III if one of the phases is lacking in the
data). It is greater than previous estimates at 9.1% (see Thomas et al. 2016). It particular, it includes
significantly higher success rates since 2013. Whether the later increase comes from a bias in their
model or a real recent change, our further investigation based on open data does not confirm this trend
very clearly, so we will take a slightly prudent hypothesis in that respect.

We then estimate the megafund gain of selling the intellectual property to pharmaceutical
companies by referring to the valuations obtained by Royal Pharma. Royal Pharma is a company that
buys biomedical intellectual property and sells it to pharmaceutical companies. The sales amounts are
reported online (Royal Pharma portfolio) and Figure A3 shows the distribution of amounts obtained.
The median is $1.03 Bn. The average is $2.48 Bn. Two amounts are greater than $10 Bn, and if
removed, the average becomes $1.66 Bn. With a margin of prudence, as a megafund might not be
as efficient as Royal Pharma in optimizing sales, we considered a gain of $1.5 Bn per successful
pharmaceutical development.
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Figure A3. Estimated gain per successful drug development based on Royalty Pharma sales. The x-axis
of the two red vertical bars are the mean (2.48 bn$, on the right) and the median ($1.03 bn, on the left)
of the sales amounts, in $M. The light blue shade is the density of the sales amount, using a smoothing
gaussian kernel whose bandwidth is half of the sales standard deviation. The blue vertical bar, between
the two red horizontal bars, is the gain we consider for investors in the megafund, under current
longevity trends ($1.5 Bn).

Combining costs of $50 M, a success rate of 14% and gains of $1500 M in Equation (13) leads
to an annualized return of (14%*1500/50)0.1-1 = 15.4%. Using a slightly lower success rate as seen
above, of 12%, and a greater cost to include management fees and carried interest, as reminded by
Phalippou (2010), of $60 M, leads to an annualized return of 11.6%. This is not far from the 11.9%
annualized return suggested by Fernandez et al. (2012) in the case of a cancer megafund.

All these investigations are based on the literature. As we have seen, there is conflicting data in
the literature. In order to better decipher the right orders of magnitude, we analyzed the evolution
of pharmaceutical developments based on open data. More precisely, we followed the evolution of
clinical trials and FDA approvals in the USA, Europe, and the UK. We investigated the main types of
clinical trials: Phase I, II, and III. Phase I trials are conducted with a small number of patients (20–80)
mainly to test safety and first side effects, phase II trials involve a larger group of patients (100–300)
to determine efficacy against a placebo, and to further evaluate side effects, and phase III trials are
conducted with a large group of patients (1000–3000) to confirm efficacy and safety, and to compare the
drug or treatment with existing ones. The results are shown in in Figure A4: various indicators of drug
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development are particularly stable which suggests that the pharmaceutical research and development
field is relatively stable.

In particular, in the first 3 graphs on the left of Figure A4 the number of declared new clinical
trials in the USA, according to clinicaltrials.gov, is stable since 2008 and roughly equal to the number
of clinical trials ended: there are as many clinical trials starting as ending. Both the stability and the
equality at a plateau suggest that, contrary to what one may read, the number of clinical trials of each
type has remained very stable. Since declaring clinical trials in clinicaltrials.gov is needed to publish in
the USA, it is a relatively reliable source.
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numbers of USA clinical trials per calendar year, t, for respectively Phase I, Phase II, and Phase III
reporting by the pharmaceutical industry according to clinicaltrials.gov. The Y-axis is a logarithmic
scale. For each of them, the top (black) thick and continuous curve is the number of clinical trials
started each year (first participant enrolled). The other thick continuous curve (in blue) is the number
of clinical trials ended each year (primary completion data: last participant providing data for the
primary outcome measure). A decay of 3 or 4 years of the first (black) curve is represented in (black)
squares to see how well it compares with the second (blue) curve: the resulting estimated length of
clinical trials is indicated in the (red) arrow pointing the right. The (black) thin dashed curve that
plunges on the right side is the number of clinical trials started each year AND completed before 2018.
The plateaus observed with the first two lines and the latter two lines, underlined (in red), differ due
to the non-100% completion rate, as measured in the arrows pointing down (with a “<” sign with
respect to success rate). The three graphs on the right side are equivalent slides but for Europe and
the UK, based on clinicaltrialsregister.eu; clinicaltrialsregister.eu is more recent than clinicaltrials.gov
and does not provide the same filters, so we only rely on clinical trials started each year, completed
since or not. The last graph shows the accepted drugs of different types in the USA, by the FDA,
every year. The top (blue) line represents any type of new drug accepted (United States Government
Accountability Office, 2017). The middle yellow curve represents approvals for some specific types of
treatments: New Molecular Entities (NME), New Drug Applications, Biologic License Applications
(types 1–8 in (Drugs@FDA 2018)). The bottom green curve represents NMEs only. The number of NME
submissions (accessdata.fda.gov, 2018) is shown in green squares.

Other observations in Figure A4 are less striking but they all similarly suggest a good stability of
pharmaceutical developments, which contributed to our estimates of financial returns.

It is expected that the two curves are at a lower level before 2008 as clinicaltrials.gov is recent.
The decay of the curves gives an estimate of the duration of the clinical trials including enrollment
time: 2–3 years for Phase I, 3–4 for Phase II, and 3 for Phase III.

The rate of normal completion of clinical trials (defined in clinicaltrials.gov as having the “last
subject, last visit” occurred) is estimated by the ratio between the number of completed trials and
the number of trials. Even though the lines of completed clinical trials have bias both on the left
(since clinicaltrials.gov is recent) and on the right (since not all trials have had the time to end),
a plateau can again be seen. Looking at the difference of the plateaus (number of clinical trials and
number of completed clinical trials), the data suggests that the rate of normal completion is stable for
the different phases. These rates are approximately 15% greater than the success rate estimated by
Wong et al. (2018), which is not incoherent.

The European and UK data suggests similar patterns although the more recent and not mandatory
declaration in clinicaltrialsregister.eu make it less reliable: it is difficult to judge in what degree the
results are different from the USA.

The last graph of Figure A4 indicates that the success rate from starting a Phase III—the most
costly phase—to approval is greater than 50%: out of 400 annually completed phase III trials, 200 new
drugs are accepted per year. This is more than is often perceived by communications in the field.
Lastly, the squares are close to the curve and suggest that the FDA approval rate for new molecular
entities is 89% over 1996–2016. All this is factored into the non-negligible returns we estimated.
The advantage of such open data is that anyone can reproduce the computation to appreciate that
pharmaceutical successes are not rare and that investing in pharmaceutical developments is reasonably
financially attractive.

Appendix C. List of Figures, Tables, and Variables in the Article

In order to accompany the understanding of the concepts of this article, this part lists figures,
tables, and variables by theme: “Longevity model”, “Returns of pharmaceutical developments”,
and “Pension fund needed capital”.
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Table A1. Figures.

Theme Figure Name

Longevity model
1 Characteristics of the chosen longevity model

A1 Historical mortality rates, for three countries and as modeled
A2 Static life expectancy at birth and at age 65, for three countries and as modeled

developments A3 Estimated gain per successful drug development based on Royalty Pharma sales

pharmaceutical A4 Pharmaceutical drug development indicators based on open data: clinicaltrials.gov,
clinicaltrialsregister.eu, Drugs@FDA and accessdata.fda.gov

Returns of
3 Megafund annualized return r as a function of longevity trend ϕ
4 Annualized equity return i as a function of longevity trend ϕ

Pension fund
needed capital

2 Needed prudential capital depending on the future longevity trend (or lack of)
expressed as a proportion of the initial wealth

5 Needed prudential capital, expressed as a proportion of the initial wealth, depending
on the future longevity trend and on investments in a longevity megafund

Table A2. Tables.

Theme Table Name

Pension fund
needed capital

1 Contributions by age tranche

2 Needed prudential capital, expressed as a proportion of the initial
wealth, depending on investments in a megafund

Table A3. Variables.

Theme Variable Name Definition

Lo
ng

ev
it

y
m

od
el

a Level of longevity Equation (1)
b Ageing rate Equation (1)
x Age in years Equation (1)
ϕ Longevity trend Equation (1)
t Year (t = 0 corresponds to 2020) Equation (1)

qx,t Annual mortality rate at age x and time t Equation (1)
s Standard deviation of potential longevity trends Equation (2)

Lx,t Prospective life expectancy at age x and time t Equation (A1)
ex,t Static life expectancy at age x and time t Equation (A2)
C0 initial investment Equation (12)
Y10 gain ten years later Equation (12)
p probability of success Equation (12)

R
et

ur
ns

of
ph

ar
m

ac
eu

ti
ca

l
de

ve
lo

pm
en

ts

ρ 10-year return Equation (12)
r annualized return Equations (12) and (16)

ρL evolution of ρ with longevity Equations (14) and (15)
A parameter to ajust the expected level of ρ Equation (14)
B correlation between ρ and longevity Equation (15)
ε residual performance of the megafund Equation (14)
I annualized return of the equity tranche Equation (17)
α equity percentage of investments in the megafund Equation (17)

Pe
ns

io
n

fu
nd

ne
ed

ed
ca

pi
ta

l

Nx,t number of persons aged x at time t Equation (3)
Cx,t accumulated capital for the group of persons aged x at t Equations (6) and (7)

i1, i2, i3 expected annual return of contributions by age tranche Table 1, Equation (4)
σ1, σ2, σ3 standard deviation of the annual returns by age tranche Table 1, Equation (4)

ik,t annual return of contributions by age tranche and year Table 1, Equation (5)
W0 initial wealth of the pension fund Equation (8)
B65,t annual benefit paid to the workers who retire at time t Equation (9)

Kϕ,{ix,t} needed prudential capital for a given scenario Equation (10)
K needed prudential capital Equation (11)

p1, p2, p3 percentage of investments in the equity tranche by age tranche Section 4.2
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