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Abstract

Following Solvency II implementation, the traditional actuarial methods are be-
ing replaced, little by little, by more complex and structured models to estimate
the economic value (in his several forms) of insurance companies. So far, most
effort focused on market risks, which represent the largest component of the
capital requirement for life insurers under Solvency II. However, as specified
by the Directive itself, non-market risks should be evaluated and monitored as
well, especially the so-called policyholder behaviour. Typically, policyholders
are given a number of embedded options within their insurance contracts, and
predicting the exercise’s likelihood is crucial to forecast the portfolio profitabil-
ity. In this paper, we will model policyholder behaviour with respect to the lapse
risk by using machine learning algorithms. Not only we will produce better es-
timation than the current practice, but it will be even highlighted the possible
improvement in prediction power as compared to traditional parametric models
like logistic regression.
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1. Introduction

Following Solvency II implementation, the traditional actuarial methods are
being replaced, little by little, by more complex and structured models to es-
timate the economic value (in his several forms) of insurance companies. So
far, most effort focused on market risks, which represent the largest compo-
nent of the capital requirement for life insurers under Solvency II. However, as
specified by the Directive itself, non-market risks should be evaluated and mon-
itored as well, especially the so-called policyholder behaviour (PHB). Typically,
policyholders are given a number of embedded options within their insurance
contracts, and predicting the exercise likelihood is crucial to forecast the port-
folio profitability.
Indeed, PHB refers to the policyholder’s tendency to exercise any of the options
embedded in its insurance contract. They include surrender option, guaranteed
annuity option (GAO), dynamic premium increase option, product switching
option, fund switching option, paid-up option, and so on. For several reasons,
the surrender option leads to the greatest impact in the portfolio. Effectively,
it is embedded in almost all the insurance products. To some extent, it guaran-
tees the fairness of the contract by allowing the policyholder to receive back its
reserve (net of some penalty). As opposed to other aforementioned options, the
surrender option can be generally exercised at any time prior to the maturity,
just like an American option, so that the insurer is exposed on a continuous
basis.
As a result, Solvency II recognizes that PHB is a relevant source of risk. Specif-
ically

Assumptions about the likelihood that policyholders will exercise con-
tractual options should be based on analysis of past PHB. The anal-
ysis should take into account the following:

a) how beneficial the exercise of the options was or would have
been to the policyholders under past circumstances (whether the
option is out of or barely in the money or is in the money),

b) the influence of past economic conditions,

c) the impact of past management actions,

d) where relevant, how past projections compared to the actual out-
come,

e) any other circumstances that are likely to influence a decision
whether to exercise the option.

Solvency II introduces the lapse risk valuation in the Standard Formula as well as
in any internal model. The paragraph SCR.7.44 in [11] gives a simple definition
of such a risk:

Lapse risk is the risk of loss or change in liabilities due to a change
in the expected exercise rates of policyholder options.
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In this paper, we will focus on the possible risk of loss due to unanticipated PHB
for full (i.e. not partial) surrender. The adjective “unanticipated” refers to the
exclusion of any dynamic PHB assumption from both pricing and reserving,
just like it is still common in the actuarial practice. Thus, while dynamic PHB
will be introduced in the profit valuation of a typical insurance product, we will
consider neither surrender cash-flows nor PHB within the reserve calculation.
After a broad review of the past studies about PHB risk factors in Section 2,
we will start our analysis. We can distinguish three steps:

1. data preparation (Subsection 5.1)

2. lapse rate prediction (Subsection 5.2)

3. profit and TVOG analysis (Subsection 5.3 and 5.4).

So in short, we will firstly predict lapse rates in a dynamical way (that is,
different lapse rates in different scenario simulations), and then use them as a
contingency in a typical profit test for a specific insurance contract. Notice that
PHB occurs after economic scenario simulation, because the former depends
on the latter. In other terms, PHB will be treated as a deterministic function
- represented by the machine learning algorithm - of the scenario simulation,
among others. All in all, we will not build a stochastic model for the PHB, so
that no further computational burden will be caused beyond that coming from
the economic scenario simulation.

2. Drivers of the policyholder behaviour

Because surrender activity can be so damaging to a single company or to the
life insurance industry if it occurs en masse, research on widespread surrender
activity and its possible determinants is especially important. In the last cen-
tury, several studies and papers have been published about the very sources of
the PHB. They referred to the financial and insurance market of various coun-
tries worldwide. Although our analysis does not aim to detect the fundamental
causes of PHB, it is worth recalling the most relevant results about them, cov-
ering almost one century. This will provide us with a good foundation to start
analysing a lapse rate database of an insurance company.
An extensive description of the lapse rate research’s early stage can be found in
[28], which focuses on North American markets. By earlier twenties, almost one
hundred years ago, some results had already demonstrated correlation between
lapse rate and economic conditions, curiously right before the great depression
after 1929. Nonetheless, researchers were well aware that market variables could
not completely explain the effective duration of any product. As a consequence,
several studies started focusing on policyholder-related variables, finding out
that lapse could be correlated to income, occupation, sex, age, family, premium
frequency and amount, and others. Another relevant finding of those years
regards the effects of global economic distress on lapse rates. Briefly, each poli-
cyholder seems to have a tolerance threshold depending on its risk-propensity. It
can be largely irrational, but it is also related to the actual economic condition:
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in time of economic distress, it is likely that most of policyholders feel beyond
their threshold, which leads them to close their contracts. In other terms, lapse
rate cannot be represented as a regular function of a global index market.
Without a doubt, three of the most comprehensive studies in that period were
[6], [21], and [22]. Among others, they suggest that an insurance company can
limit lapse from contract’s inception by selecting quality business, recognizable
from some objective indications of good persistence, especially age at issue, pre-
mium frequency, and plan. Surprisingly, the author of [6] concludes that the
agent’s ability in picking quality business can be even more crucial than the
actual economic condition itself.
Later, in the 1960s and 1970s, a couple of interesting empirical contributions
have been produced by the Institute and Faculty of Actuaries. Both [8] and
[26] are based on Scottish data, and the first one is meant to update the second
one. To some extent, we can say that [26] is based on data of 1960s, while [8]
is based on data of 1970s (this is the reason why both of them have been pub-
lished at the end of the respective decade). As the titles suggest, such studies
are exploratory in nature, but consider some of the variables which, on the base
of the aforementioned sources, can drive surrender decisions. Sex, age at entry,
occupation, purpose of assurance, calendar year (as a representation of variable
economic conditions), sum assured, premium paying term, and premium pay-
ment frequency, distribution channel, policy duration - all of them have been
included in the analysis, but only duration and age at entry showed a significant
correlation with the lapse rate.
All in all, by the end of the 1970s, lapse rates were fairly steady, with increases
occurring during recessions, and decreases occurring during expansions. How-
ever, in the late 1970s, some important aspects started changing. Markets began
to experience the highest increase in interest rates and volatility ever, while new,
more complex insurance products were introduced. The contemporary improve-
ment in financial literacy among policyholders led many of them to surrender
their policies for more rational reasons such as interest rate arbitrage, preference
for pure financial products, awareness about their own risk-propensity, and so
on. Surrender was no longer the natural, though irrational, response to the need
of money during time of distress (the so-called Emergency Fund Hypothesis, for
instance, in [29]). In some cases, it turned to be the result of a precise, financial-
oriented decision of the policyholder (the so-called Interest Rate Hypothesis, for
instance, in [29]). Of course, it could only worsen the position of intermediaries.
Insurers were forced to liquidate bonds to meet surrender requests at precisely
the time when the values of bond portfolios were depressed by high interest
rates.
The increased volatility in economic conditions and financial markets made the
correlation between PHB and macroeconomic variables much more interesting
than policy features. A number of studies published in the last thirty years
focuses on the macroeconomic determinants of global lapse rates in various
countries. Most of them succeed in proving the Emergency Fund Hypothe-
sis, but not the Interest Rate Hypothesis. The authors of [9] explored the
relationships between variables like interest rates and unemployment rate with
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surrender activity in the UK endowment life insurance market from the period
1952-1985. Something similar has been analysed by the author of [25] using
US and Canadian data of whole life policies from the period 1955-1979. In
this study, the unemployment rate has a significantly positive effect on lapse
rate, while policyholder’s income has a significantly negative effect, while no
significant relationship with interest rates was found. Further, the author of
[14] concludes that the unemployment rate is the most significant variable in
predicting surrender activity for universal life policies in US from the period
1982-1986. The authors of [20] used a dataset provided by the American Coun-
cil of Life Insurance (ACLI) from the period 1951-1998 to confirm the strong
correlation of the surrender activity with the unemployment rate. Nonetheless,
they find a strong impact of the interest rate as well. In other words, [20] sup-
ports both the Emergency Fund Hypothesis and Interest Rate Hypothesis.
In more recent years, other researchers focused on some European and Asian
countries, both for empirical study and regression-based prediction of lapse
rates. The Italian insurance market of savings products has been analysed in [7]
by using surrender experience data of a large Italian bancassurer from the period
1991-2007. Explanatory variables included product type, calendar year, dura-
tion, and inception year. In [19], the author used logistic regression to model
lapse rate of Korean interest indexed annuities. Explanatory variables included
the difference between reference market rates and product crediting rates, policy
duration, unemployment rate, economy growth rate, and some seasonal effects.
One of the most comprehensive surrender analysis is represented by [18], which
focuses on the German market. The study distinguishes five product categories
(traditional endowment policies, annuities and long-term health contracts, term
life insurance, group business, and unit-linked contracts), and includes both
macroeconomic explanatory variables (e.g. current market yield, DAX perfor-
mance, gross domestic product, and unemployment rate) and company-specific
explanatory variables (e.g. company ages, distribution channel, company legal
form, and company size). One of the most recent study is the working paper
[15] on Taiwan data from the decade 1999-2009. Just like in [18], the paper con-
siders a number of macroeconomic variables and company-specific variables, i.e.
business line, premium income, company age, return-on-asset, domestic/foreign
company, unemployment rate, home-ownership ratio, short-term interest rate,
and economic growth rate.
Beyond the huge amount of empirical studies on surrender rates (only partially
described so far in this section) trying to detect the most relevant predictors,
a remarkable number of studies about surrender option’s valuation also exists.
Such papers deal with the surrender activity of policyholders as the exercise of
an American option embedded in the insurance contract, and evaluate it as a
stand-alone option by using either analytic or numeric models. Given that our
goal is not product pricing, the topic is beyond our scope, and it will not be
analysed further.
Obviously, persistence is a crucial factor in the pure financial market as well.
For instance, the author of [31] values mortgage-backed securities in USA as-
suming that part of the prepayment decision of mortgage holders is rational and
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based on current economic conditions, while the remaining part is interpreted
as irrational. Again, this is beyond our scope, and the topic will be not analysed
further.
To sum up, three categories of PHB drivers can be empirically distinguished:
macroeconomic factors, company-specific factors, and policy-specific factors. Of
course, other factors could relate to life insurance surrender activity, although
they might not have mentioned in past studies yet. At the same time, the set
of relevant explanatory variables could change in time, for example, as target
clients, product nature, or insurance purpose change. As a consequence, looking
for a unique, stable set of explanatory variables seems to be the wrong way to
go ahead. Therefore, we will focus on the dataset provided by a single insurance
company, where most of the explanatory variables are policy-specific, while only
one macroeconomic variable is included (obviously, there is no reason to include
company-specific variables, given that data come from the same company).

3. Segregated fund modelling

The crucial aspect of Italian segregated fund modelling is the simulation of
the crediting rate, that is, the yield used to reevaluate the sum assured (and the
reserve) of the policyholder. Such a yield will be a function of the fund rate as
well as a number of tariff parameters.
For the economic scenario generation, we will use a Gaussian two-factor model
(like in [27] and [1]), which guarantees a number of useful properties. First, it
embeds an instantaneous linear correlation between rates at different maturities,
while single-factor models (e.g. CIR, Vasicek, etc.) implicitly assume correlation
1 (cf. [5]): effectively, each simulation leads to a rigid movement of the interest
rate curve. Another reason relates to the fitting of the actual interest curve:
while single-factor models, indeed, fit it, two-factor models like the Gaussian
one can adapt to it perfectly.
The short rate under the Gaussian model is defined by the following equation:

it := Xt + Yt + φ(t) (1)

where

dXt = −µxXtdt+ σxdZ
x
t (2)

dYt = −µyYtdt+ σydZ
y
t (3)

and initial conditions X0 = 0 e Y0 = 0. The instantaneous linear correlation
between X and Y is represented by the parameter ρ:

dZxt dZ
y
t = ρdt. (4)

The parameters in the equations (2), (3), and (4) are the same as in [27] (cf.
Figure 1).
Assuming that the actual ZCB-price curve is interpolated by some polynomial
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parameter value

µx 0,40100
σx 0,03780
µy 0,17800
σy 0,03720
ρ -0,99600

α0 0,00044
β0 -0,31131
β1 30,00000
β2 -26,98974
τ1 0,13474
τ2 0,16187

Fig. 1: Gaussian two-factor model and Nelson-Siegel-Svensson parameters

function Φ(t), it can be proved (cf. [5]) that, if f(t) denotes the instantaneous
forward rate in t, that is,

f(t) := −d ln Φ(t)

dt
(5)

then the deterministic function φ(t) defined by

φ(t) := f(t) +
σ2
x

2µ2
x

(1− e−µxt)2 +
σ2
y

2µ2
y

(1− e−µyt)2 +

+
ρσxσy
µxµy

(1− e−µxt)(1− e−µyt) (6)

guarantees a perfect fitting of the actual interest rate curve. However, notice
that the choice of the polynomial function still affects the results. An option is
represented by the Nelson-Siegel-Svensson function (cf. [24] and [32]):

f(t) := α0 +β0

(
1− e−tτ1

tτ1

)
+β1

(
1− e−tτ1

tτ1
− e−tτ1

)
+β2

(
1− e−tτ2

tτ2
− e−tτ2

)
.

(7)
The short rate defined by (1) should be calibrated from the actual risk-free
curve. We will use the parameters calibrated in [27] for the German market
(cf. Figure 1), which produce the curve in Figure 2. However, we also need a
stochastic model for the future bond yields since the segregated fund invests in
risky bonds. Therefore, we adjust (6) as follows:

φ∗(t) := f(t) +

(
σ2
x

2µ2
x

+ dx

)
(1− e−µxt)2 +

(
σ2
y

2µ2
y

+ dy

)
(1− e−µyt)2 +

+
ρσxσy
µxµy

(1− e−µxt)(1− e−µyt) (8)
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Fig. 2: Polynomial function f(t) from the Nelson-Siegel-Svensson model

by using two deterministic factors which tends to the parameters dx and dy over
time. In other words, the bond yield is simulated by the stochastic process

rt := it + dx(1− e−µxt)2 + dy(1− e−µyt)2 (9)

or equivalently

X∗t := Xt + dx(1− e−µxt)2 (10)

Y ∗t := Yt + dy(1− e−µyt)2. (11)

The parameters dx and dy are calibrated in order to match an average 10-year
spread approximately equal to the actual 10-year Bund-BTP spread, i.e. 186
bps as at 31/12/2017. Specifically, dx = dy = 1, 77%.
Generally, a minor part of the segregated fund is equity-based, so we need
a stochastic model for it as well, for example a classical geometric Brownian
motion defined by the risk-free component rt, the risk premium parameter µS ,
and the non-systematic risk parameter σS :

St = S0e

∫ t
0
rτdτ+

(
µS−

σ2S
2

)
t+σSZ

S
t

(12)

where ZSt is uncorrelated with both Zxt and Zyt .
In practice, assume that the segregated fund invests b ∈ [0, 1] asset in n held-
to-maturity coupon bonds bought at par and 1− b in equity. In t = 0, when a
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parameter BTP1 BTP2 BTP3

bi 30% 30% 30%

ci 1,0% 3,0% 5,0%
ti 0 yrs 10 yrs 23 yrs
Ti 10 yrs 15 yrs 30 yrs

Fig. 3: Initial bond component parameters of the segregated fund

parameter FTSE EURO S&P

1− b 10%

µS -1,96% 2,46% 9,35%
σS 20,22% 12,15% 10,83%

Fig. 4: Initial equity component parameters of the segregated fund

new insurance contract is underwritten, each bond in portfolio has a different
maturity, say t1, . . . , tn. In other words, the ith bond pays a known coupon ci
for the next ti years. Since each bond is bought at par, its annual yield equals
the coupon rate itself. More specifically, if Fi denotes the face value of the ith

bond, its contribution to the segregated fund rate is

Ci :=
ciFi∑n
k=1 Fk

:= cibi (13)

where
∑n
i=1 b1 = 1. In fact, as long as t ≤ min{t1, . . . , tn}, that is, no bond has

matured yet, the average yield of the bond component is

RC :=

n∑
i=1

Ci ≡
n∑
i=1

cibi, ∀t ≤ min{t1, . . . , tn} (14)

which is known in t = 0 and constant. As soon as the ith bond matures after Ti
years, it will be probably replaced by a comparable security, say a new coupon
bond with same maturity in Ti years (for practical reasons, assume that Ti is
greater than the duration of the insurance contract, in order to replace each
bond at most one time). The new par bond yields exactly the stochastic
forward rate f(ti + 1, Ti). Using the dummy function χt≤ti , the contribution of
the ith bonds to the segregated fund rate in t can be written as follows:

Ci(t) := [χt≤tici + (1− χt≤ti)f(ti + 1, Ti)]bi (15)

and finally the stochastic return of the whole bond component in the segregated
fund:

RC(t) :=

n∑
i=1

Ci(t) =

n∑
i=1

[χt≤tici + (1− χt≤ti)f(ti + 1, Ti)]bi, ∀t. (16)

The initial bond component will be represented by three BTPs (i.e., fixed-
coupon bonds issued by the Italian government), as shown in Figure 3. Each of
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them will cover 30% of the entire bond allocation, which equals b = 90% of the
entire asset allocation. In particular, BTP1 has been just bought, BTP2 was
bought 10 years ago, and BTP3 was bought 23 years ago. As soon as one of
them matures, it will be replaced by a new bond with same maturity and yield
equal to the related forward rate from the stochastic scenario.
Furthermore, (12) provides the return of the equity component:

RS(t) :=
St
St−1

− 1 = e
rτ−1+

(
µS−

σ2S
2

)
+σSZ − 1 (17)

where Z denotes a standard normal distribution. For our application, we will
consider one three types of equity securities at a time, calibrated on the per-
formances of three market indexes - FTSE MIB, EURO STOXX 50 and S&P
500 - from the period 2010-2016 (cf. Figure 4). Such a component will cover
1− b = 10% of the entire asset allocation.
Given the yield contributions RC(t) and RS(t) for the bond and equity compo-
nents respectively, the segregated fund rate is equal to

g(t) := bRC(t) + (1− b)RS(t). (18)

Nonetheless, sum assured and reserve revaluation takes into account other con-
tract parameters such as profit sharing η, minimum guaranteed rate %, and
minimum management fee k. Therefore, the stochastic crediting rate is

R(t) := max{min{ηg(t), g(t)− k}, %} (19)

assuming no technical rate (which is common in Italian insurance contracts
including a minimum rate guarantee).
The insurance contract we will analyse is a deferred capital with duration n = 20
years, age at entry x = 30 years, without death benefit and terminal bonus at
maturity. While the mortality assumptions from the SIM2001 will be applied
as mortality rates qx+t, we will assume that the lapse may punctually occur at
the end of any policy year starting from the fourth one. As a consequence, the
average policy number in t is

Nt =

{
1 t = 0
Nt−1(1− qx+t) ∀t = 1, . . . , n.

(20)

The annual premium Π is fixed and affected by predetermined acquisition cost
α (entirely paid at inception), yearly premium collection cost β, and yearly
maintenance cost γ. Since Π is also increased by the loading l, the premium
paid by the policyholder is

Π =
P (1 + l)

1− α− β − γ
(21)

where P is the theoretical fair premium.
The mathematical reserve in t is calculated in the following, straightforward
way:

Vt = Vt−1[1 +R(t)] + P ∀t = 1, . . . , n (22)
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parameter value

η 90%
% 1,0%
k 0,2%

n 20 yrs
x 30 yrs
P 1000
l 15%
α 2,0%
β 3,0%
γ 0,5%

Fig. 5: Tariff parameters

where V0 = P .
The initial sum assured S0 is function of P :

S0 = P
äx:n

nEx
(23)

using the unloaded mortality rate from the SIM2001. For any t > 0, the sum
assured is affected by the increase in reserve due to R(t):

St =
Vt−1 + P ät+x:n−t

n−tEx+t
∀t = 1, . . . , n. (24)

As a consequence, the rate crediting to the sum assured is not R(t), but a much
lower rate.
The aforementioned costs are assumed to offset the related expenses generated
by the maintenance of the contract, so the initial expense is

E0 = αΠ (25)

while the expense in any subsequent t is

Et = (β + γ)Π ∀t = 1, . . . , n. (26)

Since no reserve reduction for acquisition costs is permitted (i.e., the reserve
may not be “zillmered”), and no timing gap between maintenance costs and
premium payments occurs, no expense reserve will be allocated.
Once the tariff parameters are determined (cf. Figure 5), we can calculate the
annual profit generated by the contract. In t = 0, the company receives the first
premium and immediately pays the acquisition costs. After that, the company
still receives premiums and the related reserve begins to credit at rate g(t);
however, maintenance expenses and surrender benefits (from the fourth year)
are paid. In the last policy year, the company receives the last return from the
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reserve, but pays the sum assured. In formulas

P&Lt =


Π− E0 t = 0
Πt−1 + V t−1R(t)− Et −∆V t−1,t ∀t = 1, . . . , n− 1
V n−1R(n)− En − (Sn − V n−1) t = n.

(27)

where Πt := NtΠ, V t := NtVt, Et := NtEt, St := NtSt and ∆V t−1,t :=
V t − V t−1. As a consequence, the cumulated discounted profit at the end of
year t is

Dt(·) :=

t∑
τ=1

P&Lτ (·)vτ (·). (28)

where the argument represents some underlying economic scenario, and vτ de-
notes the deflator.
As a next step, assume that we can somehow estimate lapse probabilities as
at any policy year, given the economic scenario. Let’s denote Pt−1(Lt) the
probability that the policyholder leaves as the end of the policy year t given
that he/she did not leave at the end of the policy year t − 1. Then, for each
t = 1, . . . , n− 1, the unconditioned probability of a lapse at the end of year t is

P (t) := Pt−1(Lt)

t−1∏
τ=1

(1− Pτ−1(Lτ )) (29)

while the unconditioned probability that the policyholder will reach the maturity
is

P (n) :=

n∏
τ=1

(1− Pτ−1(Lτ )) (30)

where P0(L1) = P1(L2) = P2(L3) = 0 in our specific case.
Given that

∑
t P (t) = 1, the average discounted profit over some economic

scenario may be calculated as the mean of the potential discounted profit as at
the end of each policy year. For instance, if those unconditioned probabilities
are denoted with p1(·), . . . , pn(·), the average discounted profit in that scenario
will be

D(·) :=

n∑
t=1

pt(·)Dt(·) =

n∑
t=1

pt(·)
t∑

τ=1

P&Lτ (·)vτ (·) (31)

where the argument represents some underlying economic scenario. More specif-
ically, we will consider three type of scenarios, that is, the certainty equivalent,
the stochastic scenario with static PHB (i.e., certainty equivalent’s lapse proba-
bilities), and stochastic scenario with dynamic PHB (i.e., simulation-based lapse
probabilities). While the discounted profit of the former is deterministic:

D[ce, p(ce)] :=

n∑
t=1

pt(ce)Dt(ce) =

n∑
t=1

pt(ce)

t∑
τ=1

P&Lτ (ce)vτ (ce) (32)
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those of the stochastic approaches depend on the specific simulation generated
by the stochastic processes defined earlier in this section. The discounted profits
related to the kth scenario with static PHB and dynamic PHB are respectively

D[k, p(ce)] :=

n∑
t=1

pt(ce)Dt(k) =

n∑
t=1

pt(ce)

t∑
τ=1

P&Lτ (k)vτ (k) (33)

D[k, p(k)] :=

n∑
t=1

pt(k)Dt(k) =

n∑
t=1

pt(k)

t∑
τ=1

P&Lτ (k)vτ (k) (34)

and the Monte Carlo proxies of the related stochastic discounted profits are

D[N, p(ce)] :=
1

N

N∑
k=1

D[k, p(ce)] (35)

D[N, p(N)] :=
1

N

N∑
k=1

D[k, p(k)]. (36)

Additionally, we can consider a stricter lapse definition by setting a full lapse as
soon as the estimated probability exceeds the cutoff. In other words, referring
to the kth simulation, the policyholder will decide to lapse at the end of the first
policy year t∗ whose estimated probability is pt∗(k) > 50%. In this case, the
discounted profit over the kth simulation is

D[k, t∗(k)] := Dt∗(k)(k) =

t∗(k)∑
τ=1

P&Lτ (k)vτ (k) (37)

and the related Monte Carlo proxy is

D[N, t∗(N)] :=
1

N

N∑
k=1

D[k, t∗(k)]. (38)

To summarize, the analysis in Section 5 will be based on the average profit over
N = 1000 simulations for the four aforementioned approaches, that is,

• certainty equivalent scenario with static PHB (i.e., certainty equivalent’s
lapse probabilities) and deterministic profit D[ce, p(ce)]

• stochastic scenarios with static PHB (i.e., certainty equivalent’s lapse
probabilities) and stochastic profit D[N, p(ce)]

• stochastic scenarios with probability-based dynamic PHB and stochastic
profit D[N, p(N)]

• stochastic scenarios with time-to-lapse-based dynamic PHB and stochastic
profit D[N, t∗(N)].
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Although those average discounted profit are unquestionably the reference mea-
sures to value an insurance contract, there are other relevant measures as well.
In particular, we will also consider the time value of options and guarantees
(TVOG) calculated as the difference between the certainty equivalent profit
and the stochastic average profit in the three different cases:

TV OG[N, p(ce)] := D[ce, p(ce)]−D[N, p(ce)] (39)

TV OG[N, p(N)] := D[ce, p(ce)]−D[N, p(N)] (40)

TV OG[N, t∗(N)] := D[ce, p(ce)]−D[N, t∗(N)]. (41)

TVOG is crucial because it measures the value of any options and guarantees
embedded in the contract. In our case, D[ce, p(ce)] is a favourable scenario
where the minimum guaranteed rate plays no relevant role. This is the reason
why D[ce, p(ce)] is very stable or even constant in most of the plots of Section
5. The full effect of the guarantee is only evident in the stochastic profit, that
is, in the TVOG component.

4. Ensembles in machine learning

Broadly speaking, a machine learning ensemble is any combination of pre-
dictions from different tools. Nonetheless, there is a range of common ensembles
which will be introduced in this section. All of them are based on the concept
of bootstrap (appeared in [10] for the very first time), that is, repetitively sim-
ulating from a model in order to improve the knowledge about the underlying
phenomenon. This represents a natural way the reduce variance in machine
learning techniques such as classification and regression trees (cf. [4] for an ex-
tensive explanation on CART algorithms).
Consider a distribution F and some statistic of F , T (y1, . . . , yn), function of n
observations, representing a characteristic θ of F (e.g., the mean or the vari-
ance). We may want to estimate θ by using bootstrap. If we know the analytical
form of F , we can estimate its parameters by maximizing the likelihood, and
then simulate independent observations from the estimated distribution F̂ . If
we don’t know the analytical form of F , but we have a population drawn from
F , we can assume that its empirical distribution is an estimation for F : we
can randomly draw - with replacement - from it, and still obtain a sample of
independent observations. Whether F is analytical or empirical, there is always
a straightforward way to get an estimation of F , say F̂ , and sample from it.
More importantly, F̂ converges uniformly to F , as stated by Theorem 20.6 in
[2].
Bootstrap is actually based on sampling. We can sample n observations as
many time as we want from F̂ . Denote the ith sample as yi = yi1, . . . , yin, and
calculate the ith sample estimation for θ:

θ̂i := T (yi). (42)
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Repeat the computation for a high number of samples, say N . Finally, the
bootstrap estimation of θ is the mean of all the sample estimations:

θ̂ :=
1

N

N∑
i=1

T (yi). (43)

For instance, if θ represents the mean of F , (43) becomes

θ̂ :=
1

N

N∑
i=1

n∑
j=1

yij (44)

which is an alternative to the traditional sample mean as a population mean
estimator:

y :=

n∑
k=1

yk. (45)

It is worth noting the resemblance between the bootstrap and Monte Carlo
methods: the key concept is basically the same.
As we will easily see in the next subsections, classical ensembles in machine
learning are all based on the same bootstrap concept. They are typically used
to improve CART performances. Indeed, the main drawback of trees is the
high volatility of their predictions. For example, if we use two training datasets
from the same database, the two full trees may be quite different. Bootstrap
represents a solution.

4.1. Bagging

Bootstrap aggregation, or bagging, was first proposed in [3]. It represents
the most natural way to reduce variance in a machine learning tool: run it on
N random samples, and average the N predictions. This is indeed in equation
(43). If the the variance of T (yi) is σ2, then

V ar(θ̂) = V ar

(
1

N

N∑
i=1

T (yi)

)
=

1

N2

N∑
i=1

V ar(T (yi)) =
1

N2

N∑
i=1

σ2 =
σ2

N
(46)

which is a reduction in estimation variance by a factor 1
N . In bagging, we use

N random samples - with replacement - from the training dataset (or, ideally,
N different training datasets), apply the same machine learning tool on each of
them, and average the N different predictions for the jth training record:

θ̂bagj :=
1

N

N∑
i=1

θ̂ij , ∀j = 1, . . . , n (47)

Each bagged tree is a full tree, that is, it is not pruned, so it gets very low bias
and very high variance. The latter is however reduced by bagging. Notice that
(47) may be used for classification problems too, as long as θ̂bagj is rounded to
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0 or 1.
Once we get the estimations from the bagging procedure, they can be validated
in the usual way by using the validation dataset. However, there is a further,
less expensive option. First, consider a random sample from a database with
n observations. The probability of drawing the jth observation for the sample
is 1

n , so the probability of NOT drawing it is 1 − 1
n . That’s just for the first

draw. Since there are a total of n sample, all of which are independent and
with replacement, the probability of never choosing the jth observation on any
of the draws is

(
1− 1

n

)n
. If n is great enough, that probability approximates to

e−1 ≈ 36, 8%. In other words, around 1
3 training records are not used for the

jth bagged prediction. So we can use those out-of-bag observations as validation
records for the jth bagged tree. Using this approach, we do not even need a
standalone validation step on a separated validation dataset. Actually, we may
use the entire database as the training dataset.
The higher the number of bagged trees, the lower the interpretability of pre-
dictions. When aggregating trees, we have to give up the nice visual diagram
of one single tree. Nonetheless, we can still get an indication of the variable
importance of each predictor. For classification trees, the variable importance
is usually defined as the reduction in misclassification error due to the split over
a given predictor, averaged over the number of bagged trees. For regression
trees, the variable importance is instead defined as the reduction in the sum of
squared errors due to the split over a given predictor, averaged over the number
of bagged trees.
Although bagging reduces variance by definition, this reduction is typically
small. Indeed, remember that (46) holds if the bagged predictions are inde-
pendent, that is, very different with each other. Unfortunately, a dataset often
includes few predictors that explain most of the variance, and many, less sig-
nificant - but still significant - predictors. There is a high chance that most
of the bagged trees will be heavily impacted by the former only. As a result,
the bagging algorithm will return many similar bagged trees returning similar
predictions: this will not reduce variance materially.
Actually, we need smarter aggregation algorithms.

4.2. Random forests

Random forests represent a simple and intuitive improvement to bagging.
Although the algorithm was originally designed to aggregate trees (cf. [13]), it
can be easily extended to other tools.
Remember that the main drawback of bagging is that the most significant pre-
dictors in the dataset will be always used for the first splits in any bagged tree.
It results in many, highly correlated bagged trees, which impede a significant re-
duction in variance. In a random forest, each split in every tree is forced to take
into account only a subset of the m predictors. Before any split, the algorithm
selects p < m predictors randomly, and performs the split by using one of them.
This is actually an easy way to introduce further variance in the process. The
random forest can thus generate many different trees, and when the strongest
predictors are not selected for the first splits, there is a significant chance that
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the final tree could not have been generated by the bagging algorithm.
How should we set p? A standard choice in statical software such as R and SAS
is p =

√
m rounded down. This implies a quite low number of possible predic-

tors at each split, guaranteeing a fair variety in the forest. However, there could
be reasons to believe that this is not the best choice. Typically, if we have high
(respectively: low) correlations among predictors, small (respectively: great)
values for p should be more suitable.

4.3. Boosting

Just like bagging and random forests, boosting is mainly used to improve
performance of CARTs, but it can be easily adapted to any other machine
learning tool. However, boosting is not built on bootstrapped samples, although
it is still based on trees aggregation. It was informally introduced in [17] and
analysed in [30] a couple of years later.
Bagging and random forests are both based on a rather simple concept: the
bigger the sample, the better the estimation. Are there any alternative to
improve estimators? In [17], the author cites the so-called hypothesis boosting
problem:

Informally, this problem asks whether an efficient learning algorithm
[. . .] that outputs an hypothesis whose performance is only slightly
better than random guessing implies the existence of an efficient al-
gorithm that outputs an hypothesis of arbitrary accuracy.

In our context, is there any reason to believe that an ensemble of weak estimators
(weak learners) may generate a single, strong estimator (strong learner)? The
paper [30] focuses on the hypothesis boosting problem, and proves that

a model of learnability in which the learner is only required to per-
form slightly better than guessing is as strong as a model in which
the learner’s error can be made arbitrarily small.

A sequence of weak estimators should thus predict as well as a sequence of
bootstrapped estimators. So we can leverage weakness rather than randomness.
There are a great number of boosting algorithms that develop the concepts in
[30]. However, the main idea remains the same. First, set the interaction depth
d, that is, the number of splits of each tree. Because we want to aggregate weak
learners, d should be quite small, for instance d = 1 or d = 2. Let’s use it for a
first, weak prediction for the jth training record:

θ̂boost0j := θ̂0j = θj + ε1j , ∀j = 1, . . . , n (48)

where ε1j is the estimation error from the initial step. Using the same predictors,
the algorithm then builds a new tree with d splits to predict ε1j , so that the
boosting estimator at the subsequent step is

θ̂boost1j := θ̂0j + ε̂1j = θj + ε2j , ∀j = 1, . . . , n. (49)
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Once again, the algorithm builds a tree to predict ε2j , and obtain the new
estimation:

θ̂boost2j := θ̂0j + ε̂1j + ε̂2j = θj + ε3j , ∀j = 1, . . . , n. (50)

The iteration goes on until the N th estimation:

θ̂boostj := θ̂0j +

N∑
i=1

ε̂ij , ∀j = 1, . . . , n. (51)

Weak learners are thus used to fit the residuals of previous (weak) estimations
rather than the target variable in the usual way.
Notice that this algorithm is quite prone to overfit as N increases. Indeed, we
don’t know how weak the single trees are, even if d is very small. To better
control the learning process, we can additionally define a learning rate λ and
adjust the algorithm so that the first estimation is

θ̂boost1j (λ) := θ̂0j + λε̂1j , ∀j = 1, . . . , n (52)

the second one is

θ̂boost2j (λ) := θ̂0j + λε̂1j + λε̂2j , ∀j = 1, . . . , n (53)

and finally

θ̂boostj (λ) := θ̂0j + λ

N∑
i=1

ε̂ij , ∀j = 1, . . . , n (54)

for some N , which will be likely higher than before since λ is further slowing
the learning process.
Starting from this general algorithm, a number of authors proposed more specific
algorithms with various rationales and several applications. The most successful
one, adaptive boosting (or AdaBoost), was introduced in [12] for classification.
For the jth record in the training dataset, initialize a weight w1j ≡ 1

n , where
n is the number of training records. Then, the algorithm builds a first weak
learner by minimizing the sum of errors for misclassified records weighted on
w1j (at initialization, the errors are equally weighted):

ε1 :=
∑
θ̂j 6=θj

w1j (55)

which returns the weak estimations θ̂1j . Set

α1 :=
1

2
ln

(
1− ε1
ε1

)
, (56)

calculate the boosted estimation for the first step:

θ̂AdaBoost1j := sign(α1θ̂1j), ∀j = 1, . . . , n (57)
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and update the weights for the next one:

w2j := w1je
−α1θj θ̂1j , ∀j = 1, . . . , n. (58)

In the second step, the new weak learner returns the weak estimations θ̂2j by
minimizing the error

ε2 :=
∑
θ̂j 6=θj

w2j . (59)

Once again, set

α2 :=
1

2
ln

(
1− ε2
ε2

)
(60)

calculate the boosted estimation for the second step:

θ̂AdaBoost2j := sign(α1θ̂1j + α2θ̂2j), ∀j = 1, . . . , n (61)

and update the weights for the next one:

w3j := w2je
−α2θj θ̂2j , ∀j = 1, . . . , n. (62)

After N steps, the final (strong) estimation for the jth record will be

θ̂AdaBoostj := sign

(
N∑
i=1

αiθ̂ij

)
, ∀j = 1, . . . , n. (63)

Notice that the weights should be renormalized at every step in order to sum
up to 1.
Historically, AdaBoost represents the first boosting algorithm that is able to
update the weights αi automatically. More recent algorithms include LPBoost,
TotalBoost, BrownBoost, xgboost, MadaBoost, LogitBoost, and others. All of
them are beyond the scope of this dissertation.

5. An application to deferred capital insurance

This section describes the path that has been followed to predict the lapse
probability from a deferred capital insurance dataset. Using such a dataset,
we will be able to predict the lapse probability by policy year. After that, we
will use include those estimated probabilities into the simplified ALM model
introduced in Subsection 3. More specifically, they will define the vector pk.
However, we do not intend to generalize our results. They are specific for
one particular portfolio, whereas they may turn to be completely different for
other portfolios. Nonetheless, we discussed in Section 2 how heterogeneous the
lapse’s explanatory variables may be, varying by country, business line, or even
policyholder. After such a huge number of empirical studies, we do not intend
to discuss further the fundamental sources of PHB. By contrast, we will focus
our attention on the impact that unanticipated surrender activity can have on
the profit of a product. About that, much less has been written, especially
because of the difficulties in embedding a comprehensive PHB model into profit
valuation.
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5.1. Data

The results we will show are based on the surrender data provided by a large
Italian insurer from the period 2005-2015 for part of its endowment business.
The raw lapse rate from the dataset is around 10, 09%, as already mentioned in
Section 3. Each of the 11770 records represents the state of a specific tariff at
the end of a specific year as long as the related policyholder is retained.
The dataset includes the following fields:

• Maturity for the remaining maturity of the product

• Sex for the sex of the policyholder

• Age for the age of the policyholder

• NoPremium for the number of premium instalments that still need to be
paid

• Premium for the yearly premium amount

• AlphaCost for the yearly acquisition cost percentage on the net premium

• BetaCost for the yearly collection cost percentage on the net premium

• GammaCost for the yearly maintenance cost percentage on the net premium

• Reserve for the actual reserve

• SumAssured for the actual sum assured

• TermBonus for the actual terminal bonus

• MinGuarRate for the yearly minimum guaranteed rate

• DeltaReturn for the yearly difference between the one-year forward rate
from the Italian government bond yield curve and the product crediting
rate

• Lapse for the lapse (yes/no).

It is worth clarifying that, in light of the European Directive 2004/113/CE -
better known as “gender directive” - Sex may not be used as a pricing feature
to differentiate premiums in the European Union. Nonetheless, we will see that
Sex is a rather irrelevant predictor for PHB (cf. Figure 34, for instance). In
any case, given that our analysis will be much more focused on profit valuation
than actual pricing, this would not be a problem even if Sex was relevant, as
long as the results do not impact any policy term (e.g., surrender penalties).
In fact, one single macroeconomic variable is available, DeltaReturn, which
represents the gap between a reference market rate and the interest guaranteed
by the product, just like in several published studies (for example, cf. [19])
and in the common actuarial practice. Naturally, we could add other relevant
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macroeconomic variables among those aforementioned in Section 2 (e.g. unem-
ployment rate and gross domestic product), but such variables typically change
very smoothly in relation to the actual economic condition. Given that our
analysis focuses on data of a specific company, and the historical horizon is not
so long, we excluded any pure macroeconomic variable from the analysis.
On the other hand, we can use a number of policy-specific explanatory variables:

• policyholder-related variables (Sex and Age)

• product-related tariff variables (NoPremium, Premium, AlphaCost, BetaCost,
GammaCost and MinGuarRate)

• product-related status variables (Maturity, Reserve, SumAssured and
TermBonus).

The distinction between tariff variables and status variables is fundamental to
understand how the dataset has been structured. As confirmed in several em-
pirical studies (for example, cf. [31]), surrender activity of a single policyholder
- whether rational or irrational - tends to depend on a limited period of time.
In other words, it is unlikely that policyholders will base their decisions on what
has happened many years ago, or what is going to happen in many years. This
leads to a PHB depending on the current year’s condition only, i.e. current
age, current number of premium payments, current duration, current reserve,
current sum assured, and difference between the current reference market rate
and the current crediting rate.
To make the dataset more homogeneous and avoid scale distortions (e.g., the
high skewness and kurtosis of currency-based variables such as Premium, Reserve,
SumAssured and TermBonus), we first replace each currency field with its natu-
ral logarithm, and then standardize the whole dataset. The resulting statistics
and correlations are reported in Figure 6 (Premium, Reserve, SumAssured and
TermBonus have been replaced by LnPremium, LnReserve, LnSumAssured and
LnTermBonus, while the field names have not been modified to indicate stan-
dardization), where some further multicollinearity issues have been highlighted,
that is, all the correlations higher than 50%. We will address it before the lo-
gistic regression in Subsection 5.2.
All in all, some of the relationships outlined in various empirical papers (cf.
Section 2) are somehow confirmed by the correlations in Figure 6. Maturity is
inversely correlated, i.e. policyholders tend to lapse in the first years, rather
than in the last ones (the premium payment period is often close to the matu-
rity, so its correlation is similar). Premium amount is significantly correlated,
although it seems partially due to the loading components, especially beta costs.
It can be seen as an instance of the Emergency Fund Hypothesis (cf. Section
2): policyholders lapse for reasons merely related to the expenses, which they
can no longer afford. Similarly, both sum assured and reserve are positively
correlated with the surrender activity (the two correlations are also very close,
given that the reserve is a function of the sum assured): policyholders lapses
only when it is really worth it. Finally, policyholders seem to be sensitive to
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Fig. 6: Descriptive statistics after standardization
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the difference between what the financial market yields and what their policy
effectively returns. It can be seen as an instance of the Interest Rate Hypothesis
(cf. Section 2): policyholders may also lapse for more rational reasons to other
advantageous yields available on the market.
Those are the most significant correlations, but some non-significant correla-
tions are interesting as well. For example, the technical rate guaranteed by
the insurer has no significant impact on the surrender activity: it indirectly
confirms the policyholder’s short-term sight, which ignores the future benefits
represented by a higher guaranteed rate.
In data science, datasets are usually partitioned to allow for training, validation
and test in three separated steps. In classification problems, however, it is often
the case that the “interesting” outcome of the target variable - Lapse = 1 - is
quite rare, causing little “interesting” information. If we partition the dataset
randomly, we will further lose information in the training dataset, and the model
could be potentially trained in a distorted or incomplete way. This is the reason
why oversampling is common practice in data mining: we build the training
dataset in such a way that lapse occurrences are as likely as non-lapse occur-
rences (both 50%), and let the validation dataset include all the other records.
Obviously, we will have fewer lapse occurrences to validate the algorithm, which
is however trained on much more relevant information. We will use this approach
in Subsection 5.2.
Finally, we will use the fields Maturity, Sex, Age, NoPremium, LnPremium,
AlphaCost, BetaCost, GammaCost, LnReserve, LnSumAssured, LnTermBonus,
MinGuarRate, DeltaReturn, and Lapse (besides an ID variable to identify the
different records).

5.2. Lapse prediction

In our framework, lapse prediction means using the predictors identified in
Subsection 5.1 as inputs for some machine learning tool to return an estimation
of the lapse probability (Lapse). We will start by using the standard classi-
fication tree, and then we will switch to more stable methods such as logistic
regression, bagging, random forest, and boosting.
Using any CART algorithm, full classification trees can be actually built until
the very last leaf, because they separate records into two classes only (this is
not the case for regression trees, whose target variable is numerical and has a
continuous domain of possible values). In our case, the algorithm leads to the
misclassification error by number of splits in Figure 9 (for sake of clarity, only
the first 40 splits have been reported). You can see the typical shape of the
validation error against that of the training error. While the latter constantly
decreases as expected, the former is rather stable and does not show relevant
decrease after the first split. As a consequence, the best pruned tree is identified
by the first split (black dashed line in Figure 9), while the minimum error tree
is identified by the first 19 splits (grey dashed line in Figure 9). The difference
in error is around 1%, but the misclassification error is very high for both, that
is, 43,5% and 42,5% respectively. Actually, they are not so far from the random
model error, which is 50% (in other words, if we try to classify the training
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Fig. 7: Minimum error classification tree

Fig. 8: Best pruned classification tree
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records just by chance, the error will converge to 50%, which is the proportion
of lapse and non-lapse in the oversampled training dataset).
Such a problem is even more evident looking at the ROC curves (Figure 10 and
11) and the decile charts (Figure 12 and 13). While the training AUC is very
close to 100% (probably, it is not exactly 100% because of few records sharing
the same features but different lapse decision), the validation AUC is around
54%. This is a very poor result in terms of accuracy as well as stability, but it
is not so surprising since it represents a typical drawback of CARTs. In fact,
trees are too dependent on the characteristics and the structure of the under-
lying data such as few extreme outliers, order of the records, predictors with
close relevance, inconvenient pruning, and so on. This rigidity might lead to
degenerate or almost-degenerate results like ours.
The easiest way to fix it all at once is represented by logistic regression. Tra-
ditional linear correlations between the target variable and the predictors are
formally useless in this case, but that is still based on a linear regression model.
To some extent, we can still assume that the higher the correlations, the better
the fitting. Figure 6 includes the full correlation matrix. Regarding the correla-
tions with Lapse, all of them seem relatively low, but the related t-statistics (last
red row in Figure 6) reveals that most of them - those with t-statistics greater
than 2,575 - are significant at 99% confidence level. At the same time, however,
there is a number of strong mnulticollinearities that should be reduced as much
as possible before the regression. Therefore, we exclude Maturity, NoPremium,
AlphaCost, LnReserve and LnTermBonus in order to avoid the highest correla-
tions among predictors (yellow cells in Figure 6).
Besides the intercept, the stepwise selection kept Age, BetaCost, GammaCost,
LnSumAssured and DeltaReturn. Notice that GammaCost does not seem to be
significantly correlated to the lapse decision in Figure 6, but it is selected in
the last step in Figure 14. This is probably due to the theoretical misalignment
between the linear correlation coefficient and the logistic regression. Moreover,
notice that LnPremium is not included although it is the most correlated predic-
tor to the lapse decision (cf. Figure 6). The stepwise logistic regression returns
the results in Figure 14. The explanation is within the correlation matrix once
again: LnPremium is very correlated with Age and LnSumAssured (among oth-
ers). We could have taken them out before the regression, but the stepwise
selection itself recognized it. As soon as Age and LnSumAssured are selected
by the model, LnPremium will lose most of its predictive power, leading to its
rejection.
All in all, the logistic regression returns a training AUC around 69% and a
validation AUC around 65%, which are significantly different to those of the
classification tree. As expected, logistic regression is much less prone to over-
fitting and distortions, leading to a worse training performance, but a better
validation performance.
After logistic regression, we want to use the machine learning tools introduced
in Section 4. Both bagging and random forests reduce variance and overfit-
ting by bootstrapping rather than pruning. Bootstrap works around two major
drawbacks of CARTs: the data dependency and the pruning performance.
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Fig. 9: Classification tree - training and validation error varying by number of splits

Fig. 10: Lapse ROC for CT (train.) Fig. 11: Lapse ROC for CT (valid.)

Fig. 12: Lapse deciles for CT (train.) Fig. 13: Lapse deciles for CT (valid.)
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Fig. 14: Regression summary after stepwise selection
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Figure 15 shows the convergence of the bagging algorithm over the first 50 weak
learners. It converges to a training AUC around 85% and a validation AUC
around 72%, which are significantly greater than the logistic regression AUCs.
This can be due to a number of reasons. First and foremost, there could be non-
linear relationships caught by the bagging algorithm but ignored by the logistic
regression. A second possibility may be an excessive conservatism in variable
selection: indeed, the logistic regression used only six predictors, while the bag-
ging included them all. However, we should observe that most of the rejected
variables demonstrated multicollinearity issues, which cannot be accepted in
a regression framework. Further, the stepwise selection excluded uncorrelated
variables such as Sex and MinGuarRate (cf. Figure 6), so they could hardly
explain a significant part of 7% gap in AUC if included in the model.
Once the convergence has been observed, we should choose the number of weak
learners to keep. It can be done in several ways as long as they are not so many
to cause computational issues. For sake of simplicity, we choose the number of
weak learners with the highest AUC, that is, 40 (black dashed line in Figure
15).
Such a number of weak learners will be also used as a starting point for the ran-
dom forest. Recall from Subsection 4.2 that the difference between bagging and
random forest is that the latter introduce randomness in the choice of predic-
tors. We will bag 40 weak learners for 100 series of random predictors (it should
guarantee the convergence just like before), producing a total of 400 weak learn-
ers. As explained in Subsection 4.2, the number of predictors is generally set
equal to the square root of the number of all the predictors in the dataset, that
is,
√

13 ' 4. Figure 16 shows the convergence of the random forest algorithm
over the 100 series of random predictors. The training AUC and the validation
AUC converge to about 77% and 64% respectively. In particular, the latter
is much more in line with the logistic regression’s training AUC. The random
forest cannot outperform the bagging trees because there is likely no “hidden”
tree configuration besides that from the bagging algorithm. In other words, the
random forest performance is strongly affected by all the 4-predictor series that
do not include the most important predictors. As a result, we get a slightly
lower accuracy as compared to the logistic regression, and even a significantly
higher variance as the gap between the training AUC and the validation AUC:
4% for the logistic regression against 13% for the random forest.
After the random forest, we will finally apply the boosting algorithm in its most
common form, that is, AdaBoost (cf. Subsection 4.3). It is not a bootstrap-
based method, rather it assigns higher weights (i.e., priority) to the misclassified
records at each step, and the following weak learner focuses especially on those.
While the “weakness” of a random forest’s learners is due to the reduction of
predictors, the “weakness” of the boosting’s learners is due to the reduction
of their depth. Specifically, we will limit the growth until the kth level, where
k = 1, . . . , 5. Just like for the bagging algorithm, we will consider 50 weak
learners at most. Figures 17-21 demonstrate the convergence of the method
regardless of the depth. As expected, the greater the depth, the greater the ac-
curacy on the training dataset. However, what is much more interesting is that
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Fig. 15: BT AUC shape Fig. 16: RF AUC shape

Fig. 17: ABT AUC shape at depth 1 Fig. 18: ABT AUC shape at depth 2

Fig. 19: ABT AUC shape at depth 3 Fig. 20: ABT AUC shape at depth 4

Fig. 21: ABT AUC shape at depth 5
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the validation AUC does not seem related to the depth. Whatever the chosen
depth, the validation AUC converges to about 70%, although lower depth could
make the convergence slower, for instance, in Figure 17 or 19). In our case, the
validation AUC at the 50th weak learner generally returns the best accuracy,
except at depth 1 (cf. Figure 17). The greatest validation AUC corresponds to
the 50-weak-learner ensemble at depth 5, so we will use it for comparison with
other methods. However, this is only one of the possible choices: given that the
same accuracy is shared by less deep and/or less numerous ensembles, which
are computationally advantageous, we may easily choose lower depth and/or
number of weak learners.
As a conclusion to this subsection, we will summarize the results obtained from
the different methods. Figures 22-29 report the classification matrices for each
of them, both training and validation step. In this case, we don’t need to align
the cutoff values since the dataset has been oversampled, so the natural choice
is always 0,5. On the training dataset, the performance of the logistic regression
clearly poorer than the others. Actually, the advantage of these ensembles is
their extreme flexibility to catch any type of dependency among variables. How-
ever, part of this variance is often noisy information, so that it will be probably
lost in the validation step. This is the reason why there is always a remarkable
gap between the training performance and the validation performance in each
of the ensembles, while such a gap is negligible in logistic regression. Of course,
stability is the major benefit of regression methods, which seldom experience
significant overfitting.
On the other hand, some ensembles seem to work better when it comes with
accuracy. Although the false-positive percentages (as well as the overall mis-
classification error) on the validation dataset are quite close with each other -
about 34%-36% - notice that the false-negative error can be quite different. It
changes from 45,66% of the random forest to the 36,36% of the bagging algo-
rithm. This is exactly what causes the gaps in ROC curves and decile charts in
the validation step. The plots are reported in Figures 30-33: the logistic regres-
sion performance seems comparable to the random forest performance as much
as the bagging performance seems comparable to the boosting performance. In
particular, the decile chart in Figure 33 demonstrates that the logistic regres-
sion and the random forest predict lapses about 2,25 times more often than a
random method, while the bagging and the boosting algorithms predict lapses
nearly 3,5 times (on average) more often than a random method.
However, notice the evident differences in the training ROC curves (cf. Figure
30): it is not surprising that the best accuracy relates to the less stable methods.
From this perspective, we should certainly choose the bagging trees rather than
the boosting trees, if we want to save the improvement in accuracy avoiding
high instability levels.
A last relevant result relates to the variable importance, that is, the percentage
of reduction in misclassification error thanks to the inclusion of each variable
in the ensembles (cf. Subsection 4.1). That is reported in Figure 34 for bag-
ging, random forest, and boosting (logistic regression is not included because
of its different conceptual nature and the preliminary variable selection, which
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Fig. 22: LR classification (train.) Fig. 23: LR classification (valid.)

Fig. 24: BT classification (train.) Fig. 25: BT classification (valid.)

Fig. 26: RF classification (train.) Fig. 27: RF classification (valid.)

Fig. 28: ABT classification (train.) Fig. 29: ABT classification (valid.)
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Fig. 30: Lapse ROCs for all (train.) Fig. 31: Lapse ROCs for all (valid.)

Fig. 32: Lapse deciles for all (train.) Fig. 33: Lapse deciles for all (valid.)

make any comparison harder - if not even insignificant), which seem to be rela-
tively aligned. Moreover, it is worth comparing the Figures 6 and 14 with that
variable importance. First, notice that the variables selected by the stepwise
algorithm in Figure 14 are some of the most important, except for GammaCost,
which is however the less significant with p-value 0,0183. As expected, there
are a number of predictors excluded by the regression in spite of their high
correlation with Lapse, but considered as important by the ensembles. They
include Maturity, NoPremium, LnPremium, LnReserve, and LnTermBonus. Un-
surprisingly, the most important variable is the (natural logarithm of) premium
amount, LnPremium, which indeed corresponds to the highest correlation with
Lapse.
All in all

• the logistic regression guarantees the highest level of stability

• bagging and boosting lead to more accurate predictions

• boosting causes more severe instability and overfitting than bagging

so we will use the lapse prediction provided by the bagging algorithm for our
profit analysis.
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Fig. 34: Variable importance percentages
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5.3. Profit analysis

Using bagging trees to predict lapses has been already suggested in other
studies such as [23] and [16]. A wide range of results can be analysed by inte-
grating the prediction of the bagging algorithm and the liability model described
in Subsection 3. In this section, we try to quantify the impact on an Italian
deferred capital insurance.
The calculation process will be split as follows:

1. calculation of the predictors by scenario simulation

2. lapse prediction through the bagging algorithm by scenario simulation

3. calculation of the lapse-dependent profit by scenario simulation

which are indeed independent with each other.
The results come from N = 1000 economic scenarios based on the stochastic
model in (1), together with the related bond and equity scenarios. The initial
set of parameters encompasses the assumptions in Figures 1, 3, 4 and 5. Profit
and TVOG will be analysed varying by some of those parameters, that is, an-
nual fair premium (P ), minimum guaranteed rate (%), initial average coupon
(c) by equity investment, and equity percentage (1− b) by equity investment.
A first relevant analysis should involve the policyholder reaction to an increase
in premium, one of the most important lapse risk factors according to Figure
34. Remember that the reserve is proportional to the sum assured, which is pro-
portional to the premium, that is, an increase in premium will impact two fur-
ther important variables such as LnReserve and LnSumAssured (LnTermBonus
would be also impacted, if it were not zero). Figure 35 compares D[ce, p(ce)],
D[N, p(ce)], D[N, p(N)] and D[N, t∗(N)] when the annual premium varies from
the initial 1000 to 3000. Take into account that the increase primarily affects
the fair premium, so the final impact on the annual premium payments, which
are impacted by loading and costs, is even greater. Also, the increase in fair
premium leads to a proportional increase in the initial sum assured and thus in
the reserve.
Basically, an increase in premium should increase the profit, and this is exactly
what happens. However, D[N, p(ce)] and D[N, p(N)] are quite closed to each
other all along their increment, suggesting that the probabilistic approach does
not lead to a strong impact of the dynamic PHB. On the contrary, such an im-
pact is more visible with D[N, t∗(N)], and TV OG[N, t∗(N)] grows much faster
than TV OG[N, p(ce)] and TV OG[N, p(N)] in Figure 36.
As long as the premium increase remains tolerable - until premium amount 2600
approximately - the surrender activity shows up smoothly, and D[N, t∗(N)]
keeps increasing, but after that threshold the policyholder reaction is so imme-
diate to offset the profit of the contract. Probably, in case of better economic
conditions, the policyholder tolerance would be higher, or the premium amount
would not be so important in lapse prediction, but in this particular case it
could really lead to surrender en masse. Notice that this does not occur for
D[N, p(N)], because the usage of the probabilities smooths the results.
In particular, the impact on TV OG[N, t∗(N)] is well explained by Figure 59.
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Fig. 35: Profit metrics by premium
(EURO STOXX 50 case)

Fig. 36: TVOG metrics by premium
(EURO STOXX 50 case)

Fig. 37: Profit metrics by guarantee
(EURO STOXX 50 case)

Fig. 38: TVOG metrics by guarantee
(EURO STOXX 50 case)

Even in the basic scenario with annual premium 1000, the average lapse year is
around the tenth policy year, which is enough to reduce the average profit from
about D[ce, p(ce)] = 3500 to about D[N, t∗(N)] = 2000.
Even if the minimum guaranteed rate does not seem to be an important variable
according to the Figure 34, it may be worth noting how it can impact the profit
metrics. It is shown in Figure 37. Even at guaranteed rate 0%, the gap between
D[N, p(ce)] and D[N, p(N)] as well as between D[N, p(N)] and D[N, t∗(N)] is
quite large: it should be caused by the actual market conditions as well as other
fixed tariff features. Indeed, all the three profit metrics decrease somewhat in
parallel as the guaranteed rate increases, and this is also reflected in the TVOG
(cf. Figure 38). Such a similar shape is due to the low importance of the mini-
mum guaranteed rate, which cannot materially impact the lapse rate.
Given the regularity of the decrease in D[N, t∗(N)], we expect a regular increase
in average lapse year. Looking at Figure 60, it approximately grows in a linear
fashion from about 8,5 years to about 11,5 years.
So far we focused our attention on tariff variables, which cannot change during
the life of the contract. However, the crediting rate is especially a function of
the fund performance. Given that DeltaReturn is among the most important
variables in predicting surrender activity (cf. Figure 34), we will consider varia-
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tions in the fund-related parameters, in order to observe how the profit metrics
and the lapse year are impacted by the market condition.
On the base of Figure 3, the initial average performance of the bond component
is 3%, but now we let it change between 0% to 10% adjusting the coupon rates
of the three BTPs by ±1%. Notice that these parameters are used in the first
policy years only, since new bonds will be bought as soon as the initial bonds
mature. New bonds will return the new (stochastic) forward rate though. As a
consequence, Figures 39-44 show an increase in profit and the related decrease
in TVOG as the initial coupon rate increases. At the same time, D[N, p(ce)],
D[N, p(N)] and D[N, t∗(N)] get closer and closer to D[ce, p(ce)], and this is
especially evident in Figure 43. In this case, the minimum guaranteed rate has
small impact on profit because of the higher returns guaranteed by S&P 500 (cf.
Figure 4) as well as the growing initial coupon rate. As we can see in Figure
61, the higher the initial coupon rate, the later the policyholder’s lapse activity,
and this also contributes to the increase in D[N, t∗(N)] towards D[ce, p(ce)].
However, Figure 61 reveals some gap between the average lapse year among the
three different equity investments. While the curves for EURO STOXX 50 and
S&P 500 appear approximately parallel, the curve for FTSE MIB grows more
irregularly. In fact, it shares the same average lapse year of the EURO STOXX
50 case when the coupon rate is zero, but the gap steadily increases proportion-
ally to the coupon rate. Indeed, when the initial bond yield component is quite
low, the policyholder lapses relatively early, as soon as he/she can find higher
yields on the market. This especially occurs for low-return equity investments
like FTSE MIB and EURO STOXX 50 (cf. Figure 4) since bond yields have
the major impact on the fund performance.
The last set of parameters considered in our analysis involves the equity allo-
cation percentage of the fund. Since Italian segregated funds may incorporate
just a minor equity investment (and real estate, which we do not consider here),
typically upper-bounded at 20%-30%, we assume 1 − b ∈ [0%, 20%]. We also
repeat the analysis for the three different equity indexes in Figure 4.
A first, strange effect we should explain is well evident in Figure 45 above
all. When the equity percentage is low, D[N, p(ce)] is slightly greater than
D[ce, p(ce)]. Theoretically, this is not admissible, because D[N, p(ce)] is af-
fected by the rate guarantee in the disadvantageous scenarios, while D[ce, p(ce)]
is affected by the certainty equivalent scenario only. The direct consequence
of this distortion is the negative TVOG in Figure 46 for the same low equity
percentages. However, this anomalous gap is quite slight, probably due to the
frequent negative-rate scenarios, which is a quirk of the Gaussian model, so we
will not investigate it further.
Without any equity component, profits (cf. Figure 53 and Figure 57) and
TVOGs (cf. Figure 54 and Figure 58) are obviously equal, slightly above 3000
and around 500 respectively. Notice that it is in line with the total loading from
the contract, i.e. 1000 × 15% × 20 = 3000, since the crediting rate matches
the deflator whereas no investment profit comes from any equity component.
Average profit strongly decreases as the equity allocation grows regardless of
the market index and the profit metric. The main reason is well represented
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Fig. 39: Profit metrics by coupon
(FTSE MIB case)

Fig. 40: TVOG metrics coupon
(FTSE MIB case)

Fig. 41: Profit metrics by coupon
(EURO STOXX 50 case)

Fig. 42: TVOG metrics by coupon
(EURO STOXX 50 case)

Fig. 43: Profit metrics by coupon
(S&P 500 case)

Fig. 44: TVOG metrics by coupon
(S&P 500 case)
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Fig. 45: Profit metrics by equity %
(FTSE MIB case)

Fig. 46: TVOG metrics by equity %
(FTSE MIB case)

Fig. 47: Profit metrics by equity %
(EURO STOXX 50 case)

Fig. 48: TVOG metrics by equity %
(EURO STOXX 50 case)

Fig. 49: Profit metrics by equity %
(S&P 500 case)

Fig. 50: TVOG metrics by equity %
(S&P 500 case)

38



by the Figure 62: whereas the policyholder tends to lapse later during the life
of the contract if the equity component is residual, when it is approximately
above 5% the average lapse year stabilizes at about 10-10,5 years (depending on
the market index) since he/she starts profiting from high-yield equity scenarios,
while being protected by the guarantee in low-yield scenarios. Such a persistent
behaviour seems to be worth more than the lapse itself if the equity component
is, indeed, material. Naturally, the policyholder’s persistence in downward sce-
narios means a more and more significant loss for the company.
Reasonably, the only average loss occurs when investing in FTSE MIB (cf. Fig-
ure 45 as well as Figures 53 and 57), which yields an average negative return
as reported in Figure 4. Such a return allows for a further phenomenon, which
is less evident with more profitable equity investments. Figure 45 shows that
D[N, p(ce)] D[N, p(N)] could be even smaller than D[N, t∗(N)] for relatively
high equity percentages - higher than 16%. This may sound counter-intuitive,
but the reason is quite straightforward. If the portfolio is affected by the neg-
ative returns of some assets, it will be sustainable as long as the losses are
absorbed by the loadings. If it is not the case, the company will realize losses
until maturity potentially. Paradoxically, it would benefit from the eventual
lapse of the policyholder, because it would avoid the losses of the remaining
policy years. All in all, the full lapse at the end of the year t∗ is beneficial as
compared to the probability-based lapse, which keeps the contract in force until
maturity. This effect is also reflected on the TVOG in Figure 46, showing that
it gets lower in the time-to-lapse approach by high equity percentages.
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Fig. 51: D[N, p(N)] by coupon
and equity investment

Fig. 52: TV OG[N, p(N)] by coupon
and equity investment

Fig. 53: D[N, p(N)] by equity %
and equity investment

Fig. 54: TV OG[N, p(N)] by equity %
and equity investment

Fig. 55: D[N, t∗(N)] by coupon
and equity investment

Fig. 56: TV OG[N, t∗(N)] by coupon
and equity investment
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Fig. 57: D[N, t∗(N)] by equity %
and equity investment

Fig. 58: TV OG[N, t∗(N)] by equity %
and equity investment

Fig. 59: Mean lapse year by premium
(EURO STOXX 50 case)

Fig. 60: Mean lapse year by guarantee
(EURO STOXX 50 case)

Fig. 61: Mean lapse year by coupon
and equity investment

Fig. 62: Mean lapse year by equity %
and equity investment
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5.4. TVOG decomposition

A last result to mention regards the relative impact that an active PHB may
have on the TVOG of an insurance contract. In effect, it may be negligible in
some situations, whereas it could require some pricing adjustment in others.
It is worth clarifying that the TVOG definition implicitly considered so far is
a real-world definition, because the return of the assets is always adjusted by
a spread (represented by the parameters dx and dy for the bonds) or a risk
premium (i.e., µS for the equities). Of course, this is not in line with risk-
neutral frameworks such as Solvency 2, but the concept of real-world TVOG
is rather significant as long as one uses it to assess real-world performances of
single products (for instance, it may be useful to calibrate surrender penalties
in pricing). However, take into account that a real-world TVOG is theoretically
lower than a risk-neutral TVOG, because spreads and risk premiums should
contribute to higher profits.
Remember that TV OG[N, p(ce)] includes the impact of the guarantees, but not
that of a dynamic PHB. By contrast, TV OG[N, p(N)] and TV OG[N, t∗(N)]
include both the effects. This is basically the reason why we can assume that
D[N, p(N)] and D[N, t∗(N)] are smaller than D[N, p(ce)], just like the various
plots in Subsection 5.3 have shown.
The gap between TV OG[N, p(ce)] and both TV OG[N, p(N)] and TV OV (t∗)
is explained solely by the PHB, and it represents a measure for the surrender
option’s value, say VPHB . In formulas, we can write

TV OG[N, p(N)] = TV OG[N, p(ce)] + VPHB(p) (64)

TV OG[N, t∗(N)] = TV OG[N, p(ce)] + VPHB(t∗) (65)

and it is interesting to study the impact of each component across various sce-
narios and parameters as a percentage of TV OG[N, p(N)] and TV OG[N, t∗(N)]
respectively:

1 =
TV OG[N, p(ce)]

TV OG[N, p(N)]
+

VPHB(p)

TV OG[N, p(N)]
(66)

1 =
TV OG[N, p(ce)]

TV OG[N, t∗(N)]
+

VPHB(t∗)

TV OG[N, t∗(N)]
. (67)

This is represented in Figures 63-77 for each of the parametrization we have
already considered in Subsection 5.3.
First, the PHB component gets smaller and smaller as the annual premium
increases (cf. Figures 63-64). Given that the premium amount is a rather
important variable in lapse prediction (cf. Figure 34), that may sound counter-
intuitive. However, higher premiums lead to higher guaranteed sum assured.
All in all, the absolute difference in TVOG is rather constant regardless of the
premium amount, while the certainty equivalent profit increases much more
steeply. This effect implies greater guarantee components by higher premiums.
Nonetheless, if premiums are low enough, the PHB component may be greater
than 40% for TV OG[N, p(N)] and even 60% for TV OG[N, t∗(N)].
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Similarly, the PHB component decreases linearly as the guaranteed rate in-
creases (cf. Figures 65-66). At guaranteed rate 0%, the PHB impact is higher
than 70% for TV OG[N, p(N)] and almost 90% for TV OG[N, t∗(N)], which is
not surprising since the guarantee barely plays a role in the TVOG determi-
nation. Nonetheless, the greater the guaranteed rate, the more significant its
impact on TVOG, the less significant the PHB impact on TVOG. By high guar-
antees, the policyholder has much fewer reasons to lapse, and the TVOG will
be entirely function of the guarantee itself. In our analysis, however, the small-
est PHB impact on the TVOG is observed when the minimum guaranteed rate
equals 2%. In Figures 65 and 66, the TVOG is split between a guarantee com-
ponent around 80% and 60% against a PHB component around 20% and 40%.
Figures 67, 69 and 71 as well as Figures 68, 70 and 72 look relatively similar.
As the initial average coupon from the bonds in the segregated fund increases,
the PHB impact slightly grows regardless of the equity investment. In particu-
lar, the smallest PHB components appear by the riskiest indices and the lowest
coupon rates. For instance, Figure 67 reports a PHB component around 20%
by coupon rate 0%. This is reasonable, because, from the perspective of the
policyholder, it represents the best condition to profit of the guarantee option
embedded in the contract. On the other hand, the PHB component can reach
and exceed 50% when the equity indices is less risky and the coupon rate is high
enough such as in Figure 71. In the time-to-lapse approach (cf. Figures 68, 70
and 72), the PHB component is even more significant, and regularly overcomes
the guarantee component, reaching 80% in Figure 72.
In general, the reduction effect in the guarantee component is more evident for
lower coupon rates. As the coupon rate increases, the split between the two
components tends to stabilize at some level. Referring to the PHB component,
such a level is around 40-50% and 70-80% in the probability-based approach
and time-to-lapse-based approach respectively.
Figures 73, 75 and 77 as well as Figures 74, 76 and 78 show similar shapes
as well. When the equity component is residual, the TVOG comes from PHB
only, but remember we used an initial average coupon of 3% against a minimum
guarantee rate of only 1%, that is, there is no impact from the guarantee in the
first policy years (almost) regardless of the economic scenario. It can even lead
to a negative TVOG for the guarantee component, for instance, by an equity
component of 2-4%. Then, the introduction of a significant equity component
increases the investment risk of the fund, thus the value of the guarantee option,
and slows surrender activity down. In the hypothetical case of 100% investment
in equity, the policyholder has no motivation to lapse: while he/she benefits
from any upside in any equity scenario - by definition, more favourable than
the correspondent government bond scenario - he/she feels protected by the
guarantee in any downside scenario. Nonetheless, we don’t need 100% equity to
observe that effect: Figures 73, 75 and 77 shows guarantee components around
100% at a level of 20% invested in equity.
All in all, except for some specific situations such as high premium amounts
(cf. Figure 63) or high equity percentages (cf. Figures 73, 75 and 77), the
PHB component is always quite relevant and sometimes even greater than the
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Fig. 63: TV OG[N, p(N)] by premium
guarantee-PHB split
(EURO STOXX 50 case)

Fig. 64: TV OG[N, t∗(N)] by premium
guarantee-PHB split
(EURO STOXX 50 case)

Fig. 65: TV OG[N, p(N)] by guarantee
guarantee-PHB split
(EURO STOXX 50 case)

Fig. 66: TV OG[N, t∗(N)] by guaran-
tee
guarantee-PHB split
(EURO STOXX 50 case)

guarantee component. For instance, it can be the only TVOG component by
very low equity percentages (cf. Figures 73, 75 and 77). In such cases, neglect-
ing dynamic PHB is practically meaning that our TVOG estimation is zero or
near-zero! This cannot be an acceptable simplification in light of our results.
In fact, the PHB may be a significant component of the TVOG in a number of
scenarios, conditions, and parametrizations.
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Fig. 67: TV OG[N, p(N)] by coupon
guarantee-PHB split
(FTSE MIB case)

Fig. 68: TV OG[N, t∗(N)] by coupon
guarantee-PHB split
(FTSE MIB case)

Fig. 69: TV OG[N, p(N)] by coupon
guarantee-PHB split
(EURO STOXX 50 case)

Fig. 70: TV OG[N, t∗(N)] by coupon
guarantee-PHB split
(EURO STOXX 50 case)

Fig. 71: TV OG[N, p(N)] by coupon
guarantee-PHB split
(S&P 500 case)

Fig. 72: TV OG[N, t∗(N)] by coupon
guarantee-PHB split
(S&P 500 case)
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Fig. 73: TV OG[N, p(N)] by equity %
guarantee-PHB split
(FTSE MIB case)

Fig. 74: TV OG[N, t∗(N)] by equity %
guarantee-PHB split
(FTSE MIB case)

Fig. 75: TV OG[N, p(N)] by equity %
guarantee-PHB split
(EURO STOXX 50 case)

Fig. 76: TV OG[N, t∗(N)] by equity %
guarantee-PHB split
(EURO STOXX 50 case)

Fig. 77: TV OG[N, p(N)] by equity %
guarantee-PHB split
(S&P 500 case)

Fig. 78: TV OG[N, t∗(N)] by equity %
guarantee-PHB split
(S&P 500 case)
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6. Limitations, extensions and conclusions

Although the analysis in Section 5 is based on a specific, proprietary dataset,
it provides us with a realistic idea of the relative impact of dynamic PHB.
In Section 3, we referred to a simplified ALM model, the same as in [1]. Without
a doubt, a real ALM model would be much more accurate and somewhat less
questionable, because it would allow (at least theoretically) for a correct calcu-
lation of the segregated fund return as the ratio of revenue to average reserve.
Actually, our model implicitly assumes that the market-value-based asset total
return coincides with the balance-sheet-based segregated fund return: although
it is a good proxy, they are not equivalent.
In particular, we do not account for available-for-sale securities in portfolio,
that is, all those securities (whether bonds or stocks) that the company may
trade at its own discretion to realize gains or losses. In fact, we considered
held-to-maturity securities only, although insurance companies generally hold
available-for-sale securities as well. On the other hand, segregated fund alloca-
tions tend to be quite stable among insurance companies, in order to guarantee
stable returns. This is the reason why we can accept our simplifications, avoid-
ing a number of complications that would be beyond the scope of the research.
Even if we recognize that some important variables have not been included
among the predictors of the PHB (e.g., unemployment rate and policyholder’s
salary), our results are globally in line with those of other similar studies. Our
analysis has brought out some typical risky profiles and rational behaviours.
Positive correlation between age and lapse tendency is confirmed: oldest peo-
ple surrender more than younger people. At the same time, higher premiums
make policyholders more prone to lapse, which is quite plausible. The per-
formance of the contract plays an important role as well. Indeed, when the
contract cannot return a yield comparable to the actual market yields, lapse
is more likely. To some extent, it proves the presence of rational behaviour of
the policyholders since higher return discrepancies can be either due to poor
segregated fund returns (leading to an arbitrage-oriented behaviour) or higher
bond spreads (leading to a crisis-oriented behaviour).
The Section 5.4 completed the analysis by focusing on the effective impact of
dynamic PHB modelling on the TVOG. In particular, all the histograms in
Figures 63-78 reveal how significant the unique behaviour of a policyholder can
be on the profit valuation. Most of the time, indeed, the TVOG due to PHB
covers a significant portion of the total TVOG. In other terms, the TVOG cal-
culated without dynamic PHB assumptions might materially underestimate the
total TVOG. We should be aware of the fact that it is due to current economic
conditions as much as intrinsic features of the specific policyholder. Both of
them should be taken into account for a comprehensive and prudential profit
valuation.
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