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= Churn Rate Prediction
= Individual Claim Reserving in Non-Life Insurance

= Dynamic Policyholder Behaviour in Life Insurance
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= Dynamic Policyholder Behaviour in Life Insurance
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QIS5, SCR.7.44 > Lapse risk is the risk of loss or change in liabilities

due to a change in the expected exercise rates of
policyholder options

QIS5, TP.2.46 > The valuation of premium provisions should take into
account the future policyholder behaviour such as
likelihood of policy lapse during the remaining period

QIS5, TP.2.107 > Assumptions about the likelihood that policyholders
will exercise contractual options should be based on
analysis of past policyholder behaviour
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IFRS 17, B62

9
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The measurement of a group of insurance contracts
shall reflect, on an expected value basis, the entity’s
current estimates of how the policyholders in the
group will exercise the options available, and the risk

adjustment for non-financial risk shall reflect the
entity’s current estimates of how the actual
behaviour of the policyholders may differ from the
expected behaviour. This requirement to determine
the expected value applies regardless of the number
of contracts in a group; for example it applies even if
the group comprises a single contract.
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Emergency Fund Hypothesis Interest Rate Hypothesis
Lapse risk is mainly driven by a natural Lapse risk is mainly driven by rational
— and irrational to some extent - reasonings (e.g., interest rate arbitrage
response to the need of money due to and preference for different products)
personal conditions in time of distress due to the policyholder's risk appetite
Policyholder-related factors Product-related factors Macroeconomic factors
— Age — Duration — Market yields
— Family — Premium — Unemployment rate
— Salary — Guaranteed rate — Gross domestic product
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= 11.700 deferred capital products sold in Italy in 2005-2010
= Surrenders occurring the year after the observation
= Policyholder-related variables (sex and age)
= Product-related variables
 tariff (premium, costs, guarantee)
« status (maturity, reserve, sum assured, terminal bonus)

= Macroeconomic variables (delta return, that is, the gap
between crediting rate and BTP coupon rate).
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TRAINING VALIDATION
METHOD S 06 1

Logistic reg. 69% 65% 3

Bagging trees 85% 72% - o ” | |
Random forest 77% 64% ; ;

Boosting trees 92% 70% 3 a
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= Interest rate dynamic (G2++)
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= Interest rate dynamic (G2++)
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= Bond yield dynamic (G2++ with deterministic spread)
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parameter | BTP1 | BTP2 | BTP3
b, 30% 30% 30%
C; 1,0% 3,0% 5.0%
t; Oyrs | 10 yrs | 23 yrs
T; 10 yrs | 15 yrs | 30 yrs
PO20y 1 — ef,uxt)(l o e—y.yt)
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= Equity dynamic (geometric brownian motion)

G2++ risk premium parameter | FTSE EURO S&P
1-0b 10%
b LS -1,96% | 2,46% | 9.,35%
os 20,22% | 12,15% | 10,83%

volatility
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= Segregated fund dynamic

parameter ‘ value ‘

« Segregated fund rate > 9(t)=0Rc(t)+ (1 -b)Rs(?) p 0%

/
« Crediting rate 2> R(t) := max{min{ng(t).g(t) — k}. o} : tl)géi
* Premium amount 2> U= % : 38 lii
- Expenses 2> EBo=all B =(F+9)1 zP 11%%2
- Sum assured > S= PQE St = mﬁfﬁffﬁ p igé
- Mathematical reserve > W=PF Vi=Via[l+ R+ P ! Lok
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= Segregated fund dynamic
M- E, t=0
* Profit & Loss (P&L) - P&l = { iffl +Vt,1]i(t) Avt 10 vi=1,....n—1
anlR(n) — En — ( — n 1) t=n.
« Discounted P&L S D)= ZP&LT(-)vT(-)

« Mean discounted P&L > )—Zpt ()Dy(-) Zpt ZP&L (vr ()
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= Segregated fund dynamic
M- E, t=0
* Profit & Loss (P&L) - P&l = { iffl +Vt,1]i(t) Avt 10 vi=1,....n—1
anlR(n) — En — ( — n 1) t=n.
« Discounted P&L > Di():=) P&L:()ve()
T=1

n

« Mean discounted P&L > D():=

t—1
Hil(Lf) H(l - PT*l(LT))
T=1
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= Segregated fund dynamic
M- E, t=0
* Profit & Loss (P&L) - P&l = { itfl +Vt,1]i(t) Avt 10 vi=1,....n—1
anlR(n) — En — ( — n 1) t=n.
« Discounted P&L > Di():=) P&L:()ve()
T=1
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« Mean discounted P&L > D():=
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= P&L
Dice.plee)] = 3 prlee) Dyfec)
t=1
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P&L and TVOG

« Discounted P&L
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= P&L and TVOG

A 4

D[ce,p(ce)] - D[*f\rap(ce)]
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A 4
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= P&L and TVOG components
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e Fig. 4.64: TVOG|N, p(N)] Fig. 4.65: TVOG|N, t*(N)]
Fig. 4.36: Profit metrics Fig. 4.37: TVOG metrics guarantee-PHB split guarantee-PHB split
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Fig. 4.60: Average lapse year Fig. 4.61: Average lapse year Fig. 4.56: D[N, t"(N)] Fig. 4.57: TVOG[N,t*(N)]
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= Policyholder behaviour is driven by personal conditions as well
as market conditions, that is, both the EFH and the IRH can be
considered relevant.

= To some extent, data-based machine learning techniques such
as bagging and boosting lead to better prediction as compared
to traditional tools such as logistic regression.

= Most of the parametrizations show a significant level of PHB
component in the TVOG, beside the wusual guarantee
component.
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= Many potential PHB drivers are not included, but the analysis
can be easily extended to account for other predictors.

= The goal of the analysis is the valuation of the impact in P&L
and TVOG of a single product to enhance the traditional profit
testing exercise, but the same lapse probabilities may be used
in a portfolio model for reporting purposes.

= The underlying market model is quite simplistic and a number
of aspects are not considered (e.g., dynamic asset allocation,
segregated fund rules, etc.).
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Any Questions?

—
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