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Context

Solvency Capital Requirement

SCR (Solvency Capital Requirement): regulatory capital
calculated using a risk measure that the re-insurer must have to
absorb potential losses. In Europe, the SCR can be calculated into
two ways:

The internal model

The Standard Formula o Standards set out in

@ Detailed in Solvency Il rules Solvency Il rules
@ The default option @ Regulator pre-approval
o Formula factor based required
calculation o Specific to individual firm
e Not firm specific and risk profile
@ A means of calculating SCR @ Must be widely used and
only - no wider significance play an important part in

firm's system of governance
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Context

Modelling insurance companies’ solvency
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In the Solvency Il directive of the European Union, the SCR it is
the VaR(99.5%) of the P&L distribution.
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Context

Modelling insurance companies’ solvency
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e P&L distribution depends on input parameters x = (x1, ..., Xg).
@ The model input variables x = (xi, ..., xq) are not perfectly

known.
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Context

Modelling insurance companies’ solvency
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Interest of lower quantile levels for a better understanding of the
internal model.
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Context

General framework

f: R4 — R
=y =

x = (x1,...,%q) f(x)

with
@ f: mathematical or numerical model,
@ X: uncertain input parameters,
@ y: model's output.

The uncertainty on the input parameters is modelled by a
probability distribution P on R? and we get

Y = f(X4,...,Xq)

with the vector X = (X, ..., Xy) distributed as P.
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Context

General framework

f: R - R
x=(xi,...,xq) = y=f(x)

with
@ f: mathematical or numerical model,
@ X: uncertain input parameters,

@ y: model's output.

Sensitivity Analysis (SA)

The study of how uncertainty in the output of a model (numerical
or otherwise) can be apportioned to different sources of
uncertainty in the model’s inputs (Saltelli et al. (2004) e.g.).
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Sobol indices

Independent X;'s. Defined by Sobol (1993) .
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Global sensitivity analysis

Quantile oriented sensitivity analysis

QOSA: Quantile Oriented Sensitivity Analysis) index: (Fort et al.
2016)

minE[J(Y,0)] - E minE[y (Y, 0)]Xi]

Se = .
’ minE [¢(Y,6)]

go _ B[ (Y, qa(Y))] ~ E[L (Y, ga(YX)))]
' E[$(Y, qa(Y))]

with the contrast function ¢ : (y,0) — (y — 0)(ov — 1,<g),
a € [0,1]
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Global sensitivity analysis

Quantile oriented sensitivity analysis

QOSA: Quantile Oriented Sensitivity Analysis) index: (Fort et al.

2016)
S — E W (Y7 qa(y))] —E W (Y7 qa(Y|XI))]
’ E[(Y,qa(Y))]
Properties:
e 0<5<1

@ 57 =0<= Y and X; are independent
e 5 =1<+= Y is X; measurable
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Global sensitivity analysis

Estimating QOSA

Estimating Sobol’ index may avoid the estimation of the
conditional distribution by using var (E[Y|Xi]) = Cov(Y, Y’) with
Y = f(X), X' =(X{,....X{_1, Xi, X{11,..., X)

n

Xj’ independent copy of X;.
The estimation of QOSA’ index requires to estimate the
conditional distribution Y|X.

o Kernel methods (Maume-Deschamps & Niang 2018; Browne
et al. 2017) optimal window width difficult to calibrate,
requires a large number of calls to the costly function f.

@ Random Forest method Less calls to f, time consuming
nevertheless.
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Simulation studies

Sum of exponential laws

In case X; ~ £()\;), \;i € RT distinct;
Y =37, X; a semi-closed form formula may be obtained by
using calculations from Marceau (2014) .

Learning sample of size 15000, 500 trees, estimation of the
conditional distributions with sample sizes 1500

Estimation of gosa indexes Errors
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Simulation studies

Toys insurance model

o X, ~ GDP(1.5,0.4)
°X2W£N(170.7) Y=Xi+Xo+ X3
e X3~1T1(2.8,0.7)

Learning sample of size 15000, 500 trees, estimation of the
conditional distributions with sample sizes 1500

;;;;;;
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Simulation studies

Conclusion

Qantile Oriented Sensitivity Analysis allow to quantify the
inputs’ impact on a quantile of the model’s output, and not
only its volatility. Hence it is a significant extension of the
sensitivity analysis.

Estimation is time consuming because of the conditional law.
Efficient estimating methods are still required.

Interest of SCOR for application to their Operational Risk
Model.

Dependent inputs, recent works by Mara & Tarantola (2012),
Owen & Prieur (2016), looss & Prieur (2017), Benoumechiara
& Elie-dit-Cosaque (2018) for variance based indices.
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Simulation studies
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Simulation studies
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Simulation studies
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Thank you

Gracias.

Thank you.

19/19



	Context
	Global sensitivity analysis
	Simulation studies

