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Sokolovská 83, 186 00 Prague, Czech Republic

tel.: +420 221 913 343, fax: +420 222 323 316, e-mail: branda@karlin.mff.cuni.cz
&
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Abstract

We focus on rating of non-life insurance contracts. We employ multiplica-
tive models with basic premium levels and specific surcharge coefficients
for various levels of selected risk/rating factors. We use generalized linear
models (GLM) to describe the probability distribution of total losses for a
contract during one year. We show that the traditional frequency–severity
approaches based only on GLM with logarithmic link function can lead to
estimates which do not fulfill business requirements. For example, a maxi-
mal surcharge and monotonicity of coefficient can be desirable. Moreover,
our approach can handle total losses, which are based on arbitrary loss dis-
tributions, possibly decomposed into several classes, e.g. small and large
or property and bodily injury. Various costs and loadings can be also in-
corporated into the tariff rates. We propose optimization problems for rate
estimation which enable to hedge against expected losses and to take into
account a prescribed loss ratio and other business requirements. Moreover,
we introduce a stochastic programming problem with reliability type con-
straints which incorporate riskiness of each rate cell. In the numerical study,
we apply the approaches to Motor Third Party Liability (MTPL) policies.
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1. Introduction

Estimation of prices for which policies are sold is a highly important task
for insurance companies. In this paper, we will focus on rating of non-life
insurance contracts. Traditional credibility models take into account known
history of a policyholder and project it into policy rate, see, e.g., Bühlmann
and Gisler (2005). However, for new business, i.e. clients coming for a
new insurance policy, the history need not to be known or the information
may not be reliable. Thus traditional approaches of credibility theory can
not be used. We will employ models which are based on settled claims of
new contracts from the previous years. This experience is transferred using
generalized linear models (GLM), see McCullagh and Nelder (1989), which
cover many important regression models used in insurance, cf. Antonio and
Beirlant (2007), Denuit et al. (2007), de Jong and Heller (2008), Ohlsson
(2008), Ohlsson, and Johansson (2010). The frequency–severity approach
is the most frequently used, where expected claim count on a policy during
one year and expected claim size can be explained by various independent
variables, which can serve as segmentation criteria, e.g. age and gender of
the policyholder and region where he or she lives, properties of the object.
Using these criteria and GLM with the logarithmic link function we can
derive directly basic premium levels and surcharges which enable to take
into account riskiness of each policyholder. However, as we will show in this
paper, these coefficients need not to fulfill business requirements, for example
restriction on maximal surcharge. Moreover, if other link functions are used
or the regression dependence is more difficult, optimization models must be
employed to set the basic premium levels and the surcharge coefficients.

Stochastic programming techniques can be used to solve optimization
problems where random vectors appear. They have already found several
applications in insurance, see, e.g., Ermoliev et al. (2000), Hilli et al. (2011).
In this paper, we will employ a formulation based on reliability type con-
straints such as chance constraints and the reformulation based on the one-
sided Chebyshev’s inequality. The distribution of the random parts will be
represented by compound Gamma–Poisson and Inverse Gaussian–Poisson
distributions with parameter estimates based on generalized linear models.
It can be shown that the Chebyshev’s inequality produces bound, which
is tight with respect to the distributions with the given expectation and
variance, see Chen et al. (2011). Preliminary results on this topic were
presented by Branda (2012d) where simple models were presented and the
logarithmic transformation used also in this paper was suggested.

The main advantages of our optimization approach can be summarized
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in the following points:

• GLM with other than logarithmic link function can be used,

• business requirements on surcharge coefficients can be ensured,

• total losses can be decomposed and modeled using different models,
e.g. for standard and large losses or for bodily injury and property
damage,

• other modelling techniques than GLM can be used to estimate the
distribution of total losses over one year, e.g. generalized additive
models, classification and regression trees,

• costs and loadings (commissions, tax, office expenses, unanticipated
losses, cost of reinsurance) can be incorporated when our goal is to
optimize the combined ratio instead of the loss ratio, we obtain final
office premium as the output,

• not only the expectation of total losses can be taken into account but
also the shape of the distribution, i.e. riskiness can be projected into
the final rates,

• the ruin probability can be controlled for the whole portfolio.

This paper is organized as follows. We will propose basic notation in
Section 2. In Section 3, we will review definition and basic properties of
generalized linear models. We will recall a rate-making approach based
directly on GLM. In Section 4, optimization models for rates estimation are
introduced which enable to take into account various business requirements
and the other generalizations proposed above. These models are extended
using stochastic programming techniques in Section 5. Section 6 concludes
the paper with an application of the proposed methods to MTPL contracts.

2. Notation and preliminaries

Policies that belong to the same class for each rating factor are said to
belong to the same tariff cell and are given the same premium. We denote
by i0 ∈ I0 the levels of basic segmentation criterion, e.g. tariff cells, and by
i1 ∈ I1, . . . , iS ∈ IS the levels of other segmentation criteria which should
help us to take into account underwriting risk, which can be significantly
different for each class. We will denote one risk cell I = (i0, i1, . . . , iS) with
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I ∈ I = I0 ⊗ I1 ⊗ · · · ⊗ IS . Let WI denote the number of contracts in the
rate cell I. Let aggregated losses over one year for risk cell I be

LT
I =

WI∑
w=1

LI,w, LI,w =

NI,w∑
n=1

XI,n,w,

where NI,w is the random number of claims for a contract during one year
and XI,n,w is the random claim severity. All the considered random variable
are assumed to be independent. For each I, we assume that the random
variables NI,w has the same distribution for all w, and XI,n,w for all n and
w. We denote by NI , XI independent copies of NI,w, XI,n,w. Then, the
following well-known formulas can be obtain for the mean and the variance
of the aggregated losses:

µI = IE[LI ] = IE[NI ]IE[XI ],

µT
I = IE[LT

I ] = WIµI ,

σ2
I = var(LI) = IE[NI ]var(XI) + (IE[XI ])

2var(NI),

(σT
I )

2 = var(LT
I ) = WIσ

2
I .

We denote the total premium TPI = WIPrI for the risk cell I. We as-
sume that the risk (office) premium is composed in a multiplicative way from
basic premium levels Pri0 and nonnegative surcharge coefficients ei1 , . . . , eiS ,
i.e. we obtain the decomposition

PrI = Pri0 · (1 + ei1) · · · · · (1 + eiS ).

Our goal is to find optimal basic premium levels and surcharge coeffi-
cients with respect to a prescribed loss ratio L̂R, i.e. to fulfill the random
constraints

LT
I

TPI
≤ L̂R for all I ∈ I. (1)

The goal loss ratio L̂R is usually based on a management decision. It is
possible to prescribe different loss ratios for each tariff cell but this is not
considered in this paper. Note that the relation (1) is influenced by the
exposure of the risk cell WI , since the total losses are considered as a random
variable. We can compute mean and variance of the ratio

IE

[
LT
I

TPI

]
=

IE[LT
I ]

WIPrI
=

IE[NI ]IE[XI ]

PrI
,

var

(
LT
I

TPI

)
=

var(LT
I )

W 2
I Pr2I

=
IE[NI ]var(XI) + (IE[XI ])

2var(NI)

WIPr2I
.
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Usually, the expected value of the loss ratio is bounded

IE[LT
I ]

TPI
=

IE[LI ]

PrI
≤ L̂R for all I ∈ I. (2)

If L̂R = 1, we obtain the netto-premium. However, this approach does not
take into account riskiness of each tariff cell. A natural requirement can be
be that the inequalities (1) are fulfilled with a prescribed probability leading
to separate chance (probabilistic) constraints

P

(
LT
I

TPI
≤ L̂R

)
≥ 1− ε, for all I ∈ I, (3)

where ε ∈ (0, 1), usually ε is small. Another probabilistic approach bounds
the loss ratio over the whole line of business:

P

( ∑
I∈I L

T
I∑

I∈I TPI
≤ L̂R

)
≥ 1− ε.

How the risk is allocated to tariff cells will be discussed later in this paper.

3. Rate-making using generalized linear models

In this section, we introduce generalized linear models (GLM), which
cover many regression models useful in insurance. GLM are based on the
following three building blocks:

1) The dependent variable Yi has a distribution from the exponential family
with the probability density function

f(y; θi, φ) = exp

{
yθi − b(θi)

φ
+ c(y, φ)

}
,

where b, c are known functions and θi, φ are unknown canonical (de-
pendent on observation) and dispersion (common for all observations)
parameters.

2) A linear combination of independent variables is considered

ηi =
∑
j

Xijβj ,

where βj are unknown parameters and Xij are given values of predic-
tors.
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3) The dependency is described by a link function g which is strictly monotonous
and twice differentiable

IE[Yi] = µi = g−1(ηi).

The most important members of the exponential family are proposed in
Table 1 including basic characteristics, which are introduced below. The
following relations can be obtained for the expectation and variance under
the assumption that b is twice continuously differentiable

IE[Y ] = b′(θ),

var(Y ) = φb′′(θ) = φV (µ),

where the last expression is rewritten using the variance function which is
defined as V (µ) = b′′[(b′)−1(µ)], i.e. the variance depends on the mean only.

Distribution Density Dispersion Canonical Mean Variance
f(y; θ, φ) param. φ param. θ(µ) value µ(θ) function V (µ)

Po(µ) µye−µ

y!
1 ln(µ) eθ µ

Γ(µ, ν) 1
Γ(ν)y

(
yν
µ

)ν

e
− yν

µ 1
ν

− 1
µ

− 1
θ

µ2

IG(µ, λ)
√

λ
2πy3 e

−λ(y−µ)2

2µ2y 1
λ

− 1
2µ2

1√
−2θ

µ3

Table 1: Examples of distributions from the exponential family

Maximum likelihood method is used to estimate the parameters of GLM.
Overdispersion is a phenomenon that is often observed in practice where the
variance need not to be equal to the expected value as it is for the Poisson
distribution. In this case, the dispersion parameter φ is not set to 1 but
is estimated from data. The packages for GLM estimation usually offer an
overdispersed Poisson model or a negative-binomial model. Quasi-likelihood
function must be used for the overdispersed Poisson model, see McCullagh
and Nelder (1989). Another interesting class of models are zero-inflated
models, see Cameron and Trivedi (1998).

3.1. Pure premium estimation

Although the losses LI are random, the simplest way, which is often used
in practice, is to hedge against the expected value of aggregated losses (2).
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This can be done directly using GLM with the logarithmic link function
g(µ) = lnµ. Poisson and Gamma or Inverse Gaussian regressions without
an intercept can be used to estimate the parameters for the expected number
of claims and claims severity. If we use the logarithmic link function in both
regression models, then we can get for each I = (i0, i1, . . . , iS)

IE[NI ] = exp{λi0 + λi1 + · · ·+ λiS},
IE[XI ] = exp{γi0 + γi1 + · · ·+ γiS},

where λi, γi are the estimated coefficients. Thus for the expected loss it
holds

IE[LI ] = exp{λi0 + γi0 + λi1 + γi1 + · · ·+ λiS + γiS}.

The basic premium levels and the surcharge coefficient are based on a prod-
uct of normalized coefficients. They can be estimated as

Pri0 =
exp{λi0 + γi0}

L̂R
·

S∏
s=1

min
i∈Is

exp(λi) ·
S∏

s=1

min
i∈Is

exp(γi),

eis =
exp(λis)

minis∈Is exp(λis)
· exp(γis)

minis∈Is exp(γis)
− 1,

Under this choice, the constraints (2) are fulfilled with respect to the ex-
pectations. Note that if the less risky classes are selected as the reference
categories, the normalization above is not necessary. If the models are es-
timated using historical data, it is important to incorporate inflation of the
losses. In our case, it is possible to inflate the basic premium levels only.

The approach above is highly dependent on using GLM with the log-
arithmic link function. It can be hardly used if other link functions are
used, interaction or other regressors than the segmentation criteria are con-
sidered. For the aggregated losses modelling, we can employ models with
the logarithmic link and with a Tweedie distribution for 1 < p < 2, which
correspond directly to the compound Poisson–gamma distributions. The
expected loss is explained by the rating factors only.

However, the surcharge coefficient estimated by both methods above
often violate business requirements, especially they can be too high, as we
will show in the numerical study. Then optimization models can be the
only way how to obtain the basic premium levels as well as the surcharge
coefficient. The loss modeling can be split by claim type, e.g. different
models can be used for standard and large losses or for bodily injury and
property damage. Moreover, the riskiness can be taken into account as we
will show in Section 5.
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4. Optimization problem for rate estimation

Starting from this section, we can assume that LI contains not only
losses but also various costs and loadings, thus we can construct the tariff
rates with respect to a prescribed combined ratio. For example, the total
loss can be composed as follows

LI = (1 + vcI)
[
(1 + infs)L

s
I + (1 + infl)L

l
I

]
+ fcI ,

where small Ls
I and large claims Ll

I are modeled separately, inflation of small
claims infs and large claims infl, proportional costs vcI and fixed costs fcI
are incorporated into total losses.

The constraints (2) with expectation can be rewritten as

IE[Li0,i1,...,iS ] ≤ L̂R · Pri0 · (1 + ei1) · · · · · (1 + eiS ). (4)

There can be prescribed a business limitation that the highest aggregated
risk surcharge is lower than a given level rmax ≥ 0. It is also possible
to set an upper bound on each surcharge coefficient. We would like to
minimize basic premium levels and surcharges, which are necessary to fulfill
the prescribed loss ratio and the business requirements. The premium is
minimized to ensure maximal competitiveness on a market. This can be
further strengthened by discounts, which are not in the scope of this paper.
We obtain the following nonlinear optimization problem where the premium
is minimized under the condition that the premium covers the expected
losses with respect to the prescribed loss ratio and that the maximal possible
surcharge is less than the prescribed level rmax:

min
∑
I∈I

wIPri0(1 + ei1) · · · · · (1 + eiS )

s.t. (5)

L̂R · Pri0 · (1 + ei1) · · · · · (1 + eiS ) ≥ IE[Li0,i1,...,iS ],

(1 + ei1) · · · · · (1 + eiS ) ≤ 1 + rmax,

ei1 , . . . , eiS ≥ 0, (i0, i1, . . . , iS) ∈ I.

This problem is nonlinear nonconvex, thus very difficult to solve. However,
using the logarithmic transformation of the decision variables ui0 = ln(Pri0)
and uis = ln(1 + eis) and by setting

bi0,i1,...,iS = ln(IE[Li0,i1,...,iS ]/L̂R),
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the problem can be rewritten as a nonlinear convex programming problem,
which can be efficiently solved by standard software tools:

min
∑
I∈I

wIe
ui0

+ui1
+···+uiS

s.t. (6)

ui0 + ui1 + · · ·+ uiS ≥ bi0,i1,...,iS ,

ui1 + · · ·+ uiS ≤ ln(1 + rmax),

ui1 , . . . , uiS ≥ 0, (i0, i1, . . . , iS) ∈ I.

The problems (5) and (6) are equivalent in the following sense: P̂ ri0 , êi1 , . . . , êiS
is an optimal solution of the problem (5) if and only if ûi0 , ûi1 , . . . , ûiS is an
optimal solution of the problem (6) with the relation ûi0 = ln(P̂ ri0) and
ûis = ln(1 + êis). Moreover, the estimates do depend on the exposures of
the tariff cells.

4.1. Optimization over a net of coefficients

In this section, we will outline how to modify the previous optimization
model to the case when the surcharge coefficient are selected from a discrete
set of values. For simplicity we assume that the coefficients are selected
from an equidistant net. Let rs > 0 be a step, usually 0.1 or 0.05. Then the
surcharge coefficient can be modelled as

eis = xis · rs,

where xis ∈ {0, . . . , Js} are discrete variables and Js = ⌊rmax/rs⌋. However,
after logarithmic transform we obtain a problem, which is hardly solvable.
Therefore, we will use another formulation using new binary variables. We
set

uis =

Js∑
j=0

yis,j ln(1 + j · rs),

together with a condition
Js∑
j=0

yis,j = 1,

which ensures that at least one coefficient value is selected.
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5. Stochastic programming problems for rate estimation

In this section, we propose stochastic programming formulations which
take into account compound distribution of random losses not only the ex-
pected value. We employ chance constraints for satisfying the constraints (1)
with prescribed levels. However, chance constrained problems are very com-
putationally demanding in general and various approximation methods are
usually employed, see Branda (2012A, 2012B, 2012C), Prékopa, A. (1995,
2003) for various solution approaches and possible reformulations. Reliabil-
ity constraints were also discussed by Nemirovski and Shapiro (2006).

5.1. Individual risk model

If we prescribe a small probability level ε ∈ (0, 1) for violating the loss
ratio in each tariff cell, we obtain the following chance (probabilistic) con-
straints

P
(
LT
i0,i1,...,iS

≤ L̂R ·Wi0,i1,...,iS · Pri0 · (1 + ei1) · · · · · (1 + eiS )
)
≥ 1− ε,

which can be rewritten using quantile function of LT
i0,i1,...,iS

as

L̂R ·Wi0,i1,...,iS · Pri0 · (1 + ei1) · · · · · (1 + eiS ) ≥ F−1
LT
i0,i1,...,iS

(1− ε).

By setting

bI = ln

F−1
LT
I

(1− ε)

WI · L̂R

 ,

the formulation (6) can be used. However, it can be very difficult to com-
pute the quantiles F−1

LT
I

for the compound distributions, see, e.g., Withers

and Nadarajah (2011), and Central Limit Theorem can not be used, since
the exposition can be too low. Instead of approximating the quantiles, we
can employ the one-sided Chebyshev’s inequality based on the mean and
variance of the compound distribution resulting in the constraints

P

(
LT
I

TPI
≥ L̂R

)
≤ 1

1 + (L̂R · TPI − µT
I )

2/(σT
I )

2
≤ ε, (7)

for L̂R · TPI ≥ µT
I . Chen et al. (2011) showed that the bound is tight for

all distributions D with the expected value µT
I and the variance (σT

I )
2, i.e.

sup
D: IE[LT

I ]=µT
I , var(LT

I )=(σT
I )2

P
(
LT
I ≥ L̂R · TPI

)
=

1

1 + (L̂R · TPI − µT
I )

2/(σT
I )

2
,
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for L̂R · TPI ≥ µT
I . Thus, the constraint can be seen as robust with respect

to the distribution with a given mean and variance, i.e. it is ensured that

sup
D: IE[LT

I ]=µI , var(LT
I )=(σT

I )2
P
(
LT
I ≥ L̂R · TPI

)
≤ ε.

The inequality (7) leads to the following constraints, which serve as conser-
vative approximations:

µT
I +

√
1− ε

ε
σT
I ≤ L̂R · TPI .

Finally, the constraints can be rewritten as

µI +

√
1− ε

ε

σI√
WI

≤ L̂R · PrI . (8)

If we set

bI = ln

[(
µI +

√
1− ε

εWI
σI

)
/L̂R

]
,

we can employ the linear programming formulation (6) for rate estimation.
Note that in this case the exposure of each rating cell is incorporated.

5.2. Collective risk model

In the collective risk model, a probability is prescribed for ensuring that
the total losses over the whole line of business (LoB) are covered by the
premium with a high probability, i.e.

P

(∑
I∈I

LT
I ≤

∑
I∈I

WIPrI

)
≥ 1− ε.

Zaks et al. (2006) proposed the following program for rate estimation, where
the mean square error is minimized under the reformulated constraint using
the Central Limit Theorem:

min
PrI

∑
I∈I

1

rI
IE
[
(LT

I −WIPrI)
2
]

s.t. (9)∑
I∈I

WIPrI =
∑
I∈I

WIµI + z1−ε

√∑
I∈I

WIσ2
I ,
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where rI > 0 and z1−ε denotes the quantile of the Normal distribution.
Various premium principles can be obtained by the choice of rI . According
to Zaks et al. (2006), Theorem 1, the program has a unique solution

P̂ rI = µI + z1−ε
rIσ

rWI
,

with r =
∑

I∈I rI and σ2 =
∑

I∈I WIσ
2
I . Note that these results were

confirmed by Falin (2008) and extended by Frostig et al. (2007). It is
possible to use these estimates in the program (6). If we want to incorporate
the prescribed loss ratio L̂R for the whole LoB into the previous approach,
we can set

bI = ln

[(
µI + z1−ε

rIσ

rWI

)
/L̂R

]
,

within the problem (6). Various choices of the weights rI were discussed
by Zaks et al. (2006), e.g. rI = 1 or rI = WI were suggested leading to
semi-uniform or uniform risk allocations.

6. Numerical example

In this section, we apply the proposed approaches to Motor Third Party
Liability contracts. We consider 60 000 policies which are simulated using
characteristics of real MTPL portfolio of one of the leading Czech insurance
companies. The following indicators are used as the segmentation variables:

• tariff group: 5 categories (up to 1000, up to 1350, up to 1850, up to
2500, over 2500 ccm engine),

• age: 3 categories (18-30, 30-65, 65 and more years),

• region: 4 categories (over 500 000, over 50 000, over 5 000, up to 5
000 inhabitants),

• gender: 2 categories (men, women).

Many other available indicators related to a driver (marital status, type of
licence), vehicle (engine power, mileage, value), policy (duration, no claim
discount) can be used.

We employ the approaches proposed in the previous sections to find
the basic premium levels for the tariff groups and the surcharge coefficients
for other criteria. The goal loss ratio for new business is set to 0.6 and
the maximum feasible surcharge to 100 percent. The parameter estimates
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for overdipersed Poisson, Gamma and Inverse Gaussian generalized linear
models can be found in Table 2. Standard errors and exponentials of the
coefficient are also included. All variables are significant based on Wald and
likelihood-ratio tests. The parameters of GLM were estimated using SAS
GENMOD procedure (SAS/STAT 9.3) and the optimization problems were
solved using SAS OPTMODEL procedure (SAS/OR 9.3).

The basic premium levels and surcharge coefficients can be found in
Table 3. It is not surprising that the coefficients which are estimated directly
from GLM do not fulfill the business requirements and the highest possible
surcharge is much higher than 100 percent. This drawback is removed by
the optimization problems. The decrease of the surcharge coefficient leads to
the increase of the basic premium levels. We refer to the problem where the
expected loss is covered as EV model. We used the reliability type model
with change constraints and the reformulation based on the Chebyshev’s
inequality with ε = 0.1, cf. SP model (ind.). Compared with the EV model,
the rates increased significantly. This increase is reduced in the second
stochastic programming problem based on the collective risk constraint with
ε = 0.1, cf. SP model (col.). Note that the stochastic programming models
with the Inverse Gaussian distribution of severity lead to higher estimates
of the basic premium levels because the estimated variance is much higher
then using the Gamma regression.

Overd. Poisson Gamma Inv. Gaussian
Param. Level Est. Std.Err. Exp Est. Std.Err. Exp Est. Std.Err. Exp

TG 1 -3.096 0.042 0.045 10.30 0.015 29 778 10.30 0.017 29 765
TG 2 -3.072 0.038 0.046 10.35 0.013 31 357 10.35 0.015 31 380
TG 3 -2.999 0.037 0.050 10.46 0.013 34 913 10.46 0.015 34 928
TG 4 -2.922 0.037 0.054 10.54 0.013 37 801 10.54 0.015 37 814
TG 5 -2.785 0.040 0.062 10.71 0.014 44 666 10.71 0.017 44 679

region 1 0.579 0.033 1.785 0.21 0.014 1.234 0.21 0.016 1.234
region 2 0.460 0.031 1.583 0.11 0.013 1.121 0.11 0.014 1.121
region 3 0.205 0.032 1.228 0.06 0.013 1.059 0.06 0.015 1.058
region 4 0.000 0.000 1.000 0.00 0.000 1.000 0.00 0.000 1.000
age 1 0.431 0.027 1.539 - - - - - -
age 2 0.245 0.024 1.277 - - - - - -
age 3 0.000 0.000 1.000 - - - - - -

gender 1 -0.177 0.018 0.838 - - - - - -
gender 2 0.000 0.000 1.000 - - - - - -
Scale 0.647 0.000 13.84 0.273 0.002 0.000

Table 2: Parameter estimates of GLM
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GLM EV model SP model (ind.) SP model (col.)
G IG G IG G IG G IG

TG 1 1 880 1 879 3 805 3 801 9 318 14 952 4 400 5 305
TG 2 2 028 2 029 4 104 4 105 9 979 16 319 8 733 5 563
TG 3 2 430 2 431 4 918 4 918 11 704 19 790 5 547 6 296
TG 4 2 840 2 841 5 748 5 747 13 380 23 145 6 376 7 125
TG 5 3 850 3 851 7 792 7 791 17 453 31 718 8 421 9 169

region 1 2.203 2.201 .311 .390 .407 .552 .463 .407
region 2 .775 .776 .057 .121 .177 .264 .226 .195
region 3 .301 .299 .000 .000 .000 .000 .000 .000
region 4 .000 .000 .000 .000 .000 .000 .000 .000

age 1 .539 .539 .350 .277 .257 .157 .182 .268
age 2 .277 .277 .121 .060 .105 .031 .015 .107
age 3 .000 .000 .000 .000 .000 .000 .000 .000

gender 1 .000 .000 .000 .000 .000 .000 .000 .000
gender 2 .194 .194 .194 .194 .130 .114 .156 .121

Table 3: Estimates of basic premium levels and surcharge coefficients

7. Conclusion

In this paper, we compared several methods for rating of non-life (MTPL)
insurance contracts which take into account riskiness of various segments.
The probability distribution of losses was described by generalized linear
models. Direct application of the estimated coefficient leads to the sur-
charge coefficients which do not fulfill the business requirements. Therefore,
optimization models were introduced. Stochastic programming formulation
was employed to consider the distribution of the random losses on a policy.

Future research will be devoted to dynamic models which take into ac-
count development of policyholder riskiness. In this case, generalized linear
mixed models (Breslow and Clayton 1993) and dynamic stochastic program-
ming models will be employed.
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