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ABSTRACT
Inflation risk is of high relevance in non-life insurers’ long-tail business and can
have a major impact on claims reserving. In this paper, we empirically study claims
inflation with focus on automobile liability insurance based on a data set provided
by a large German non-life insurance company. The aim is to obtain empirical
insight regarding the drivers of claims inflation risk and its impact on reserving.
Toward this end, we use stepwise multiple regression analysis to identify relevant
drivers based on economic indices related to health costs and consumer prices,
amongst others. We further study the impact of (implicitly and explicitly)
predicting calendar year inflation effects on claims reserves using stochastic
inflation models. Our results show that drivers for claims inflation can considerably
vary for different lines of business and emphasize the importance of explicitly
dealing with (stochastic) claims inflation when calculating reserves.

Keywords: Separation method, claims inflation, regression analysis, simulation, Vasicek
JEL Classification: C53; E31; G22; G32
1. INTRODUCTION
For non-life insurers, inflation associated with long-term liabilities represents one major risk
source and can considerably impact the adequate estimation of technical provisions, thus
directly influencing future earnings (see, e.g., Wüthrich, 2010; Ahlgrim and D’Arcy, 2012a;
D’Arcy, Au, and Zhang, 2009). Furthermore, in the context of new risk-based capital
requirements for insurers as imposed by Solvency II, all material risks have to be considered
in the calculation of solvency capital requirements and the Own Risk and Solvency
Assessment (ORSA), implying that inflation risk should at least be taken into consideration
within an internal model of an insurance company. The aim of this paper is to empirically
study claims inflation in non-life insurance based on automobile liability insurance, fully
comprehensive car insurance, and third party liability insurance data provided by a large nonlife insurance company in Germany. Toward this end, we first focus on claims inflation by
determining the main driving factors for inflation risk based on economic indices for different
*
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lines of business of the considered non-life insurer. Second, we model claims inflation based
on the calendar year effects and assess its impact on claims reserving for the case of
automobile liability insurance, which is of special relevance in the presence of superimposed
inflation.
In general, inflation is measured as the percentage change in the overall level of prices
measured by a price index such as the consumer price index (CPI). However, insurers are
likely to be exposed to specific components of the CPI such as medical inflation rather than
the overall level of price changes (see, e.g., Cummins and Derrig, 1993; Ahlgrim and D’Arcy,
2012a). In this context, Masterson (1968), for instance, measures the impact of inflation on
insurers by isolating components of the CPI that are related to specific lines of business.
Morrow and Conrad (2010) identify economic indicators, which best measure the inflation
inherent in claims costs. In addition, Ahlgrim and D’Arcy (2012a) investigate the effects of
inflation or deflation on the insurance industry in general, thereby indicating that property
liability insurers are impacted by inflation in several ways, e.g. by means of costs of future
claims on current policies and calculation of loss reserves. Regarding loss reserves, D’Arcy
and Au (2008) and D’Arcy, Au, and Zhang (2009) point out that loss reserves are commonly
calculated based on the assumption that the inflation rate experienced in the recent past will
continue until these claims are closed, which, however, can take decades. Thus, if inflation
increases, costs will be more than expected, which in particular affects long-term liabilities. In
this context, Verbeek (1972) and Taylor (1977) separate the impact of inflation from the runoff triangle, which allows incorporating a different inflation rate in the calculation of reserves.
Moreover, inflation also affects asset returns (see, e.g., Fama and Schwert, 1977) and thus the
asset side of an insurer. While this may offset or magnify reserving risks in the presence of
inflation, in this paper we specifically focus on the liability side of the insurance company.
In this context, claims inflation can be defined as the general inflation plus all other relevant
influencing factors, whereby these other factors are also referred to as “superimposed
inflation”. The average motor insurance claim, for instance, is not only affected by general
inflation, but also by the wages of the people repairing vehicles, medical costs for those
injured in vehicle accidents, and litigation costs (see Swiss Re, 2010). Moreover, as pointed
out by Swiss Re (2010), for instance, the term “inflation” may be misleading as it refers to
quality-adjusted price increases, which is why they suggest the term “change in claims
severity” as an alternative, which refers to changes in the average value per claim. However,
to be consistent with the academic literature, in what follows we use the term “claims
inflation”.
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With respect to non-life insurance claim costs, Cummins and Powell (1980) compare two
different approaches to forecast claim costs for automobile insurance. They show that
econometric models (univariate and multivariate models), which take into account economic
indices (e.g. price and wage indices) to forecast insurance claim costs, are more accurate than
exponential trend models. They also point out that inflation plays an important role in this
context. Cummins and Griepentrog (1985) further compare econometric models with ARIMA
models, which do not require forecasts for the underlying economic indices, and find that
econometric models do better in forecasting automobile insurance claim costs. In addition,
Cummins and Derrig (1993) first review different approaches in the previous literature on
forecasting insurance claim costs and then use fuzzy set theory in order to combine forecasts
from alternative models in order to derive a good (improved) forecast of insurance claim
costs.
In the academic literature on the modeling of calendar year effects (diagonal effects) and
claims inflation, Clark (2006) and D’Arcy, Au, and Zhang (2009) model claims inflation
using a mean-reverting time series model, while Barnett and Zehnwirth (2000) study calendar
year effects within a probabilistic trend family, de Jong (2006) uses a calendar-correlationmodel, and de Jong (2012) develops and implements a model for dependences between loss
triangles using Gaussian copulas. In addition, Wüthrich (2010) studies a Bayesian chain
ladder model that allows for calendar year effects and, using a gamma-gamma model, shows
that calendar year effects substantially impact the uncertainty of prediction of the claims
reserves. Moreover, Shi, Basu, and Meyers (2012), Salzmann and Wüthrich (2012), and Merz,
Wüthrich, and Hashorva (2013), also study calendar year effects in a Bayesian inference
approach using Markov chain Monte Carlo simulation methods, while Saluz and Gisler
(2014) analyze the difference between the best estimate predictions of the ultimate claim in
two successive calendar years. In addition, Jessen and Rietdorf (2011) present two different
approaches in order to include diagonal effects in claims reserving, and Björkwall, Hössjer,
and Ohlsson (2010) introduce a bootstrapping procedure for the separation method in claims
reserving. Thus, while these papers analyze claims reserving, they do not specifically focus on
the (stochastic) modeling of claims inflation in claims reserving or the identification of
driving factors of claims inflation.
In this paper, we analyze claims inflation in non-life insurance on the basis of empirical data
for automobile liability insurance, fully comprehensive car insurance, and third party liability
insurance provided by a large German non-life insurance company. We thereby contribute to
the literature in two main ways. First, we identify the main driving factors for claims inflation
with focus on automobile liability insurance based on a real and representative data set for the
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non-life insurance market in Germany and thus provide unique empirical insights into the
market. More specifically, we first empirically extract calendar year effects by means of the
separation method, and then determine main driving factors (economic indices) that influence
the observed inflation risk in automobile liability insurance, fully comprehensive car
insurance, and third party liability insurance by using stepwise multiple linear regressions.
This allows central insights in regard to main drivers of the respective claims inflation as, e.g.,
the progress in medical technology may considerably exceed the standard inflation as
reflected by the consumer price index. Thus, an increase in prices for certain therapies may
influence the costs for bodily injuries in, e.g., accident insurance, but may not affect the costs
for other lines of business such as fully comprehensive car insurance. We show that inflation
risk strongly depends on the line of business and that its major influencing factors may differ
considerably.
Second, we introduce and present a modeling approach that comprises several steps of dealing
with claims inflation in non-life insurance in regard to controlling and arriving at a final
claims reserve. This approach is applied to the comprehensive data set of a large German nonlife insurer consisting of the run-off triangle for the claims payments of the business line
automobile liability insurance. Hence, we further contribute to the literature by studying the
impact of the empirically observed superimposed inflation (addressed in the first step) on
claims reserving for the considered business line. Toward this end, we use the bootstrapping
procedure of the separation method presented in Björkwall, Hössjer, and Ohlsson (2010),
where the incremental claims are assumed to be gamma distributed, to obtain the predictive
distribution of the claims reserves, while we account for an extrapolation of future claims
inflation based on key economic indices. In addition, to explicitly account for calendar year
effects, we model and calibrate claims inflation using a multiple linear regression model and
the Vasicek (1977) model and thus extend the model by Björkwall, Hössjer, and Ohlsson
(2010). Our findings indicate that inflation risk can be substantial, thus being of high
relevance in regard to the calculation of claims reserves.
The remainder of the paper is structured as follows. Section 2 illustrates the empirical
extraction and analysis of the claims inflation using the separation method. Section 3 presents
the modeling and calibration of the insurer’s claims inflation using multiple linear regression
and the Vasicek (1977) model, whereas the modeling of the claims reserves is presented in
Section 4. The empirical analysis of claims inflation risk in the case of the automobile liability
insurance of the German non-life insurer is presented in Section 5, and Section 6 concludes.
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2. EMPIRICAL DERIVATION AND ANALYSIS OF CLAIMS INFLATION
2.1 Empirical derivation of the claims inflation
To empirically derive the historical claims inflation1 from the available claims data by the
non-life insurer, we apply the separation method, which was first introduced by Verbeek
(1972), who applied the model in the reinsurance context to the projection of the number of
reported claims. Taylor (1977) further generalized this method in order to apply it to claim
amounts rather than claim numbers.
Let i ∈{0,…, n} denote the rows corresponding to the accident year in the triangle, and

k ∈{0,…, n} denote the columns corresponding to the development year in the triangle. In

addition, we assume that the claims are fully settled in development year n. The expected

value of the incremental claims Zi,k ( i , k ∈ ∇ , where ∇ = {i = 0,…, n; k = 0,…, n − i} refers to
the upper triangle), can then be stated as follows (see, e.g., Björkwall, Hössjer, and Ohlsson,
2010)2

E  Zi ,k  = vi λϑ
t k with

n

∑ϑ
k =0

k

= 1,

(1)

where vi are volume measures of the accident years i that are assumed to be known (e.g. the
expected number of claims for the corresponding accident year i) and ϑk denotes the unknown
effect of the development year k. The also unknown effect λt of the calendar year t = i+k,
represents the inflation parameter that has to be estimated. The idea behind the separation
method is thus to distinguish the factors for the development year and the calendar
(accounting) year effects. The development year effects impact the columns of the run-off
triangle, whereas the calendar year effects operate on the diagonals of the table. The
fundamental assumption of the separation method is that these two patterns are independent of
each other. By means of the separation method, the data are analyzed to reveal the inflation
inherent in the data, which can then be used to forecast the inflation rates for future years,
e.g., for a specific line of business (see Section 3).

1

2

Here, claims inflation is defined as the sum of the general inflation and the superimposed inflation (see Swiss
Re, 2010).
The notation in Björkwall, Hössjer, and Ohlsson (2010) is also consistent with the notation in Schmidt
(2007), which is suggested by the German Insurance Association (see GDV, 2011).
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The separation method consists of two steps: First, the incremental claims Zi,k are
standardized by the known number of claims vi in the accident year i:

X i,k =

Z i ,k
vi

,

and, second, the unknown parameters of the calendar year effects λˆt and the development
years ϑˆk are estimated by

n−k

t

λˆt =

∑X
i =0

1−

i ,t − i

n

∑ ϑˆ

k = t +1

k

and ϑˆk =

∑X
i=0
n−k

i ,k

, respectively,

(2)

∑ λˆ
i =0

n −i

where k ∈{0,1,… n} denotes the development year and t ∈{0,1,…n} denotes the diagonal of
accident year i and development year k, i.e. t = i+k. The calculation of the parameters is done
recursively with a starting point t = n. As a result of the separation method, one obtains the
estimates of the calendar year effects λˆt , which can be interpreted as the average claims of the
different calendar years. The specific claims inflation rate rt is then calculated as the rate of
change between two sequent calendar year effects, i.e.,3

rt =

λˆt
−1.
λˆt −1

(3)

2.2 Analyzing claims inflation: Determination of main economic drivers
Given the historical claims inflation rates empirically extracted from claims data, one relevant
question concerns the main economic drivers of claims inflation, which might deviate from
the classical consumer price inflation index (i.e. general inflation) as laid out in the previous
subsection. In particular, causes of superimposed inflation (i.e. inflation superimposed on top
of the regular CPI) discussed in the academic literature especially comprise legal and
legislative changes that increase the average claims payments (see Brickman, Forster, and
Sheaf, 2005; Pearson and Beynon, 2007; Cutter, 2009; Lewin, 2009; Swiss Re, 2010). In
addition, superimposed inflation arises from changing social conventions and medical cost

3

See Taylor (1977, p. 228) for a numerical example of the separation method on automobile insurance
illustrating the process from a reserve triangle to the corresponding vector of calendar year effects.
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inflation (see Pearson and Beynon, 2007; Lewin, 2009; Swiss Re, 2010), where medical cost
inflation also includes advances in medical technology, which create new treatment options,
changing costs of medical treatment, and an increasing lifespan of seriously injured claimants.
Cutter (2009) further points out that claims handling practices may also contribute to
superimposed inflation. In addition, according to Brickman, Forster, and Sheaf (2005), wage
inflation, changes in policy limits, and underwriting decisions can also play a relevant role.
In line with these observations, it has been shown that different individual economic indices
are related to the specific claims inflation of different lines of business (see, e.g., Masterson,
1968; Cummins and Powell, 1980; Cummins and Griepentrog, 1985). Morrow and Conrad
(2010), e.g., identified economic indicators that best explain claims inflation, e.g., the indices
consumer price index (CPI), CPI–total medical care and CPI–medical services for fully
comprehensive car insurance, as discussed later in more detail. Thus, the determination of
explanatory economic indices can contribute to an improved understanding of the drivers of
claims inflation and hence improve the calculation of claims reserves as well as asset-liability
management decisions, for instance.
Following Colquitt and Hoyt (1997) and Manab and Ghazali (2013), we use stepwise
regression to determine the relevant economic “driving factors” of claims inflation. The
stepwise regression combines forward selection with backward elimination in order to select
the best subset of predictor variables, i.e. at each stage, a variable may be added to the model
or be removed from it. We fit the model based on the common Akaike information criterion
(AIC), and choose the model that minimizes the AIC (see, e.g., Young, 2012, p. 161-188).4
The selection of potential explanatory variables to be included in the stepwise multiple
regressions is based on economic arguments by taking into account the academic literature
and an analysis of the unique characteristics of the business line (see Verbeek, 2012, p. 63).
The analysis focuses on the attributes that best characterize the costs of the respective line of
business. The multiple regression model can be written as follows:
m

rt = c + ∑β j ⋅ It , j + εt ,

(4)

j =1

4

A detailed description of the stepwise regression procedure can be found in Frees (2010), for instance. While
stepwise regression ignores nonlinear alternatives and the effect of outliers, the procedure is still useful to
search through several theoretically relevant models in order to select the explanatory variables (see Frees,
2010). See also Samson and Thomas (1987) and Brockett et al. (1994) for applications of stepwise multiple
regressions.
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where rt denotes the claims inflation as the dependent variable at time t ∈{0,1,…n} , c the
regression constant, It,j the value of the explanatory variable j at time t ∈{0,1,…n} (i.e., the

economic index), βj the corresponding regression coefficient and εt the error term.5
3. MODELING AND CALIBRATING CLAIMS INFLATION
Apart from identifying main drivers of inflation, a stochastic model for claims inflation is
needed when forecasting future claims and for calculating claims reserves. In this context, we
model claims inflation in two different ways: (1) a multiple linear regression model, and (2)
the Vasicek (1977) model.
Multiple linear regression model
First, we use an empirical multiple linear regression model, where claims inflation is
explained by different economic indices. Multiple regression is a widely used method to fit
the observed data and to create models that can be used for prediction in different fields, such
as biology, medicine, and economics. Multiple regression models have also been used to
forecast indices, in particular stock indices (e.g., Cheng, Lo, and, Ma, 1990, and Sopipan,
Kanjanavajee, and Sattayatham, 2012). In regard to forecasting insurance claim costs,
Cummins and Powell (1980) and Cummins and Griepentrog (1985) also use econometric
models (univariate and multivariate models) that are based on relevant economic indices, in
particular price and wage indices, since insurance claims payments are closely related to
economic indices. In addition, Masterson (1968) shows that different economic indices are
related to the specific claims inflation of different lines of business and Morrow and Conrad
(2010) identify economic indicators that best explain claims inflation. Thus, as claims
inflation is driven by different economic indices, a multiple linear regression model allows
combining these different economic indices in order to forecast claims inflation.
The multiple linear regression model can be compared to the stochastic investment model of
Wilkie (1986), where the behavior of various economics factors is described by a stochastic
time series. The Wilkie (1986) model comprises several separate variables, which are
modeled in a cascade structure based on price inflation as the driving force. Thus, price
inflation is described first, and the remaining variables are constructed next based on the
modeling of the previous variable(s). In the present paper, focus is laid on the modeling of
claims inflation based on the explanatory indices identified following the procedure laid out in

5

Since moving averages can cause pseudo-correlations even if the data is independent, we do not analyze
moving averages and time-shifted reactions (see Mittnik, 2011).
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Section 2.2. In addition, before the multiple linear regression model can be used to forecast
claims inflation, the explanatory variables have to be predicted into the future. In this paper,
to obtain first insight, we use a simplified approach and do not model the explanatory indices
It,j in Equation (4) stochastically, but instead use the empirically estimated mean I j , which is
constant for t ∈{n +1,...,2n} and implies less model volatility, thus reducing the model risk
potentially arising due to the aggregation of multiple stochastic processes. Thus, the multiple
linear regression model used for forecasting claims inflation is given by (see DAV, 2013)
m

rt = c + ∑ β j ⋅ I j + εt ,

(5)

j =1

where rt denotes the forecasted claims inflation at future time t ∈{n +1,...,2n} , and εt the
normally distributed error term with mean 0 and standard deviation σ. Furthermore, the
constant c, and the coefficients βi are derived with Equation (4).6
Vasicek (1977) model
Second, we use the Vasicek (1977) model to forecast claims inflation. The Vasicek (1977)
model is often used for modeling inflation rates (see, e.g., de Melo, 2008; Falbo, Paris, and
Pelizzari, 2010) due to its mean-reverting property and the feature of negative inflation rates.
Chan (1998) and Ahlgrim and D’Arcy (2012b) also model the behavior of the inflation rate by
means of a stochastic Ornstein-Uhlenbeck process and Clark (2006) and D’Arcy, Au, and
Zhang (2009) model claims inflation using a mean-reverting time series model. In addition,
the Vasicek (1977) model is often used to model inflation indices that describe the average
rate of price increase for a specific basket. Thus, transferred to a non-life insurer, this means
that we consider a portfolio of claims and that claims inflation denotes the change of the
average rate of price increase for this specific basket of claims (see DAV, 2013).
The Vasicek (1977) model is described by

drt = α (θ − rt ) dt + σ dWt ,

(6)

where α, σ, and θ are strictly positive. Here, α controls the speed of the mean reversion to the
long-term mean θ (see Cairns, 2004). The volatility of the inflation rate process is represented
by σ. The resulting inflation rate rt
6

An application of this model to claims inflation is also suggested by Towers Watson, who calculate the
“Towers Watson Claim Cost Index”, which is constructed from a variety of economic indices that reflect
insurance costs (see Pecora and Thompson, 2012).

10

(

rti = b / a ⋅ 1 − e

− a ⋅( ti − ti −1 )

)+e

− a ⋅( ti − ti −1 )

⋅ rti −1 + σ ⋅ e − a ⋅ti ∫ e a ⋅s dW ( s )
ti

ti −1

( r ⋅ exp ( −α ⋅ (t − s ) ) + θ ⋅ (1 − exp (α ⋅ ( t − s ) )))

is normally distributed with mean

s

(

)

and

variance (σ 2 / 2 ⋅ α ) ⋅ 1 − exp ( −2 ⋅ α ⋅ ( t − s ) ) . For t → ∞ the mean converges to the longterm mean θ with long-term variance σ / 2 ⋅ α .
2

To calibrate the Vasicek (1977) model based on the empirical claims data provided by a nonlife insurer, Equation (6) has to be rewritten by

drt = α (θ − rt ) dt + σ dWrt = (b − a ⋅ rt )dt + σ dWrt .

(7)

Next, Equation (7) has to be considered in discrete representation at time ti (see Glasserman,
2010), such that

rti = b / a ⋅ (1 − e − a⋅∆t ) + e − a⋅∆t ⋅ rti−1 + σ

(1 − e

−2⋅a⋅∆t

) / 2⋅a ⋅ Z

ti

,

where Zti denotes a standard normally distributed random number (see Brigo and Mercurio,
2007). The time step is given by

∆t = ti −ti−1

with a total of n observed data points. Setting

the coefficient to

(

)

c = e − a ⋅∆t , d = b / a ⋅ 1 − e− a⋅∆t and V = σ

(1 − e

−2⋅a⋅∆t

) / 2⋅a

,7

the unknown parameters can be derived by an OLS regression (see Brigo et al., 2009).8
4. THE IMPACT OF CLAIMS INFLATION ON RESERVING
As one main application and to identify the impact of stochastic claims inflation on claims
reserving, we calculate the reserves by means of the separation method with the stochastic
claims inflation for the calendar year effects. When extrapolating the calendar year effects to
provide an estimator for future claims (and the reserve) by means of the separation method,
we distinguish three cases. First, we assume the claims inflation rate rt is constant over time,

i.e. rt = r for t ∈{n +1,...,2n} . Second, we stochastically model the future claims inflation
7
8

Applying the Euler discretization scheme, the parameter V simplifies to V = σ ∆ t (see Glasserman, 2010).
OLS (ordinary least squares) can be used to calibrate unknown parameters by a linear regression. When the
distribution of the underlying process is Gaussian as in the case of the Vasicek (1977) model, this method is
in accordance with the maximum likelihood estimates (see Brigo et al., 2009).
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rates rt according to Equation (5) using the multiple linear regression model and, third, we use
the Vasicek (1977) model (Equation (6)). By applying the inflation estimators rt with

t ∈{n +1,...,2n} , the unknown calendar year effects λˆt for t ∈{n +1,...,2n} can be calculated

via

λˆt = λˆt −1 ⋅ (1 + rt )

(8)

with a given λˆn (see Equations (2) and (3)). The future incremental claims Zˆ i , k ( i , k ∈ ∆ ,

where ∆ = {i = 1,…, n; k = n − i + 1,…, n} denotes the unobserved future triangle) in the lower

ˆ ˆ , where ϑˆ is derived
triangle can thus be predicted with the separation method by Zˆi ,k = vi λϑ
t k
k

from Equation (2) and λˆt is given by Equation (8) with either a constant inflation rate rt = r

or a stochastic inflation rate rt for t ∈{n +1,...,2n} , modeled by the multiple linear regression
model or the Vasicek (1977) model. The accident year effect

vi is assumed to be known and

represents the number of claims per accident year. This leads to a total reserve estimator R̂
given by
Rˆ =

∑ Zˆ
∆

i ,k

.

(9)

The separation method of Taylor (1977) is a deterministic method similar to the classical
chain ladder method. To provide a full predictive distribution, Mack (1993) analytically
calculates the mean square error of prediction (MSEP)9 for the chain ladder method and
England and Verrall (1999) introduce bootstrapping using a generalized linear model (GLM)
framework. In case of the separation method, GLM theory cannot be applied directly, since all
incremental claims of the same accident year share the same number of claims and are thus
dependent. Furthermore, the analytical calculation of the MSEP requires an explicit
expression of the MSEP and further distributional assumptions in order to derive the
predictive distribution of the claims reserves (see Björkwall, Hössjer, and Ohlsson, 2010, p.
866). Hence, we apply the parametric bootstrapping procedure of Björkwall, Hössjer, and
Ohlsson (2010) to obtain the predictive distribution of the claims reserves for the separation
method.
The starting point of the bootstrap procedure is the upper run-off triangle. Based on the claims
data in the upper triangle, the aim of the bootstrap procedure described in Björkwall, Hössjer,
and Ohlsson (2010) is to obtain a full predictive distribution of the claims reserves. Thus,
9

( )

In Mack (1993) the MSEP msep Rˆ of the estimator R̂ of the total claims reserves R is defined by
2
msep Rˆ = E  Rˆ − R | ∇  , where ∇ refers to the upper triangle.



( )

(

)
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instead of a deterministic point estimate, which can be derived by the separation method of
Taylor (1977), the bootstrap procedure allows deriving a full distribution of claims reserves.
The distribution of claims reserves is thereby derived based on the sum of the point estimates
and the additional uncertainty of the prediction, which in turn is derived in two steps. First, we
draw B pseudo upper triangles and predict the corresponding future incremental claims with
the separation method, and second, we directly draw B times the pseudo future incremental
claims in the lower triangle. The prediction uncertainty is then obtained by the standardized
difference between these two pseudo claims reserves.
In particular, following Björkwall, Hössjer, and Ohlsson (2010), the relation between the
claims reserves R and its estimator R̂ in the real world, which is obtained by Equation (9), can
be substituted by the true outstanding claims R * * in the bootstrap world and the estimated
outstanding claims R̂ * in the bootstrap world. Thus, the process error and the estimation error
are included in R * * and R̂ * , respectively, which allows approximating the predictive
distribution of the claims reserves. Hence, we use the notation * for random variables in the
bootstrap world, which correspond to estimators in the real world. The notation ** is used for
random variables in the bootstrap world, if the corresponding variable in the real world is not
observed.
First, the number of claims vi per accident year i is assumed to be known. In addition, we
follow Björkwall, Hössjer, and Ohlsson (2010) and assume that the independent incremental
claims Zi,k are gamma distributed,10 i.e.

v
ˆ ˆ  ,
Zi,k ∼ Γ i ,ϑˆk λφ
t
 φˆ


(10)

(

ˆ ˆ and variance v λˆ ϑˆ
with mean viλϑ
t k
i
t k

(

Z i , k − vi λˆtϑˆk
1
ˆ
φ=
∑ vi
2
∇ −q ∇
vi λˆtϑˆk

(

)

)

) φˆ , where φ̂ is given by
2

2

,

where ∇ denotes the upper triangle, ∇ is the number of observations in the upper triangle, q
denotes the number of parameters that have to be estimated and ϑˆk and λˆt are derived from

ˆ ˆ , which
Equation (2). Thus, the expected value of the incremental claims Zi,k is given by viλϑ
t k
10

See also Wüthrich (2010), where the cumulative claims also follow a gamma distribution.
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is in line with Equation (1). In order to approximate the predictive distribution of the claims
reserves, we next calculate the estimated outstanding claims in the bootstrap world and the
true outstanding claims in the bootstrap world.
The estimated outstanding claims in the bootstrap world
*

To calculate the estimated outstanding claims R̂ * in the bootstrap world, first, each Z i , k

( i , k ∈ ∇ , with ∇ = {i = 0,…, n; k = 0,…, n − i} ) is drawn B times from Equation (10), to
obtain B pseudo upper triangles. Second, for each pseudo upper triangle, the future

*
incremental claims Zˆ i , k ( i , k ∈ ∆ with ∆ = {i = 1,…, n; k = n − i + 1,…, n} ) can be predicted

*
*
*
* *
with the separation method by Zˆi ,k = vi λˆt ϑˆk (where ϑˆk is derived from Equation (2) and λˆt is

given by Equation (8) with either a constant inflation rate rt = r for t ∈{n +1,...,2n} or a

stochastic inflation rate rt for t ∈{n +1,...,2n} , modeled by the multiple linear regression
model or the Vasicek (1977) model),11 which leads to the estimated outstanding claims R̂* in
the bootstrap world
Rˆ * =

∑ Zˆ
∆

*
i,k

.

True outstanding claims in the bootstrap world
**
Next, to calculate the true outstanding claims R * * in the bootstrap world, Z i , k ( i , k ∈ ∆ with

∆ = {i = 1,…, n; k = n − i +1,…, n} ) are sampled B times from Equation (10) to obtain B

pseudo lower triangles and the true outstanding claims in the bootstrap world are given by
R ** = ∑ Z i**,k .
∆

Calculation of the predictive distribution
Using R̂ * and R** , the predictive distribution of the outstanding claims Rɶ ** is obtained by
the sum of the estimated claims reserve in the real world R̂ (see Equation (9)) and the
prediction error pe** multiplied by the estimator of the variance of the claims reserves R, i.e.
Rɶ ** = Rˆ + pe ** Var ( R ) ,

where the estimator of the variance of the claims reserves R is given by
11

Note that the parameters for modeling the stochastic inflation rate rt using the Vasicek (1977) model and the
multiple regression model are based on the empirical data for all simulations B.
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Var (R ) =

∑ v φˆ ∑ (ϑˆ λˆ ) , with
2

i

k

∆

i

t

i , k ∈ ∆ and

∆ = {i = 1,…, n; k = n − i +1,…, n} .

The B prediction errors are in turn derived by the standardized difference between the true
outstanding claims R** and the estimated outstanding claims R̂ * in the bootstrap world, thus
the prediction errors pe** are given by
pe** =

R ** − Rˆ *

Var ( R

**

)

,

where the estimator of the variance of
V a r ( R ** ) =

∑ v φˆ ∑ (ϑˆ
*

i

∆

i

and the estimator

(

*
k

λˆt*

)

2

, with

R

**

i, k ∈ ∆

is given by

and ∆ = {i = 1,…, n; k = n − i + 1,…, n} ,

φ̂* is derived by

Z i*, k − vi λˆt*ϑˆk*
1
*
ˆ
φ =
∑ vi
2
∇ −q ∇
vi λˆt*ϑˆk*

(
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INSURER
This section presents an empirical and numerical analysis of claims inflation based on a data
set provided by a German non-life insurer. In what follows we first describe the data provided
by the insurer and the economic inflation indices used to analyze the empirically estimated
claims inflation. Next, the process of deriving, analyzing, calibrating and simulating claims
inflation is illustrated for the line of business “automobile liability insurance” along with the
impact of inflation on claims reserves. Last, we additionally study further lines of business
(third party liability insurance and fully comprehensive insurance) and identify relevant
driving factors of claims inflation.
5.1 Data
We use a comprehensive data set of a large German non-life insurer consisting of the run-off
triangle for the claims payments of the business line “automobile liability insurance”. In
automobile liability insurance, liabilities can arise from bodily injuries or physical damages.
Since bodily injuries and physical damage are different, claims inflation may differ between
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these two types of damage and thus, splitting automobile liability insurance into separate
portfolios or the use of policy-level data may improve the estimation and allow further
analyses. However, due to the availability and structure of the data, we use a data set which
contains both bodily injuries and physical damages on an aggregated level. The run-off
triangle contains annual incremental payments for the dimensions accident year and
development year for the years 1983 to 2012. As a result of the separation method, we obtain
the calendar year effects λ from the year 1983 to 2012 and the specific claims inflation rt for
the years 1984 to 2012, which is calculated as the rate of change between two sequent
calendar year effects (see Equation (3)). The average claims inflation in automobile liability
insurance in the time interval 1984 to 2012 was 2.21% and the total claims inflation ranges
between -5.17% and 7.65% (see Table 1) and Figure 1 illustrates the extracted historical
claims inflation development over time. Note that the empirical data were scaled for
anonymization.
Figure 1: Historical claims inflation development in the time interval 1984-2012
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5.2 Analyzing claims inflation in automobile liability insurance
We next study the historically observed claims inflation in more detail by identifying the
relevant economic driving factors based on the literature and stepwise regressions. As
described before, the selection of relevant variables to be included in the stepwise multiple
regressions is based on economic arguments and focuses on the attributes that best
characterize the costs of the respective line of business, i.e. the business line automobile
liability insurance of the German non-life insurer in our case.
Regarding automobile liability insurance, liabilities can arise from bodily injuries or property
damage sustained by others in an automobile accident. In addition, automobile liability
insurance protects the insured against being held liable for others’ losses (see Cummins and
Tennyson, 1992). Hence, claims can be divided into physical injuries, bodily injuries, and
pure financial losses. In this context, Cummins and Powell (1980) consider several price and
wage indices in their model to forecast automobile insurance claim costs. Their findings
indicate that inter alia “the implicit price deflator for gross national product, the implicit price
deflator for autos and parts, and wage indices for the service sector and for the private sector
of the economy” (Cummins and Powell, 1980, p. 96) are important variables for the
prediction. Moreover, Cummins and Griepentrog (1985) additionally find the implicit price
deflator for personal consumption expenditures, the CPI, the CPI–medical care, and the
service sector wage rate to be relevant indices for automobile insurance. In addition,
Masterson (1968) identified the indices CPI–auto repairs and maintenance, average annual
earnings and average annual income in the transport sector and a bodily injury loss index as
relevant for automobile liability insurance.12
We thus hypothesize that the indices CPI, CPI–transportation, CPI–purchase of motor
vehicles, turnover–motor vehicle maintenance and repair, gross earnings, and indices
regarding health costs as stated in Table 1 have a significant impact on claims inflation in
automobile liability insurance. Apart from providing descriptive statistics for our sample of
explanatory variables, Table 1 also contains more information about the estimated claims
inflation in automobile liability insurance.

12

Masterson (1968) developed claim costs indices for various lines of business, using weighted averages of
governmental price and wage indices. Cummins and Freifelder (1978) also refer to the list of available
indices of Masterson (1968).
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Table 1: Estimated claims inflation in automobile liability insurance and selection of
explanatory variables for automobile liability insurance: Descriptive statistics13
Automobile liability
insurance

Interval

N

Mean

Standard
deviation

Minimum

Maximum

1984-2012

29

2.21%

2.55%

-5.17%

7.65%

1995-2012

18

1.32%

2.42%

-5.17%

5.68%

1992-2012

21

1.81%

0.92%

0.36%

4.30%

1995-2012

18

1.55%

0.63%

0.36%

3.17%

1992-2012

21

2.70%

2.03%

-2.79%

6.15%

1995-2012

18

2.54%

2.16%

-2.79%

6.15%

1992-2012

21

1.08%

1.28%

-0.49%

3.96%

1995-2012

18

0.85%

0.95%

-0.49%

3.32%

1995-2012

18

-1.02%

11.00%

-20.03%

32.57%

1992-2012

21

1.74%

1.93%

-0.13%

8.72%

1995-2012

18

1.27%

1.05%

-0.13%

3.02%

OECD health–total
current

1995-2012

18

3.41%

1.83%

-0.07%

7.52%

OECD health–nursing
care

1995-2012

18

5.52%

4.30%

1.11%

18.47%

OECD health–medical
goods

1995-2012

18

3.38%

3.83%

-5.81%

9.63%

Estimated claims
inflation rt
CPI
CPI–transportation
CPI–purchase of motor
vehicles
Turnover–motor vehicle
maintenance and repair
Gross earnings

In order to test these hypotheses and to identify the most relevant driving factors among the
considered ones, we next conduct the stepwise regression procedure. Due to the limited
availability of the economic indices (first line of each variable in Table 1), we base our
analysis on the relevant variables given in Table 1 for the time interval from 1995 to 2012
(second line of each variable in Table 1, if available) using annual data.14 Furthermore, we
control for multicollinearity, which arises in case of highly correlated explanatory variables.15
13

14

15

The economic indices stem from two sources: the database GENESIS-Online from the Federal Statistical
Office of Germany and the Organization for Economic Co-operation and Development (OECD). The
database GENESIS-Online contains a variety of publicly available indices that cover different public and
economic fields (www.destatis.de). The OECD provides the index “Health Expenditure and Financing” that
reflects prices of different aspects of medical care (www.oecd.org), which contains the sub-baskets “Total
current expenditure” (here referred to as OECD health–total current), “Services of long-term nursing care”
(here referred to as OECD health–nursing care) and “Medical goods” (here referred to as OECD health–
medical goods). Note that the indices OECD health–total current, OECD health–nursing care, and OECD
health–medical goods are German specific in our case.
The time series of the indices “turnover–motor vehicle maintenance and repair” and “OECD health–total
current” are only available after 1995.
Results show that the index CPI–transportation is highly correlated to the CPI, as it represents a subcategory
of the CPI.
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Table 2 shows the result of the final multiple regression model. It can be seen that especially
the indices OECD health–total current and turnover–motor vehicle maintenance and repair
show a high statistically significant relationship with the claims inflation rate of the business
line automobile liability insurance. The indices CPI and gross earnings also exhibit a positive
relationship, which, however, is only statistically significant at the 10% level. Thus, the
results emphasize that the general CPI is not sufficient to explain empirical claims inflation
inherent in the considered automobile liability insurance claims data, which exceeds the
standard inflation.16 The analysis shows that it is particularly the OECD health–total current
index that contributes most to the observed claims inflation according to the considered
regression model, as the progress in medical technology strongly affects the costs for bodily
injuries and thus strongly drives the claims inflation of the business line automobile liability
insurance. As the risk of bodily injuries typically further depends on the respective portfolio
(countryside versus cities), insurers should conduct further detailed analyses and distinguish
between respective portfolios when studying claims inflation.
Table 2: Estimates of the multiple linear regression model for the business line automobile
liability insurance (yearly observations from 1995 to 2012)
Business line automobile
liability insurance
Intercept
CPI
Turnover–motor vehicle
maintenance and repair

Regression coefficient βj

Standard error

Empirical mean

-0.045 ***

0.014

-

0.682

0.018

0.042

-0.010

1.256 *
-0.131 ***

Gross earnings

0.908 *

0.447

0.017

OECD health–total current

0.757 ***

0.236

0.034

Notes: ’*’ statistical significance at the 10% level, ’***’ statistical significance at the 1% level; AIC = -142.43;
R2= 0.6214; p-value = 0.0091; VIF = 2.64.

The present parameterization of the multiple regression model leads to an AIC of -142.43, an
R-squared of 0.6214, a corresponding p-value for the F-test of 0.0091, and a variance inflation
factor (VIF) of 2.64, which rejects multicollinearity.17 Hence, the chosen indices contribute to
the observed claims inflation and are thus able to explain a large part of the specific claims
inflation of the business line. The analysis of claims inflation in regard to the various
economic indices allows insight regarding the major economic drivers of claims inflation.

16

17

Note that the same holds true for the indices CPI–transportation and CPI–purchase of motor vehicles
according to further analyses.
High values of VIF indicate multicollinearity, such as values greater than 10, which denotes a typical rule of
thumb in the literature (see O’Brien, 2007).
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This is also of relevance in regard to risk management and asset-liability management, for
instance, in order to predict inflationary impacts on reserves (see also Morrow and Conrad,
2010).
5.3 The impact of stochastic claims inflation on reserving in automobile liability
insurance
We next examine the impact of claims inflation on reserving by comparing the predictive
distributions that are obtained with the separation method (Section 4) including stochastic and
constant claims inflation rates. In addition, we compare our results with the classical chain
ladder method. Based on the historical claims inflation data for automobile liability insurance,
the Vasicek (1977) model and the multiple linear regression model can be calibrated. The
resulting input parameters for the Vasicek (1977) model are given in Table 3, while the
parameterization of the multiple linear regression model is given in Table 2.18
Table 3: Estimates of the Vasicek (1977) model for the business line automobile liability
insurance
Vasicek (1977)

α

2.101

θ

0.023

σ

0.052

To calculate the claims reserves of the insurer, we first simulate the claims inflation rate for
the Vasicek (1977) model and the multiple linear regression model using Monte Carlo
simulation with 50,000 sample paths.19 In addition, we apply two constant claims inflation
rates of 2.44% and 5.00%, where the first corresponds to the implicit inflation rate of the
classical chain ladder method and the latter illustrates the case of a substantial increase in
claims inflation. The bootstrapping procedure of Björkwall, Hössjer, and Ohlsson (2010) as
described in Section 4 is then applied with B = 50,000 simulations for each prediction.20

18

19

20

Note that the Kolmogorov-Smirnov test showed that the null hypotheses of normally distributed inflation
rates cannot be rejected for the historical claims inflation rates (D = 0.1089, p-value = 0.8451), supporting the
assumption of normal distribution as is the case for the Vasicek (1977) model.
We chose a sufficiently high number of sample paths and ensured that the results remain stable for different
sets of random numbers.
Since we use 50,000 simulations for each prediction and the same number of stochastic inflation rates (in
case of the Vasicek (1977) model and the multiple linear regression model), we generate one path of claims
inflation rates for each simulation path.
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Figure 2 displays the predictive distributions of the claims reserves of the automobile liability
insurance calculated by means of the separation method, using two constant inflation rates,
the Vasicek (1977) model, and the multiple linear regression model to forecast the claims
inflation rates (calendar year effects). In the upper left graph of Figure 2, the predictive
distribution of the claims reserves is displayed with a constant claims inflation rate of 2.44%.
In this case, the expected value of the claims reserves coincides with the claims reserves
calculated based on the deterministic chain ladder method, since the claims inflation rate is set
to the intrinsic inflation rate of the chain ladder method. It can be seen that the mean of the
distribution is about 248 million with a standard deviation of about 66 million, and that the
distribution is skewed to the right due to the gamma distributed incremental claims. In the
upper right graph, the predictive distribution of the claims reserves is displayed, now with a
constant claims inflation rate of 5%, which illustrates an increase in claims inflation, e.g. an
unforeseen increase in medical inflation. It can be seen that the predictive distribution is
shifted to the right and the mean of the distribution of the claims reserves increases to about
368 million. Thus, the classical chain ladder method would underestimate the claims reserves,
since it is not able to account for unforeseeable changes in the calendar year effects, which
emphasizes the importance of explicitly dealing with claims inflation when calculating
reserves.
In the lower left graph of Figure 2, the predictive distribution of the reserves is calculated with
the stochastic claims inflation rates of the Vasicek (1977) model. It can be seen that the mean
of the reserve distribution is about 273 million, which lies above the reserves predicted
according to the chain ladder method, and the standard deviation is considerably larger with
about 90 million. In comparison, the mean of the reserve distribution in the lower right graph
of Figure 2, where inflation rates are forecasted with the multiple linear regression model, is
about 234 million and thus, lies slightly below the reserves calculated by the classical chain
ladder method, and the standard deviation is about 68 million, which at first glance appears
similar to the deterministic model in the upper left graph. However, depending on a required
risk-based solvency margin, e.g. a pre-defined high quantile of the reserve distribution, the
claims reserves would be considerably higher, and thus, lie considerably above the one
calculated by the chain ladder method. This can also be seen in Figure 3, which shows the
cumulative distribution functions of the reserves depending on the respective approach (see
Figure 2).

21
Figure 2: Distribution of the claims reserves calculated by the separation method using
different claims inflation rates as a result of the Monte Carlo simulation
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Figure 3: Cumulative distribution functions of the claims reserves in Figure 2
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To further compare the claims reserves derived based on the different models, we tested for
stochastic dominance using the algorithm presented in Porter, Wart, and Ferguson (1973)
(see, e.g., Aboudi and Thon, 1994). The results show that the reserves calculated with a
constant inflation rate of 5% (unforeseen increase in claims inflation) dominate the other three
distribution functions of the claims reserves by second and third order (by first order in case
of a constant inflation rate of 2.44% and the multiple linear regression model). In addition, the
test shows that the distribution function calculated with a constant claims inflation of 2.44%
dominates the distribution of the claims reserves based on the multiple regression model by
first order. Thus, as also seen in Figure 2, the multiple regression model leads to slightly
lower reserves in the present setting than the constant inflation model under the assumptions
in Equation (5). However, this may change when one or more explanatory indices increase
due to environmental changes, for instance, or if a stochastic representation of the explanatory
variables is used for forecasting instead of the historical mean. In such a situation, the claims
reserves calculated with the multiple linear regression model would increase, while the
reserves calculated with the Vasicek (1977) model would not be impacted. Hence, in this way,
multiple regression models allow incorporating future expectations in regard to the underlying
economic indices driving claims inflation, which is of central importance in case of high
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unforeseen inflation (see also Cummins and Powell, 1980). Thus, the reserve calculation and
the drivers of the reserves as related to inflation may be assessed on sounder basis.21
In summary, as the classical chain ladder method extrapolates the claims inflation using a
constant factor based on the internal historical claims inflation rates, it is not able to account
for unforeseen changes in the calendar year effects, which may be due to, e.g., external
effects. In this case, the classical chain ladder method would underestimate the claims
reserves, which emphasizes the importance of explicitly dealing with claims inflation when
calculating reserves. In this study, we proposed two possibilities for the stochastic modeling
of claims inflation. As the Vasicek (1977) model is calibrated based on historical data,
external effects cannot be taken into account; however, economic indices are not needed as
the calibration is directly based on historical data, which in turn eases the implementation. In
comparison, the multiple regression model uses external economic indices, thus requiring a
determination of explanatory variables, but it allows insight regarding the major economic
drivers of claims inflation, which is of great relevance in regard to risk management and
asset-liability management.
5.4 Comparing claims inflation in different lines of business in non-life insurance
In this subsection, we further study two additional lines of business of the German non-life
insurer, namely fully comprehensive car insurance and third party liability insurance. We
determine the relevant economic driving factors for the two lines of business using stepwise
regressions and select potentially relevant variables based on economic arguments (see
Sections 2.2 and 5.2). For fully comprehensive car insurance, we include the indices CPI,
CPI–transportation, CPI–purchase of motor vehicles, turnover–motor vehicle maintenance
and repair and gross earnings in the stepwise regressions. For third party liability insurance,
we include the CPI, CPI–household equipment and furnishings, CPI–home maintenance and
repair, gross earnings, and three indices regarding health costs in the stepwise regressions (see
Masterson, 1968). Table 4 gives an overview of the results of the stepwise regressions for the
three business lines fully comprehensive car insurance, third party liability insurance, and
automobile liability insurance as studied in the previous subsection along with the relevant
economic indices.

21

See also Cummins and Griepentrog (1985) regarding the use of econometric models in this regard, and
additionally Cummins and Derrig (1993) concerning a comparison and combination of different forecasting
methods to derive good forecasts.
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The results show that the business line fully comprehensive car insurance is influenced by the
indices CPI–transportation, CPI–purchase of motor vehicles and turnover–motor vehicle
maintenance and repair. For third party liability insurance, we find significant relations of the
business line’s claims inflation data with the indices CPI, CPI–home maintenance and repair
and OECD health–total current.
These observations emphasize that the driving factors of claims inflation in different lines of
business can differ considerably and that claims inflation should be analyzed and modeled
separately for each line of business. In addition, claims inflation may even considerably differ
between portfolios within the same business line depending on the respective risks (e.g.,
cities, countryside) as also discussed in Section 5.2. For instance, the negative signs in Table 4
may arise from such selection effects in the portfolio of an insurer (e.g. selling fully
comprehensive insurance with focus on certain areas or clients). Therefore, the interpretation
of the empirical results should take into account the aggregated structure of the dataset, which
already provides relevant first insight, but where further research is necessary, e.g. on a
policy-level data.
Table 4: Relevant explanatory indices for different lines of business (regression coefficients)
Economic indices
CPI

Automobile liability
insurance
(VIF = 2.64)
1.256 *

Fully comprehensive
car insurance
(VIF = 2.06)

Third party liability
insurance (VIF = 1.35)

-

0.183 *

-

0.094 *

CPI–home maintenance
and repair

-

CPI–transportation

-

-9.609 **

-

CPI–purchase of motor
vehicles

-

-2.151 *

-

Turnover–motor vehicle
maintenance and repair

-0.131 ***

0.179 *

-

Gross earnings

0.908 *

-

OECD health–total
current

0.757 ***

-

0.091 *

Notes: ’*’ Statistical significance at the 10% level, ’**’ Statistical significance at the 5% level , ’***’ Statistical
significance at the 1% level.
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6. SUMMARY
This paper empirically and numerically analyzes claims inflation in non-life insurance with
focus on automobile liability insurance based on a data set provided by a large German nonlife insurance company. We empirically identify major economic drivers of claims inflation
by means of a stepwise multiple linear regression. In addition, we assess the impact of an
empirically calibrated (stochastic) claims inflation model on ultimate loss estimates and
reserving and compare the results to the classical chain ladder method.
Our results show that claims inflation is particularly driven by factors and economic indices
related to health costs and consumer prices, amongst others. The extent and the key drivers of
claims inflation thereby strongly depend on the specific line of business, where we compare
the lines of business automobile liability insurance, fully comprehensive car insurance and
third party liability insurance. Our analysis revealed that influencing indices in regard to the
automobile liability insurance are the CPI, turnover–motor vehicle maintenance and repair,
gross earnings, and OECD health–total current. In regard to the line of business fully
comprehensive car insurance, driving factors are the CPI–transportation, CPI–purchase of
motor vehicles and turnover–motor vehicle maintenance and repair. For third party liability
insurance, we found indices CPI, CPI–home maintenance and repair, and OECD health–total
current to be driving factors of claims inflation. Overall, the basic findings are consistent (if
available) with the very rare academic literature. However, more research is necessary, e.g. by
using policy-level data and by distinguishing between claims data which results from bodily
injuries or physical damages. Moreover, our findings emphasize that reserves calculated by
the common chain ladder method may be misestimated as compared to stochastic reserving
models that explicitly account for (stochastic) calendar year inflation effects and take into
consideration econometric indices driving claims inflation, for instance.
In summary, our results emphasize the importance of adequately dealing with claims inflation
risk when calculating reserves. Our findings further show that drivers for claims inflation can
considerably vary depending on the respective line of business and that an inflation model
thus should be calibrated separately for different lines of business and companies,
respectively. Finally, an analysis of relevant influencing factors of claims inflation is of great
relevance for risk management when considering different impact of inflation on assets and
liabilities. In this regard, more research is necessary for a comprehensive asset-liability
management.
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