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Abstract

We address some issues in agricultural insurance, describing drawbacks of the
bonus-malus system (BMS) methodology used in Spain and many other EU coun-
tries. We develop an alternative experience based premium rate discount system
taking into account the adverse years when high losses caused by extreme weather
events happen. Our contribution consists of a two-step methodology. Firstly, we use
tobit or Tweedie regressions to calculate yearly correction rates. Secondly, we cal-
culate the mean of the correction rates. This average model acts as a buffer against
adverse year losses. We compare three alternatives: our two resulting average
models and the BMS operating in the Spanish line of business exemplified—table
grapes.

Keywords Agricultural insurance - Experience premium rate discounts - Bonus-
malus system - Tweedie - Tobit

1 Introduction

The purpose of this article is to discuss the actuarial methodology used in agricul-
tural insurance when it comes to address the experience-rating step. It focuses on
the Spanish case. Agricultural (also named crop) insurance is in many senses rather
special compared to general insurance lines. From an organizational point of view,
the Spanish market works exclusively through a coinsurance pool formed by 21
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insurance companies. It relies upon a joint action of public and private entities offer-
ing subsidies to farmers for their premiums. It offers coverage in all the agricultural
productions against all the natural risks.

From a methodological point of view, the rating process has to overcome some
hard problems. In [23] and [19] we can see that premiums must be calculated for
coverage levels or deductibles once a farm yield distribution has been fitted. How-
ever, non-stationarity of crop yields due to technological change and weather vari-
ability calls for regular updates of the fitted distribution, see for instance [18, 22,
24, 26] and [7]. In addition, the yield spatial dependencies due to weather events
jeopardizes the basic process of pooling independent risks [2]. In US crop insurance
a loss cost ratemaking process is used to calculate the base rate from a mean of loss
costs over time and farms [25].

The well-known general insurance problem on how to particularize the premiums
by trying to approach them to individual risk behaviours is also very relevant in crop
insurance. It reduces to solving the well-known credibility problem consisting of
balancing the farm individual information and the collective one. By means of this
experience-rating step, people try to measure the differences that could exist among
farms or plots, trying to prevent adverse selection and to reward the plots with lower
losses. In other words, it tries to assess to what extent the differences between losses
are due to what we could call the handling (or management) of the plots, a variable
that is not possible to observe directly. The literature on this important topic is rather
scarce, and we have only found the reference [21], where the authors tie this topic
to the US loss cost ratemaking process commented earlier. The authors define a new
factor that represents for each plot an information increase, encapsulating in a sin-
gle number a plot management compared to its neighbour’s. Therefore, they manage
to calculate premium rate corrections at the county (following the US terminology)
and even at the individual plot levels. Moreover, this is done by changing the dis-
tribution-oriented methodology, since they calculate the correction factors applying
a Tobit regression matching into the process the zeroes found in the loss data (see
for example [1]). We may label this method as an American proposal for solving
the experience-rating step.! In Spain and many other EU countries [3], the approach
has been to adapt the well-known bonus-malus system (BMS). The intention is to
introduce into agricultural insurance the benefits that this system has already shown
in automobile insurance. Therefore, the goal would be to encourage insureds to fol-
low good practices in their plots management by means of premium discounts and
to reduce the incurred risk. Remember also the “bonus hunger”, i.e. when an insured
person does not declare a claim because the compensation might be lower than the
subsequent Bonus-Malus (BM) surcharge, a phenomenon that reduces the adminis-
tration costs as a collateral effect. The theory of Bonus-Malus systems is explained

! In the US there are several practical implementations of the idea of experience-based ratemaking. One
reviewer let us know that US rating procedures ‘fine-tune’ base rates according to historical average
yields. Since a higher average yield leads to a rate decrease, farms with higher average yields will have
lower relative risk. Also, the Risk Management Agency (RMA) has implemented a biotech discount,
lowering the premiums to those farmers that use modern technologies. In addition, discounts are also
offered to producers taking coverage at higher levels of aggregation, see [14].

@ Springer



An average model approach to experience based premium rates... 363

in [6, 15]. The design of such an experience rating system consists of the selec-
tion of the number of bonus-malus classes, the transition rules, and the scale of dis-
counts/surcharges. Following this general setting, bonus-malus classes are defined
and plots are classified on a yearly basis, depending on the past loss experience, by
means of a set of transition rules. Each bonus-malus class has assigned a discount
or a surcharge applied to all the plots belonging to it, and we expect this process to
individualize the premiums making them closer to each true farm risk, i.e. reducing
the remaining heterogeneity. The degree of this achievement is called the efficiency
of the BMS. Thus, the higher the efficiency, the better the system. Many measures
of efficiency have been proposed, see for instance [4, 11, 12, 17, 20]. The scale of
the BM is the set of discounts and surcharges. A keystone in BMS design is the
property of financial equilibrium of the BM scale, see [15]. As the premiums are not
deterministic anymore (for they now depend on each policy’s past loss experience,
which is random), this property entails the yearly losses and premiums income to
have equal expectations. This prevents the risk of premium insufficiency, i.e. suffer-
ing from a premium income chronically lower than the loss expense.

Nevertheless, it seems that the application of BMS theory to agricultural insur-
ance has not been analysed in the literature, as we did not find any reference treating
this interesting topic. We contribute to the field of experience rating in agricultural
insurance by outlining some flaws observed in the Spanish case and proposing a new
methodology free of them. Methodologically, our contribution traces back to the
already mentioned US loss cost ratemaking process, because it is strongly related to
[21].

The practical experience we bring to this article, proves that the translation of
the BMS scheme to crop insurance might not lead to the desired benefits described
above, particularly with reference to financial equilibrium. Indeed, the implementa-
tion of such a BMS has raised the following issues:

e The BM surcharges often add to the penalizations of the base tariff, resulting in
premium increases not commercially affordable.

e The final premiums are largely insufficient, incapable of compensating the
losses.

e The first and second points are worsened by the occurrence of unfavourable
years caused by adverse weather events (like storms, freeze, floods, droughts
etc.), resulting in unsustainable premium increases, along with very high loss
increases. These extreme weather events may have a return period, so we can be
sure to some extent of their occurrence within that period.

The consequence of these issues is that a BMS translation to agricultural insur-
ance might increase the commercial premiums to the point of not being either
acceptable from the commercial point of view or balanced in a technical sense.

The aim of this paper is to propose an experience-based premium discount sys-
tem without those three drawbacks, while being able to reach the benefits described
above. Our main contribution is a new methodology consisting of an average of
yearly-based models defined within some adverse events return period. Our model is
designed as a buffer acting against the adverse years losses mentioned earlier (issue
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number three), providing a rating system in financial equilibrium that solves the pre-
mium insufficiency (issue number two), with a more stable level of premiums over
years (issue number one).

Suppose that we know the return period of the adverse weather events threaten-
ing the line of business. Obviously, this will consist of a certain number of years,
say n. Then our methodology works in two steps. Firstly, we sequentially choose
each of these n years considering it as the year to be explained, using the remaining
(n — 1) as explanatory years, to calculate as many correction factors as years are in
the return period. Note that at this point we have broken the time flow. In each of the
n cases, we calculate a set of correction rates using the same new factor as in [21],
by applying two alternative regression methodologies (Tweedie and Tobit) able to
model the zeroes contained in the yearly loss data. This way we will compare the
behaviour of both regression methods. We use Tobit because it was applied in [21].
We also apply Tweedie regressions because the Tweedie distribution has often been
used in ratemaking applications. In the second step, we calculate the average correc-
tion rates produced by the n regressions. This is what we call the ‘average model’,
designed to play as an adverse year losses buffer inside the return period.”

Therefore, we will compare three different experience-based premium rate
discount models: one taken from the real world that follows the classical BMS
approach, and two others summarized above implementing our average model meth-
odology. We will compare them measuring their efficiencies (a well-known concept
in BMS theory) by means of the calculation of their mean squared errors (mse).
Finally, we will compare their associated scales of premiums to decide which model
is the best one when applied to our data set. As for the discussion of our average
model methodology and the use of the mse, we follow the field of Statistical Learn-
ing methods, see [9, 10].

In Sect. 2, we introduce the average model methodology together with the Tobit
and Tweedie regressions. In Sect. 3, we use a data set from the Spanish “table
grapes” line of business to compare the three models: the classical BMS already
applied in the line of business, the “mean Tweedie” and the “mean Tobit” models.
We end up with a concluding section.

2 Experience rating in agricultural insurance

Let us consider a line of business and a set of n consecutive years. We assume a base
tariff as given, and we define P;, and S, as the premium and loss, respectively, for
plot j in year t. We also define P;, = (Pj’)tzl,...,n and S;, = (Sjt)zzl,...,n as the vectors
of yearly premiums and losses, respectively, for plot j. Assuming that there are J
plots in the geographical area, we also define P,, = (Pjt)/‘:l,..., yand S, = (Sj,)]_=1
as the vectors of premiums and losses, respectively, for all the plots in a given year t.

2 See [5] for an alternative Bayesian approach to weighting the experience in order to deal with extreme
weather events.
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First of all, we need a new empirical factor F increasing the information con-
tained in the base tariff. Its purpose is measuring each plot management as com-
pared to other plots located in a neighbouring geographical area (which we will
identify with the region or county). We will follow here the idea of [21], where for
each plot j, F; is built as the ratio of its mean loss ratio during the last n years, over
the mean of the last n years’ loss ratios of the plots i located in the same geographi-
cal area:

X1 Si
_ Z” 1P/l
fi= & W
X X P

In (1) ¢ stands for the years, and i for the plots inside the same geographical area.
This empirical factor, defined as a ratio of loss ratios, aims to measure what we may
call the ‘plot handling’. This idea of plot handling attempts to encapsulate all the
circumstances and conditions that could not be included in the base tariff because
they are hardly observable. Note that the empirical factor can also be defined based
on a more reduced subset of years. If a given year s is not used in the calculation of
the empirical factor, we will denote it by F;_S). For instance, F;_") will be the empiri-
cal factor built based on the first (n-1) years. We can also collect the empirical fac-
tors for all the different plots in a vector, denoted as F(=%) = (F - Y))J L.

For each plot j, we consider the vector [;, = (I;;) _ L ,of the yearly 1nsured sums
or total liabilities (also called ‘value of the plots output ) For eachj, we also define

the vector of the loss costs (S/1 )ix = ( S )t 1....n and the vector of the premium ratios

(P/D;, = (- i ),_ ...n» Note that, d1v1d1ng every component of the loss costs’ vector

by the correspondlng component of the premium ratios’ vector, we obtain the vector
of the loss ratios (S/P);, = (1)—"_’)1= .- Similarly, we can also define for a given year
t the vectors I, = (ij)j=1,“_,J’ (S/I)*, (- S )1 s ®/Dy=(F ] )] ... and
S,
(S/P). = (PL_)j:l,u.r
Jt
Next, we perform a regression analysis relating the loss ratio as dependent varia-
ble and the new empirical factor as the only independent variable. To av01d endoge-
neity problems, we consider the loss ratio for the last year n, (S/P),, = ( ’”) e
and the empirical factor defined based on the first (n-1) years, F(™" = (F = "'3)
Denoting by o and 3 the parameters to be estimated, for every plot j we can erte

Sf” (=n)

P, ~a+ ﬂFj . )
Now (2) has the following difficulty: the insurance loss data have a very large

amount of zeroes that would make that regression not meaningful. This happens

because most of the policies do not have any claim during the year. To model this char-

acteristic, [21] apply a Tobit (normal censored) regression. In this model, the zeroes are

outcomes of a censored variable that could actually take negative values. Once we have
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checked that F" is significant, for each plot j we could calculate a modified premium
rate in year #:

A~ P,
Pj{i = <& + ﬁF;_”)>Tm (3)
n
(where @ and ﬂA are the estimators of the regression parameters). Once we get the
premium rates, it is easy to calculate the modified premiums for every plot j in year
n (a vector PEXP| the experience premiums)
P’ = 1Py O

However, taking into account the three problems described earlier, this approach has
an important flaw. It is well known that there is a great variability of the losses in crop
insurance, due to the yearly differences in weather conditions. If the premium rates (3)
were calculated on the basis of a factor F™"” produced in favourable years (with low
losses), the resulting premiums (4) could not be sufficient to compensate the losses of
future unfavourable years, when extreme weather events might significantly increase
the losses.

At first sight, we could remedy the second flaw by considering some mean loss of
past years as the dependent variable in (2). However, this regression would be spurious
as the dependent and independent variables would be based on the same information
(the past losses). Therefore, the dependent variable in (2) can be neither the yearly loss
nor a mean of past yearly losses.

Our proposal for solving this problem consists of defining n regressions similar to
(2), following the explanation developed in the Introduction. Each regression corre-
sponds to an explained year ¢ and the (n—1) explanatory years
{1,...,t—=1,t+1,...,n}, all of them inside a return period n associated to an extreme
weather event threatening the line of business. In each case, the yearly loss ratio is the
dependent variable, and we build up the new factor F~” using the remaining (n — 1)
years belonging to the extreme event return period: in other terms, the regression cor-
responding to year ¢ would be f%’ ~a+ ﬁtF;_’) G=1,...,0).

Jt
Note that in this formulation we abandon the natural time flow interpretation, break-

ing it. For each year r € {1,...,n}, the corresponding Tobit regression will produce
new premium rates Pﬁ,rgbi . for every plot j, defined as:
P.
R N N A GO RN
P tobis = <“t + . F; )I_ ©)

Jt

For each plot j, the final output of the analysis is the proposed premium rate for the
next period n + 1, calculated as an average of the modified premium rates for the years
1,...,n:

n

P, opir = z P tobir: (6)

3
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These new premium rates have been obtained under the Tobit model assump-
tions, following the methodology of [21]. As for the occurrence of many zeroes, we
can give a try to an alternative methodology, fitting a Tweedie model instead of a
Tobit model at the stage of (2).

The Tweedie distribution can be defined as a compound distribution with Pois-
son primary and Gamma secondary distributions. It has been widely applied in
insurance claims modelling because it is a mixed distribution that assigns a positive
probability to zero, representing no claims, and also has a positive continuous part,
representing the density of the positive claim amounts. The fact of putting some
probability at the zero outcome is quite important for our application, because it
allows interpreting the sample zeroes in their true sense, as null realizations of the
random variable.?

If we suppose a Tweedie model for the loss ratios instead of the Tobit model,
since the function linking the independent and dependent variables is logarithmic,
the regression corresponding to year ¢ will be

Sjr 1) (;
log [T Nat+ﬁt1:j (]=1,'--3J)' (7)

jt

Thus, we come to a formula similar to (5), assigning a modified premium rate to
each plot j

P (71)P‘

R _ a+pFT It
Pjt,Tweedie =e ! I (8)

J:

The exponential term is the individual factor by which the premium rate of plot j
should be corrected according to the information given by the new factor F;_t). In
the same way as in (6), the premium rates to be applied for the next period will be
-R

P.

) Tweedie” the average of the n yearly premium rates:

n
_1 R
Pj,Tweedie - n Z Pjt,Tweedie' 9
t=1

As we have noted in the Introduction, the main objective of any experience rat-
ing system is to increase the efficiency. The efficiency is generally thought of as the

3 The Tweedie distribution depends on a parameter p, known as the ‘index parameter’, and the differ-
ent values of this parameter allow to obtain as particular cases some important continuous, discrete and
mixed distributions. For example, the Normal, Poisson and Gamma are particular cases of a Tweedie dis-
tribution with p=0, 1 and 2, respectively. When 1 <p <2, the Tweedie becomes a Poisson-Gamma com-
pound distribution. This is precisely the interesting case for us, because it is a mixed distribution with a
discrete mass of probability assigned to zero (interpreted as the probability of no claims) and a positive
continuous part (interpreted as the density of the claim amounts). For information about the Tweedie dis-
tribution see Chapter 12 of [8], and for its ratemaking applications, see [13]. Regarding the Tobit model,
it can also be considered as a mixture of a claim/no claim binary distribution and a truncated normal dis-
tribution giving the density of the positive claim amounts, see [16]. Although this decomposition makes
sense in insurance problems, it is rarely found in the actuarial literature.
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degree to which the premiums approximate the true risk of the policies. In the clas-
sical BMS, this efficiency is usually computed by means of the evaluation of some
measure of the discrepancies between the premiums and the losses (mean square
error, mean absolute error, see [12, 15, 17, 20] and [11]). All those efficiency meas-
ures are based on the risk modelling through a random variable A, the mean num-
ber of claims per time unit, whose density function is called the structure function.
However, this does not make sense in the problem we study here, because in our
data the risks are described by their losses, not by their mean number of claims per
time unit.

Therefore, for each plot j we propose to consider its mean loss cost during the n
years of the return period

=L AT (10)

=1 Lt

We will define the vector of the mean loss costs for all the plots as
(LC )i
Then we Wlll compare these values with the mean premium rates obtained in
(6) or (9), by means of the mean squared error (mse), defined as the average of
the squares of the errors. We have chosen the mse as the efficiency measure of the
experience rating discount system because it can be considered as an adaptation to
our problem of the measures of efficiency found in the general theory of BMS men-
tioned earlier. Moreover, the mse is commonly used in Statistical Learning to evalu-
ate the quality of the predictive models, see [9] and [10]. When comparing several

alternative experience-rating systems with mean premium rates given by vectors
-R  -R
P = (Pj )j=1....s» the best one will obviously be the one minimizing (11):

J
mse(IC.P') = Y (G, - P, (1)
=1

We will also measure the variability of the modified premiums by means of their
standard deviation. Thus, the larger the standard deviation, the farther will the sys-
tem be from the situation where all the plots pay the same premium. We want to
underline the idea that a system supplying premiums with a lower standard deviation
is commercially preferred (assuming equality in mean), because it implies a shorter
variability over the policies, thus shorter discounts and penalties to impose to them.

3 Practical application to the Spanish table grapes line of business

We now exemplify our methodology using a data set describing the Spanish table
grapes line of business between the years 2012 and 2016.

During those years, the insurance company has been using a classical BMS, built
up through a heuristic process, summarized next. Remember that the use of BMS is
quite common in many EU countries, as described in [3].
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The company BMS takes into account the following variables for each insured:

Insurance underwriting in the last season (year).

Claims statement during the last season.

Number of years with insurance underwriting in the last 10 years.

Number of years with loss during the last 10 years or seasons.

Ratio of accumulated indemnities over surcharged risk premiums (excluding the
“Consorcio...*” Reinsurance fee) for the same 10 years period.

These five variables determine the bonus-malus class for each policy. There are
thirteen classes in the BMS: seven bonus classes, five malus classes and one neu-
tral. Policies are classified yearly, and the scale of penalties and bonuses ranges
from +25 to —40%.

The data set consists of 6,483 policies, each one corresponding to one plot. Each
policy is described by fifteen fields, but we are mainly interested in the following:
line of business (always “table grapes”), year, ID number, Spanish province where
the plot is located, region of the province, premium calculated according to the base
tariff, modified premium calculated according to the BMS set up by the company,
total insured output value of the plot which stands as the insured sum, and yearly
total loss.

We have selected those policies appearing with the same insured plot during the
5 years. This way we obtain 528 policies per year with a one to one relationship
between ID numbers and the plots insured during the 5 years. Therefore, we have
used 2640 registers to exemplify our methodology.

Table 1 contains the statistical summaries of the loss cost variable during the five
years. We can check in Table 2 that the amounts of null loss costs are quite high,
confirming the already mentioned technical difficulty for running regressions.

From the statistical summaries given in Tables 1 and 2, we conclude that years
2013 and 2015 were clearly unfavourable. We highlight in Table 3 the mean loss
costs for the 5 years: we check that the 2013 and 2015 loss costs are significantly
greater than those of the other years.

Our data illustrate the issues outlined in the Introduction. If we use data corre-
sponding to a favourable year to feed the experience rating system, the resulting cor-
rected premiums will be insufficient if an adverse year comes. If we fed it with data
coming from a bad year, it would rise the premiums up to an excessively high level,
adding in many cases surcharges to a base premiums already high.

# The Spanish “Consorcio de Compensacién de Seguros” (CCS), is a public business entity attached to
the Spanish Ministry of Economy. The CCS relies on its own capital, without any dependence of public
funds. From the agricultural insurance perspective, it develops three main lines of activity, playing a key
role as a system compulsory reinsurer, monitoring loss adjustments and participating in the coinsurance
scheme. The involvement of the CCS in the Spanish system of agricultural insurance is crucial since it
decreases the impact of losses making possible risk underwritings.

3 For more information, see Sect. 14. Bonificaciones y Recargos in the document Seguro de Explota-
ciones de Uva de Mesa: condiciones especiales (in Spanish) https://agroseguro.es/fileadmin/propietario/
Productos/AGRICOLAS/321%20UVA%20DE%20MESA/PLAN_2018/CES-321-18-1.0.pdf
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Table 1 Loss costs statistical Min 1stQu Median Mean 3rd Qu Max

summaries
2012 0 0 0 0.05877 0.03197  0.9743
2013 0 0 0 0.1367  0.2124 0.8943
2014 0 0 0 0.05138 0 0.9
2015 0 0 0 0.1742  0.3135 0.99
2016 0O 0 0 0.0479  0.006723  0.66
Table2 Yearly proportions of 2012 2013 2014 2015 2016

null loss costs

Null loss costs ~ 72.34%  57.57%  82% 54.92%  73.86%

Table 3 Mean loss costs for the

- 2012 2013 2014 2015 2016
5 years period

Mean Loss Cost  0.05876 0.1367 0.05138 0.17422 0.04789

Therefore, we will apply our methodology, calculating an average model inside a
return period relative to the extreme weather events. In the table grapes line of busi-
ness we will suppose a five years return period, which is in fact our data recollection
time length.® For each insured ID number (or equivalently, for each plot j between 1
and J = 528), and for each yeart € {1,2,3,4,5}, we assume as known the premium
rates charged by the company after the implementation of the BMS, which we will

R
denote by Pj  BM"

We then calculate the mean premium rates for each policy j under the Tobit
R R

model, Pj!Tobil, and under the Tweedie model, Pj’Twee die® and define the vectors of

mean premium rates under both models’:

—R — —R —
PTobit = (Pj,Tobit)J:1 ----- e PTweedie = (Pj,Tweedie)j:L----J' (12)

We then compare these results with the premiums rates calculated through the BMS
of the company.® In Table 4, we show the statistical summary of these premium rates

© The selection of n = 5 years for the return period has been based on the fact that we can find both
favourable and unfavourable years within this period, as we can check in Tables 1, 2 and 3. Rejesus et al.
also choose a period of 5 years for the analysis, based on different considerations: “The choice of five
years is arbitrary but reflects a balance between a longer period (that would have greater statistical
power) and choosing a shorter period (that would make it possible for more producers to qualify but
would have lower statistical power)” (see [21], pg. 414).

7 It is important to highlight that the empirical factors F,¢ € {1, ..., 5}, were always significant in all
the Tobit and Tweedie regressions. For the numerical calculations, we used the R packages ‘AER’ (https
://cran.r-project.org/web/packages/AER/AER.pdf) and ‘tweedie’ (https://cran.r-project.org/web/packa
ges/tweedie/tweedie.pdf).

8 The outputs of the statistical procedures are available to the readers upon request.
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Table 4 Statistical summaries of the premium rates calculated with the regression models (Tobit and
Tweedie), the mean of the company BMS during the 5 years, and the company BMS in 2016

Min 1st Qu Median Mean 3rd Qu Max St. Dev
MeanTobit 0.01399 0.07348 0.09102 0.09798 0.1139 0.2727 0.04006
MeanTweedie 0.01474 0.07639 0.09195 0.09753 0.1118 0.2847 0.03657
Mean BMS 0.0126 0.05618 0.06963 0.06809 0.07752 0.1391 0.01882
BMS 2016 0.008035 0.05591 0.07440 0.07337 0.08552 0.1709 0.02548

together with their standard deviations. We also show the premium rates corresponding
to the BMS issued by the company in year 2016 and finally the mean BMS premium
rates during the 5 years. We see that for the Tobit model, the mean and standard devia-
tion are higher than for Tweedie. This means that the Tweedie model produces a set of
premiums better suited to commercial purposes, because their discounts and surcharges
are narrower. All the statistics corresponding to these two cases are higher than those
corresponding to the company BMS in 2016 (two last rows of Table 4).

We now measure the efficiency of the mean Tobit and mean Tweedie models,
calculating the mse with respect to the mean loss cost’:

2
mse(TC.Pry) = 3 i) LG = Py )’ = 000963, )
2
mse(TC, Prypy) = 3 N Py eedie)” = 001044,

In (13) we see that Tobit’s mse is slightly lower than Tweedie’s. However, we
may still prefer the Tweedie model due to its benefits (natural interpretation of the
zeroes, lower standard deviation).

We now compare (13) with the efficiency of the premium rates issued by the
company. If, for every policyj, we define the mean premium rate by

Z Jt.BM

-R
, and the vector of the mean premium rates by Py, (P Bm)j=1
can be measured by

;- the efficiency

.....

- —R J )
mse(LC. Py ) = Z(LC Pl ) = 001641 (14)

Jj=

which is greater than the values obtained in (13).

We conclude that the premium rates issued by our two average models (Tweedie
and Tobit) are more efficient than those issued by the company BMS. We highlight
that this efficiency improvement is achieved thanks to the average model methodol-
ogy, which we are presenting as our main finding.

° The values of the mse have been calculated using the Leave One Out Cross Validation (LOOCV)
method.
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Table 5 Comparison between premiums and losses. Comparing with “5 years mean losses”, we check
that the company BMS does not reach the financial equilibrium, while Tweedie and Tobit approximately
achieve it (see the column “mean”)

Min 1st Quar Median Mean 3rd Quar Max
Mean Tobit premiums 40 1258 2911 9828 6398 699,000
Mean Tweedie premiums 42.1 1287 2887 9636 6462 639,400
Losses 2016 0 0 0 5832 343.5 1,008,000
5 years mean losses 0 0 1907 9818 7102 445,700
Mean premiums BMS 80.36 1107 2387 5328 4483 142,400
Premiums BMS 2016 7.2 916.9 2245 6561 5074 327,600

Table 6 Premiums in financial equilibrium

Min 1st Qu Median Mean 3rd Qu Max St. Dev
Mean Tobit premiums 40 1256 2908 9818 6391 698,261 40,881
Mean Tweedie premiums 43 1311 2942 9818 6584 651,444 39,549

We also have calculated the premiums corresponding to each model using (4),
and reported their statistical summaries in Table 5. We find the current BMS pre-
mium insufficiency (compare the means column “5 years mean losses” with “Pre-
miums BMS 2016” and also with “Mean premiums BMS”). We see also that the
mean Tobit model gives a mean premium (9828) greater than the mean losses of the
5 years (9818), while the mean Tweedie model has a lower mean premium (9636).
Thus, the two models reach approximately the financial equilibrium, though not
exactly. We can redress this slight discrepancy multiplying the two sets of premium
by suitable correction factors to get premiums in financial equilibrium.'® We report
the statistical summaries of the corrected premiums in Table 6. There we find two
sets of premiums in financial equilibrium, but the Tweedie case has a lower standard
deviation, and thus gives a narrower set of premiums. This may be a good reason to
prefer the Tweedie model, additionally to its natural way of modelling the zeroes. In
any case, we have found that the average model methodology produces a more suit-
able set of premiums than the BMS methodology currently in use.

4 Conclusions

In this article, we have reported some important flaws of the classical BMS meth-
odology that is nowadays in use in Spain and in other EU countries: the high vari-
ability and insufficiency of the premiums, mostly due to the great losses associated
to adverse years with extreme weather events. Motivated by this situation, we have

19 In order to reach the financial equilibrium, we should multiply the Mean Tobit Premiums by 2818 ' and

. . 9818 9,828’
the Mean Tweedie Premiums by oY
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developed a new methodology for calculating experience-based premium rate dis-
counts and penalties, which can act as a buffer against the adverse years in agricul-
tural insurance. Moreover, our approach might also be a solution to the chronic pre-
mium insufficiency that seems to arise when applying the classical BMS approach.

Our methodology does not rely on the design of a classical BMS. Instead, we
incorporate the new experience-based information by means of regression models,
closely following the methodology of [21]. Despite the importance of the BMS in
agricultural insurance, [21] is, to our knowledge, the only relevant reference in the
literature. The authors define a new factor representing additional information for
each plot, encapsulating in a single number the quality of the plot management.
Then, they calculate the correction factors by applying a Tobit regression. The use
of the Tobit regression, instead of less sophisticated regression techniques, is due to
the high number of zeroes (null loss costs) found in the loss data.

In our work, we have explored the possibility of applying an alternative tech-
nique, the Tweedie regression, instead of the Tobit regression. This seems to us
a natural way to deal with the problem of the occurrence of many zeroes in the
dependent variable, because the Tweedie distribution is a mixed distribution assign-
ing a discrete mass of probability to zero. Besides, the Tweedie distribution is often
used by actuaries in insurance ratemaking problems. We have concluded that the
results obtained with Tweedie regressions are very similar to those obtained with
Tobit regressions, and even better in some respects (such as less variability of the
premium rates).

But our main contribution is the development of an average model methodol-
ogy, defined over a period of time (the return period) in which we can find not only
normal or favourable years, but also unfavourable or adverse years, with extreme
weather events. During such adverse years, high losses will occur due to extreme
events like storms, freezes, floods, droughts etc. (depending on the line of business).
We have found that, no matter the regression model applied (Tobit or Tweedie), the
final average model will act as a buffer against the adverse years’ losses, supplying
premiums that approach much better the mean loss cost over the return period.

Even if the obtained premiums only approximate the financial equilibrium, we
can always face this problem by multiplying those premium sets by the adequate
correcting factors, finally getting a new sets of financially balanced premiums.
This is the final step in order to overcome the three drawbacks mentioned in the
Introduction.

We are aware that our methodology is sensitive to the estimation of the return
period associated to the natural events affecting the losses in the line of business.
Thus, it should be carefully defined, taking into account both the data and the
expert’s advice. In our application, after hearing the expert advice, we made it equal
to five years.

Another key factor is the definition of the empirical factor (1), which should
increase the information already contained in the base tariff. We have adopted the
factor suggested in [21] that aims to encapsulate the quality of each insured plot
handling or management. This is another step where the experts’ opinion should
be carefully listened. Some new questions arise here, such as: how many periods
should be considered, and how to choose the region where we compare the insured’s
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loss cost performance. Another important problem is related to the degree of granu-
larity of the application of the methodology: should it be applied globally (no matter
the province or region) or locally (inside each province or region)? In our example,
we have applied the new factor globally, given the characteristics of the exemplified
line of business (all the provinces and regions are geographically close each other),
and following the experts’ advice.

Regarding the question of choosing the best approach among the Tobit and
Tweedie models, although both give very similar results, in our case we may tip the
balance in favour of Tweedie. From a theoretical point of view, Tweedie has a natu-
ral interpretation of the great number of zeroes in the dataset. From the applied point
of view, in our example it has produced a set of premiums that are better suited for
commercial purposes, even if its efficiency, measured by the mse, is slightly worse
than the obtained in the Tobit model. In any case, we could always apply the two
regression methods in order to finally choosing the set of premiums best suited to
our purposes (minimum mse, lowest standard deviation, financial equilibrium).
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