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Abstract

We present a methodology based on copula approach for rating weather index insurance.

For modeling tail dependence, the use of copulas is preferable to the linear correlation

approach, as it promotes the effectiveness of weather insurance contracts designed to pro-

vide protection against extreme weather events. In this thesis we used five copula models

to capture the dependence between maize yields in the tails of their joint distribution.

We consider one national index on precipitation data and regional indexes from different

weather stations located in twelve regions of France. Our empirical results indicate that

according to the choice of the weather index to detect extreme events such as drought,

the use of the copula approach with a regional or a national index may provide a higher

risk reduction with a slight difference in some regions.

Keywords: Weather insurance; copulas; basis risk; extreme dependence; risk reduction.
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1. Introduction

Nowadays, the planet faces to a problem of climate change such as a rarity or an excess

of the rainfall leading respectively to drought and floods in certain localities, cyclones,

storms, high temperature, etc. Face to this uncertainty of the occurrence of these events

which are considered as risks, human being generally risk-averse, to protect themselves

against these risks new form of insurance called weather insurance was created. The

latter is based on different policies such as where the risky event occurs, the type of

event to cover, the level (or threshold) of weather to cover, the time frame and the

coverage amount. In traditional insurance,there are a problem of moral hazard and

adverse selection fortunately an innovation called weather index insurance has been made

to overcome these problems, the mechanism of this index is to link the possible indemnity

payment to the behaviour of the weather indicators for instance rainfall index which are

correlated to the outcome of the farmer [1]. The payment depend on how the index is

above or below the threshold predefined in the contact where the insured choose the limit

to cover, the coverage amount and the period.

For an insurer it is easier to manage an index than a large number of fields, but weather

indexes are not really correlated to outcomes or yield crops, the difference between the

financial compensation and crop losses is the basis risk which is an inherent problem of

weather index insurance because it reduce the trust of farmers to insurance which lead

to diminish the number of contract and the possibility of farmers to good welfare. Basis

risk is difficult to manage and one of its problems is a spatial risk; the distance between

the reference weather station where the index insurance product is measured and the

farmer’s location [2]. With this problem of spatial basis risk, some studies propose to

analyse properties of spatial basis risk and they find that when the distance from the
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reference weather station increase then the basis risk increase concavely and payment

lower than what farmers expected [2] or pricing of weather insurance contract based on

a weather index insurance [3]. Some recent studies propose to consider this index as an

insurance for extreme risks or events and not only for moderate weather risks.

In [4], the author approves that when a weather index insurance is design in this way, it

will reduce the presence of informal insurance by recovering the affordability of weather

index insurance, reduce basis risk and it leads to a better prediction of yield-weather

models with more appropriate methods such as copulas to model the extreme dependence.

Contrary to [4] where the author compares two alternative approaches (the standard

regression analysis and the copula approach), we evaluate the effectiveness of the climate

index by comparing two weather indexes (regional and national) to reduce the basis risk

on insurance contract. We use the monthly time series of maize yields and rainfall from

different weather stations in twelve regions of France for the period from January 2000

to December 2016. Weather index insurance is designed to pay an indemnity when the

weather index falls below a certain threshold; in this case we distinguish three types of

insurance contracts with respect to the first three deciles (10%, 20% and 30%). We use

the relative risk reduction method to evaluate the effectiveness of insurance contracts by

applying two risk measures: the value-at-risk (VaR) and the expected shortfall (ES).

The remainder of this thesis is structured as follows: we start by a first chapter which

presents an overview of the model i.e, presenting what is copula and different copulas used,

a second chapter describes the empirical procedure and results and finally a conclusion.
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2. Chapter 1: Model

In this chapter, we made a reminder of the notion of copula, related concepts of depen-

dence and the interest of their use in descriptive statistics. The general idea of the use

of copulas is to establish a joint law between two or more random variables in order to

introduce a dependence between these random variables.

Let the random variables X1, . . . , X2, starting from the dependence hypothesis, we can

establish this joint law via the product of the marginal functions, for d random variables

(d ≥ 2):

P [X1 ≤ x1, . . . , Xd ≤ xd] = F (x1, . . . , xd) = F1(x1)× Fd(xd).

However, the adequacy of this dependency hypothesis can not always be justified since it

is necessary to take into account the dependence between these variables and its structure

and then to integrate it into the modeling of this joint law hence the importance of taking

into account the copula function.

The term copula was introduced in 1959 by Abe Sklar: for any set of distribution functions

Fj(xj) = P (Xj ≤ xj), j = 1, . . . , d, there is at least one bijective function C : [0, 1]d →

[0, 1] having uniform margins such as, ∀(x1, . . . , xd) ∈ Rd, d ≥ 2, we have the function

F (x1, . . . , xd) = C(F1(x1), . . . , Fd(xd).

We begin by presenting the copula function, its properties and the different families of

copulas.
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2.1. Copulas

Copulas are statistical tools widely used in insurance to model the dependence between

random variables. They bind the marginal distributions together to form a joint distri-

bution which is composed of information about each random variable, copulas tell us how

the various random variables are linked together [5].

The joint distribution function of a random vector (x1, . . . , xd) ∈ Rd with margins

Fi(xi) = P [Xi ≤ xi], i = 1, . . . , d, can be written as

P [X1 ≤ x1, . . . , Xd ≤ xd] = C(F1(x1), . . . , Fd(xd)), for all (x1, . . . , xd) ∈ Rd

Where C : [0, 1]d → [0, 1] is called copula.

The idea in copula is that we focus on marginal distribution and a function or copula

which allows to extract informations about the dependence structure by combining the

marginal distributions in a joint distribution function. In general, to apply copulas we

need first to use the probability integral transformation theorem1 (Fisher 1925) which

transforms our variables to random variables distributed uniformly from zero to one

U [0, 1].

To identify the dependence between variables it is enough to know the dependence of

their transforms [5]. It is important to notice that a copula does not contain individual

information but only dependence information in the bivariate density.

Definition

A copula, denoted C, bivariate is a function whose domain is in the case of

1. continuous marginal functions: [0, 1]× [0, 1],

2. discrete marginal functions: S1 × S2 where S1 and S2 are subsets [0, 1] containing

0 et 1.
1The theorem says that it is possible to transform any continuous distribution F into a uniform varaible

U, U = F (X)
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Remaining in this definition domain and following the book of Nelsen[6], we note the

following properties for a bivariate copula.

Properties

1. C is characterize grounded, i.e C(u, 0) = C(0, v) = 0 for all u, v ∈ [0, 1],

2. C is 2-increasing, i.e. C(u2, v2)− C(u2, v1)− C(u1, v2) + C(u1, v1) ≥ 0

For every u1, u2, v1, v2 in [0, 1] such that u1 < u2 and v1 < v2,

3. Margins are uniforms, i.e. C(u, 1) = u and C(1, v) = v For every u in S1 and every

v in S2.

2.1.1. Sklar’s theorem

Sklar’s theorem, is the central theorem to the theory of copulas and the foundation of

most of all of its applications to statistics. Before stating Sklar’s theorem, it is important

to make a small discussion of the distribution function and its inversion [6]. Let F be a

distribution function defined on R, increasing to the right. F−1 its generalized inverse

increasing and defined on the left by F−1(t) = infx|F (x) = t. Let U be a random variable

of the uniform law on [0, 1]. Then, for all x ∈ R and s ∈ (0, 1],

F (x) ≥ s⇔ x ≥ F−1(U).

Moreover, F is the distribution function of the random variable F−1(U).

Theorem: Sklar’s Theorem

Let H be a joint distribution function with margins F and G. Then there exists a copula

C such that for allx, y in R̄,

H(x, y) = C(F (x), G(y)).

If F and G are continuous, then C is unique; otherwise, C is uniquely determined on

RanF×RanG. Conversely, if C is a copula and F and G are distribution functions, then
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the function H is a joint distribution function with margins F and G (see more details

in Nelsen 2006 [6]).

2.1.2. Copulas families

In the literature we can find a large number of copulas families but all them belong to two

groups; on the one hand the non-parametric and on the other hand the parametric2 one.

The latter is more used in finance and insurance in particular the family of Archimedean

copula (Clayton, Gumbel, Frank, Joe, etc.) due to its simple properties and it is useful to

model tail dependence for instance extreme events for index insurance contract [4, 6, 7].

2.1.3. Copulas and basis risk

Copula helps to model extreme events which are characterized by the fact that they

happen rarely and infer high losses for example an extreme rainfall or a hail can lead to

a loss on crop yield (wheat, maize, etc.).

The main characteristic of agriculture production is the seasonality and this is a constraint

to apply some methods, as the copula approach, due to the fact of their short time

series. By following [4], the lack of large number of observations in the tails of a joint

distribution, the application of copula approach in this case might affect the validity of the

model. In this sense, similar to [4] we use copula explicit (Gaussian copula) and implicit

copulas from Archimedean family (Clayton, Gumbel, Franck and Joe). Nevertheless,

to select the best copula for its adequacy to the data, we proceeded with a selection

methodology based on two information criterion; Akaike Information Criterion (AIC)

which and Bayesian Information Criterion (BIC) where the difference is on the penalty

for the number of parameters (respectively 2k and ln(n)k) and the model with the lower

information criterion is considered the best. They formulas are defined as following:

AIC = 2k − 2ln(L̂)

BIC = ln(n)k − 2ln(L̂)

2As in [4] it is possible to distinguish this group in two parts: an explicit (or Archimedean copulas) and

an implicit (multivariate distribution function such as Gaussian and Student copulas)
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Where k, n and L̂ represent respectively the estimated parameter in the model, the

sample size and the maximum value of the likelihood function for the model.

Now that we know what is a copula and how to select it then following our study we

present different copulas used and they derivatives.

Gaussian copula

A copula from the gaussian or normal distribution, the gaussian copula is an explicit

copula which does not present a tail dependency [8, 6] and its coefficient of dependence

is the standard linear correlation coefficient, i.e the ρ of Person.

C(u, v; ρ) = Φ2(Φ−1(u),Φ−1(v), ρ)

, where ρ ∈ [−1, 1] is the person coefficient and Φ−1 is the inverse of the Gaussian

distribution function with mean 0 and variance 1. The gaussian copula is defined as

follows:

C(u, v) =
∫ Φ−1(u)

−∞

∫ Φ−1(v)

−∞

1

2π(1− ρ2
12)

1
2

exp

(
−S

2 − 2ρ12st+ t2

2(1− ρ2
12)

)
dsdt

the first derivative w.r.t u or the conditional yield distribution is given by:

∂

∂u
C(u, v) = Φ2

(
Φ−1(u)− ρΦ−1(v)√

1− ρ2

)

Clayton copula

Clayton copula models the relationship between two distribution functions with a very

strong dependence on the lower tails of the distribution. Thus, it is a copula modeling a

totally asymmetrical relation and in the bivariate case, Clayton copula function is defined

as follows:

C(u, v) = (u−θ + v−θ − 1)−1/θ

where θ ∈ [−1,∞) \ 0 is the parameter of dependence. And its first derivative with

respect to u (the marginal distribution of the weather index variable.)is defined as follow:

∂

∂u
C(u, v) = u−(θ+1)(u−θ + v−θ − 1)−( θ+1

θ
)
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Gumbel copula

Gumbel copula models a dependence of the upper tails and is characterized by a near-zero

dependence of the lower tails of the distribution, hence its property of asymmetry. The

bivariate Gumbel copula is defined by the following formula:

C(u, v) = exp{−[(−ln(u))θ + (−ln(v))θ]1/θ} = exp[−(t1 + t2)
1
θ ]

where ti = (−ln(ui))
θ

Knowing its formula, we can then deduce its first derivative w.r.t u which correspond to

the condition yield distribution :

∂

∂u
C(u, v) =

e−(t1+t2)
1
θ (t1 + t2)

1
θ
−1

uln(u)

Where u represents in the next chapter the marginal distribution of the weather index

variable.

Franck copula

Franck copula is a symmetric copula, it implies a dependence in both tails of the joint

distribution its bivariate form is given by

C(u, v) = −1

θ

(
(e−θu − 1)(e−θv − 1)

e−θ − 1

)

θ ∈ [−∞,∞) \ 0is the copula dependence parameters.

The first derivative w.r.t u which correspond to the condition yield distribution is:

∂

∂u
C(u, v) =

(e−θu − 1)e−θv

(e−θ − 1) + (e−θu − 1)(e−θv − 1)

Where u represents in the next chapter the marginal distribution of the weather index

variable.

Joe copula

A Joe copula allows to joint distribution with a strong dependence in the left tail [6, 9]

C(u, v) = 1− [(1− u)θ + (1− v)θ − (1− u)θ(1− v)θ]1/θ

15



Where θ ∈ [1,∞) is the copula dependence parameters u represents in the next chapter

the marginal distribution of the weather index variable and the first derivative w.r.t u

which correspond to the condition yield distribution is:

∂

∂u
C(u, v) = [(1− u)θ + (1− v)θ − ((1− u)(1− v))θ]

1−θ
θ (1− v)θ−1(1− (1− u)θ)

In the next chapter, we present an empirical procedure for rating weather index insurance

contract and its interpretations.
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3. Chapter 2: Empirical procedure and

results

3.1. Inference

This chapter presents different steps for rating the insurance contract, according to the

literature the estimation the copulas proceeds in two stages: it is firstly to find the

parameters of the distribution of the marginal ones by trying to see the distribution

which smooth better the distribution of empirical data and in the second step we use in

our analysis the method of maximum likelihood estimation (MLE) to find the parameters

of the copula function.

First we model the conditional yield distribution of maize similar to [4] with the marginal

expected shortfall (MES), the parameters of the insurance contract and finally evaluate

the relative risk reduction

3.1.1. Conditional yield distribution

This section gives a brief reminder of the concepts used to model the conditional yield

distribution, namely the marginal expected shortfall (MES). Following the definition of

[10, 4], the Marginal Expected Shortfall (MES) is defined as a risk measure which helps

to measure expected loss for a yield variable conditioning to a weather index falls below

a certain threshold or critical level (α quantile of the weather index distribution) over a

given horizon. Let’s define by m̃ the MES of the crop yield, so we have the following
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formula

m̃ = MESαY |R = E(Y |R ≤ qα(R))

where, E, Y , R and qα represent respectively the expectation operator, the crop yield

variable, the weather index (rainfall index)and the quantile.

Since that for a weather index the realisation in left tail is more important than in the

center or the right tail corresponding to extreme events thus we assume that is the same

for the crop yield variable (Y ) and the weather index variable (R) joint distribution. After

defining the conditional yield distribution given the weather index single realisation, we

express the MES of the crop yield m̃ in terms of copula conditional:

HY |R=r(y) = cG(Y )|F (R=r)(v)|G(Y ) = v, F (R) = u

where F (R) and G(Y ) are the marginal distributions of the weather index and crop yield,

respectively, and u and v are they probability integral transforms and HY |R=r(y) is simply

the first derivative of the copula with respect to u:

cG(Y )|F (R=r)(v) =
∂

∂u
c (u, v)F (r)=u

For each copula the corresponding first derivative is presented in the section about copulas

in the first chapter.

3.2. Insurance contract parameter and risk reduction

evaluation

To set insurance contract parameters, we use the same method presented by [11] where the

indemnity (It) is defined as the difference between a reference yield yref (here we assume

that yref correspond to the average of maize yield for each region) and the corresponding

m̃ conditioned on the weather index realisation.

It =

 yref − m̃ if Rt ≤ qα(R)

0 if Rt > qα(R)

18



And the fair premium (P ) is equal to the expected indemnity value, P = 1
N

∑N
t=1 It. And

finally, we compute the insured yield yinsuredt represented by the following formula:

yinsuredt = yt + It − P

The aim of this section is to compare, for both regional and national indexes, the

effectiveness of the weather index insurance contract based on copula approach. To do

this, two risk measures are used, namely value-at-risk (VaR) and expected shortfall (ES,

also called CVaR) [4]. We calculated them for three selected quantiles (first three deciles

α= 0.1, 0.2 and 0.3). In our analysis, the evaluation of the risk reduction is based on

the relative risk reduction (RRR) in term of ES and VaR. The RRRES is the difference

between the ES of the insured yield and the ES of the uninsured yield normalized by the

latter:

RRRES =
ESuninsured − ESinsured

ESuninsured
,

and

RRRV aR =
V aRuninsured − V aRinsured

V aRuninsured

3.3. Data

We have obtained daily precipitation data measured in millimeter(mm) of different weather

stations in France from the European Climate Assessment and Dataset (ECA&D) and

maize production monthly data of the maize production in France. The daily precip-

itation data were collected in the available weather stations and classified per regions

using postal codes. The maize production in tonne per month have been collected in

all regions in France expect Corse which presents a lack off production of maize from

the National Establishment of Agricultural and Marine Products of France. Both maize

production and weather data are observed over the period ranging from 01 January 2000

to 31 December 2016.
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3.3.1. Transformation of data

In our research we don’t have access to maize yield data and for this reason we compute

the yield with the ratio between total production per month and total surface production

(hectare) per year, here suppose that the surface is the same for all months of the year

considered.

Y ieldt =
Productiont
Surfacet

And we convert the yield(t/ha) in q./ha For the application of our model two types of

climatic index have been constructed:

1. one regional for each region by transforming the daily precipitation data into

monthly data by calculating the monthly average for each station and then the

regional average of all the weather stations,

2. and one national index derived from the average of the regional indexes. The maize

data are raw and represent the monthly collection in tonnes for each region, with

only the annual regional production area of maize (hectare), it is assumed for this

study that the area is constant throughout the year so to calculate the monthly

agricultural yield, the latter is expressed in (q/ha).

3.4. Results and discussion

Figures [D.1 to D.13] represent the distribution with different densities of a selected num-

ber of continuous distributions (weibull, lognormal, gamma, normal, cauchy, exponential

and logistic) of our two variables i.e. rainfall index and maize yield for each region. At

the top left (resp. bottom left) are represented the histogram with all fitted densities and

at the top right (rep. bottom right) the empirical and theoretical cumulative distribution

functions (CDFs) of the rainfall index (resp. maize yield). The maximum likelihood

estimation (MLE) allows us to fit the best distribution of the marginals that we use to fit

copula models. To perform this analysis it is more clear to select the distribution which

fit better our variables not only with graphics but also with Akaike Information Criterion

(AIC) and Bayes Information Criterion (BIC) (see table A.1 to table A.5).
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We remark that all yields follow a log-normal distribution and the two major distribu-

tions followed by maize yields are Gamma distribution (Auvergne Rhône Alpes, Bretagne,

Hauts-de-France, Nouvelle Aquitaine, Provence-Alpes-Côte d’Azur, Pays de la Loire and

the national index) and Weibull distribution (Bourgogne Franche Comté, Centre Val de

Loire, Grand-Est, Ile-de-France, Normandie and Occitanie).

Tables [B.1, B.2 and B.3] summarize the results about selection of the best copula for

each regions using criterion informations such as AIC and BIC where after the first column

which represents the different copulas used, the next two columns show the estimation of

AIC and BIC and similarly for the last two columns respectively for the regional and the

national indexes. The best copula for each region correspond to the one with the lowest

AIC and BIC characterized by the symbol (*). According to our results we remark that

with the regional rainfall index the Clayton copula is the most significant for all most

of regions except for Auvergne Rhône Alpes, Centre Val de Loire, Nouvelle Aquitaine

which follow respectively a Joe copula, Gumbel copula, Gaussian copula also Occitanie

and Provence-Alpes-Côte d’Azur follow both a Franck copula. For the national rainfall

index all regions the Clayton copula is also the most representative which means that

there is a strong dependency between the maize yield and the latter weather index, we

have only one except for Centre Val de Loire which follow a Joe copula.

The table C.1 present the estimates of the relative risk reduction (RRR) obtained for

the yield conditional distribution where the yield is conditioned to the realisation of the

regional and the national rainfall index respectively for the three selected thresholds (first

three deciles). Our results for the both risk measures (VaR and ES) show that: when

evaluating the effectiveness of the rainfall index based on VaR criterion a higher relative

risk reduction at least for all regions when the insurance contract is designed using the

national index than the regional index with a specific copula but the difference is very

fewer in some regions. In the region Normandie (resp. Provence-Alpes-Côte d’Azur) we

have a risk reduction of 35%, 48% and 43% (resp. 41%, 64% and 66%) against 52%, 79%

and 96% (resp. 41%, 66% and 66%), respectively the regional and the national rainfall

index. Finally, the Value-at-Risk (VaR) based estimates of Relative Risk Reduction tend

to be higher when we increase the decile and increases substantially with the second
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and the third decile (see more details in table C.1). These results show that the use of a

regional or national index gives almost a similar percentage of risk reduction in both types

of contract (based on a regional or national weather index) at the two last thresholds of

the weather index distribution. The evaluation based on the Expected Shortfall (ES)

are the same this means that rating insurance contract with both indexes improve the

effectiveness of the risk reduction. These results can be explained by a similarity of the

climate in certain regions of France which makes that there is this slight difference on the

reduction of the risk between these indexes.
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4. Conclusion

This thesis presents a copula approach for rating weather index insurance designed in-

surance contract for maize yield and rainfall index for all regions in France except Corse

to provide protection farmers against drought related yield losses by using two weather

indexes, these latter were build with our initial rainfall data from different weather sta-

tions, one regional index for each region and one national index. Our empirical results

show that the relative risk reduction based on two risk measures (VaR and ES) in the one

hand using yield realizations conditioned on the with regional weather index distribution

and the other hand the conditional yield distribution following the national weather index

provides a slight difference in the effectiveness of risk reduction.

The finding is when an insured chooses a contract based on the a regional or a national

weather index with a conditional yield distribution expressed in terms of copula, both re-

duce the scope of the basis risk problem. The methodology used in this thesis to compare

the effectiveness between these two weather indexes has reduced the basic risks which is

a major problem in weather index insurance. It remains difficult to measure or greatly

reduce these risks because there are other risk factors which are not taken into account

by insurance companies. However, this type of contract is more transparent and helps

reduces or eliminates the problem of moral hazard and therefore the costs supported by

the insurer.
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Table A.1.: Marginal distributions

Regions Rainfall index distribution Maize yield distribution

Auvergne Rhône Alpes AIC BIC AIC BIC

Weibull 1584.997 1611.02 1011.786 1018.423

Lognormal 1604.384 -2.34547 933.2541* 939.8904*

Gamma 1582.155* 1588.791* 1024.986 1031.622

Normal 1633.223 1639.859 1375.215 1381.851

Cauchy 1674.892 1681.528 965.6468 972.2831

Exponential 1664.233 1667.552 1029.072 1032.39

Logistic 1618.625 1618.625 1313.135 1319.771

Bourgogne Franche Comté

Weibull 1538.18* 1544.816* 881.8132 888.4494

Lognormal 1571.148 1577.784 814.6897* 821.326*

Gamma 1540.915 1547.551 907.0009 913.6371

Normal 1567.284 1573.92 1352.697 1359.334

Cauchy 1624.611 1631.247 884.3092 890.9455

Exponential 1642.732 1646.05 939.0816 942.3997

Logistic 1565.408 1572.044 1265.586 1272.223

Bretagne

Weibull 1594.22 1600.857 247.9272 254.5635

Lognormal 1594.632 1601.268 177.1837* 183.8199*

Gamma 1587.792* 1594.428* 295.2093 301.8455

Normal 1631.076 1637.712 965.9408 972.5771

Cauchy 1690.355 1696.992 310.8323 317.4686

Exponential 1703.838 1707.156 495.419 498.7372

Logistic 1631.485 1638.121 896.2401 902.8763
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Table A.2.: Marginal distributions

Regions Rainfall index distribution Maize yield distribution

Centre Val de Loire AIC BIC AIC BIC

Weibull 1500.008* 1506.644* 1066.531 1073.167

Lognormal 1541.864 1548.5 1022.284* 1028.92*

Gamma 1507.736 1514.373 1053.511 1060.147

Normal 1526.025 1532.661 1212.146 1218.782

Cauchy 1603.969 1610.605 1101.342 1107.978

Exponential 1591.737 1595.055 1083.256 1086.574

Logistic 1533.168 1539.804 1177.872 1184.508

Grand-Est

Weibull 1490.512* 1497.148* 1034.62 1041.256

Lognormal 1515.508 1522.144 1021.634 1028.271

Gamma 1494.391 1501.027 1044.616 1051.253

Normal 1508.584 1515.22 1401.346 1407.983

Cauchy 1584.735 1591.371 1154.163 1160.799

Exponential 1634.273 1637.591 1062.129 1065.447

Logistic 1513.485 1520.121 1318.36 1324.997

Hauts-de-France

Weibull 1531.304 1537.94 727.9244 734.5607

Lognormal 1544.993 1551.63 671.6255* 678.2617*

Gamma 1527.273* 1533.909* 748.9278 755.564

Normal 1558.378 1565.015 1157.104 1163.74

Cauchy 1612.066 1618.702 804.7478 811.384

Exponential 1662.708 1666.026 785.5668 788.8849

Logistic 1559.521 1566.158 1104.947 1111.583
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Table A.3.: Marginal distributions

Regions Rainfall index distribution Maize yield distribution

Ile-de-France AIC BIC AIC BIC

Weibull 1478.938* 1485.574* 1113.836 1120.472

Lognormal 1513.559 1520.196 1048.48* 1055.116*

Gamma 1482.30 1488.939 1140.755 1147.391

Normal 1512.93 1519.566 1605.539 1612.175

Cauchy 1559.745 1566.381 1120.252 1126.888

Exponential 1569.098 1572.416 1175.417 1178.735

Logistic 1502.9 1509.537 1502.911 1509.547

Normandie

Weibull 1525.706* 1532.342* 121.6161 128.2523

Lognormal 1549.709 1556.345 102.1839* 108.8202*

Gamma 1528.887 1535.523 131.4739 138.1101

Normal 1546.573 1553.209 473.9703 480.6066

Cauchy 1609.743 1616.379 247.1887 253.8249

Exponential 1658.475 1661.794 146.841 150.1591

Logistic 1547.243 1553.879 405.2244 411.8607

Nouvelle Aquitaine

Weibull 1561.574 1568.21 1060.571 1067.207

Lognormal 1562.272 1568.908 984.6702* 991.3064*

Gamma 1553.119* 1559.755* 1064.884 1071.521

Normal 1599.427 1606.063 1364.013 1370.649

Cauchy 1645.819 1652.455 1029.315 1035.951

Exponential 1674.293 1677.611 1062.924 1066.242

Logistic 1589.565 1596.202 1304.776 1311.412
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Table A.4.: Marginal distributions

Regions Rainfall index distribution Maize yield distribution

Occitanie AIC BIC AIC BIC

Weibull 1508.355* 1514.992* 1053.046 1059.683

Lognormal 1525.152 1531.788 1008.069* 1014.705*

Gamma 1509.121 1515.757 1047.801 1054.438

Normal 1529.938 1536.574 1262.736 1269.372

Cauchy 1607.7 1614.336 1103.828 1110.464

Exponential 1646.846 1650.164 1052.475 1055.794

Logistic 1533.546 1540.182 1214.002 1220.638

Provence-Alpes-Côte d’Azur

Weibull 1568.673 1575.31 933.2481 939.8844

Lognormal 1578.617 1585.254 890.4632* 897.0995*

Gamma 1566.059* 1572.696* 952.9898 959.626

Normal 1666.529 1673.165 1373.939 1380.575

Cauchy 1683.051 1689.687 1069.689 1076.325

Exponential 1591.481 1594.799 1013.207 1016.525

Logistic 1644.198 1650.834 1332.604 1339.24

Pays de la Loire

Weibull 1606.226 1612.862 680.6519 687.2881

Lognormal 1625.618 1632.254 627.8176* 634.4538*

Gamma 1605.695* 1612.331* 682.9548 689.5911

Normal 1652.649 1659.285 956.0961 962.7324

Cauchy 1705.563 1712.199 707.786 714.4222

Exponential 1678.593 1681.912 680.9563 684.2744

Logistic 1650.384 1657.02 901.8839 908.5202
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Table A.5.: Marginal distributions

Regions Rainfall index distribution

National AIC BIC

Weibull 1446.722 1453.359

Lognormal 1452.599 1459.235

Gamma 1442.258* 1448.894*

Normal 1458.662 1465.299

Cauchy 1532.154 1538.79

Exponential 1644.985 1648.303

Logistic 1460.369 1467.005
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Table B.1.: Copula model selection

Regions Regional index National index

Auvergne Rhône Alpes AIC BIC AIC BIC

Gaussian -0.32214 2.99598 -2.67596 0.64217

Clayton -5.66359 -2.34547 -7.12608* -3.80796*

Gumbel -3.68778 -0.36966 -5.14296 -1.82484

Franck 0.19553 3.51365 -1.44084 1.87728

Joe -5.72121* -2.40309* -6.69966 -3.38154

Bourgogne Franche Comté

Gaussian 1.65204 4.97016 -4.57639 -1.25828

Clayton 1.00392* 4.32204* -8.37243* -5.05431*

Gumbel 1.59680 4.91492 -7.11288 -3.79476

Franck 1.60726 4.92538 -3.31888 -0.00076

Joe 1.50801 4.82613 -7.98309 -4.66498

Bretagne

Gaussian -19.57005 -16.25193 -9.70931 -6.39119

Clayton -22.16052* -18.8424* -14.88968* -11.57156*

Gumbel -21.95509 -18.63697 -13.28309 -9.96497

Franck -20.71973 -17.40161 -9.02977 -5.71165

Joe -20.55562 -17.2375 -14.1964 -10.87824

Centre Val de Loire

Gaussian -1.17350 2.14462 -3.29395 0.02417

Clayton -0.90706 2.41105 -7.98838 -4.67026

Gumbel -1.30474* 2.01338* -6.71147 -3.39335

Franck 0.04325 3.36137 -1.08540 2.23272

Joe -1.12001 2.19811 -8.61742* -5.29930*
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Table B.2.: Copula model selection

Regions Regional index National index

Grand-Est AIC BIC AIC BIC

Gaussian -5.60803 -2.28991 0.37922 3.69734

Clayton -7.86124* -4.54312* -2.56075* 0.75737*

Gumbel -5.89354 -2.57542 -1.22979 2.08833

Franck -6.68768 -3.36956 1.53979 4.85792

Joe -5.44260 -2.12448 -2.51976 0.79836

Hauts-de-France

Gaussian 1.51352 4.83164 -7.65356 -4.33544

Clayton 0.28676* 3.60488* -12.53392* -9.21580*

Gumbel 0.92534 4.24346 -9.42025 -6.10213

Franck 1.10328 4.42139 -6.54997 -3.23185

Joe 0.52387 3.84199 -10.26287 -6.94475

Ile-de-France

Gaussian 1.91791 5.23603 -8.07442 -4.75630

Clayton 0.91646* 4.23456* -10.41713* -7.09901*

Gumbel 1.63215 4.95027 -8.36104 -5.04292

Franck 1.94345 5.26157 -4.67477 -1.35665

Joe 1.31619 4.63431 -8.48280 -5.16468

Normandie

Gaussian -6.43146 -3.11334 -9.05973 -5.74161

Clayton -8.83140* -5.51328* -14.58111* -11.26299*

Gumbel -7.19122 -3.87309 -13.17594 -9.85782

Franck -6.44049 -3.12237 -7.41311 -4.09499

Joe -7.29169 -3.97357 -14.42832 -11.11020
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Table B.3.: Copula model selection

Regions Regional index National index

Nouvelle Aquitaine AIC BIC AIC BIC

Gaussian -1.30817* 2.00995* -2.23194 1.08618

Clayton -0.33589 2.98223 -5.26299* -1.94488*

Gumbel 0.19667 3.51479 -3.83717 -0.51905

Franck -0.92737 2.39074 -1.00031 2.31781

Joe 0.85788 4.17599 -5.01696 -1.69884

Occitanie

Gaussian -6.99981 -3.68169 -2.23194 1.08618

Clayton -4.01643 -0.69831 -5.26299* -1.94488*

Gumbel -4.62196 -1.30384 -3.83717 -0.51905

Franck -7.26456* -3.94644* -1.00031 2.31781

Joe -2.29718 1.02094 -5.01696 -1.69884

Provence-Alpes-Côte d’Azur

Gaussian -30.02758 -26.70946 -5.31077 -1.99265

Clayton -26.32679 -23.00867 -7.89423* -4.57611*

Gumbel -26.46579 -23.14767 -6.01833 -2.70021

Franck -30.81065* -27.49253* -5.97199 -2.65387

Joe -21.12123 -17.80311 -5.96922 -2.65110

Pays de la Loire

Gaussian -9.77279 -6.45468 -5.37692 -2.05879

Clayton -12.50790* -9.18978* -11.11383* -7.79571*

Gumbel -9.88026 -6.56214 -8.51182 -5.19370

Franck -7.72971 -4.41159 -4.01117 -0.69305

Joe -9.93596 -6.61784 -10.32353 -7.00541
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Table C.1.: Relative Risk Reduction (RRR)

RRR with Regional index RRR with National index

1.decile 2.decile 3.decile 1.decile 2.decile 3.decile

RRR Value-at-Risk

Auvergne Rhône Alpes 0.11 0.17 0.24 0.11 0.18 0.26

Bourgogne Franche Comté 0.20 0.32 0.48 0.24 0.36 0.52

Bretagne 0.41 0.73 1.28 0.84 1.40 1.81

Centre Val de Loire 0.08 0.08 0.16 0.08 0.17 0.17

Grand-Est 0.38 0.87 1.11 0.44 0.74 1.01

Hauts-de-France 0.21 0.36 0.48 0.29 0.46 0.60

Ile-de-France 0.25 0.41 0.53 0.28 0.47 0.66

Normandie 0.35 0.48 0.43 0.52 0.79 0.96

Nouvelle Aquitaine 0.07 0.13 0.17 0.08 0.13 0.18

Occitanie 0.09 0.16 0.22 0.09 0.16 0.22

Provence-Alpes-Côte d’Azur 0.41 0.64 0.66 0.41 0.66 0.66

Pays de la Loire 0.08 0.16 0.24 0.12 0.20 0.28

RRR Expected Shortfall

Auvergne Rhône Alpes 0.15 0.23 0.31 0.15 0.23 0.33

Bourgogne Franche Comté 0.26 0.42 0.42 0.31 0.50 0.67

Bretagne 0.53 0.98 1.75 1.14 1.90 2.45

Centre Val de Loire 0.04 0.09 0.15 0.08 0.14 0.19

Grand-Est 0.39 1.03 1.33 0.50 0.87 1.20

Hauts-de-France 0.30 0.49 0.64 0.37 0.61 0.79

Ile-de-France 0.32 0.56 0.66 0.36 0.63 0.87

Normandie 0.55 0.75 4.07 0.83 1.27 2.07

Nouvelle Aquitaine 0.08 0.15 0.21 0.08 0.15 0.22

Occitanie 0.12 0.21 0.29 0.12 0.21 0.29

Provence-Alpes-Côte d’Azur 0.57 0.92 1.18 0.57 0.94 1.20

Pays de la Loire 0.11 0.22 0.33 0.17 0.28 0.39

36



D. Appendix 4

0.00

0.01

0.02

0.03

0.04

0 20 40 60 80

data

D
en

si
ty

weibull

lognormal

gamma

normal

cauchy

exponential

logistic

Histogram and theoretical densities rainfall ARA

0.0

0.1

0.2

0.3

0.4

0.5

0 10 20 30

data

D
en

si
ty

weibull

lognormal

gamma

normal

cauchy

exponential

logistic

Histogram and theoretical densities maize yield ARA

0.00

0.25

0.50

0.75

1.00

0 20 40 60 80

data

C
D

F

weibull

lognormal

gamma

normal

cauchy

exponential

logistic

Empiral and theoretical CDFs rainfall ARA

0.00

0.25

0.50

0.75

1.00

0 10 20 30

data

C
D

F

weibull

lognormal

gamma

normal

cauchy

exponential

logistic

Empiral and theoretical CDFs maize yield ARA

Figure D.1.: Auvergne Rhône Alpes (ARA)
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Figure D.2.: Bourgogne Franche Comté (BFC)
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Figure D.3.: Bretagne (B)
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Figure D.4.: Centre Val de Loire (CVL)
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Figure D.5.: Grand-Est (GE)
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Figure D.6.: Hauts-de-France (HDF)
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Figure D.7.: Ile-de-France (IDF)
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Figure D.8.: Normandie (N)
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Figure D.9.: Nouvelle Aquitaine (NA)
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Figure D.10.: Occitanie (O)
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Figure D.11.: Provence-Alpes-Côte d’Azur (PACA)
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Figure D.12.: Pays de la Loire (PL)

0.00

0.02

0.04

0.06

10 20 30 40 50

data

D
en

si
ty

weibull

lognormal

gamma

normal

cauchy

exponential

logistic

Histogram and theoretical densities rainfall National

0.00

0.25

0.50

0.75

1.00

10 20 30 40 50

data

C
D

F

weibull

lognormal

gamma

normal

cauchy

exponential

logistic

Empiral and theoretical CDFs rainfall National

Figure D.13.: National
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