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Abstract
Drought events are a major cause of large crop yield losses with implications for
food security and farmers’ incomes. Growingmultiple crops simultaneously dur-
ing a cropping season is a well-known on-farm riskmanagement strategy to cope
with these drought risks. However, the effectiveness of this crop diversification
under different severity levels of drought and how this effectiveness is influenced
by the crop composition is unclear. This article provides newmethodological and
empirical insights to assess the effectiveness of such diversification, in particu-
lar to cope with extreme drought. We apply and evaluate nested Archimedean
copulas and elliptical copulas to assess simultaneous farm-level yield losses of
different cash crops in German agriculture (winter wheat, winter barley, winter
rapeseed, sugar beet, and grain maize) under different drought severity levels
(N = 249,756; regionally pooled farm-level crop-yield pairs, 1995–2019). We show
that on-farm crop diversification contributes to cope with drought risks, but its
effectiveness varies considerably across regions, crop pairs, and drought severity.
Our results underline that cropping systemdiversification alone is oftennot suffi-
cient to copewith drought risks, but that the right crop combinations are needed.
For example, during a severe drought (one in 20 years event), 26.4% of farmers
in eastern Germany suffered simultaneous yield losses of at least 20% in win-
ter wheat and winter barley, while 19.1% of farmers in eastern Germany suffered
simultaneous yield losses of at least 20% in winter wheat and sugar beet. Farm-
ers should therefore be encouraged to grow cropswithmore diverse phenological
requirements throughout the year.
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1 INTRODUCTION

Extreme weather events regularly cause large yield losses
affecting food security and farmers’ incomes. Droughts
in particular are of great and increasing importance. For
example, drought events in 2003 and 2018 caused yield
losses of more than 20% for a wide range of crops in many
regions of Europe (Beillouin et al., 2020; Ciais et al., 2005;
Schmitt et al., 2022; Webber et al., 2020). Furthermore,
drought risk is becoming increasingly important due to
climate change (Grillakis, 2019; Brás et al., 2021). Thus,
drought risk increasingly threatens food production and
the economic viability of farms, and also has major impli-
cations for industry and policy. A key strategy to cope with
increasing drought risk is to diversify cropping patterns
during a planting season. Not putting all the eggs in one
basket and having diverse crop rotations can be a viable
strategy to stabilize food production and farm incomes.
However, the extent of the potential of crop diversification
in the context of (extreme) drought shocks and the most
promising crop combinations are not well understood. Yet,
such information is needed to guide decisions made by
farmers and policy makers.
In this article, we offer a new perspective to quan-

tify the risk-reducing potential of crop diversification at
the farm level by considering its potential to cope with
(extreme) drought-related crop yield shocks. To this end,
we use nested Archimedean copulas1 as the main spec-
ification to explore the dependence structure between
the yields of multiple crops and drought, and compare
these results with estimates of elliptical copulas (Gaus-
sian and Student-t). We use Archimedean copulas as
the starting point for our analyses, as they are widely
used in several real-world applications in the insurance
and finance industry or in agricultural and meteorolog-
ical contexts due to their simple form for analyses of
higher dimensions and a variety of dependence structures
(see e.g., Nelsen, 2006; Hofert & Mächler, 2011; Leng
& Hall, 2019). In our approach, we nest Archimedean
copulas to estimate trivariate joint dependencies to cir-
cumvent exchangeability, and we also compare the results
with the exchangeable Archimedean copulas in three
dimensions. The analysis of nested Archimedean copulas
is implemented as a two-step procedure. More specifi-
cally, we first fit several bivariate Archimedean copulas
to pooled farm-level crop yield observations (i.e., 249,756
pairs of relative crop yield deviations at the same farm and
year, pooled together within predefined regions with sim-
ilar soil-climate conditions) over the period 1995–2019 to
investigate simultaneous crop yield losses (simultaneous
deviations from the respective long-term farm-level yield

1 Also known in the literature as “hierarchical Archimedean copulas.”

means). We then extend this analysis to examine how dif-
ferent levels of drought severity modulate simultaneous
crop yield shocks of multiple crop pairs.
Previous research has identified (nested) Archimedean

copulas as a helpful method to analyze these multidimen-
sional dependence structures of extremeweather and yield
losses in a single model, as they can account for a variety
of dependence structures in the extreme tails (Bokusheva
et al., 2016; Goodwin & Hungerford, 2015; Okhrin et al.,
2013; Ribeiro et al., 2019, 2020; Xu et al., 2010). Nested
Archimedean copulas are able to express multidimen-
sional dependence structures by implementing successive
bivariate copula analyses as two-level (or multilevel) tree
structures. Each of the nested Archimedean copulas for
itself (Gumbel, Clayton, Frank, and Joe copulas) has a lim-
ited flexibility in analyzing tail dependencies due to its
respective properties. However, the flexibility of the over-
all analyses is achieved by applying all of these nested
Archimedean copulas to a dataset in order to cover and
represent a variety of tail dependencies.
To date, copula analyses in the context of agricultural

risk have predominantly considered yield data at aggre-
gated spatial levels, such as county-level yields. The focus
on high levels of aggregation (e.g., at level of states or
counties) has been used to assess regional or national
supply risks or probabilistic relationships between crop
yield losses and weather anomalies (e.g., Gaupp et al.,
2017; Madadgar et al., 2017; Du et al., 2018; Ribeiro et al.,
2019, 2020). However, this analysis is not necessarily infor-
mative for farm-level risk management decisions or for
policy makers aiming to achieve the goal of stable farm
incomes (see e.g., Glauber et al., 2021). Yield data at higher
spatial scales have different risk characteristics than at
the individual farm level, such as lower variance and
less negative skewness of crop yields (e.g., Finger, 2012;
Marra & Schurle, 1994).2 Therefore, the implications of
these previous analyses for farm-level risk assessment
and risk management decisions are limited. Furthermore,
most previous weather-related copula studies focused on
yield data of one or two crops, and these analyses were
conducted for each crop individually. However, consid-
ering one or two crops and/or performing the copula
analyses crop by crop does not realistically reflect real
diversification mechanisms at farm level.
To contribute filling this gap, we analyze the risk-

reducing potential of crop diversification at farm level.
We quantify the interrelationship between yields of dif-
ferent arable crops and quantify how this natural hedge
property changes in the presence of extreme drought. To
this end, we use nested Archimedean copulas to examine

2We observe similar differences between farm-level and county-level
yield variation for the crops analyzed in this article (see Table S1).
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how farm-level yield losses of different crops are related
to each other when drought events of different severity
occur. More specifically, we model how different levels of
drought severity modulate concurrent crop yield losses at
farm level. We also analyze whether the effectiveness of
farm-level crop diversification is influenced by regional
soil/climate and cropping conditions. We use large-scale
evidence from representative observed crop yield realiza-
tions from German farms (i.e., 249,756 pairs of farm-level
crop yield observations), over a long period (1995–2019).
We consider the most important arable crops: winter
wheat, winter barley, winter rapeseed, sugar beet, and
grain maize. Focusing on German crop production pro-
vides important information from an economically highly
relevant case study, as Germany is the second largest cereal
producer in the European Union (World Bank, 2023). We
focus on drought because it has been identified as themost
economically damaging weather risk in German agricul-
ture. More specifically, most monetary losses in German
agriculture are associatedwith cropwater stress, andmany
crops were simultaneously affected by the severe drought
events in 2018 across Germany and Europe through signif-
icant yield losses (see e.g., Beillouin et al., 2020; Webber
et al., 2020; Schmitt et al., 2022).3
We find that crop diversification can allow to mitigate

drought risk, but its effectiveness varies by crop pair and
by regional growing conditions, and is often reduced when
droughts are more intense. For example, in the case of
a severe drought (i.e., a one in 20 years event), 26.4% of
farms in eastern Germany suffer from simultaneous yield
losses of ≤−20% in winter wheat and winter barley. In
comparison, 19.1% of these farms experience simultane-
ous yield losses of ≤−20% in winter wheat and sugar beet
in the case of severe drought. In western Germany, these
risks are much lower, with 3.6% of farms suffering from
simultaneous yield losses of ≤−20% in winter wheat and
winter barley, and 1.6% of farms experiencing yield losses
of ≤−20% for the combination of winter wheat and sugar
beet.
Our findings can help farmers and extension services

to adjust cropping programs and overall risk management
to mitigate income losses due to drought.4 In particular,
it can help prioritize which crop combinations are best

3 The following analyses can easily be adapted to any type of (extreme)
weather event. The focus on drought in this article does not mean that
drought is the only threat to German farmers. However, it is the extreme
weather event with the highest monetary impact on German agriculture
(Schmitt et al., 2022).
4 In our analyses, we exclude the price risk, because (German) farm-
ers have the option to manage price risk through the availability of
futures contracts (see e.g., Anastassiadis et al., 2014; Bucheli et al., 2022).
Thus, (German) farmers have the possibility to control the price risk, but
production risk remains as the main source of income volatility.

suited to reduce the overall impact of extreme drought.
Furthermore, our results can guide improved policies,
such as those related to crop insurance support and dis-
aster payments to stabilize production and farm incomes
(see e.g., Glauber et al., 2021).
The remainder of this article is structured as follows.

In Section 2, we situate our analyses within the current
literature on crop diversification and crop asynchrony.
Section 3 describes the conceptual background. Section 4
presents the overall copulamodelingworkflow and robust-
ness checks. Section 5 provides an overview of the data.
In Section 6, we present the results of the descriptive
data analyses, the copula estimations, the estimation of
confidence intervals via parametric bootstrapping, and
several robustness checks. In Section 7, we discuss our
main findings. Finally, we draw conclusions for farmers’
risk management, policy makers, and areas for further
research.

2 LITERATURE BACKGROUND ON
CROP DIVERSIFICATION AND CROP
ASYNCHRONY

The literature on crop diversification is diverse and
includes perspectives on spatial arrangements or temporal
sequences of different crops and varieties (see e.g., Chavas
et al., 2022; Di Falco & Perrings, 2005; Smit & Skinner,
2002). Thus, crop diversification can meet multiple objec-
tives related to, for example, biodiversity, risk reduction or
soil conservation (see e.g., Lin, 2011; Mijatovic et al., 2013).
However, the literature on how crop diversification con-
tributes to production stability and risk reduction is limited
(Beillouin et al., 2019). In particular, empirical results of
quantitative and probabilistic analyses of simultaneous
yield losses of different crops during a planting season due
to extreme weather events are scarce (see e.g., Kornhuber
et al., 2023). Previous studies have investigated diversifica-
tion effects (e.g., due to plot rotation) on individual crop
yields in drought situations (see e.g., Gaudin et al., 2015;
Bowles et al., 2020), instead of analyzing the simultaneous
yield effects of different crops due to drought.
From a risk management perspective, the main under-

lying mechanism of crop diversification is the portfolio
effect (Markowitz, 1952, 2010), which describes that yield
deviations of different crops (e.g., on the same farm) are
not perfectly correlated (see e.g., Di Falco & Chavas, 2009;
Barkley et al., 2010; Paut et al., 2019, 2020).5 One of the

5 The regional portfolio effect, which considers yield deviations of the
same crop in different regions, is out of scope of this article, but has
been discussed and analyzed through copulas in several studies (see e.g.,
Larsen et al., 2013; Goodwin, 2015; Gaupp et al., 2017; Chavas et al., 2022).
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826 SCHMITT et al.

reason for this imperfect correlations is that suboptimal
weather conditions for one crop may be less relevant
or even beneficial for another crop. For example, win-
ter wheat and sugar beet “consume” different amounts
of water on the same day of the year due to temporally
different phenological phases and different total crop-
specific daily water requirements, leading to different daily
drought susceptibility over the course of the year. How-
ever, it is not clear whether and how this mechanism may
be modulated by the severity of an “external” risk factor.
This is particularly relevant for systemic and long-lasting
weather shocks such as droughts (Gupta et al., 2020;
Kuwayama et al., 2019). More specifically, an extreme and
prolonged drought may affect important growing phases
of different crops during a planting season, even if these
growing phases do not overlap or only partially overlap.
In addition, the concept of crop (a)synchrony describes

that the crop combination is important in crop diversifica-
tion as a risk management tool (Egli et al., 2020; Mehrabi
& Ramankutty, 2019). It implies that different crops have
temporally different growth patterns, phenological phases,
and vulnerability to different risk factors throughout the
year. Commonly used crop diversification indices, such
as the Shannon index or Margalef index, do not take
into account the above-mentioned characteristics of crop
(a)synchrony, as they only consider the absolute number
of crops, and cannot provide information on how the effec-
tiveness of crop diversification changes when the severity
of a risk factor, such as drought, varies. Therefore, we use
copula analyses to shed light on the influence of crop com-
position and drought severity level on the effectiveness of
crop diversification as a risk management instrument.

3 CONCEPTUAL BACKGROUND

The nested Archimedean copula approach presented here
serves as a method for analyzing non-linear dependency
structures that is able to capture different types of tail
dependencies. A copula is a function that links marginal
distribution functions to form their joint distribution
(Nelsen, 2003). Sklar’s theorem (1959) decomposes a mul-
tivariate probability distribution into (1) its marginal dis-
tributions and (2) a copula describing the dependence
structure between the margins. For the bivariate case,
the joint distribution function of any continuous pair of
random variables can be written as:

𝐹𝑋,𝑌 (𝑥, 𝑦) = 𝐶𝑋,𝑌 (𝑢𝑋, 𝑢𝑌) (1)

where 𝑢𝑋 = 𝐹𝑋(𝑥) and 𝑢𝑌 = 𝐹𝑌(𝑦) are marginal prob-
ability distributions uniformly distributed in the inter-

val [0,1] and 𝐶𝑋,𝑌 is the bivariate copula. Here, 𝐶𝑋,𝑌
describes the dependence structure between pairs of crops
(i.e., the pooled farm level yield deviations within an
agricultural production region of crop X from their corre-
sponding long-term farm level means and the pooled farm
level yield deviations within an agricultural production
region of crop Y from their corresponding long-term farm
level means). 𝐶𝑋,𝑌 is uniquely defined if 𝐹𝑋(𝑥) and 𝐹𝑌(𝑦)
are continuous (see also Durante & Sempi, 2016; Nelsen,
2006; Salvadori & De Michele, 2007).
To model the trivariate dependence, we subsequently

consider the cumulative rainfall deviation CR (𝑢CR =
𝐹CR(cr)). We non-parametrically transform the margins
to uniform variables through their cumulative distribu-
tion functions. The trivariate distribution is expressed
as:

𝐹𝑋,𝑌,𝐶𝑅 (𝑥, 𝑦, 𝑐𝑟) = 𝐶𝑋,𝑌,𝐶𝑅 (𝑢𝑋, 𝑢𝑌, 𝑢𝐶𝑅) . (2)

The nested Archimedean copulas used here consist of
successive bivariate copulas which are implemented as a
tree structure:

𝐶 (𝑢𝑋, 𝑢𝑌, 𝑢𝐶𝑅; 𝜃12, 𝜃1)

= 𝐶𝑋,𝑌,𝐶𝑅
(
𝐶𝑋,𝑌 (𝑢𝑋, 𝑢𝑌; 𝜃12) , 𝑢𝐶𝑅; 𝜃1

)
(3a)

𝐶 (𝑢𝑋, 𝑢𝑌, 𝑢𝐶𝑅; 𝜃13, 𝜃2)

= 𝐶𝑋,𝐶𝑅,𝑌
(
𝐶𝑋,𝐶𝑅 (𝑢𝑋, 𝑢𝐶𝑅; 𝜃13) , 𝑢𝑌; 𝜃2

)
(3b)

𝐶 (𝑢𝑋, 𝑢𝑌, 𝑢𝐶𝑅; 𝜃23, 𝜃3)

= 𝐶𝑌,𝐶𝑅,𝑋
(
𝐶𝑌,𝐶𝑅 (𝑢𝑌, 𝑢𝐶𝑅; 𝜃23) , 𝑢𝑋; 𝜃3

)
(3c)

where 𝜃12, 𝜃13, and 𝜃23 are the generators of the inner cop-
ula (either crop-crop Equation (3a) or crop-rainfall Equa-
tions (3b, 3c)) and 𝜃1, 𝜃2, and 𝜃3 are the generators of
the outer copula joining the third margin (either rain-
fall Equation (3a) or second crop Equations (3b, 3c)). In
our analysis, the structures of nested Archimedean cop-
ulas require the inner copula to correspond to the pair
with the strongest dependence, that is, 𝜃12 > 𝜃1. In
the following methodological description, we refer exem-
plarily to the case of Equation (3a) with the strongest
crop-crop dependence (see more details in Section 4.2), as
it illustrates the predominant dependence structure of our
analyses.
Using nested Archimedean copulas, wemodel the prob-

abilities of yield losses of two different crops on a farm
simultaneously conditional on different severity levels of
drought, which are expressed through relative rainfall
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SCHMITT et al. 827

deviations at the municipality level (Equation 4):

𝐹𝑋, 𝑌|𝐶𝑅 (𝑥, 𝑦|𝐶𝑅 ≤ 𝑐𝑟) = 𝑃(𝑋 ≤ 𝑥, 𝑌 ≤ 𝑦 | 𝐶𝑅 ≤ 𝑐𝑟).

(4)
We pool the farm-level yield and corresponding cumula-

tive rainfall data into sub-samples based on the four main
production regions of Germany in order to account for
regional characteristics such as soil/climate conditions or
farm structures (see more details in Section 5).
We choose nested Archimedean copulas in our analy-

ses, because they represent a good compromise between
the complexity of analyzing trivariate dependence, but also
allow an understandable interpretation of our research
question, how drought modulates the dependence of yield
losses of different crops. Following Okhrin et al. (2017),
we implement here the estimation of nested Archimedean
copulas, assuming that all generators in different hierar-
chy levels belong to the same family. Although nested
Archimedean copulas do not allow for different depen-
dence families in each hierarchy level, they do allow
for different values of theta (from the same generator
family).6

4 EMPIRICAL IMPLEMENTATION

4.1 Goodness-of-fit testing

We implement a comprehensive goodness-of-fit testing to
decide which copula family best fits the underlying depen-
dence structure of our data. We start by estimating the
copula generators (Gumbel, Clayton, Frank, and Joe copu-
las) and the corresponding Akaike’s Information Criterion
(AIC) of all bivariate combinations (shown exemplarily for
the East German subsamples in Tables S7–S10).
We then take the bivariate copula with the lowest

AIC and strongest dependence (e.g., winter wheat and
winter barley yield deviation) and estimate the nested
trivariate copula(s) by adding the remaining variable
(cumulative rainfall deviation) to the previously selected
bivariate copula (see Tables S11–S14). Additionally, we esti-
mate the trivariate copula with one parameter (Tables
S11–S14: C(u1,u2,u3; θ)). The AIC of the nested trivariate
copula (two parameters) and the trivariate copula with
one parameter are compared. Finally, we implement an
additional “graphical goodness-of-fit analysis”.
Based on the selection process described above, the

nested Clayton copula is selected for the analysis.7 The

6 For dimensions higher than three, vine copulas may provide an alterna-
tive, as they allow for more complex structures with other families (see,
for example, Gaupp et al., 2017).
7 Note that while the Clayton copula can represent (increasing) depen-
dencies in the lower tail (suggesting increasing probabilities of joint crop

results of the Frank copula are shown in the supple-
mentary material for comparison (see Figures S10–S14),
which represents a symmetric and non-increasing tail
dependence.

4.2 Implementation of nested Clayton
copula

After the copula selection, we mathematically derive the
probabilities of simultaneous yield losses at farm level
based on Equation (5):

Clayton copula∶ 𝐶 (𝑢𝑋, 𝑢𝑌; θ) =
(
𝑢𝑋

−𝜃 + 𝑢𝑌
−𝜃 − 1

)−1

𝜃

(5)
where 𝑢𝑋 and 𝑢𝑌 are uniform in the interval [0,1]
and theta 𝜃 is the respective coefficient of the bivari-
ate Clayton copula (see Nelsen, 2006).8 The trivariate
extension of Equation (5) can be expressed in terms of a
nested structure for a stronger crop–crop dependence via
Equation (6):

𝐶 (𝑢𝑋, 𝑢𝑌, 𝑢𝐶𝑅; 𝜃12, 𝜃1)

= 𝐶𝑋,𝑌,𝐶𝑅
(
𝐶𝑋,𝑌 (𝑢𝑋, 𝑢𝑌; 𝜃12) , 𝑢𝐶𝑅; 𝜃1

)
=

⎛⎜⎜⎝
((

𝑢
−𝜃12
𝑋

+ 𝑢𝑌
−𝜃12 − 1

) −1

𝜃12

)−𝜃1

+ 𝑢𝐶𝑅
−𝜃1 − 1

⎞⎟⎟⎠
−1

𝜃1

(6)

where 𝜃12 is the parameter of the inner copula consid-
ering the pair with the strongest dependence and 𝜃1 is
the parameter of the outer copula that joins the third
margin.9
Subsequently, we calculate the probabilities of simulta-

neous yield losses conditional on different drought levels
using Equation (7) (obtained on the basis of Equations 4–6)
and estimate confidence intervals by repeated sampling
(10,000 times) of the fitted model with the number of
observations of each crop pair specific sample size (see

yield losses), the Frank copula captures symmetric dependencies in a
manner similar to theGaussian copula (suggesting equal dependencies of
negative and positive joint yield deviations of different crops). In contrast,
the Gumbel copula represents an increasing dependence in the upper tail
and no increasing dependence in the lower tail.
8 Each copula-specific coefficient theta θ has a different relation to the
Kendall’s tau correlation. For instance, the relationship for the Clayton
copula coefficient θ to Kendall’s tau correlation is τ = θ / (θ+2).
9 In the case of a stronger crop-rainfall dependence, Equation (6) is
modified by switching the position of 𝑢𝑌 and 𝑢𝐶𝑅 .
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828 SCHMITT et al.

Ribeiro et al., 2020).10

𝑃(𝑋 ≤ 𝑥, 𝑌 ≤ 𝑦 | 𝐶𝑅 ≤ 𝑐𝑟) =
𝑃 (𝑋 ≤ 𝑥 ∩ 𝑌 ≤ 𝑦 ∩ 𝐶𝑅 ≤ 𝑐𝑟)

𝑃 (𝐶𝑅 ≤ 𝑐𝑟)

=
((
(
𝑢𝑋

−𝜃12 + 𝑢𝑌
−𝜃12 − 1

) −1

𝜃12 )

−𝜃1

+ 𝑢𝐶𝑅
−𝜃1 − 1)

−1

𝜃1

𝑐𝑢𝑚𝑢𝑙𝑎𝑡𝑖𝑣𝑒 𝑟𝑎𝑖𝑛𝑓𝑎𝑙𝑙 𝑝𝑒𝑟𝑐𝑒𝑛𝑡𝑖𝑙𝑒 (𝑠)
(7)

4.3 Robustness checks

We perform six robustness checks. First, we compare the
results of the Clayton copula estimates with the Gaussian
and Student-t copulas, which represent the family of ellip-
tical copulas. Second, we use different time windows for
the definition of the drought variable (see Section 5 for
more details). This allows us to see whether the results
are stable across different periods of drought. Third, we
exclude farms that have irrigation in order to eliminate any
influence of irrigation on our results. Fourth, we aggre-
gate the four production regions to the national sample.
This shows how the results presented here are affected by
a spatial extension of the analyses. Fifth, we implement
a temporal subdivision of the German-wide samples into
the timeframes 1995–2006 and 2007–2019 to analyze
whether the dependence structures have changed consid-
erably over time. Sixth, we exclude winter wheat to inves-
tigate the diversification effect of other crop combinations.
Our analyses were conducted in SAS and R and the code

is available in the supplementary material (R Core Team,
2022).11

5 DATA AND CASE STUDY

Our yield data come from the German Farm Accountancy
Data Network (see e.g., BMEL, 2020).12 We use farm level

10 Uncertainties are derived by counting exceedances of thresholds based
on repeated sampling (10,000 times) of the fitted model with sample size
N equal to the number of crop-pair specific observations. From these
samples (10,000 × N), we calculate standard deviations at each drought
level. Using the crop-pair specific sample sizes’ number of observations
emphasizes that the uncertainties are also influenced by the sample size
number.
11 For the bivariate and trivariate copula modeling, we use the R pack-
ages “copula” (Kojadinovic & Yan, 2010), “VineCopula” (Nagler et al.,
2020), and “HAC” (Okhrin &Ristig, 2014). The “HAC” package usesMax-
imum Likelihood to estimate the copula coefficients and determines the
structure of the nested Archimedean copulas.
12 The German FarmAccountancy Data Network contributes to the Farm
Accountancy Data Network of the European Union. The data of the Ger-
man Farm Accountancy Data Network are available according to the
regulations of the German Ministry of Food and Agriculture (see section
10 of Supplementary Material).

crop yields for the years 1995–2019 for winter wheat, winter
barley, winter rapeseed, sugar beet, and grain maize. A key
feature of our data is that we know the location of the farm,
which allows for matching with local weather informa-
tion.13 Through coherent and consistent data collection,
the German Farm Accountancy Data Network ensures
that we can compare yields across farms, crops, and years.
These crops were chosen because they are the most impor-
tant cash crops inGerman agriculture and covermore than
50% of the total arable farm land (Statistisches Bundesamt,
2022).14
As a prerequisite, we only consider farms with at least

11 observations for each crop in the period considered in
order to obtain meaningful yield averages at farm level.15
Furthermore, we apply the analyses “only” to farms that
were under conventional (non-organic) management
during the observation period in order to achieve a high
homogeneity of expected yields and yield trends across
farms within a production region.16 We use the outlier
robust M-estimator to linearly detrend the historical yield
data to account for technological progress (see Figure
S1.1 and S1.2; Bucheli et al., 2021; Finger, 2013). In total,
we analyze 249,756 pairs of crop yields at the farm level.
We pool the farm-level data and corresponding cumulative
rainfall information into regional subsamples that have
similar soil/climate conditions and production systems in
terms of farm structures such as plot size. To do this, we
implement a spatial subdivision based on the four main
production regionsNorth, East,West, and South as defined
by the Julius Kuehn Institute, which takes into account
the soil-climate regions of Germany and expert knowledge
for the regional aggregation (JKI, 2009) (see Figure A1).
We further define crop failure as ≤−20% deviation from
the long-term average yield at farm level, which is also
the threshold for yield failure used for public support
programs in the EU (European Union, 2021). To illustrate

13We note that the dataset does not contain information on the spatial
structure of crop cultivation within a farm. Therefore, we cannot account
for a spatial influence on the effectiveness of diversification. More specif-
ically, the portfolio effect could be different depending on the spatial
structure of crop cultivation, if the cultivation of crop A on plot X affects
the drought susceptibility of crop B on neighboring plot Y, or if crop A
and crop B are cultivated together on plot Z.
14 The comprehensive Farm Accountancy Data Network has some lim-
itations that are relevant to the analyses presented here. For example,
irrigation at farm level is expressed as the total area irrigated per year
and cannot be allocated to a specific crop. However, as <5% of the uti-
lized agricultural area in Germany was irrigated in the past, irrigation is
of rather minor importance.
15We consider the annual farm observations only if both crops are grown
in a given year.
16 The average observations at farm level in Germany for the crop pairs
are: winter wheat & winter barley n = 18.5, winter wheat & winter barley
n = 17.8, winter wheat & sugar beet n = 18.4 and winter wheat & grain
maize n = 16.8.

 15740862, 2024, 5, D
ow

nloaded from
 https://onlinelibrary.w

iley.com
/doi/10.1111/agec.12851 by N

IC
E

, N
ational Institute for H

ealth and C
are E

xcellence, W
iley O

nline L
ibrary on [30/09/2025]. See the T

erm
s and C

onditions (https://onlinelibrary.w
iley.com

/term
s-and-conditions) on W

iley O
nline L

ibrary for rules of use; O
A

 articles are governed by the applicable C
reative C

om
m

ons L
icense



SCHMITT et al. 829

TABLE 1 Summary statistics of the relative detrended yield deviations at farm level and relative cumulative rainfall deviations at
municipality level.

Observations SD (%) Min (%) 1st Quantile (%) 3rd Quantile (%) Max (%)
Winter wheat yield 17.6 −100 −9.4 9.3 186.3
Winter barley yield 81,049 19.8 −100 −10.2 10.4 172.2
Cumulative rainfall April
1st to June 30th

25.0 −56.9 −17.6 13.4 147.8

Winter wheat yield 17.7 −98.8 −9.7 9.9 185.1
Winter rapeseed yield 51,411 24.8 −100 −14.4 15.5 169.3
Cumulative rainfall April
1st to June 30th

26.0 −55.6 −18.3 13.3 145.3

Winter wheat yield 17.4 −100 −9.7 9.7 120.6
Sugar beet yield 35,331 22.5 −100 −12.3 13.2 176.3
Cumulative rainfall April
1st to June 30th

25.4 −55.2 −17.4 12.3 145.3

Winter wheat yield 18.0 −91.3 −9.5 9.2 121.6
Grain maize yield 9,467 25.3 −100 −12.3 14.3 167.4
Cumulative rainfall April
1st to June 30th

23.9 −54.3 −16.8 13.1 139.0

Note: (1) The means of all variable are equal to zero. (2) The summary statistics of the varying time-windows of cumulative rainfall for the robustness checks are
presented in Table S2 and the summary statistics of the initial data (in absolute terms; before detrending) are illustrated in Tables S3–S6.

the diversification effect in themain text, we consider crop
pairs of winter wheat with another crop (winter barley,
winter rapeseed, sugar beet, and grain maize), as winter
wheat is the most important cash crop in Germany. The
results of the remaining crop pairs (e.g., winter barley +
winter rapeseed; sugar beet + grain maize) are presented
in the supplementary material as part of the robustness
checks.
We use weather data on daily precipitation provided

by the German Weather Service (DWD) as 1 × 1 km grid,
which we aggregate to the municipality level (DWD,
2021). The information on the municipality of each farm
allows us to match the farm yield data with the rainfall
information. We proxy drought shocks by cumulative
rainfall during a predefined period critical for crop yields
and derive the percentage deviation from the long-term
municipality mean (see Figure S2, Table 1 and Tables
S2–S6). Specifically, we set a common timeframe for
the drought variable for all crops, as we need a “com-
mon denominator” across all crops to operationalize
the weather variable for the copula estimation and the
subsequent comparison of the crop-pair specific results.
As all crops analyzed have important phenological growth
phases from 1st of April to 30th of June, we focus on
these three months in the main specification. We express
different severity levels of drought by the 2nd, 5th, 10th,

and 20th percentiles of the percentage deviation of cumu-
lative rainfall from the respective long-term municipality
mean. This allows us to estimate the situation of an
extreme drought (2nd percentile—one in 50 years event),
severe drought (5th percentile—one in 20 years event),
strong drought (10th percentile—one in 10 years event),
and moderate drought (20th percentile—one in 5 years
event).17

6 RESULTS

The results are presented in five parts. First, we examine
descriptively the bivariate relationship between farm-level
crop yield deviations and cumulative rainfall deviations.
Second, we present the copula results on the probabili-
ties of simultaneous yield losses. Third, we analyze how
the probabilities of simultaneous yield losses change under
different drought conditions. Fourth, we compare the
results across regional subsamples. Fifth, we present the
results of robustness checks, including the comparison
with elliptical copulas.

17 In the robustness checks, we varied the time window for cumulative
rainfall to the time windows “1st of March–30th of June” and “1st of
March–31st of July”.
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830 SCHMITT et al.

F IGURE 1 Simultaneous deviations of detrended yields of winter wheat, winter barley, winter rapeseed, sugar beet and grain maize (in
%) between 1995 and 2019, expressed as the deviation from the detrended average yield at farm level (with ten bins).

Note: (1) The observations of the years 2003 and 2018 are highlighted as examples. (2) Figure 1 only includes farms with at least 11 yield observations of the
respective crop in each analyzed combination (sample of the whole of Germany).

6.1 Pairwise relation of crop yields and
cumulative rainfall

The descriptive data analyses start with observations of
yield deviations from the long-term mean at farm level
(Figure 1: crop–crop) and cumulative rainfall deviations
(Figure 2: crop–cumulative rainfall), which are also the
basis for our copula analyses.18 In addition, we highlight
the observations from the years 2003 and 2018, when Ger-
many experienced severe droughts that even led to disaster
payments from the government (BMEL, 2018).19 Highlight-
ing these 2 years gives an indication of how farm-level yield

18 Further descriptive statistics of the (initial) yield data and cumulative
rainfall are illustrated in Figures S1.1, S1.2, S2, in Table 1 and in Tables
S2–S6.
19 See FigureA2 for the spatial distribution of drought inGermany in 2003
and 2018.

deviations of different crops are correlated to each other in
a drought year.
In Figure 1, the correlation of negative yield deviations

between winter wheat and winter barley is particularly
strong (upper left plot), whereas the correlation of negative
yield deviations between winter wheat and grain maize
is comparatively lower (lower right plot). We can also see
that in about 70% of the observation pairs (area within the
inner 7 bins) the negative yield deviation from the long-
term farm level yield mean of at least one of two analyzed
crops does not fall below −20% in a harvest season. How-
ever, many farms experienced that the yield deviations of
both crops considered simultaneously fell below −20% in
years such as 2003 (yellow dots) and 2018 (orange dots), as
illustrated by the accumulation of orange and yellow dots
in the bottom left-hand corner of all four plots.
Figure 2 shows the simultaneous anomalies of

detrended crop yields at farm level and the corresponding
cumulative rainfall. In the year 2003, negative deviations
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SCHMITT et al. 831

F IGURE 2 Deviations of detrended yields and of cumulative rainfall during the period April 1st to June 30th between 1995 and 2019 (with
10 bins).

Note: (1) The observations of the years 2003 and 2018 are highlighted as examples. (2) Figure 2 only includes farms with at least 11 yield observations of the
respective crops in each analyzed combination (sample of the whole of Germany).
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832 SCHMITT et al.

of yields and of cumulative rainfall are highly correlated
for winter wheat, winter barley, and grain maize. In 2018,
however, negative deviations of cumulative rainfall were
not as strong as negative deviations of yields. This suggests
that there are additional determinants influencing the
occurrence of large yield losses under drought (e.g., addi-
tional weather anomalies, pests, and diseases) that are
beyond the scope of the present study (e.g., Iglesias et al.,
2012; Ribeiro et al., 2020; Haqiqi et al., 2021). Furthermore,
Figure 2 shows that many farms experienced quite similar
relative rainfall deficits, but significantly different levels
of yield losses, as indicated by the horizontal structure of
the points (particularly strong in the case of sugar beet for
the year 2018). An important determinant of this structure
may be the different soil/climate conditions in the four
main production regions of German agriculture, which
underlines the importance of regionally differentiated
analyses. More specifically, farms across Germany appear
to have different exposure to drought risk. This may be
due to different precipitation patterns (see Figure A2) and
to different water storage capacities of soils in the different
German regions.
As summary statistics of Figures 1 and 2, we provide the

relative deviations of farm-level yields and relative devia-
tions of cumulative rainfall for the period April 1st to June
30th in Table 1.

6.2 Probabilities of concurrent yield
losses

The contour plots in Figure 3 illustrate the bivariate Clay-
ton copula joint distributions of farm level yield deviations
in the East German sub-sample. The stronger the asymme-
try of the bivariate relationship, the higher is the Clayton
dependence. We observe that simultaneous yield devia-
tions in the case of winter wheat & winter barley are
concentrated in the lower left corner, suggesting greater
probabilities of joint lower extremes (simultaneous crop
yield losses). In contrast, the correlation between winter
wheat and winter barley is less strong in the “gain” region,
that is, for above-average yields. Compared towinterwheat
& winter barley, the contour plots of the crop pairs winter
wheat & sugar beet and winter wheat & grainmaize do not
show such pronounced negative tails.
The probability of simultaneous yield losses (exceeding

a given threshold) can be calculated using the estimated
copula parameters (see Equation 5). For example, to esti-
mate the probability that winter wheat and winter barley
simultaneously experience≤−20% yield losses for the East
German sub-sample (see Figure 3, upper left plot), we
translate the threshold value into the percentile of the
respective empirical cumulative distribution function. In
the case of winter wheat, the −20% corresponds to .1306

and in the case of winter barley, the −20% corresponds
to .1635. The two derived percentile values and the bivari-
ate Clayton copula coefficient (see Figure 3 upper left plot)
can now be inserted into Equation (8):

(.1306
−.71

+ .1635
−.71

− 1)
(
−1

.71
)
= .066 (8)

Thus, the estimated probability of simultaneous yield
losses of ≤−20% for winter wheat and winter barley in
East Germany, based on the bivariate Clayton copula, is
6.6%. This means that the farm-level risk of a yield loss
of ≤−20% is crop-individually equal to 13.1% for winter
wheat and equal to 16.4% for winter barley, but the risk of
a farm experiencing such a loss at the same time is only
6.6%. In comparison, the estimated probability of simul-
taneous yield losses of ≤−20% for winter wheat + winter
rapeseed is 5.9%, the estimated probability of simultaneous
yield losses of≤−20% for winter wheat+ sugar beet is 4.5%
and for winter wheat + grain maize is 4.3%.20

6.3 Probabilities of concurrent yield
losses conditional on drought

Beyond the descriptive analyses and the bivariate Clayton
copula dependence, we now present the estimated copula
coefficients for the trivariate relationship by additionally
considering the role of drought on simultaneous yield devi-
ations of two crops. For the demonstration of the different
copula procedures,we focus on the sub-sample of EastGer-
many, as this region has been particularly vulnerable to
drought in the past (see e.g., Webber et al., 2020; Schmitt
et al., 2022).
Figure 4 shows the nested Clayton copula tree struc-

ture and the estimated theta coefficients (θ). In the case
of winter wheat & winter barley and winter wheat &
winter rapeseed, we observe that the crop-crop pairs
show stronger dependence than the crop-rainfall pairs
(Figure 4: upper left and upper right plots). For exam-
ple, the strongest dependence structure applies to the crop
pair of winter wheat & winter barley (θ = .71). Further-
more, the coefficients for estimating the nested trivariate
copula, which takes into account the additional influence
of drought on the probability of simultaneous crop yield
losses, are θ = .32 for winter wheat & winter barley and
θ = .31 for winter wheat & winter rapeseed.
For the crop pairs winter wheat & sugar beet and win-

ter wheat & grain maize a different dependence structure
is observed. More specifically, in both cases, winter wheat
yield deviations have a stronger dependence on the rain-

20 The regional percentiles expressing the −20% yield deviations for each
crop are shown in Table A1.
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SCHMITT et al. 833

F IGURE 3 Sub-sample of Eastern Germany—contour plots of estimated bivariate Clayton copulas for exemplary crop pairs illustrating
the dependence structure between the analyzed cash crop yield deviations.

Note: Yield deviations corresponding to −20% are highlighted as blue lines.

fall deviation (θ= .32 in lower left plot and θ= .37 in lower
right plot) than on the other crop. The additional coeffi-
cients considering the dependence with the second crop
are slightly lower with θ= .26 in the case of sugar beet and
θ = .2 in the case of grain maize.21
In the following, we calculate the joint probability of

simultaneous yield losses conditional on different levels of
drought in the East German sub-sample by combining it
with the cumulative rainfall deviations (and Figure 4) and
illustrate the probabilities in Figure 5 (red lines). For the
case of moderate drought (one in 5 years event – 20th per-
centile) and the crop pair winter wheat &winter barley, we

21 Combining the Clayton copula parameters of Figure 4 (and
Figures A3–A6 for the remaining regional sub-samples and the samples
for the whole of Germany) and the regional- and crop-specific percentiles
of the −20% yield deviations in Table A1, it is possible to reproduce all
the main Clayton copula results of this article by following the working
steps of Equations (5)–(7) (for the strongest bivariate dependence of
crop-crop) or Equations (A1)–(A4) in the Appendix (for the strongest
bivariate dependence of crop-rainfall).

use Equations (7) and (8) to obtain Equation (9):(
.066

−.32
+ .2

−.32
− 1

)(
−1

.32

)
.2

= .152 (9)

Thus, for a moderate drought (one in 5 years event)
in eastern Germany, the probability of simultaneous yield
losses for winter wheat and winter barley is about 15.2%.
In the case of a severe drought (one in 20 years event – 5th
percentile), the probability increases to about 26.4% based
on the calculation in Equation (10):

(
.066

−.32
+ .05

−.32
− 1

)(
−1

.32

)
.05

= .264 (10)

In the same way, we can calculate the probabilities of
simultaneous yield losses for the crop pair winter wheat &
winter rapeseed. For instance, during a moderate drought
(one in 5 years event), the probability of simultaneous yield
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834 SCHMITT et al.

F IGURE 4 Sub-sample of East Germany—structure of nested Clayton copulas to model the probabilities of simultaneous crop yield
losses at the farm level, conditional on cumulative rainfall deviations.

Note: (1) WW, winter wheat yield deviation; WB, winter barley yield deviation; WR, winter rapeseed yield deviation; SB, sugar beet yield deviation; GM, grain
maize yield deviation; CR, cumulative rainfall deviation.

losses for winter wheat and winter rapeseed is 13.7%, rising
to 24.1% during a severe drought.
Under moderate drought conditions, 10.4% of the farms

observe simultaneous yield losses of winter wheat and
sugar beet, and this value changes to 19.1% under severe
drought conditions. Finally, if we compare the situation
undermoderate and severe drought conditions for the crop
pair winter wheat + grain maize, we observe an increase
from 11.3% to 20.3%.22
The uncertainties associated with the statistical mod-

eling are quantified by the corresponding confidence
intervals for the probabilities estimated above, generated
by repeated sampling (10,000 times) of the fitted model
with sample sizes equal to the number of observations.
In Figure 5, we observe that the confidence intervals
around the red lines become larger in the left part of each
plot, reflecting the higher uncertainty due to the decreas-
ing number of observations in the tails. As a graphical

22 Considering the stronger dependence of winter wheat on the cumula-
tive rainfall deviation in the case of the crop pairs winter wheat & sugar
beet and winter wheat & grain maize in the sub-sample of East Ger-
many, the calculations follow in principle the same steps (see Appendix,
Equations A1–A4).

robustness check, we plot the probabilities based on the
observations obtained by counting exceedances (Figure 5,
green line).We observe thatmost of the probabilities based
on the observations for the sub-sample of East Germany
(green lines) are within the 99% confidence intervals of
the Clayton copula estimates. Furthermore, we illustrate
the probability by counting the exceedances of single crop
yield losses of ≤−20% for winter wheat (blue lines) and
the second crop of each plot (purple line: winter barley,
winter rapeseed, sugar beet or grain maize) conditional
on different drought severities. For the sub-sample of
eastern Germany, we observe for all crop pairs that the
gaps between the probabilities of single crop yield failures
(blue and purple lines) and the (estimated) probabilities
of simultaneous failures of two crops (red and green lines)
become smaller as drought events become more severe.

6.4 Regional comparison of drought
susceptibility

Figure 6 illustrates the results for the spatial sub-sample
of West Germany. In the case of winter wheat and win-
ter barley, the probability of simultaneous yield losses
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SCHMITT et al. 835

F IGURE 5 Sub-sample of Eastern Germany—probabilities of simultaneous yield losses under different drought levels based on the
nested Clayton copula estimates compared to the (single crop) observations.

Note: (1) Absolute numbers of observations are presented in Tables S15–S18. (2) The 99% confidence intervals are derived from repeated sampling (10,000 times)
of the fitted model with sample sizes equal to the number of observations.

under moderate drought conditions is 3.6% based on the
nested Clayton copula estimation, and this value does
not increase under severe drought conditions. We also
observe no increase in probability for the crop pairs winter
wheat & sugar beet (1.6%) and winter wheat & grain maize
(2.8%). Only in the case of winter wheat & winter rapeseed
does the probability of simultaneous yield losses increase
slightly from 4.1% during moderate drought to 5.3% during
severe drought. Furthermore, the difference between the
probabilities of single-crop andmulti-crop yield losses does
not decrease significantly with the severity of the drought
in western Germany.
The results of the Clayton copula estimation of the spa-

tial sub-sample of Northern Germany (Figure A7) show
quite similar results as in the case of Western Germany,
as we do not observe a considerable increase in the risk
of simultaneous yield losses when drought events become
more severe. However, the overall level of risk in north-
ern Germany is slightly higher than in western Germany.

For example, in the case of a severe drought, the estimated
risk of simultaneous yield losses of winter wheat & winter
barley is 6.9% and the risk of simultaneous yield losses of
winter wheat & sugar beet is 3.8%.
In southern Germany (Figure A8), there is a consider-

able increase in the estimated probabilities of simultane-
ous yield losses for the crop pairs winter wheat & winter
barley (moderate drought: 9.4%; severe drought: 15.4%) and
winter wheat &winter rapeseed (moderate drought: 10.2%;
severe drought: 19.4%). There are also slight increases in
the estimated probabilities of simultaneous yield losses
for the combination of winter wheat & sugar beet
(moderate drought: 5.3%; severe drought: 8.8%) and win-
ter wheat & grain maize (moderate drought: 4.0%; severe
drought: 5.2%).
In summary, the risk of simultaneous yield losses at farm

level is significantly influenced by regional growing condi-
tions and by the severity of the drought event. This is in
line with the results of other studies such as Webber et al.
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836 SCHMITT et al.

F IGURE 6 Sub-sample of Western Germany—probabilities of simultaneous yield losses under different drought levels based on the
nested Clayton copula estimates compared to the (single crop) observations.

Note: (1) Absolute numbers of observations are presented in Tables S19–S22. (2) The 99% confidence intervals are derived from repeated sampling (10,000 times)
of the fitted model with sample sizes equal to the number of observations.

(2020) and Beillouin et al. (2020), which illustrated simul-
taneous yield losses of different crops at higher spatial
scales.

6.5 Results from robustness checks

We also conducted six robustness checks and present the
main results here. First, we graphically compared the
results of the nested Clayton copulas with the results of the
Gaussian and Student-t copulas, both of which represent
elliptical copulas, and the Frank copula. As an example,
Figure 7 illustrates the comparison of the nested Clayton
copula and Student-t copula for East Germany.We observe
that the Student-t copula is characterized by a lower tail
dependence than the nested Clayton copula. This can also
be observed for the estimates of the remaining sub-regions
(see Figures S3–S5). Furthermore, the estimates of the

Gaussian and Frank copulas suggest even less tail depen-
dence than the Student-t copula (see Figures S6–S9 and
S11–S14).
Second, we varied the time window for cumulative rain-

fall to “1st of March–30th of June” and “1st of March–31st of
July” (see Tables S31 and S32). Changing the time window
for cumulative rainfall only slightly alters the results of the
Clayton copula coefficients. Third, we carried out the cop-
ula estimations only with rainfed farms (by excluding the
farms with irrigation), which does not change the results
of our analyses. Fourth, we implemented the estimations
also for the German-wide sample and could observe an
increase in probabilities of simultaneous yield losses for
all crop pairs and especially for those with similar daily
water demand and overlapping phenological phases such
as winter wheat and winter barley (Figure S10). However,
we have to be aware that these effects for the German-wide
sample are mainly driven by farm observations from east-
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SCHMITT et al. 837

F IGURE 7 Sub-sample of Eastern Germany—probabilities of simultaneous yield losses under different drought levels based on the
nested Clayton copula estimates, the observations and the Student-t copula estimates (P(X ≤ x,Y ≤ y | CR ≤ cr)).

Note: (1) The absolute numbers of observations are presented in Tables S15–S18. (2) The 99% confidence intervals are derived from repeated sampling (10,000
times) of the fitted model with sample sizes equal to the number of observations.

ern and southern Germany. Fifth, the temporal splitting of
the samples for whole Germany shows some differences in
the dependence structure of yield losses and drought over
time (see Table S33). These changes are more pronounced
for the crop pairs of winter wheat & sugar beet and winter
wheat & grain maize, which show a weaker dependence
in the recent past. Sixth, the exemplary results of other
crop pairs without winter wheat in Figure S15 support our
findings that crops with temporally similar/overlapping
growing phases throughout the year (e.g., sugar beet &
grainmaize) show stronger correlations of yield losses than
crop pairs that temporally differ in their important growing
phases.

7 DISCUSSION

In our analyses, we compared the dependence struc-
ture of simultaneous crop yield losses and changes at

the farm level under different levels of drought sever-
ity across the main agricultural production regions in
Germany, defined on the basis of similar growing con-
ditions and farm structure. We estimated the probability
and confidence intervals of simultaneous yield losses on
farms in the predefined production regions, which illus-
trate a range of simultaneous-yield-loss-risk considering
the natural heterogeneity of farms.
As described in Section 2, crop diversification can have

a direct impact on the production risk of individual crops,
for example by controlling pest populations and/or pest
damage. These effects are particularly evident in crop rota-
tion (temporal diversification) and intercropping (in-field
diversification), which cannot be analyzed with the avail-
able data. It is important to bear inmind that the estimated
diversification effects of our analyses reflect the observed
crop diversification at farm level (i.e., crop shares) andmay
therefore underestimate the effect of increasing diversi-
fication. With respect to our case study, we consider the
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838 SCHMITT et al.

quantitative impact of these effects to be small (especially
with respect to our focus on yield risk under drought),
as on-farm crop diversification is the norm in Germany
(see e.g., Jänicke et al., 2022; Thuenen Earth Observa-
tion, 2023), not only to control pests (e.g., sugar beet
is only grown once during a 3-year crop rotation on a
field), but also to meet the respective policy requirements
on crop rotation and/or crop shares in order to receive
subsidies.
We show that the effectiveness of crop diversification as

a risk management instrument against (different severi-
ties of) drought depends on the crop-pair. Choosing crops
that differ (significantly) in their daily water require-
ments and phenological phases throughout the year, such
as winter wheat and grain maize, can effectively reduce
the probability of large simultaneous yield losses on a
farm compared to choosing crops with more similar daily
water requirements throughout the year, such as winter
wheat and winter barley. Thus, the portfolio effect works
at farm level in many cases, but the effectiveness varies
between crop pairs due to different correlations of their
yield deviations. Therefore, the commonly used indices,
which only take into account the absolute number of dif-
ferent crops and not the crop asynchrony, such as the
Shannon or Margalef indices, are not sufficient to illus-
trate that the effectiveness of crop diversification depends
on the crop composition. Moreover, these indices cannot
analyze the effectiveness of crop diversification when a
risk factor such as drought varies in its severity. How-
ever, this information is very important for farmers in
order to decide whether complementary risk management
measures such as drought insurance are needed on their
farms.
In addition, we demonstrate that the risk-reducing

potential of crop diversification varies greatly by region.
For example, in western and northern Germany, on-farm
yield losses of different crops are less correlated and the
probabilities of simultaneous yield losses do not increase
considerably under severe drought conditions. In contrast,
in the East and South of Germany we observe stronger
correlations between yield losses of different crops and
an increasing risk of simultaneous yield losses under
severe drought levels. One explanation for the regional
differences could be the variation in soil quality and soil
composition across Germany, which affects the water-
holding capacity of the soil (e.g., Bormann & Klaasen,
2008). For example, rainfall tends to infiltratemore quickly
in the sandy soils of eastern and part of southern Ger-
many than in other regions due to the lower soil water
holding capacity of sandy soils (Morgan et al., 2001),
which could lead to a stronger effect of variations in
cumulative rainfall on simultaneous yield losses between

crop pairs. Furthermore, it is important to stress that
the percentage deviations in cumulative rainfall take into
account the different mean cumulative rainfall values
across municipalities in Germany (see Figure A2). There-
fore, the percentiles of deviations of cumulative rainfall in
East Germany (Figure 5) represent lower absolute rainfall
levels compared to, for instance, West Germany (Figure 6).
Thus, the 20th percentile of deviations in cumulative rain-
fall in the eastern sub-sample could already lead to a
critical water supply for the analyzed cash crops com-
pared to the 20th percentile in the western sub-sample.
However, this aspect does not change the implications
for agricultural stakeholders that crop diversification is
less effective as a risk management instrument against
severe droughts in eastern Germany compared to western
Germany.
In addition to assessing the effectiveness of diversifi-

cation as a risk management instrument across regions,
our results highlight the great potential of copula model-
ing in agricultural (weather) risk modeling. For instance,
copulas can be a useful complement to “traditional” bio-
economic modeling approaches (e.g., Reidsma et al., 2010;
Ewert et al., 2015) when research is more interested in
weather extremes. Furthermore, copulas can be used as
an additional tool for climate change analyses to model
the impact of extreme weather events on crop yields (see,
e.g., Gaupp et al., 2019, Hasegawa et al., 2021). Copulas
allow us to extend these models by additionally mod-
eling more extreme variability of weather, rather than
just adding/subtracting a certain amount of, for instance,
temperature or precipitation. This is important because cli-
mate change consists not only of an “average” change in
weather, but also of a change in frequency and severity
(see e.g., Trnka et al., 2014; Grillakis, 2019). As the anal-
yses presented here are applied to a dataset that already
includes “extreme weather shocks”, such as the droughts
of 2003 and 2018 (see Figure S2), and presumably adap-
tation measures on the farms to these “extreme weather
shocks,” the modeling presented here of, for example,
1-in-50-years events provides helpful indications of the
resilience of crop farming in the future. However, our
dataset is too short to determine what proportion of these
“extreme weather shocks” is due to climate change and
what proportion is due to normalweather anomalies in the
past.
Furthermore, we provide interesting methodological

insights regarding the goodness-of-fit procedure of copu-
las. In our analyses, we choose two goodness-of-fit tests.
First, we consider the AIC. Second, we graphically com-
pare the estimated probabilities of nested Clayton copulas
with Student-t copulas (see Figure 7 and Figures S3–S5),
Gaussian copulas (see Figures S6–S9) and nested Frank
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copulas (see Figures S10–S14) and the probabilities of the
underlying data in the lower tail.23 The graphical compar-
ison allows us to illustrate the distance between estimated
and observed probabilities and the corresponding uncer-
tainties of the estimates associated with limited sample
sizes in the (extreme) tails. We show that the graphical
goodness-of-fit test can be an important addition, since the
AIC refers to the full range of data, from the most negative
to the most positive. However, in our study we are “only”
interested in the best fit for the lower tail. For instance,
if we had only considered the AIC, the Gaussian copula
or the nested Frank copula would have been the better fit
for the crop pair winter wheat + winter barley in eastern
Germany (see Table S11), which is misleading as shown in
Figures S6 and S11.
Moreover, we show that the estimation of tail depen-

dencies by Clayton copulas has an additional value, since
uncertainties associated with limited observations, which
is often the case when analyzing extreme values, can be
robustly quantified and illustrated by confidence inter-
vals. In our case, a limitation of the yield data is that
the German Farm Accountancy Data Network only con-
siders the area actually harvested for each crop. Thus,
yield losses in extreme drought years may be underesti-
mated because farmers may decide that it is not worth
harvesting the most affected field(s) (Cui, 2020) and/or
replant a field of a winter crop with a summer crop. This
could explain why the probability of observed simultane-
ous yield losses is lower for extreme droughts than for
severe droughts for some crop pairs (see e.g., Figures A7
and A8), while the estimated parametric Clayton cop-
ula more realistically imposes strictly increasing tail
dependencies.

8 CONCLUSION

In this article, we provide and apply a new approach for
the probabilistic assessment of simultaneous yield losses
of different cash crops at farm level under drought stress
exposure by usingmultivariate copulas. Using a case study
of German crop production, we find considerable differ-
ences in the probabilities of simultaneous yield losses
between crop pairs. Furthermore, we show that more
severe drought conditions can increase the probability

23 It should be noted that there is still a huge range of copula specifications
that we have not yet tested for goodness-of-fit and we cannot exclude the
possibility that there is a copula specification with a better fit available for
our case.

of simultaneous yield failures at the farm level. How-
ever, these probabilities are strongly influenced by regional
environmental (e.g., soil-climate) conditions, which both
lead to considerable differences in the probabilities of
simultaneous yield failures and in how/if more severe
drought levels increase the probabilities of simultaneous
yield failures. Therefore, the risk-reducing effectiveness
of crop diversification in coping with drought events
(of different severity levels) is highly dependent on crop
choice and regional soil-climate conditions.
As a result, farmers can more effectively mitigate risk

through diversification by growing crops that differ (as
much as possible) in their phenological needs and water
requirements throughout the year.However, farmersmake
these decisions in the context of natural and economic
constraints such as harvesting peeks, machinery and
knowledge requirements, phytosanitary concerns, or the
availability of a sugar factory (see, e.g., Bradshaw et al.,
2004; Revoyron et al., 2022; Roesch-McNally et al., 2018).
Therefore, (additional) crop diversification is mostly asso-
ciated with costs (Vroege & Finger, 2020), which need to
be taken into account in potential diversification require-
ments of agricultural policies. Furthermore, since crop
diversification as a traditional on-farm risk management
instrument is not effective on many farms when drought
becomes severe, off-farm risk management measures such
as insurance should be considered as a complementary
strategy.
Our analysis also has important policy implications. For

example, policy makers should use our results to create a
framework inwhich farmers are empowered to implement
crop diversification in the most effective way to reduce
their risk. For instance, policymakers could encourage and
(financially) reward the diversification of crops with more
diverse phenological requirements and different water
needs throughout the year,whichhas the potential tomake
agricultural systems more resilient to weather extremes.
So far, the current rationale for crop diversification in the
European Union’s agricultural policy is mainly related to
biodiversity. However, our results underline that it also
has significant implications for risk management at farm
level. Therefore, there is a great opportunity to consider
diversification simultaneously from a biodiversity and risk
management perspective in order to exploit synergies.
For example, linking public support for risk management
(e.g., insurance subsidies) and disaster payments to crop
diversification requirements could increase the resilience
of cropping systems, improve biodiversity, and increase
the cost-effectiveness of public support. In addition, pol-
icy makers could encourage the expansion of “traditional
crop portfolios” on farms by valuing the cultivation of
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“non-traditional” crops, which could unfoldmore effective
diversification combinations of new crop pairs.
Further research should also investigate the effect of

crop diversification by considering the asynchrony of dif-
ferent crops (see, e.g., Egli et al., 2020). Furthermore,
exploring the potential of copulas to combine (farm-level)
yield variability with climate change models could have
important implications for climate change adaptation.
This could be of particular interest formodeling of weather
extremes under climate change, and could provide infor-
mation on the conditional probabilities of (simultaneous)
yield failures under different levels of (simulated) future
weather extremes. In addition, further research could
investigate how/if the portfolio effect of crop diversifi-
cation could be used in agricultural weather insurance
products. Finally, further research should apply copulas
to other extreme weather events, such as heat or water-
logging, and other yield risks, such as pest or disease
pressure. These analyses should also be carried out with
plot-level yield data to investigate local effects such as land-
scape structure on the risk of simultaneous yield losses of
different crops.
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APPENDIX

Sub-sample of East Germany: Exemplary calculation of
theClayton probability of simultaneous yield losses ofwin-
ter wheat and sugar beet in the case ofmoderate and severe
drought:

(
.1269

−.32
+ .2

−.32
− 1

)(
−1

.32

)
= .05 (A1)

(
.05

−.26
+ .1816

−.26
− 1

)(
−1

.26

)
.2

= .104 (A2)

(
.1269

−.32
+ .05

−.32
− 1

)(
−1

.32

)
= .0192 (A3)

(
.0192

−.26
+ .1816

−.26
− 1

)(
−1

.26

)
.05

= .191 (A4)

F IGURE A1 Classification of main arable production regions
in Germany.

Note: The colors represent the main agricultural production regions across
Germany (based on JKI, 2009). The subdivision of these main agricultural
productions regions is based on similar soil-climate-conditions and farm
structures.
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F IGURE A2 Spatial distribution of annual cumulative rainfall during from 1st of April to 30th of June in 2003, 2018 and mean of the
whole observation period 1995–2019.

TABLE A1 Percentiles corresponding to −20% yield loss of each crop across the different regional sub-samples.

Crop-pair −20% yield loss South East West North
Whole
Germany

Winter wheat (uX)
winter barley (uY)

Percentile of uX
Percentile of uY

.0989

.1163
.1306
.1635

.0881

.1050
.1161
.1461

.1051

.1277
Winter wheat (uX)
winter rapeseed (uY)

Percentile of uX
Percentile of uY

.1008 .1331 .0875 .1172 .1105

.1920 .1997 .1798 .1851 .1891
Winter wheat (uX)
sugar beet (uY)

Percentile of uX
Percentile of uY

.1096 .1269 .0867 .0972 .1053

.1596 .1816 .1354 .1376 .1537
Winter wheat (uX)
grain maize (uY)

Percentile of uX .0995 .1331 .1083 .1243 .1071
Percentile of uY .1611 .2237 .1811 .1899 .1742
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F IGURE A3 Sub-sample of West Germany—structure of nested Clayton copulas to model probabilities of simultaneous farm level crop
yield losses conditional on cumulative rainfall deviations.

Note: (1) WW, winter wheat yield deviation; WB, winter barley yield deviation; WR, winter rapeseed yield deviation; SB, sugar beet yield deviation; GM, grain
maize yield deviation; CR, cumulative rainfall deviation.

F IGURE A4 Sub-sample of South Germany—structure of nested Clayton copulas to model probabilities of simultaneous farm level
crop yield losses conditional on cumulative rainfall deviations.

Note: (1) WW, winter wheat yield deviation; WB, winter barley yield deviation; WR, winter rapeseed yield deviation; SB, sugar beet yield deviation; GM, grain
maize yield deviation; CR, cumulative rainfall deviation.
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F IGURE A5 Sub-sample of North Germany—structure of nested Clayton copulas to model probabilities of simultaneous farm level
crop yield losses conditional on cumulative rainfall deviations.

Note: (1) WW, winter wheat yield deviation; WB, winter barley yield deviation; WR, winter rapeseed yield deviation; SB, sugar beet yield deviation; GM, grain
maize yield deviation; CR, cumulative rainfall deviation.

F IGURE A6 Whole Germany—structure of nested Clayton copulas to model probabilities of simultaneous farm level crop yield losses
conditional on cumulative rainfall deviations.

Note: (1) WW, winter wheat yield deviation; WB, winter barley yield deviation; WR, winter rapeseed yield deviation; SB, sugar beet yield deviation; GM, grain
maize yield deviation; CR, cumulative rainfall deviation.
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F IGURE A7 Sub-sample of Northern Germany—Probabilities of simultaneous yield losses under different drought levels based on the
nested Clayton copula estimations compared to the (single-crop) observations.

Note: (1) Absolute numbers of observations are illustrated in Tables S21–S24. (2) The 99% confidence intervals are derived from repeated sampling (10,000 times)
of the fitted model with sample sizes equal to the number of observations.

F IGURE A8 Sub-sample of Southern Germany—Probabilities of simultaneous yield losses under different drought levels based on the
nested Clayton copula estimations compared to the (single-crop) observations.

Note: (1) Absolute numbers of observations are illustrated in Tables S25–S28. (2) The 99% confidence intervals are derived from repeated sampling (10,000 times)
of the fitted model with sample sizes equal to the number of observations.
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