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ARTICLE INFO ABSTRACT

Handling Editor - Dr. B.E. Clothier This paper assesses the feasibility and robustness of an index-based insurance scheme against hydrological
droughts under climate change. To this end, we develop a grand ensemble that samples both modeling and
scenario uncertainty in the estimation of the insurance risk premium, so to reveal potential unfavorable surprises
and minimize regret in the design of the proposed insurance scheme. The grand ensemble combines four mi-
croeconomic models and seven GAMLSS models, which are run for three alternative climate change scenarios:
stationary climate/no climate change, RCP 2.6, and RCP 8.5. Methods are illustrated with an application to the
Cega River Sub-basin (CRS) in central Spain. Results indicate that for a conventional deductible of 30%, the
proposed index-based insurance scheme would be actuarially feasible and affordable under all models for the
stationary climate scenario (i.e., robust). For climate change scenarios RCP 2.6 and 8.5 and a 30% deductible, the
suggested index-based insurance would be actuarially feasible under most models, albeit some outliers point
towards potential unfavorable surprises. Lower deductibles decrease feasibility, particularly for deductibles
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1. Introduction

Water scarcity and droughts, exacerbated by climate change, are an
“existential threat” to societies and nature in many parts of the world
(UNDRR, 2021). If we continue using water as we do now, water de-
mand will exceed the currently available and reliable supply by 40% by
2030 (Water Resources Group, 2030, 2019), reducing GDP growth by as
much as 6% in southern Mediterranean basins (i.e., continued negative
growth) (World Bank, 2016). This will be aggravated by climate change,
which in the Mediterranean region is expected to significantly reduce
streamflow and increase its volatility (medium-high confidence) (IPCC,
2022). As a result, temporary water supply-demand imbalances (also
known as hydrological droughts) will become more frequent and intense
(IPCC, 2019).

Decision-makers are exploring several economic, engineering, and
regulatory instruments to address the economic and environmental
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impacts of hydrological droughts. Most of these instruments focus on
damage prevention, mainly through grey (e.g. reservoirs, canals) and
green engineering (e.g. wetland restoration) solutions that expand the
supply base (UN, 2018), sometimes complemented with regulations (e.
g. quota-based systems) and economic instruments (e.g. water charges,
voluntary agreements, market-based instruments) that modulate de-
mand (OECD, 2015). Notwithstanding these efforts towards damage
prevention, there are damages that are technically difficult to prevent,
and in some cases, it may not be economically efficient to do so. This is
especially true for agriculture, the largest water user, which accumulates
the least valuable uses of the resource (Pérez-Blanco et al., 2021) and
covers 50% of the world’s habitable land (FAO, 2021). Moreover, there
is a considerable level of uncertainty in water supply and demand
forecasts that may result in unexpected damages that overcome pre-
vention barriers (Marchau et al., 2019; Taleb, 2008). Accordingly, there
is now a move toward innovation in damage compensation instruments,
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most notably through crop insurance mechanisms (Gomez-Limon,
2020).

Insurance is a risk-sharing strategy through which an agent (the
insured) transfers part of the risk it bears to another agent (the insurer)
in exchange of a payment (the risk premium). In turn, the insurer
commits to compensate the insured agent if a covered risk realizes. Crop
insurance policies can cover against a wide array of risks, which are
often grouped in three categories (Pérez-Blanco et al., 2017): production
risks due to extreme meteorological phenomena and other adverse
events such as theft or fire; market risks due to price and cost variability;
and the institutional risk associated with shifting policy choices that can
affect farm’s output (e.g., discretionary water reallocations during hy-
drological droughts), which is typically not insured. Crop insurance is
most frequently delivered through yield insurance that addresses pro-
duction risks, often bundling several risks together (e.g., hail, floods,
fire). More sophisticated crop insurance schemes offer comprehensive
income/revenue insurance packages that address both production and
market risks, albeit these insurance products have significantly higher
costs and lower market penetration than yield insurance (Liesivaara and
Myyra, 2014; Pérez-Blanco et al., 2016). Critically, available insurance
schemes only cover drought damages in rainfed agriculture—that is,
hydrological drought damages in higher-value added (and potentially
costlier to insure) irrigated agriculture are excluded (Bardaji et al., 2016;
Ruiz et al., 2015). As a result, hydrological drought damages in irrigated
agriculture are either compensated using instruments such as state aid
(Rejda and McNamara, 2014); averted through (informal) water with-
drawals from buffer stocks, typically aquifers, which are often over-
allocated and thus transfer the burden of drought damage from the
economy to the environment (Gomez and Pérez-Blanco, 2012); or
absorbed by farms (economic losses).

Two major challenges have thwarted the development of hydrolog-
ical drought insurance in irrigated agriculture. First, beyond the (prob-
abilistic) residual risk that remains after all damage prevention
instruments are considered, there are significant sources of (non-prob-
abilistic) uncertainty that emerge from the non-mechanistic dynamics
and multiple potential equilibria of complex socioecological systems
(Anderies, 2015), which can lead to unfavorable surprises that signifi-
cantly amplify drought damages and the costs of insurance. This is
known as Knightian or deep uncertainty (Knight, 1921; Marchau et al.,
2019), a situation where “experts do not know or the parties to a deci-
sion cannot agree upon (i) the external context of the system [i.e. sce-
nario uncertainty, e.g., due to climate change or future damage
prevention planning], (ii) how the system works and its boundaries [i.e.
parameter and structural uncertainties within models], and/or (iii) the
outcomes of interest from the system and/or their relative importance [i.
e. weighting]” (Lempert et al., 2003, p. 11). While appropriate under
probabilistic risk, the conventional consolidative modeling approach
that has been traditionally used to make point predictions towards
calculating expected compensations/indemnities and insurance pre-
miums is no longer adequate under deep uncertainty, because it can
provide more information than is warranted by available evidence and
artificially reduce uncertainty—as demonstrated by recent unfavorable
surprises experienced by the insurance industry, e.g. during the massive
2021 summer floods in central Europe. Deep uncertainty can be
particularly harmful in the case of hydrological droughts, a systemic risk
that can lead to the breakdown of entire agricultural systems (rather
than the failure of individual parts, as happens with e.g. hail), which can
potentially affect the stability of the insurance system and raise solvency
issues (Bielza et al., 2009; Rey et al., 2019). Accordingly, insuring hy-
drological drought risk in irrigated agriculture under deep uncertainty
calls for alternative actuarial modeling frameworks that replace con-
solidative modeling and point predictions by ensemble experiments that
sample uncertainty and inform no-regret or low-regret robust solutions
that prioritize the avoidance of unfavorable contingencies (Marchau
et al., 2019).

Second, hydrological drought insurance in irrigated agriculture faces
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a considerable degree of institutional risk and uncertainty. Crop insur-
ance is closely linked to existent damage prevention instruments, which
often involve discretionary policy choices that condition realized dam-
ages, the extent of the compensation and the viability of the insurance
scheme (Surminski et al., 2015). Notably, because water allotments
during hydrological droughts are decided by the water authority, which
might be subject to users’ lobbying (including irrigators) (Guerrer-
o-Baena and Gomez-Limoén, 2019), the damages caused by water re-
strictions are not entirely owed to the vagaries of water supply and can
become difficult to predict, which can further inflate uncertainty.

Regarding the second challenge, actuarial research has posited that
institutional risk can be addressed through index-based crop insurance,
a type of insurance that gives a preestablished compensation to farmers
when a predetermined threshold is surpassed. In the case of index-based
hydrological drought insurance, compensations/indemnities are calcu-
lated based on an external index correlated with the risk addressed
instead of the realized water allocation decision by the water authority,
which reduces uncertainty in the calculation of the risk premium
(Gomez-Limon, 2020). External indices can be designed as a function of
precipitation (Buchholz and Musshoff, 2014), accumulated discharge
(Leiva and Skees, 2008; Pérez-Blanco and Gomez, 2014), stock in res-
ervoirs (Guerrero-Baena and Gomez-Limon, 2019), or the combination
thereof (Arandara et al., 2019; Gomez-Limoén, 2020; Moghaddasi et al.,
2014). For the case of hydrological drought insurance, (consolidative)
index-based research has reported risk premiums that are either below
irrigators’ willingness to pay or represent a low to moderate share of
their variable costs, and thus are considered affordable (Alcon et al.,
2014; Gémez-Limoén, 2020).

The first challenge remains largely unaddressed, though. Index-based
and other crop insurance research and applications still rely on con-
solidative modeling, thus failing to account for the (non-probabilistic)
modeling and scenario uncertainties that are characteristic of complex
socioecological systems. The modeling frameworks used in the literature
on crop insurance typically adopt a risk assessment model to provide a
complete probabilistic description of the risk (i.e., scenario uncertainty
is ignored), which are then used to feed an economic model—typically a
mathematical programming model—to obtain a point prediction of ex-
pected compensations and risk premiums (i.e., parameter and structural
uncertainties within models are also ignored). Moreover, in the case of
hydrological drought risk, these point predictions rely on stationary
series of hydrological variables, meaning that not only uncertainty in
scenarios and modeling is not accounted for, but also that the re-
percussions of climate change are excluded altogether.

The objective of this study is to explore the feasibility of a robust
index-based insurance against hydrological droughts in irrigated agri-
culture that accounts for modeling and scenario uncertainty, while
mainstreaming climate change impacts into the analysis. Following
Pérez-Blanco and Gomez (2014, 2013) and Gomez-Limén (2020), we
use the drought indices in drought management plans as a reference
index for the proposed index-based insurance scheme. Regarding sce-
nario uncertainty, we explore different Representative Concentration
Pathway (RCP) emission scenarios for the 21st century, so to generate
non-stationary hydrological inputs that account for conditions of global
warming. To this end, we use a Generalized Additive Model for Location
Scale and Shape (GAMLSS) (Stasinopoulos et al., 2020), a non-linear
distributional regression model that elicits the parameters of the
assumed distribution for the response variable (in our case the drought
index in the drought management plan) using additive functions of the
explanatory variables. Thus, GAMLSS makes possible to assess the im-
pacts on both the first and second moments of the distribution of the
explanatory variables, which in the case of droughts can be used to
discern the effects of climate change on the drought index through
projections of temperatures and precipitation under selected RCP sce-
narios. Regarding modeling uncertainty, we use an ensemble encom-
passing various GAMLSS with alternative model structure and
parameter values to estimate the probability distribution of the drought
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index under alternative climate change scenarios; and a second
ensemble of mathematical programming models that assesses the
behavior and adaptive responses of irrigators to the water restrictions set
based on the drought index. By combining the expected damage under
each plausible value of the drought index (obtained with the ensemble of
mathematical programming models) with the probability distribution of
the drought index under each climate change scenario (obtained with
the GAMLSS ensemble), we can calculate the expected damage under
each climate scenario and plausible combination of models. This makes
possible to sample both model and scenario uncertainty through a
database of simulations that reports the economic performance of the
proposed insurance scheme (including damages, compensatio-
n/indemnity and risk premium) under multiple plausible futures (where
each plausible future is represented by a unique combination of models
and scenarios), and to assess its feasibility and robustness. Methods are
illustrated with an application to the Cega River Sub-basin in Spain.

2. Background to the case study: the Cega River Sub-basin in
Spain

The Cega River Sub-basin (CRS) is located to the south-east of the
Douro River Basin (DRB) in Spain (see Fig. 1). The average annual water
supply of the CRS is estimated at 208.3 hm® (1 hm® = 1 million m®), and
projected to decrease by up to 11% by 2030 (MAGRAMA, 2017); while
annual water demand is estimated at 76.3 hm®, 80.3% of which comes
from agriculture (DRBA, 2020). Of these 76.3 hm®/year, 4.5 hm®/year
(5.9%) come from on average water abundant yet unregulated and
volatile surface water bodies, while the remaining 71.8 hm®/year
(94.1%) are abstracted from reliable yet overallocated aquifers—mostly
from the Arenales Aquifer. Due to groundwater overallocation, the
Arenales Aquifer shows a poor ecological status with high levels of
arsenic pollution that recurrently constrain the local population (a high
priority water use claiming 4,79 hm®/year) to rely on tankers for
household water supply.

The CRS is managed by the Douro River Basin Authority (DRBA). The
DRBA allocates surface and groundwater resources among users and
operates a network of canals and other water works to distribute surface
water resources (groundwater infrastructures are privately operated by
users). Despite the DRBA efforts to address groundwater overallocation
through quota reductions and engineering solutions for managed aquifer
recharge, the piezometric levels and qualitative status of the Arenales
Aquifer have shown little improvement. Quota reductions have been
bypassed through irrigation modernization (which increases the
consumed fraction of water abstracted while reducing return flows and
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infiltration to the aquifer), or straightaway violated via water theft
(WWF, 2020), while supply expansion through managed aquifer
recharge has fallen short of the growing demand. In this context, the
DRBA is considering a ban on groundwater abstractions in an area
comprising 2800 ha of the circa 4000 ha in the CRS that currently irri-
gate using groundwater resources, and substitute them with surface
water resources. This substitution was initially planned to be supported
with the construction of the Lastras de Cuéllar reservoir in the CRS (44
hmg), and the Ciguinuela (29 hm?) and Carbonero reservoirs (13.2 hm®)
in the nearby Eresma Sub-basin (to be connected to the CRS through
canals and other complementary water works). However, the con-
struction of the Lastras de Cuéllar reservoir has been already discarded
following a negative environmental assessment; while the approval of
the Ciguinuela and Carbonero reservoirs is “unlikely” (High Represen-
tative of the Douro River Basin Authority, 2022) and has been post-
poned, at minimum, to 2033 (DRBA, 2020). Plans to substitute
groundwater with surface water resources to address aquifer over-
allocation problems continue, nonetheless. Accordingly, the irrigated
agriculture of the CRS is expected to transition and adapt to a signifi-
cantly more volatile water source, which will amplify hydrological
drought risk in the area.

During hydrological droughts, the DRBA curtails water allocations
based on the DRB’s Drought Management Plan (DMP) (DRBA, 2017).
Spanish DMPs are a damage prevention mechanism that (re)allocates
scarce water resources to ensure that essential uses such as household
supply or minimum environmental flows are met, while the economic
damage is minimized (e.g., giving priority to industrial uses with high
value-added per unit of water input over agricultural water uses). To this
end, DMPs set different priorities among uses, from higher (environ-
mental, households) to lower (irrigation). DMPs divide basins into
Territorial Scarcity Units (TSU), hydrological units that typically match
a sub-basin (in our case, the CRS) and share a common source of water
(in the case of the CRS TSU, the Cega River and its tributaries). During
hydrological droughts, each TSU assesses drought severity through a
drought index, based on which available water resources are (re)allo-
cated at the beginning of the irrigation season in April.

Since the CRS is a non-regulated catchment, the CRS TSU drought
index assesses drought severity based on discharge data (instead of
storage data that is typically used in highly engineered catchments)
gathered at two monitoring stations at the Cega and Pirén rivers (the
latter being a tributary to the Cega River—see Fig. 1). Non-regulated
catchments or marginally regulated catchments (those with small
dams whose capacity is significantly lower than demand) abound
worldwide, including in Spain, one of the countries with most developed
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Fig. 1. Location of the CRS and detail of its AWDUs.
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water infrastructure in the world. For example, 24% of the TSU in the
DRB, 24% of the TSU in the Guadiana RB, 12% of the TSU in the Tagus
RB, and 80% of the TSU in the Cantdbrico RB assess drought severity
based on discharge data only (CORBA, 2018; DRBA, 2017; GRBA, 2018;
TRBA, 2018). Focusing on a non-regulated catchment also has the
advantage of removing the uncertainty related to future water storage in
reservoirs, which depends not only on natural but also on management
variables (e.g. water release for hydropower generation) that are chal-
lenging to predict, particularly under climate change (ISIMIP, 2022). In
fact, to circumvent this challenge, several proposed index-based insur-
ance products for regulated catchments are designed as a function of
precipitation or external discharge (Buchholz and Musshoff, 2014; Leiva
and Skees, 2008). In the CRS TSU, the drought index is built as a
weighted average of the six months rolling sum of discharge in the two
monitoring stations at the Cega and Pir6n rivers, and subsequently
normalized dividing by the maximum historical value to range between
0 (absolute scarcity) and 1 (no drought). In turn, water allocation is
obtained as a piecewise function of the CRS TSU drought index, as
follows:

1. Normality: drought index € (0.5,1]. Water allocation for irrigation is
linearly reduced between 0% (indicator equals 1) and 10% (indicator
equals 0.5).

2. Pre-alert: drought index € (0.3,0.5]. Water allocation for irrigation is
linearly reduced between 10% (indicator equals 0.5) and 25% (in-
dicator equals 0.3).

3. Alert: drought index € (0.15, 0.3]. Water allocation for irrigation is
linearly reduced between 25% (indicator equals 0.3) and 50% (in-
dicator equals 0.15).

4. Emergency: drought index € [0,0.15]. Water allocation for irrigation
is linearly reduced between 50% (indicator equals 0.15) and 100%
(indicator equals 0).

Following Gomez-Limon (2020), we use the CRS TSU hydrological
drought index above as a reference to calculate damages to irrigated
agriculture, which in turn give us the necessary information to calculate
potential compensations/indemnities and risk premiums.

Our analysis focuses on the 2 Agricultural Water Demand Units
(AWDUs) in the CRS that presently rely on surface water or are tran-
sitioning towards its adoption (Fig. 1): The Cega AWDU
(AWDU2000168) and the Pirén River AWDU (AWDU 2000159).
AWDUs are the basic irrigation unit in Spain, and comprise “groups of
irrigators sharing a common source of water, territorial, administrative,
and hydrological characteristics”. These AWDUs are one of the most
productive agricultural areas in central Spain, largely irrigated with
sprinklers. In the Cega AWDU, about 40% of the 832.13 ha of irrigated
land in the CRS are devoted to high value-added horticultural crops such
as carrot, garlic and onion, whose expected profits range between 5 430
and 16,896.5 EUR/ha (average profit: 10 906.8 EUR/ha). In the Pirén
River AWDU, about 64% of the 40.3 ha of irrigated land in the CRS are
devoted to high value-added horticultural crops such as onion, whose
expected profits is 1 267.1 EUR/ha. Other relevant crops in the CRS
include sugar beet (7% of the AWDUs combined surface), potato (13%)
and alfalfa (19%) (MAGRAMA, 2020a, 2020b). AWDUs are the agents in
the ensemble of mathematical programming models, meaning simula-
tions are conducted independently for each AWDU, albeit simulation
results are subsequently aggregated and presented at the district level in
Section 4 (i.e., the CRS).

3. Methodology

Our methods nest two ensembles to create an ensemble of ensembles,
or ‘grand ensemble’ capable of sampling scenario and modeling uncer-
tainty. In the first layer of the grand ensemble, there is a GAMLSS
ensemble encompassing various econometric models with alternative
structure and parameter values, which are used to estimate the
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probability distribution of the drought index with and without climate
change. In the second layer of the grand ensemble, there is a micro-
economic ensemble of mathematical programming models to assess the
adaptive responses of irrigators to the water restrictions set based on the
drought index, and estimate damages under drought events of different
intensity (emergency, alert, pre-alert, normality). Next, we combine
each model within the GAMLSS ensemble with each model within the
microeconomic ensemble and each climate change scenario; and run a
simulation to estimate the expected drought damage. Thus, we create a
database of simulations that reports the economic performance of the
proposed insurance scheme under multiple plausible futures, where
each plausible future is represented by a unique combination of models
and scenarios. A graphical workflow of our methods is presented in
Fig. 2.

3.1. GAMLSS to simulate drought indices under climate change

The GAMLSS is a statistical model designed to overcome the limi-
tations associated with conventional generalized linear models (GLMs)
and generalized additive models (GAMs). The critical innovation of
GAMLSS is that, instead of predicting the response of the mean of the
distribution, it makes possible to assess how the different independent
variables in the model affect the second, third and fourth moments of the
distribution of the independent variable (variance, asymmetry, kurto-
sis). In our case, this potential is used to explore the effect of changes in
temperatures and precipitation on the expected value and variance of
the drought index. A typical GAMLSS is defined as follows (Stasino-
poulos et al., 2020):

Y~™D(u,6,v,7) (@D)
M =g M) =Xify +sulen) +...+sy,(01 ) (©))
M, =8(6) = Xof, +su(xa) +... +521,(02 1) 3
My =g3(¥) = XaP3 +531(x31) + ... +535, (03 1) Q)
Ny =84(T) = Xufy+5a1(xa1) + ... +545,(xs J,) 5)

where Y= (yl,.,yn)T is the vector with the dependent variable observa-
tions, which are independently distributed and have a distribution D,
which is defined by its four moments: i, 6, v and t (some distributions, as
the Normal or the Beta distribution only need to model the first two
moments/two parameters instead of four). The predictors n; explain the
moments of the distribution through a function that depends on the
chosen probability distribution. X;j is a n; x p; matrix (p; = rj + 1) con-
taining the r covariate columns chosen for the ith predictor, plus a col-
umn of ones (if a constant is required), and p; is the vector of coefficients
for the variables selected in the equation of the ith predictor. Finally, s;;
is a nonparametric smoothing function applied to the covariate x;; of the
ith predictor, for j; = 1,.,J; smoothed variables—i.e., the function that
establishes the non-linear effects on the parameters of the distribution.
In GAMLSS, the effect of the independent variables on the parameters of
the distribution is allowed to be non-linear, thus letting data determine
the relationship between the predictor, e.g., 11 = g(p) and the explan-
atory variables, rather than enforcing a linear (or polynomial) rela-
tionship. The methods used to define these relationships are known as
supervised machine learning, since the algorithm iteratively models the
relationship making predictions about the data and is corrected on a
recurring basis during this process. The estimation procedure stops
when the algorithm has converged, that is, when it reaches a pre-
determined level of performance which might be modified.

In our application to the Cega TSU, we use the drought index in April
as the dependent variable, which is calculated using historical discharge
data from the Cega and Pirén monitoring stations. This data is available
at several separate webpages in the CEDEX (2021) database and was
downloaded using a web scraping script coded in R. On the other hand,
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Fig. 2. Graphical abstract on the methodological workflow.

the independent variables are the weighted average of the six-month
rolling sum of precipitation, and the weighted average of monthly dif-
ferences of temperatures between April and March in the observed year,
which is obtained from historical meteorological data measured in the
two discharge monitoring stations at the Cega and Pirdn rivers, available
at Copernicus Climate Change Service (C3S) Climate Data Store (CS3,
2022). Precipitation and temperature are the two key forces used in
multi-model ensemble experiments to predict impacts on discharge, as
well as on other key hydrological variables (ISIMIP, 2022; CMIP6,
2022). Accordingly, forecasts of these two variables are available for
long periods into the future—a key piece of information that we will use
to mainstream climate change in our model. The database with the
dependent and independent variables used to run GAMLSS is available
in Annex I of the online supplementary material.

Since the drought index is standardized between 0 and 1, we use Beta
as the reference distribution (which is continuous, and ranges from 0 to
1). We also explore alternative models that use other distributions, such
as the LogisticNormal (LOGITNO) or the Generalized Beta Type 1 (GB1).
From this set of distributions, we generate 17 models by adjusting the
degrees of freedom and using alternative smoothing functions (all 17
models and the coding used to obtain them in R are available in Annex II
of the online supplementary material). The models intertwine the
smoothing functions between variables, which is performed in order to
model various levels of complexity and find different ways of fitting the
drought index to both precipitation and temperatures. Among the 17
models generated using this approach, we choose the top seven that
show a satisfactory predictive performance according to the AIC (Akaike
Information Criterion) and BIC (Bayesian Information Criterion) criteria
(i.e., AIC lower than —41.5 and BIC lower than —37.5). AIC allows more
complex models (e.g., using smoothing functions for some variables),
whereas BIC tends to penalize complexity and chooses more parsimo-
nious models. As seen by the population distribution of the models, only
the Beta distribution models satisfy the aforementioned requirements.
Each of the seven GAMLSS models used in the ensemble is described in
the Table 1.

As seen in the table above, model 11 is the one which performs best
under the BIC. On the other hand, model 15 is the best under the AIC.

Table 1

Description of each GAMLSS model and its performance under the AIC and BIC
criteria. Pb() and S() are the smoothing (non-linear) functions of the variables.
Note: The Model IDs are showed as a reference for the reader who wants to revise
the code used in developing the 17 original models (available in Annex II of the
online supplementary material).

Model Distribution ~ AIC BIC Explanatory Explanatory

D variables of variables of
mu sigma

3 Beta -42.94 -38.93 Pb Temperatures
(temperatures) Precipitation
Precipitation

5 Beta -42.94  -38.93 Pb Temperatures
(temperatures) Precipitation
Pb
(precipitation)

9 Beta -42.94  -38.93 Pb Pb
(temperatures) (temperatures)
Precipitation Precipitation

11 Beta -41.83 -38.98 Pb Constant
(temperatures)
Precipitation

12 Beta -41.63 -38.82 S Constant
(temperatures)
Precipitation

14 Beta -42.57 -38.59 S Temperatures
(temperatures) Precipitation
Precipitation

15 Beta -43.24 -37.82 S Temperatures
(temperatures) Precipitation
Precipitations
Interaction

between both

One option at this point is to apply performance tests to choose one of
the two models. Nevertheless, that would attribute all the predictive
capacity to a single model and would not allow for sampling modeling
uncertainty, which is a key objective of this research. Thus, we use all
seven models in our research through an ensemble of GAMLSS models.
Fig. 3 shows the centiles plot of the effect of each independent variable
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Fig. 3. Centile curves of the scarcity index against explanatory variables. The grey/orange/yellow/green band shows the upper and lower bounds of the 99%/,/95%/
90%/50% confidence interval of the corresponding distribution (i.e., Beta) and how the values of the drought index vary depending on the six months rolling sum of
precipitation or the monthly differences of temperatures. The width of the interval informs on the variance of the drought index for that specific model, while the

black line (which is the median percentile) informs on its mean.

(precipitation and temperatures) on the distribution of all models.
Once the ensemble of seven GAMLSS models is calibrated, we gather
data from EURO-CORDEX predictions on future precipitation and tem-
peratures in the CRS for the period 2017 (last year with historical data
available) to 2100 to account for climate change (EURO-CORDEX,
2022). These forecasts are obtained for two climate change scenarios for
the 21st century: RCP 2.6 and 8.5. While other scenarios such as RCP 4.5
or RCP 6 can be considered, our main objective here is to provide
worst-case and best-case climate change scenarios as compared to sta-
tionary climate. Next, each model in the GAMLSS ensemble uses the
EURO-CORDEX forecasts as an input data to predict the drought index
throughout the 2017-2100 series. In other words, we use the already
trained GAMLSS ensemble (trained with the past observations) to
transform the future values of precipitation and temperatures into pre-
dictions of the drought index. This is the approach that we have used to
allow for climate change: using precipitation and temperature forecasts
in EURO-CORDEX for two key climate change scenarios and, given these
as an input, predicting the future values of the CRS TSU drought index.
Once we have the predictions of both mu and sigma of the drought index
per year, we can estimate the parameters of the population distribution
by averaging mu and sigma for each RCP scenario. In this way, we have
estimated the parameters of the drought index distribution under each
climate change scenario. Finally, we simulate the underlying population
distribution of the model (e.g., Beta) using the parameters obtained with
the 2017-2100 forecasts (mean of future values), reaching eventually
two probability density functions for each model; out of which we can
extract the probabilities of each drought situation (normality, pre-alert,
alert and emergency). This information is then combined with the
drought damage simulations run with the ensemble of mathematical
programming models to obtain an expected compensation/indemnity

and insurance premium for each combination of scenarios and models.

3.2. Mathematical programming models to simulate irrigators’ responses
to water reallocations

This section presents a multi-model ensemble comprising several
microeconomic mathematical programming models, which are used to
sample modeling (structural and parameter) uncertainty in the repre-
sentation of human responses to water allocation restrictions under
drought (Pérez-Blanco et al., 2021; Sapino et al., 2020). The ensemble
includes two Positive Multi-attribute Utility Programming (PMAUP) and
two Positive Mathematical Programming (PMP) models. In all four
models, the agent (an irrigator) aims to maximize its utility U(X) within
a domain F, as follows:

Max UX) = (fz(X), 2X), .., z(X)) Q)
Subject to:

Xi > 0 (7)
z”:x,- =1 (8)
i=1

XeF )
XeRr (10)
zl(X)7 ZZ(X)7 cees zm(X) :Z(X) ER" (11)

Where U(X) is a monotonically increasing utility function, i.e.,
increasing the provision of any utility-relevant attribute z; (X), z2(X),
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.., Zm(X) increases the utility for the agent. Thus, all attributes are
defined so that “more-is-better”, meaning “less-is-better” attributes are
transformed accordingly (e.g., risk is measured as risk avoidance). We
explore the relevance of five attributes in our microeconomic ensemble:
profit (z;), measured as the expected gross margin, the only relevant
attribute for PMP models (and a relevant attribute for PMAUP models as
well) and a critical variable to estimate drought damage and the risk
premium; risk avoidance (z;); and management complexity avoidance,
measured through three proxies: total labor avoidance (z3), hired labor
avoidance (z4), and direct costs avoidance (zs). A comprehensive
description and mathematical formulation of each attribute, as well as a
database including all the input data used to quantify attributes provi-
sion in the AWDUs (including source and reference year), is available in
Annex I of the online supplementary material.

X is the decision variable or crop portfolio, a vector indicating the
share of land allotted to each crop x; (in %), which is revised on a yearly
basis (at the beginning of the irrigation campaign in April). We consider
both irrigated and rainfed crops in the portfolio for simulation purposes
(to allow for super-extensive margin adaptations/crop switching to-
wards rainfed crops). Each crop x; delivers a unique combination of
utility-relevant attributes Z(X). F represents the set of constraints that
conform the domain, including the water allocation constraint, of rele-
vance for our research since it is the variable directly affected by the
DMP:

ZW‘ xi <W 12)
i=1

where w; represents the water needs by crop x;, and W represents the
water allocation, on a per hectare basis. The other constraints con-
forming the domain F are presented in Annex III of the online supple-
mentary material.

The PMP and PMAUP models included in the ensemble of mathe-
matical programming models use the same data inputs and share a
common specification of the domain; but differ in the form of the utility
function U(x) and calibration method used. PMP models adopt a single-
attribute quadratic utility function where the only utility-relevant
attribute is profit (z;). PMP models are calibrated in three steps: “(i)
an additional area constraint that bounds the model calibration results
to observed choices is introduced in the domain and the dual values
associated to the constraint for each crop obtained; (ii) these dual values
are used to add a non-linear component to the utility function (typically
a quadratic cost function, or shadow cost); and (iii) the utility non-linear
function obtained in (ii) is maximized subject to a similar set of con-
straints to those considered in the original problem, which perfectly
reproduces the observed agent’s behavior” (Heckelei et al., 2012). The
two PMP models used in our ensemble are the classical PMP model
developed by Howitt (1995), and a variation of this model developed by
Judez et al. (2002), which skips the first step in the calibration pro-
cedure above.

On the other hand, PMAUP models use a multi-attribute utility
function that in our case includes profit, risk avoidance and manage-
ment complexity avoidance. PMAUP replaces the dual variables added
to the utility function in PMP models with agent’s preference parameters
represented as shares of a utility function, the arguments of which are
competing attributes (e.g., profits v. risk avoidance). The two PMAUP
models included in the ensemble differ on the functional form and
calibration method used: building on work by Gutiérrez-Martin and
Gomez (2011), Gomez-Limon et al. (2016) adopt a non-linear Cobb--
Douglas utility function that is calibrated using a projection method
(conventional PMAUP); while Montilla-Lopez et al. (2018) adopt a
linear utility function that is calibrated using a weighted goals pro-
gramming method (WGP PMAUP) a-la-Sumpsi et al. (1997).

PMAUP and PMP models are calibrated for the year 2017, which is
also the last year in the data series used in the GAMLSS ensemble.
Calibration results and calibration errors for the PMAUP models are
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available in Annex IV in the online supplementary material. Calibration
results for PMP models are not reported since they perfectly calibrate to
the observed decision/crop portfolio, so the error is always null, and the
only relevant attribute is profit. As per the metrics for performance
assessment of PMAUP models in Essenfelder et al. (2018), all AWDUs
have a very low calibration error (average error <10%) in the conven-
tional PMAUP model, while in the WGP PMAUP model 2 AWDUs have a
very low calibration error and 2 of them have a moderate calibration
error (average error in the range of 10-15%).

4. Results and discussion

The sub-sections below present the i) losses and ii) fair risk premium
estimations obtained through the application of our methods to the CRS.
As noted in Section 2 and elsewhere in the paper, modeling is performed
at an AWDU level, and afterwards aggregated to the level of a repre-
sentative farm for the whole CRS. Hence, even though results are robust
at an AWDU and sub-basin level, the performance of the insurance on
individual farms would show heterogeneity depending on the individual
crop-mix and economic preferences (i.e., robust performance of the
drought insurance scheme for the average CRS agent does not ensure
robust performance for every single farmer over the sub-basin).

4.1. Simulation results: drought damages

We first run a series of simulations with the ensemble of mathe-
matical programming models to assess irrigators’ responses to alterna-
tive water allocations under normality (100% or full water allocation to
90%), pre-alert (90-75%), alert (75-50%) and emergency (50-0%). To
this end, we progressively strengthen the water allocation constraint
from 100% to 0% at 1% point intervals, and estimate the corresponding
expected damages in each of the 100 simulation runs (measured through
changes in profit, z;, under different water restrictions as compared to
the situation with a full water allocation). Second, we estimate the
probability distribution of the drought index for each of the seven
models in the GAMLSS ensemble, under three alternative climate change
scenarios (no climate change, RCP 2.6 and RCP8.5). Finally, we combine
the expected damage under each plausible value of the drought index
(obtained with the ensemble of mathematical programming models)
with the probability distribution of the drought index under each
climate change scenario (obtained with the GAMLSS ensemble) to
calculate the expected damage under each climate scenario and com-
bination of models. The resultant ensemble of ensembles, or ‘grand
ensemble’, yields 84 alternative predictions/ensemble elements (7
GAMLSS models times 4 mathematical programming models times 3
climate change scenarios) that assess modeling and scenario uncer-
tainty. The range of foregone profit forecasts under each climate sce-
nario is shown in Fig. 4.

Our results show two clusters of predictions/ensemble elements. The
first cluster in the upper part of the figure comprises the grand ensemble

Expected damage (€/ha)

OGS
O e

e =

Past: 1973-2016 RCP 2.6 RCP 8.5
Climate change scenario

Fig. 4. Expected damage/foregone profit under each climate change scenario.
Note: Each simulation result is represented by a point.
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elements that result from the combination of the WGP model in the
microeconomic ensemble with the models in the GAMLSS ensemble and
predicts damages in the range of 985.6-1767.6 €/ha. The second cluster
in the lower part of the figure comprises the grand ensemble elements
resulting from the combination of every other microeconomic model
with the models in the GAMLSS ensemble and predict drought damages
in the range of 26.9 — 433.2 €/ha. The non-trivial differences observed
between the two clusters in the grand ensemble are primarily owed to
the drought damages estimated in the WGP model, which differ signif-
icantly from the estimations of other models in the microeconomic
ensemble (see Fig. 5).

When an emergency drought is declared (drought index value of
0.15) and water allocation is reduced by 50%, the WGP microeconomic
model estimates an expected profit of 1381 €/ha, while the other three
models estimate an expected profit in the range of 3524-3688.6 €/ha
(more than twice as much), meaning the WGP overestimates drought
damage under emergency as compared to the other three models in the
microeconomic ensemble. The WGP also overestimates drought damage
as compared to the other three microeconomic models under alert (and
most of the pre-alert values). On the other hand, the WGP un-
derestimates drought damage under normality, which partly but not
fully offsets the higher damages under pre-alert, alert and emergency
when combining the drought damage estimated using the microeco-
nomic model with the probability distribution of the drought index
estimated using GAMLSS.

What explains these differences? It should be noted that the WGP
PMAUP is the only microeconomic model in the ensemble of mathe-
matical programming models that has a linear utility function. Linear
models have been often criticized in the academic literature because of
their tendency to yield over-specialized or even corner solutions: the
irrigator chooses the crop with the highest utility at the maximum level
(i.e., maximum possible land allocated to that crop), until a constraint
becomes binding and prevents the agent from further specialization (for
a review of these models see e.g., Graveline, 2016). This results in a
“jumpy behavior” and simulated crop portfolio choices that seem “too
far from reality, at least in the short term” (Graveline, 2016). To illus-
trate the responses of irrigators in linear v. non-linear models, Fig. 6
shows the crop portfolio responses (the decision variable in the
ensemble of microeconomic models, X) predicted by the four models in
the microeconomic ensemble under emergency, alert, pre-alert and
normality drought index thresholds.

Fig. 6 shows how irrigators’ responses differ significantly between
the WGP PMAUP and the other three models in the microeconomic
ensemble, whose crop portfolio simulations are also closer to observed
irrigators’ choices. As a result, the WGP PMAUP has significantly higher
calibration errors than the other three models (see Annex IV in the on-
line supplementary material). With this in mind, we could employ model
selection techniques to compare and choose among the models in the
ensemble those that perform better in terms of calibration errors, which
would lead to the exclusion of the WGP PMAUP. On the other hand,
calibration errors cannot be directly compared among all the mathe-
matical programming models in the ensemble, since these errors are
independent (Cloke et al., 2013). Moreover, while we can assess the
capacity of microeconomic models to reproduce observed behavior
through realized crop portfolio choices and calibration errors, data on
irrigators’ responses to water allocation reductions is limited to drought
years since 2007 (the year DMPs were first approved), meaning that we
do not have sufficient data to evaluate the predictive performance and
prediction errors of the models in the microeconomic ensemble.
Assessing the predictive performance of models is a critical step in model
selection (Konishi and Kitagawa, 2008), which can be also used towards
improving model calibration (notably through the use of machine
learning techniques, as it is done in GAMLSS). Without this information,
we cannot conclude that the WGP PMAUP predicts worse than the other
models in the ensemble just because it has relatively high calibration
errors. On the contrary, it may occur that a model with a relatively high
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calibration error is a better predictor for non-observed data than other
alternative models with relatively low calibration errors (Pindyck,
2015).

It can be argued that the higher calibration error of the WGP PMAUP
is a valuable piece of information to improve our analysis, e.g., by
allotting different weights to the models in the microeconomic
ensemble. Yet, this is challenging due to the subjectivity involved in
defining prior assumptions about the accuracy and weight attributable
to each model (Tebaldi and Knutti, 2007). Besides, ensemble experi-
ments that assign weights to models typically do so based on the pre-
dictive performance of the model (Taner et al., 2019), which cannot be
assessed due to the above-mentioned data constraint.

Accordingly, rather than excluding models with high calibration
errors or using a weighting approach, we consider all the models in the
microeconomic ensemble (including the WGP PMAUP) and adopt an un-
weighted approach!. This allows us to more thoroughly sample
modeling uncertainty, identify a larger number of potential surprises (as
compared to ensembles excluding specific models and related pre-
dictions/ensemble elements), and minimize potential regret—thus
contributing to a more robust analysis on the feasibility of the proposed
index-based drought insurance scheme.

4.2. Fair premium estimations

Next, we use the predictions on expected damages (see Fig. 4) to
calculate the corresponding fair risk premiums under each climate
change scenario. The fair risk premium is a critical variable to assess the
feasibility of insurance and can be interpreted as the minimum long-
term annuity cost for the proposed drought insurance scheme to be
supplied by a competitive and risk-neutral insurance firm. The fair risk
premium is obtained as the ratio of the expected compensation to the
insured asset. In our case, the insured asset equals the expected profit
under full (100%) water allocation (in constant prices); while the ex-
pected compensation (or indemnity) is obtained as a function of the
expected damage under each climate scenario reported in Fig. 4 and the
deductible applied by the insurance industry. The deductible is a
mandatory out-of-pocket expense by the insured that is typically
required before any compensation is paid, represented as the fraction of
the potential economic damage that is not covered by the insurance
company. In Spanish crop insurance schemes, the deductible is typically
set at 30% (Ruiz et al., 2015). If the deductible is 0%, the company
compensates the irrigator for all drought damages; on the other hand,
when there is a deductible, the company only compensates the irrigator
if damages are higher than the deductible multiplied by the value of the
insured asset, and the compensation paid amounts to the damages in
excess of the deductible. For example, if the deductible is 30% and a
drought causes damages equaling 32% of the value of the insured asset,
the company would compensate the irrigator with an amount equaling
2% of the value of the insured asset (damage in excess of the deductible).
For any damage of 30%, or lower, there would be no compensation.
Deductibles are a key instrument to address moral hazard behavior:
without deductibles, irrigators would have no incentives to reduce their
drought exposure (and drought damages) because they do not bear the
cost of that risk. Thus, deductibles are typically applied to crop insur-
ance schemes worldwide (Pérez-Blanco et al., 2017). By reducing the
share of damages to be compensated, deductibles also reduce the fair
risk premium and make insurance policies more affordable to farmers.
Fig. 7 reports the range of the fair risk premium (in %) under each
climate change scenario for deductibles of 1%, 5%,10% and 30%.

1 It has been argued that when “probabilistic information is not considered,
each potential vulnerability is equally important on the overall robustness,
which can also be interpreted as an implicitly equal weighting” (Taner et al.,
2019). Yet, in our case we cannot claim that each model has an equal weight,
because these weights are essentially unknown.
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Fig. 7. Fair risk premiums under each climate change scenario for a deductible of 1% (a), 5% (b), 10% (c) and 30% (d).

In the scenario with stationary climate (no climate change), the fair
risk premium ranges between 0.2% and 22% of the insured asset for a
1% deductible; between 0.01% and 18.2% for a 5% deductible; between
0% and 15% for a 10% deductible; and between 0% and 6.8% for a 30%
deductible. In the RCP 2.6 scenario, the fair risk premium ranges be-
tween 2% and 30.3% of the insured asset for a 1% deductible; between
1.1% and 26.8% for a 5% deductible; between 0% and 23.8% for a 10%
deductible; and between 0% and 14% for a 30% deductible. In the
RCP8.5 scenario, the fair risk premium ranges between 3.6% and 37.1%
of the insured asset for a 1% deductible; between 2.3% and 33.6% for a
5% deductible; between 1.5% and 30.3% for a 10% deductible; and
between 0.1% and 19% for a 30% deductible. It is important noting that
the cost of the insurance policy depends, on top of the fair risk premium,
on the commercial premium (administration, commercialization); albeit
for index-based insurance schemes with low administration and
commercialization costs, commercial premiums are minor and typically
increase fair risk premiums by 10-20% (Bielza et al., 2009;
Guerrero-Baena and Gomez-Limon, 2019). Accounting for this

Table 2
Statistical summary of the fair risk premium to variable costs ratios for an in-
surance scheme with a 1%, 5%, 10% and 30% deductible.

Maximum  Minimum  Mean Median
Scenario Deductible
Past: 1973 - 1% 63.6% 0.3% 151%  1.4%
2016
RCP 2.6 1% 87.8% 3.7% 25.4% 8.0%
RCP 8.5 1% 107.8% 6.6% 33.9% 14.1%
Past: 1973 - 5% 52.4% 0.0% 11.8%  0.2%
2016
RCP 2.6 5% 77.7% 2.1% 21.4%  5.6%
RCP 8.5 5% 97.6% 4.3% 29.4%  11.0%
Past: 1973 - 10% 43.6% 0.0% 9.7% 0.1%
2016
RCP 2.6 10% 69.1% 1.3% 18.5%  4.2%
RCP 8.5 10% 88.1% 2.8% 25.7%  8.7%
Past: 1973 - 30% 19.7% 0.0% 4.2% 0.0%
2016
RCP 2.6 30% 40.7% 0.0% 10.2%  1.5%
RCP 8.5 30% 55.2% 0.1% 14.7%  3.6%

10

additional margin has no impact on our results in Table 2; thus for the
sake of simplicity we treat insurance costs and fair risk premium as
synonyms.

The feasibility of drought risk in irrigated agriculture depends on the
affordability of the estimated fair risk premiums, which calls for addi-
tional information on irrigators willingness and/or ability to pay for the
proposed drought insurance scheme. Estimating the willingness to pay
for crop insurance requires ad-hoc fieldwork/interviews and modeling
through revealed preference (Pérez-Blanco et al., 2016) or stated pref-
erence methods (e.g., contingent valuation) (Liesivaara and Myyra,
2014), a task that is out of the scope of this paper. On the other hand, the
ability to pay of economic agents is often assessed in the literature by
comparing the risk premium to the other variable costs already paid by
the agent. For example, Gomez-Limon (2020) assesses the affordability
of an hypothetical drought insurance scheme through the ratio of the
fair risk premium (in absolute instead of relative terms) to variable costs
(which we weight by the probabilities of each water constraint, so as to
determine the simulated cost). According to this author, if the fair risk
premium represents less than 20% of the variable costs, the insurance
policy can be considered affordable; albeit the preferred threshold is
10%. Table 2 shows the fair risk premium to variable costs ratios for
different deductibles in the CRS.

For a conventional deductible of 30%, the proposed index-based
insurance would be actuarially feasible (fair risk premium to variable
costs ratio <20%) under all models for the current (stationary) climate
(i.e., robust); and under all models except for the WGP PMAUP (which
overestimates drought damage as compared to the other three models in
the microeconomic ensemble) for the RCP2.6 and RCP8.5 climate
change scenarios. Based on the median estimate, which is more robust to
the WGP outlier, the proposed index-based insurance scheme would be
actuarially feasible under all models and scenarios, as well as all de-
ductibles. If we consider the mean estimate, the proposed index-based
insurance scheme would be unfeasible under RCP2.6 and RCP8.5 sce-
narios unless a deductible of 30% (10% in the case of RCP2.6) is applied.

It is worth noting that the information on the WGP PMAUP outliers
warns us about potential unfavorable surprises, which can trigger
massive damages and threaten the feasibility of the proposed index-
based insurance. To prevent these damages from realizing, and
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particularly in the case of systemic risks such as droughts, insurers often
hire re-insurance instruments to hedge against potentially massive
damages without the need to immobilize large amounts of money (Rejda
and McNamara, 2014). The exploration of these outliers can thus pro-
vide valuable information for insurers assessing the development of
hydrological insurance and the acquisition of re-insurance instruments.

5. Conclusions

This paper assesses the feasibility and robustness of an index-based
insurance scheme against droughts in irrigated agriculture under
climate change. To this end, we develop a grand ensemble that samples
both modeling and scenario uncertainty in the estimation of the insur-
ance risk premium. The grand ensemble combines four microeconomic
models and seven GAMLSS models, which are run for three alternative
climate change scenarios. Methods allow us to reveal potential unfa-
vorable surprises and minimize regret in the design and development of
the proposed drought insurance scheme. Methods are illustrated with an
application to the CRS in Spain, where we find that, for a conventional
deductible of 30%, the proposed index-based insurance is actuarially
feasible under all models for the current (stationary) climate (i.e.,
robust). Under climate change (RCP2.6 and 8.5), all models considered,
with the exception of the PMAUP WGP, show that the risk premium is
affordable (all deductibles).

We envision several ways in which further research can improve the
methods presented here. First, ad-hoc studies on the willingness to pay
for drought insurance in irrigated agriculture are necessary to obtain
more conclusive results on the feasibility of the proposed insurance
scheme. Second, our analysis has been applied considering the current
approach to water resources management in the CRS. If water resources
management in the area changes (e.g. new infrastructures are built, such
as reservoirs, and/or TSU drought indices are revised), our assessment
will have to be updated to account for these changes and reassess the
feasibility of index-based hydrological drought insurance in the area.
Third, assessments on the costs of re-insurance policies and its impact on
risk premiums are necessary to assess the feasibility of the proposed
index-based hydrological drought insurance Fourth, crop insurance may
trigger moral hazard, because the insured agent has an incentive to in-
crease its exposure to risk given it does not bear the full costs of that risk.
Recent research has suggested that moral hazard tends to negatively
affect autonomous climate change adaptation efforts by farmers through
a reduction in self-protection behavior, such as the adoption of drought-
resistant crops with a lower expected profit and risk (Miao, 2020; Miiller
et al., 2017). Moral hazard has been traditionally addressed through
insurance deductibles, albeit new approaches have suggested that
risk-based pricing can play a relevant role in reducing moral hazard
while also encouraging self-protection behavior (Surminski et al., 2015).
Further research should also explore the impact of risk-based pricing and
other incentives supporting autonomous adaptation on the performance
and affordability of hydrological drought insurance. Fifth, in line with
conventional mathematical programming modeling, the decision vari-
able used in the microeconomic ensemble refers exclusively to crop
portfolio choices/land allocation. While this allows for extensive (land
reallocations towards less water intensive crops) and super-extensive
(land reallocations from irrigated to rainfed agriculture) margin ad-
justments, it excludes intensive margin adjustments through deficit
irrigation, an increasingly relevant adaptation option to irrigators in
water stressed areas—albeit still of marginal relevance in the CRS
(Graveline and Mérel, 2014). As the new generation of mathematical
programming models allows for intensive margin adjustments, and an
ensemble of such models can be conformed, we expect the microeco-
nomic ensemble to become more realistic—and potentially more accu-
rate—in the predictions of irrigators’ responses. Finally, additional
relevant scenarios and systems could be incorporated into the analysis to
more thoroughly sample uncertainty. Critically, our methodology
combines the impact of future climatic variables on water availability
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with microeconomic simulations using historical and climate stationary
agricultural data on water need, crop yield, crop prices and farming
costs—all of which will be likely affected by climate change (AgMIP,
2022). This limitation should be explored in further research, e.g. by
expanding our GAMLSS modeling to predict changes in these variables,
or by explicitly incorporating additional systems and their models (e.g.,
macroeconomic modeling to assess price fluctuations).

Data availability
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