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Abstract
Deliverable 10.2 reports on the assessment of adaptive capacity, vulnerability, and risk for the agriculture,
forestry, and ecosystem services sectors. Informed by biophysical impact modeling from Work Package 7, D10.2
assesses the ability of each sector to adapt to future changes due to 2 degrees of global climate change. For
each sector, adaptive capacity is assessed via an indicator approach, which is based on sustainable livelihoods
theory. Adaptive capacity is seen as a combination of human, financial, physical, and natural These capacities
are combined to form an index of national-level adaptive capacity, which is then combined with estimates of
biophysical impacts from Impact2C modeling results to highlight areas which are particularly vulnerable to
future change under 2 degrees of warming. For the agriculture sector, vulnerability for four crops is assessed:
wheat, barley, rapeseed, and maize. For the forestry and ecosystem services sectors, vulnerability to change in
forest fires, net primary productivity, and net biomass productivity is assessed. For the agricultural sector, we
additionally introduce two new approaches to assessing future impacts: a stochastic version of the GLOBIOM
model, which assesses yields, consumer and producer revenues, and other variables, is tested; and for analysis
to produce probabilistic estimates of risk, a copula approach is used to generate risk curves for yield losses due
to drought. Overall, the analysis highlights the opportunities and challenges of developing a broad-based
approach to measuring adaptive capacity, vulnerability and risk. Sectoral- and hazard-specific adaptive capacity
assessment is a relatively new approach at the European scale, and no single approach has arisen in terms of
assessment. Key challenges included a lack of consistent data at fine spatial resolutions, the need for a stronger
empirical basis for selection of indicators, and difficulties in projecting indicators to a two degree world. Beyond
identifying these challenges as areas for future research, our work highlighted key opportunities in regards to
defining adaptive capacity in terms of multiple capital types, providing a broader perspective as to what makes
up the ability of a system to adapt to changes, as well as suggesting a risk perspective and a risk-based approach,
which can provide actionable outcomes for policymaking.
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1. Introduction
As disaster impacts continue to increase (IPCC, 2012) amid the ever-present threat of climate change –
reiterated by broad scientific consensus – there is a growing importance on developing strategies to reduce
vulnerability and risk related to both current and future extreme events (IPCC, 2012). As emphasized in the
latest IPCC Assessment Report, a changing climate will amplify existing risks and create new ones which are
unevenly distributed, with greater impacts on disadvantaged communities at all levels of development (IPCC,
2014). In order to effectively make decisions on adaptation to future changes, policymakers can be informed by
an approach which links climate-driven impacts and scenarios for the future with greater understanding of the
overall system in question, such as governance, equity, economics assessments and the diverse set of possible
responses to future risks, to highlight areas that may be vulnerable both now and in the future, and recommend
policy options to increase resilience (IPCC, 2014).
The Impact2C project was formed with the goal of assessing the state of Europe under 2 degrees of warming
globally. While other work packages focus heavily on the biophysical impacts to the agriculture, forestry, and
ecosystem services sectors, the vulnerability and adaptive capacity of regions is not as well understood. This
deliverable reporting on the assessment of adaptive capacity, vulnerability, and risk for the agriculture, forestry,
and ecosystem services sectors uses emerging work in these areas to assess the ability of these sectors to adjust
to and cope with the consequences of 2 degrees of climate change and highlight vulnerable areas.
Risk, as used in disaster risk analysis, is a function of vulnerability, exposure, and a hazard. Vulnerability, the
propensity of a system to be adversely affected (IPCC, 2012) is influenced by adaptive capacity, “the ability to
adjust, take advantage of opportunities, or cope with consequences. (IPCC, 2014)” Thus to assess the risk of
extreme events and climate change, an important initial step is establishing values for a system’s adaptive
capacity, which until recently has been handled differently depending on the context and risk assessment
methodology being utilized (Gupta et al, 2010). Adaptive capacity is notoriously difficult to observe and
measure, being seen as a latent system property only emerging when stress is placed upon a system (Engle,
2011). We build on a tacit convergence of disaster risk theory, sustainable livelihoods framework, and other
approaches focusing on resilience, which offer insight on the best means of quantifying proxy values for
adaptive capacity for a number of asset types, such as financial, social, human, natural, and physical capacities.
This work builds off of research done in Work Package 7 of Impact2C, which enumerates the potential
biophysical effects on the sectors in question. Moving beyond impacts, we assess the ability of states to adapt to
these future impacts. While assessments have been carried out in other regions in the past, they take a number
of different approaches and for the most part have been carried out on an ad-hoc basis, creating an
environment which may not adequately communicate risks to stakeholders and policymakers due to uncertainty
of results, differences in initial assumptions and means of conveying results. This Deliverable provides an
overview of the state of the art of assessing adaptive capacity, and summarizes previous assessments of
European adaptive capacity and vulnerability. In line with the Impact2C project, we build on previous research
and attempt to provide an updated picture of European vulnerability using consistent assumptions on climate
and socioeconomic parameters such as the RCP and SSP scenarios, while adhering as closely as possible to the
methodologies outlined in previous assessments.
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However, work undertaken in Work Package 10 is novel in that we assess adaptive capacity for individual
sectors, which to our knowledge has not been done before for the European area. From here, we incorporate
biophysical impacts to generate European vulnerability maps for the agriculture, forestry, and ecosystem
services sectors for drought and fire hazards. Additionally, new results from the WP7 EPIC model allow us to
upscale grid-level probabilistic crop yield estimates into national-level risk curves via a copula approach.
The work in this Deliverable is broken down as follows. Chapter 1 provides an introduction, defines the
objectives of the Work Package as defined in the Description of Work, and outlines the scope of the Deliverable.
Chapter 2 presents an overview of the previous work on adaptive capacity, building off of the review in
Deliverable 10.1. Chapter 3 compares the different methods used to generate adaptive capacity indices, and
determines the method to be used in our assessments. Chapter 4 presents the approach taken in assessing
adaptive capacity, and summarizes the proxy indicators used for each sector being studied, followed by the
resulting indices for each sector. Chapter 5 links to other Work Packages of Impact2C by incorporating
biophysical impacts to generate vulnerability estimates for Europe, and Chapter 6 discusses efforts to move
beyond vulnerability to estimates of risk for the agricultural sector, before Chapter 7 finishes the report with a
discussion of results and highlights of areas for future investigation.
1.1. Work Package 10 objectives
As defined in the Impact2C Description of Work (DoW), this deliverable has two tasks, specifying the assessment
of adaptive capacity, vulnerability, and risk to the agriculture, forestry, and ecosystem services sectors via two
approaches: for sectors and hazards where probabilistic risk information from impact modeling is available, the
deliverable takes a risk-based approach, and for other sectors and hazards with no probabilistic risk information,
an indicator approach, such as in Diffenbaugh et al (2007) and Nelson et al (2010) is taken.
Assessing adaptive capacity: The DoW specifies the need to assess adaptive capacity, “the ability to manage or
reduce exposure and sensitivity to climatic stimuli” In D10.1, we outlined the methodology of our approach to
assess AC, based on a 5 capitals framework, which incorporates facets of 5 capital types: human, social, natural,
economic, and physical. These capacities are determined for the present time period, and projected to a 2
degree Europe by use of the SSP framework and narratives for human (education) social (institutions), and
financial capitals, and model outputs from WP7 are used to project natural and physical capitals.
As adaptive capacity is seen as a latent property of a system describing the ability to cope with shocks, there are
no readily-measurable qualities that directly reflect a system’s AC; instead, an approach is taken where proxies
selected deductively based on frameworks such as the Sustainable Livelihoods approach, are used as indicators
of adaptive capacity and aggregated via Principal Components Analysis (see Nelson, cited above, for example of
this process), allowing us to create a set of consistent indicators which highlight areas of high or low adaptive
capacity.
Assessing vulnerability (indicator approach): For hazards with poor risk information, biophysical impacts are
linked with adaptive capacity. This has been standardly done (see Schröter (2004), Nelson et al (2010) and
others). Areas with low adaptive capacity and high future potential impacts are as a result more vulnerable to
future change than areas with low impacts and low AC. With spatially explicit adaptive capacity projected to
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regions such as NUTS2 or Farm Accountancy Data Network (FADN) regions, combined with potential impacts
from impact models, we specify future vulnerability.
Assessing risk: Where risk information can be obtained from climate impact models, such as for drought hazard,
probabilistic estimates of the likelihood of future losses are estimated.
1.2. Scope of this report
As defined in the DoW, this deliverable is a “report on assessing adaptive capacity, vulnerabilities, and risks for
agriculture, forestry, and ecosystem services,” assessed on the basis of climate and impact modeling results
from other Work Packages of Impact2C, for a set of common Regional Climate Models (RCMs), Representative
Concentration Pathways (RCPs), and Shared Socioeconomic Pathways (SSPs).
For each sector, after creating an index of adaptive capacity, we calculate vulnerability by incorporating impact
model results which are run for each scenario in the above table, for three SSPs (SSP 1, 2, and 3) which define
the socioeconomics at the point where global climate reaches a two degree increase. The number of potential
results in terms of vulnerability maps thus quickly increases to quite a large number, especially when considering
the agricultural sector, where we assess the vulnerability to yields of individual crops (8 in total modeled in
WP7). With this in mind, this report is seen as a summary of the approach taken to assess adaptive capacity,
vulnerability and risk, providing examples of key results, but we do not include all possible combinations of RCMs,
RCPs, and SSPs. The final output of Impact2C, the atlas, will contain our full results, while this deliverable will
focus on the process of generating those results.
Based on impact modeling results available to us through the project, we assess the following in the Work
Package, which will be included in the final Impact2C outputs: for agriculture, we assess drought vulnerability for
8 types of crops, based on the output of two crop models; for forestry, we assess drought and forest fire
vulnerability; and for ecosystem services we assess vulnerability based on modeled levels of Net Primary
Production of forests.
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2. Methodological approach
Adaptive capacity is a key determinant of vulnerability of systems to extreme events and can provide a means to
link the fields of disaster risk management and climate change adaptation, but the actual process of measuring
these capacities is varied and has taken a number of forms in past assessments. This section provides a brief
overview of the methods which have been used to understand adaptive capacity and focuses in greater detail on
the generation and use of quantitative indicators of adaptive capacity, which forms the basis for our research.
To date there have been numerous attempts to assess adaptive capacity, at scales ranging from local /
community level up to national and regional levels, for varying hazards, such as drought, flood, tropical storms,
upon various sectors, from fisheries to ecosystem services, agriculture, and water management; see, for
example (Allison et al., 2009; Antwi-Agyei, Fraser, Dougill, Stringer, & Simelton, 2012; Gbetibouo & Ringler,
2009; Nelson et al., 2010; Sharma & Patwardhan, 2008; Simelton & Fraser, 2009). In practice, assessing adaptive
capacity is quite difficult, as it is seen as a latent property of a system which only emerges once a system is
subject to stress or shock (Engle, 2011). Combining this with the fact that the factors determining capitals
endowments are extremely scale, place and system specific creates difficulties when attempting to generalize a
set of key factors which enhance resilience (Tol and Yohe, 2007; Vincent, 2007).
There are a number of approaches to try and assess adaptive capacity, which vary from the use of case studies
(Bussey et al, 2010), focus groups and interviews (Ivey et al, 2004; Hahn et al, 2009) to more quantitative
indicator based approaches (Yohe & Tol, 2002; Simelton et al., 2012). Most of the work on determining the
drivers of adaptive capacity has thus far come from the disaster and sustainable development research
communities (Smit et al, 2001; Sen, 1981), with little focus by those involved in climate change adaptation;
however, the adaptation research community can and has benefited from this research, for example in the
recent work of Nelson and others (2007, 2010).
While research has taken a number of approaches to assess adaptive capacity, most emphasize that a system’s
capacity is driven by a range of socio-economic factors; the organization of drivers may vary from study to study,
but all incorporate factors emphasizing economic wealth, education, governance, infrastructure, social ties, and
natural resources. Most quantitative assessments utilize indicator-based approaches to assess these capacities,
especially when considering larger scales such as regional or national and larger. While community or household
assessments are typically carried out via interviews or surveys, it stands to reason that these methods would be
unfeasible at higher scales.
As our research is focused on developing a means for cross-country comparison, in the following section we
concentrate our review on those works which utilize an indicator-based approach. Upon establishing a baseline
estimate via a quantitative approach, qualitative methods could be utilized to refine and validate findings
(Brooks et al, 2005, Pandey et al, 2011), but as this research is novel in many ways, we suggest it can form a firstorder estimate from which to build upon with more specific follow-up analysis.
2.1. Assessing AC via quantitative indicators
Developing indicators of adaptive capacity with a quantitative approach can be generalized to a three stage
process, the first being the establishment of a deductive basis upon which to understand the drivers of adaptive
4

capacity. Essentially this step is the use of a theory or conceptual framework to organize and guide the selection
of proxy indicator variables. The second step follows by operationalizing this framework and selecting
appropriate indicator variables. The final step pertains to how these proxies are assembled into an overall index
or set of indicators, and the key issue at hand in this case is to determine the relative importance of the various
factors selected and prioritizing or ranking them.
Within this process, there are two prevailing approaches for selecting appropriate proxies, a deductive and
inductive approach (Adger & Vincent, 2005; Hinkel, 2011). The deductive approach takes a conceptual
framework or expert judgment and uses it to decide which indicators are likely to be related to a driver of
adaptive capacity, whereas inductive approaches choose indicators based on statistical correlation of potential
indicators and empirical observations of damage or harm. While the second process is termed inductive, it
should be emphasized that underlying this process is usually a deductive framework used to understand and
organize drivers of AC from which candidate indicators can be chosen (Brooks et al., 2005). Limitations for both
approaches exist, as deductive approaches may not result in indicator selection which fully represent AC drivers,
and uncertainty as to whether or not an indicator is truly associated with the assumed change in adaptive
capacity (e.g. an assumed increase or decrease). Inductive approaches are plagued with data limitations, which
usually rules this approach out in terms of household or community level, in terms of both indicator data and an
adequate quantification of the damage or harm by which to compare capacity indicators. Without such data,
statistical inferences can be hard to develop.
Step one of this process, establishing a conceptual framework, began Deliverable 10.1 with a discussion on risk
and climate adaptation analyses, which can be seen as an overarching framework driving the need for
quantitative indicators. A more specific analytical basis for selecting potential indicators, which builds off of the
framework established in this chapter, is discussed in in the following chapter. Steps two and three, selecting
appropriate indicators and aggregating these values into an index are addressed in section below, but first we
discuss an overview of the literature on quantitative indicators and potential indicators taken from the literature
and organized within the five capitals framework, in the following pages.
There is a large base of literature describing vulnerability assessments, as the field of vulnerability and risk has
been evolving and coalescing over time, and most assessments of climate change have adopted an IPCC framed
concept of vulnerability as a function of exposure, sensitivity, and adaptive capacity. As a result, the focus of this
review is more specifically focused on the main characteristics of how adaptive capacity has been assessed in
the literature, with emphasis on the deductive basis from which drivers of adaptive capacities are derived and
how proxy indicators for these drivers have been selected and aggregated.
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As discussed in D10.1, a major issue with most assessments to date is a lack of a sound basis from which to
deduce adaptive capacity. 13 of the studies mentioned utilize expert judgment, usually where a small number of
researchers with a background in relevant areas (such as economics, risk and vulnerability, catastrophe
modeling, institutional governance, etc.) get together and establish a framework which is designed for the
research questions at hand. Only five studies have utilized a previously-existing theoretical framework on which
to base analysis of adaptive capacity, those being Nelson et al (2005, 2007, 2010), Gbetibouo and Ringler (2009),
and Antwi-Agyei et al (2012), which all use sustainable livelihoods theory.
Another issue arises here in terms of the efficacy of indicators and the science-policy interface. Indicators are
useful as metrics for assessing progress towards goals or in cross-system comparisons, as mentioned previously,
but without utilizing a similar theoretical framework, an indicator derived from expert judgment isn’t relevant in
comparative analysis. It also does nothing to help, and in fact may hinder, the secondary benefits of an indicator
approach, that of advancing ideas and changing discourse. Adaptive capacity indicators built from expert
judgment may only serve to confuse potential users further, as various studies would present various theoretical
underpinnings.
Finally, a problem raised by Gbetibouo and Ringler (2009) and Antwi-Agyei et al (2012) is a problem with data
availability. As previously mentioned, a quantitative approach is really only feasible at a national or provincial
level due to the need for consistent data for statistical analysis, unless an extensive and adequate survey is
carried out, which is normally not feasible. But even then, data is sometimes noted to be lacking.
Most of the studies taking a statistical approach, such as Yohe et al (2007), Patt et al. (2010), and Simelton et al.
(2012), are novel in that they provide an idea of the statistical power of their models, but assessment and
projection of adaptive capacity is based on expert judgment, with no clear theory of the drivers of AC. Yohe and
Tol (2007) identified three significant indicators of AC (per capita income, literacy, and poverty), which are
projected via SRES scenarios, while Patt et al (2010) developed a model of adaptive capacity based on statistical
relationships between disasters, the Human Development Index, female fertility, and urban populations, which
are then projected forward. These studies are not grounded in any standard theory of adaptive capacity, and
focus on what can be considered relatively easy to observe values of infant or general mortality. This approach
becomes much more challenging when the use of AC is expanded to assess less obvious effects, such as indirect
economic or welfare considerations. Broadly speaking, the statistical approaches undertaken seem quite adept
at providing an estimate of AC for clear, focused problems and regions, but cannot easily be upscaled to form
more general estimates of adaptive capacity of a certain sector at such a level as the EU region.
2.2. Theoretical framework - Sustainable livelihoods approach
As mentioned above, most assessments thus far have not utilized a sound basis from which to understand AC,
with only five studies surveyed utilizing a pre-existing framework. Ad hoc or expert judgment approaches suffer
from a lack of comparability and statistical approaches are difficult to apply to regions or problems beyond their
original intent. This would seem to necessitate the use of a framework upon which AC can be understood, and
cross-comparisons to other studies can be made. One previously used framework is that of the Sustainable
llvelihoods approach (SLA).
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The Sustainable Livelihoods approach utilized in previous AC assessments provides a broad-based framework for
organizing the different forms of assets to which people have access, and helps describe the use to which these
assets may be put. SLA was developed conceptually by Ellis (2000) and views livelihoods strategies as made of
activities that are invented, adapted and adopted in response to changing availability to five types of capacities
or assets:
1. Human capacity: the education, skills and health of household members
2. Social capacity: reciprocal claims on others by virtue of social relationships and networks, close social
bonds that aid cooperative action and social bridging and linking via which ideas and resources are
accessed
3. Natural capital: the natural resource base such as productivity of land, and actions to sustain
productivity, as well as water and biological resources
4. Physical capacity: items produced by economic activity from other types of capital; this may include
infrastructure and equipment
5. Financial capacity: the level, variability and diversity of income sources and access to other financial
resources that combine to contribute to wealth
This approach sees adaptive capacity as a function of the balance between the five capitals, but does not
assume that capitals are entirely commensurable. While it may be possible to compensate for a lack of a certain
capacity via use of others, there may exist thresholds at which a lack of capacity cannot be overcome via the
substitution of other capacities.
The Sustainable Livelihoods framework was adapted from a conceptual framework developed by the UK’s
Department for International Development to help understand poverty and the work of poverty reduction, and
allows for a simple but well-developed way to think about complex issues in applications linked to policy and
practice. Another benefit is that it can be applied at varying levels of detail, from a broad conception framework
to a tool for designing programs and or evaluate strategies. Most work thus far with SLA has been theoretical,
however use of the framework to assess adaptive capacity is becoming more common, as discussed in D10.1,
and with efforts such as the one described by Keating et al. (2014 ), which aims at establishing quantitative
indicators of community-level resilience based on an SLA approach.
In this work, we reduce the SLA framework to focus on four asset types: human, natural, physical, and financial.
The institutional dimension emphasized by social capital is subsumed by financial capital, in that outside sources
of funding and support financially after an event, or the implementation of policy measures such as drought
relief programs and insurance, can be seen as measures of solidarity and incorporate institutional aspects. The
definition of each capital type, as well as pertinent proxy indicators, are discussed at length in section 5.
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3. Overview of approaches to assess adaptive capacity
Upon establishing a deductive basis from which to understand AC, the other important consideration is to
decide how to actually go about creating a set of indicators and combining them into an easily understood
index. The survey of the literature above discussed mainly differences in broad approaches and the
methodologies behind each work; framing adaptive capacity, deductive versus inductive approaches, indicator
selection etc. but an important factor yet to be addressed is the way in which the selected indicators are
combined to form aggregated indices of adaptive capacity. As with defining AC, multiple approaches exist to
weight indicators and combining them into an aggregate value. Generally, index creation falls into three
categories: (1) – expert judgment (Brooks et al., 2005; Moss et al., 2001, and others); (2) equal weighting
(Vincent, (2007); O’Brien et al. (2004)); and (3) the use of statistical methods such as principal component
analysis (PCA), factor analysis, or use of fuzzy set theory (Nelson et al, 2010; Acosta et al, 2013; Gbetibouo and
Ringler, 2009).
Table 1. Overview of strengths and weaknesses of approaches to aggregate AC indices

Approach
Equal
weighting
(Brooks et al,
2005; Moss
et al., 2001)
Expert
judgement
(Vincent,
2007; O’Brien
et al., 2004)

Benefits

Drawbacks

•

Easy to carry out

•

•

Avoids shortcomings of expert
judgement

Indicators do not equally affect
vulnerability and adaptive capacity

•

May not provide accurate picture
of AC

•

Relies on knowledge of
researchers and stakeholders
Difficult to implement at larger
spatial scales
Finding agreement on weighting
factors difficult with a panel of
experts
Resource intensive

•
•
•

Commonly used
Experts have in-depth
knowledge of system under
consideration
More accurate assessment of
how capacities interact / affect
vulnerability than equal
weighting

•
•

•
•
Fuzzy set
theory
(Acosta et
al., 2013)
Principal
components
analysis
(Nelson et
al., 2010;
Gbetibouo
and Ringler,
2009)

•

Framework allows for a way in
which way in which vague
concepts can be more precisely
assessed
Converts data into qualitative
categorical terms

•

Heavily reliant on expert judgment
to form inference rules

•

Resource / time intensive

•

Less need for expert judgement

•

•

Produces standardized results /
is not specific to certain system
or region

More complicated to convey
process, possibly leading to less
trust in results

•

Lack of expert input means less
first-hand knowledge of system

•

Difficult to verify results and
provide robust inferences

•

Results easy to duplicate, can
accommodate rapid change /
inclusion of more or new data

Equal weighting is straightforward; selected proxies are combined into a single indicator by standardizing all
variables to a common range, and then are given equal weight, or importance, when aggregated to a single
number. This approach has commonly been used in previous studies, as it is easy to understand the process and
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convey results to stakeholders. Other methods are time and resource intensive, and statistical methods in
particular do net lend themselves well to be easily understood by policymakers, whereas equal weighting can be
easily explained. That being said, equal weighting has been criticized, as research has shown that indicators
don’t equally affect vulnerability and adaptive capacity (Hebb and Mortsch, 2007).
Expert or stakeholder judgement is the selection of indicators, and weighting of those indicators, via
participatory approaches. Usually, this entails workshops, interviews, or surveys with stakeholders in the region
of interest, where selection of indicators and weighting is drawn out over a period of time. It is also possible to
weight community preferences via Bayesian probability (Karl et al, 1996) or an Analytical Hierarchy Process, a
multi-criteria evaluation method (Saaty and Vargas, 2012.) Expert judgment or participatory approaches rely on
the knowledge of researchers and stakeholders in fields and communities, and are difficult to implement at the
regional scale of the European Union. Even at smaller scales such as community level, it has been shown that
finding agreement on weighting factors is difficult to do with a panel of experts (Lowry et al, 1995). The two
other approaches, fuzzy set theory and principal components analysis, are discussed below.
3.1. Fuzzy set theory
Fuzzy set theory originated with the idea that modeling of complex systems, with assumptions of being
deterministic and precise in character is inadequate. Traditional modeling assumes that results are
dichotomous, being of one state or another, true / false, yes / no, with no ambiguity, as well as precise, implying
that model parameters represent the real system being assessed. Fuzzy set theory argues that these traditional
modeling routes understate inherent uncertainties and inaccurately represent systems, which are too detailed in
scope than we could ever comprehend (Zimmerman, 2010). One of the original proponents of fuzzy set theory,
Zadeh, wrote that “as the complexity of a system increases, our ability to make precise and yet significant
statements about its behavior diminishes until a threshold is reached beyond which precision and significance
(or relevance) become almost mutually exclusive characteristics (Zadeh, 1973).” Fuzzy set theory was thus
intended to be an extension of dual logic and classical set theory by accommodating “fuzziness in the sense that
it is contained in human language, that is, in human judgment, evaluation, and decisions (Zimmerman, 2010);”
the framework attempts to provide a way in which vague concepts can be more precisely assessed, to deal with
problems in which exact criteria or class divisions are unknown (Zadeh, 1973). The theory has the advantage of
being able to “quantify the vagueness and imprecision of interpretations. (Mays et al., 1997)”
Of the literature surveyed, one study (Acosta et al., 2013) utilized fuzzy set theory for assessing adaptive
capacity, and it serves here as an illustration of the process. Generation of an AC index is a three step process,
(1) fuzzification, (2) fuzzy inference, and (3) defuzzification. The first step, fuzzification, develops membership
functions which allow translation of data into qualitative categorical terms, such as low, medium and high, and
defining the degree of membership. Fuzzy inference allows for combining input variables into higher-order
categories. An example from Acosta et al. (2013) used inputs of literacy rate and enrollment in tertiary
education and combined them via fuzzy inference to assess the system’s degree of knowledge. The final step in
the process, defuzzification, converts these qualitative values back into index values between zero and one
based on a numerical assessment of inference rules from step 2.
Acosta (2013) starts with 12 indicators of adaptive capacity, such as female activity rate, literacy rate, and
budget surplus, and aggregates them to multiple levels. The first level of aggregation are determinants of 3
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components of adaptive capacity; 2 indicators per determinant (see chart below). Next, the determinants are
combined into three components, awareness, ability, and action, which are then aggregated into one index of
adaptive capacity. For each level of aggregation, the three step fuzzy set process is used to convert measure
from numerical absolutes into qualitative categories (such as high, moderate, or low literacy), allowing for
subjective interpretation of what high literacy actually means, or low number of doctors, etc.
3.2. Principal components analysis
In comparison to fuzzy set theory, the use of principal components or factor analysis is a much simpler approach
which eliminates the need for expert judgment inherent in fuzzification and fuzzy inference, utilizing statistics to
extract a small subset of uncorrelated combination of variables which capture similar information from a larger
dataset of correlated variables. PCA is used in a number of fields, most often with the goal of finding classes of
similar objects in a large dataset, elimination of outliers, and simplification of large datasets which could more
easily be approximated by less complex structures. The drawback is that it does not establish causality. While a
comprehensive overview of the statistical methods behind PCA is beyond the scope of this work (for an
overview texts abound, such as, see Wold (1987), Jolliffe (2002) and others), a short overview is given below,
followed by an example from the literature on adaptive capacity.
If we assume we have a set of N variables (a * 1j to a * Nj) which represents the N-variables or indicators for
each region j. PCA initially normalizes each variable by its mean and standard deviation, and then expresses the
variables as linear combinations of a set of underlying components for each region j:
𝑎𝑎1𝑗𝑗 = 𝛾𝛾11 𝐴𝐴1𝑗𝑗 + 𝛾𝛾12 𝐴𝐴2𝑗𝑗 + ⋯ + 𝛾𝛾1𝑁𝑁 𝐴𝐴𝑁𝑁𝑁𝑁

𝑗𝑗 = 1 … 𝐽𝐽

𝑎𝑎𝑁𝑁𝑁𝑁 = 𝛾𝛾𝑁𝑁1 𝐴𝐴1𝑗𝑗 + 𝛾𝛾𝑁𝑁2 𝐴𝐴2𝑗𝑗 + ⋯ + 𝛾𝛾𝑁𝑁𝑁𝑁 𝐴𝐴𝑁𝑁𝑁𝑁

Where the A’s are the components and the 𝛾𝛾′s are the coefficients for each component for each variable (which
do not vary across regions). PCA finds the linear combination of the variables with the maximum variance, then
finds a second linear combination of variables uncorrelated with the first combination which has the maximum
remaining variance, and proceeds until no more orthogonal variables are left. Finally, loading factors for each
component are determined by inverting the equation above to be:
𝐴𝐴𝑁𝑁𝑁𝑁 = 𝑓𝑓𝑁𝑁1 𝑎𝑎1𝑗𝑗 + 𝑓𝑓𝑁𝑁2 𝑎𝑎2𝑗𝑗 + ⋯ + 𝑓𝑓𝑁𝑁𝑁𝑁 𝑎𝑎𝑁𝑁𝑁𝑁

Where f’s are factor loading scores. The first principal component (an uncorrelated value representing input
indicators which are correlated and express the highest amount of variation in the entire dataset) is then
calculated as:
𝐴𝐴1𝑗𝑗 =

∗
∗
∗
− 𝑎𝑎1∗ �
− 𝑎𝑎𝑁𝑁
𝑓𝑓11 �𝑎𝑎1𝑗𝑗
𝑓𝑓1𝑁𝑁 �𝑎𝑎𝑁𝑁𝑁𝑁
�
+
⋯
+
∗
∗
𝑠𝑠1
𝑠𝑠𝑁𝑁

Where s* is the variable’s standard deviation. (Gbetibouo and Ringler, 2009)

So what does this mean for assessing adaptive capacity? Principal components analysis allows us to simplify the
large dataset of correlated variables into a much smaller number of components, such as distilling down
indicators for each capital type into just one number for each region under analysis. A perfect example of this in
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the literature is Nelson’s (2010) assessment of the adaptive capacity of broadacre agriculture in Australia, where
sustainable livelihoods theory was used as the deductive basis to gather indicator data at a farm level. This was
then simplified into 5 capital types via PCA, which provided not only a single indicator value for each capacities,
but weighted the individual components in a standardized manner, and also emphasized components which of
the gathered data exemplified the largest variation in the total dataset. These capitals were then compiled in
two ways: PCA and equal weighting, and it was found that the difference between the two were negligible,
allowing for a simple equal weight of each capital to contribute to the resulting index of adaptive capacity for
the region.
3.3. Previous European assessments
Of the various predecessors to our work assessing adaptive capacity, two analyses focused on the European
region, the ATEAM project (discussed above and in Acosta (2013) and the CLIMSAVE integrated assessment
platform. While ATEAM used a fuzzy logic model to create an index of AC, the CLIMSAVE project took a different
approach. Baseline indicators were selected by expert judgement, based on six criteria:
1.
2.
3.
4.
5.
6.

Appropriateness – clear conceptual ties between the variable and capital
Open access – data is in the public domain
Statistical independence – low correlation with other indicator variables
Local scale – relevant to individuals over nations
Fixed assets – stocks were preferred to flows and rates
Detailed resolution – finer spatial resolution datasets were preferred

Similar to the approach in Acosta (2013) and our work, a five capitals framework was initially used by the
CLIMSAVE team to organize AC variables, with natural capital eventually being removed as it was determined
that it is incorporated into the assessment
Table 2. Indicators of adaptive capacity from the ATEAM and CLIMSAVE EU
Assessments. Source: Tinch et al, 2014.
framework via biophysical models in the
modeling chain. Both ATEAM and CLIMSAVE
approached AC from a general perspective,
and did not focus on sector-specific
attributes, as is attempted in this work. A list
of the selected indicators of AC can be seen
in Table 2.
Where CLIMSAVE diverges from ATEAM is
the projection of AC variables using
stakeholder scenario generation. Plausible
extremes and distributions for each indicator
were derived by a combination of projecting
from current data coupled with stakeholderderived scenarios. In a series of workshops,
stakeholders helped to define both the
direction and magnitude of changes in
capitals for time periods 2010 – 2025 and 2025 – 2050, which were then transformed into a 13 class sliding scale
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used to determine changes in the indicators. Projected indicator values were averaged to find scenariodependent estimates of future coping capacity (Tinch et al., 2014).
The ATEAM project used fuzzy sets as discussed above to weight indicators, while
the CLIMSAVE approach used a more participatory method in selecting and
projecting indicator values to the future, but the combination of these values into
an index was done via equal weighting. Once indicators were selected, they were
normalized, combined, and scaled to a value between zero and one. From there,
adaptive capacity was determined by 5 categories, as seen in Figure 1.:
• Very high: index value above 0.8
• High: index value of 0.6-0.8
• Medium: index value of 0.4-0.6
• Low: index value of 0.2-0.4
• Very low: index values less than 0.2
Impacts and the resulting vulnerability indices were similarly classified, and will be
discussed in Chapter 4.
3.4. Conclusions

Figure 1. Classification of
adaptive capacity according to
the CLIMSAVE project (Tinch et
al, 2014)

A survey of previous work on adaptive capacity yielded a varied picture in terms of
methods applied. While equal weighting of proxies is commonly undertaken, the
main critique is that it is not accurately representing ‘true’ AC values, but benefits
from being easy to carry out and able to be done without extensive expert
knowledge. While expert judgment improves upon equal weighting, it is difficult to
carry out at a large spatial scale such as the EU, which would require a number of
stakeholders and experts from various sub-regions. Additionally, it has been pointed
out that it can be difficult to come to any sort of consensus in terms of weighting
factors, which could be compounded due to the large area (and thus number of
experts) in question. Of the two remaining options discussed here, while fuzzy set
theory seems to provide a novel means of creating an index, it is not a simple
process to apply, and takes a good amount of experience and familiarity with the
process to carry out the assessment. Additionally, the step of fuzzy inference, which
combines qualitative values, is heavily reliant on application of inference rules
“designed from experience, expert knowledge, and literature sources (Acosta et al,
2013).” Thus fuzzy set theory embodies expert judgment, which then leads to the
inherent problems of that approach, again namely the large spatial scope in
question.

Alternatively, principal components analysis alternative offered a relatively easily implemented method of
weighting and computing capacity indicators, which has been met with success in the literature in the past.
Nelson (2010b), Gbetibouo and Ringler (2009) and Abson (2012) all successfully use PCA to create indices of AC
at various scales. PCA benefits from being able to rapidly change indicators based on new / improved datasets or
changing deductive frameworks. It is also easily reproducible in further research, whereas fuzzy modeling may
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be more difficult due to weighting and fuzzy inference rules established by expert judgment. Fuzzy sets, while
novel, still appear to be a relatively new approach in the creation of AC indices, and in order to further promote
trust in the perception of results, as well as having a relatively well-understood method of computing indices
which is consistent for each sector of analysis, PCA was the preferred option for creating the indices in this work
and was initially pursued.
However, Nelson (2010b) took an interesting approach and compared the results of weighting via equal weights
and PCA, and discovered that the results from either approach were almost identical. Based on this, we did our
own assessment with the potential indicators of adaptive capacity of agriculture, and found similar results,
assessing the baseline AC index values using both approaches. For some capacities, results of the standardized
index (between 0 and 1) changed less than 0.01 on average. Similar results were found for other capitals, with
results normally changing very little, especially when the classification of the index into categories (very high,
high, medium, low, very low) was taken into account. Figure 2 below compares the resulting adaptive capacity
indices derived by both equal weighting and PCA, and as can be seen, differences are minimal.

Figure 2. Comparison of difference in adaptive capacity index for the agricultural sector using two different aggregation methods, PCA and
equal weighting.

As previously discussed, equal weighting has the weakness of inaccurately conveying that proxies equally affect
overall adaptive capacity, especially when combining various capitals (e.g. human, physical, etc.) into one index.
Principal components analysis avoids this drawback, but as shown in Nelson (2010b) and above, especially when
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converting a continuous set into a discrete categorical index, differences in results of the two methods are
minimal. This essentially negates the benefits of PCA, while drawbacks remain. PCA is more time-consuming
than equal weighting, and is more difficult to communicate how results were generated to stakeholders and
policymakers. As one of the only other European-level studies, CLIMSAVE, also took an equal weighting
approach, in order to maintain consistency of results and be easily relatable to previous work, as well as being
easily understood by readers, we chose to use equal weighting in creation of our indices.
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4. Methods: Assessing adaptive capacity
For each sector, we first establish a baseline estimate of AC, based on proxies found to be previously used, or
which are shown to be linked to adaptive capacity, via literature review. In keeping with previous assessments
and in order to not be needlessly complex but rather readily accessible to interested parties, we limited the
selection of indicators to three proxies per capital type, for a total of 15 indicators. We then use SSP and model
output data to project the indicators to time periods where global climate reaches 2 degrees for the agricultural
sector (discussed in 4.2 below). Due to a lack of observations over time for the forestry and ecosystem services
sectors, it was not possible to project indicators to the future, so a different approach was taken, as used in
Nelson et al (2010b), where present adaptive capacity is used as a proxy for the future.
4.1. Creating a present-day AC index
The literature review gathered a large amount of potential indicators for each capital type and the next step was
to try and identify key factors for each capital and reduce the number of proxies needed. Many assessments of
AC focus on multiple hazards and address multiple sectors; using the sustainable livelihoods framework and
focusing on only the three sectors, a number of initial variables suggested from the literature could be
disregarded. A discussion on the selection of final proxies for each capacity type can be found below, for each
sector.
Each capacity was assessed individually after selecting the three proxies which best represented and were most
relevant to the capacity in question. For example, for financial capital, many factors reflect nearly the same
aspects, e.g. environmental tax revenue and environmental protection expenditure. To best describe each
capacity while limiting the total selection in order to be readily accessible to stakeholders and policymakers,
three proxies were selected from the total pool that best reflected the various facets of each capacity type.
Emphasis was initially placed on sub-national indicators, in order to get a more accurate picture of AC, but it was
found that for the vast majority of proxy data, sub-national indicators did not exist, or datasets were too
incomplete to cover the entire study area. As selection of indicators was driven based on hypothesized
relationships between proxies and the qualities of each capital (discussed by sector below) as well as empirical
observations of qualities that enhance AC, many of our selections limited us to national-scale AC assessment.
The exception to this is physical capital of agriculture, where indicators came from the Farm Accountancy Data
Network (FADN) dataset at sub-national levels, but aggregated national values were used, in order to maintain
consistency with other capitals and avoid disingenuous results.
Upon selection of the final set of indicators, each proxy was normalized (by taking the value for each
observation minus the mean value, divided by variance) and combined into four capital indicators via equal
weighting. The final index for each capital type is a value between zero and one. We then combined the four
capitals into a single index of AC using equal weighting, and classified results in a similar manner to the
CLIMSAVE project, in order to promote easy comparison of results (See Figure 1 for example).
4.2. Projecting AC using SSP and model outputs
An important aspect of the work in WP 10 is projecting adaptive capacity to a 2 degree world. Section 2
discusses uncertainty in AC measurements, but thus far uncertainty arising from predictions of future values has
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not been discussed. Vincent emphasizes the impossibility of projecting capacities into the future with any
certainty at all. As pointed out by Yohe (2001), numerous factors which influence future AC, such as
demographics and technological change, also drive emissions, and thus future mitigation and thus possible
future impacts. Vincent and Yohe make valid points, and express concern with placing too much “trust” in AC
indicators, but the critiques are relatively narrow and focus on the most direct “use-case” of AC indicators
without considerations for how even uncertain measurements of current and future AC can be useful to
policymakers, regardless of uncertainty. Focus on conceptual use could justify the use of future predictions as it
helps to introduce new concepts and possibilities to stakeholders.
Estimates of future AC will inexorably be tied to scenarios of future biophysical and socio-economic
developments, as they reflect estimates of future resilience to future hazards. Scenarios are defined as “a story
that can be told in both words and numbers, offering an internally consistent and plausible explanation of how
events unfold over time (Gallopin et al., 1997). Climate modelling requires scenarios of future greenhouse gas
concentrations, which depends on future demography, economic growth, and technology. Impact studies
depend on these scenarios, which in turn affects adaptive capacity via changing hazard and exposure. The
upshot is that scenarios also fall prey to issues of legitimacy, saliency, and credibility, which can further
undermine acceptance of an indicator. However, this can be minimized by using common scenarios, such as the
recently produced Shared Socio-economic Pathways (SSPs) produced for future assessments of climate change,
as it is an effort meant to improve the resonance and credibility of estimates. Using a common “standard” set of
scenarios allows for cross-comparisons with other research, and provides a measure of familiarity to
stakeholders, limiting a loss of resonance as much as possible.
In Impact2C, we utilize SSP projections as a basis for forecasting AC into the future via panel regression, in order
to use scenarios which are pre-existing, used by other work packages within the project, and are accessible to
other researchers for future work and comparison. The SSPs are a part of a new framework developed to
facilitate the production of integrated scenarios based on combined climate projections, socioeconomic
conditions, and assumptions about
climate policy, with the aim of
facilitating research and assessment
across research communities. Many
varying studies, ranging from global to
local, broad to sector-specific, can
utilize these common assumptions
and all work from the same starting
point in terms of future possible
conditions. The SSPs form one part of
this framework, and describe
plausible alternative trends in society
and natural systems through the end
of the 21st century, both in narrative
storyline form and quantitative
Figure 3. Organization of SSP scenarios based on challenges for
adaptation and mitigation. Source: O'Neill et al, 2013
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measurements of development (O’Neill et al, 2013). Five SSPs are defined, with the following storylines:
1. SSP1 (Low challenges for mitigation and adaptation): Sustainable development proceeds at a relatively
high rate, with lessening inequalities and quick technological change towards environmentally friendly
processes
2. SSP2 (Moderate challenges): A middle of the road case between SSP1 and 3
3. SSP3 (High challenges for mitigation and adaptation): Emissions are high due to moderate economic
growth, rising population, and slow technological change, particularly in the energy sector. There are
low investments in human capital and high levels of inequality, with reduced trade flows. Large numbers
of people are left vulnerable to climate change and many areas have low adaptive capacity
4. SSP4 (High challenges for adaptation, low for mitigation): Relatively quick technological change leads
to low carbon energy sources in certain regions, but development is slow and inequality high, resulting
in high vulnerability and low adaptive capacity
5. SSP5 (High challenges for mitigation, low for adaptation): A lack of climate policies leads to high energy
demand from fossil-fuel based sources. However, economic development is rapid, and society puts
emphasis on increasing human capital, which promotes equal distribution of resources, strong
institutions, and slow population growth, resulting in low vulnerability and higher adaptive capacity.
(O’Neill et al, 2013)
Based on these narratives, the SSP database provides key indicators for financial and human capitals, including
national GDP estimates, population and education levels, and the share of the population living in urban
environments. However, in assessing adaptive capacity, additional data is needed beyond that provided by the
SSP process. Proxies for AC will depend not just on these broad indicators, but may be changed by future
policies and other societal changes. As our work focuses on multiple sectors, we use the SSPs as a starting point
for future projections of AC, but address each capacity individually by sector. However, we follow the same
process for all sectors, and discuss the workflow below.
The SSP database contains information on projected GDP, population (e.g. absolute numbers and education
levels), the levels of urban and rural population, as well as land use and agricultural production values provided
by the WP7 model GLOBIOM. Similar to Acosta et al (2013), we utilize a fixed effects model to determine the
relationship between individual capital indicators and the SSP projections.
4.2.1 Panel regression approach for linking AC estimates to critical SSP variables
Panel regression was carried out for all indicator variables which were available in a time series format. For
agricultural adaptive capacity, data was consistent enough to carry out analysis on all variables. Three routes of
analysis were pursued:
1. A fixed effects model for individual country assessment of each indicator (dependent variable)
separately, with GDP, tertiary education rate, and urban share of population as predictor variables, with
time fixed effects.
2. A fixed effects model of each indicator separately using all countries, with GDP per capita, tertiary
education rate, and urban share of population as predictor variables, and country fixed effects.
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3. A random effects model of each indicator separately using all countries, with GDP per capita, tertiary
education rate, and urban share of population as predictor variables.
The first approach, assessing the dependent variable for each country as a separate regression, seemed
promising, as it would allow for different changes in the dependent variable over time (i.e. different slopes for
each country). However, due to an incomplete dataset and a small time series, degrees of freedom were limited
to such an extent that results were not statistically significant, and projecting results to the 2 degree periods led
to extreme outliers.
A second attempt was made, using the entire dataset and having country fixed effects, with the result of each
indicator having the same rate of change over time, with individual y-intercepts for each country. Here we were
able to obtain much higher degrees of freedom and statistically significant results. We then compared the
results of the fixed effects model to a random effects model via the Hausman test, which consistently produced
p-values lower than 0.05, indicating a preference for fixed effects results due to inconsistency of random effects.
The final model used to project AC indicators to the 2 degree period is an individual-specific fixed effects model
as follows:
𝑌𝑌𝑖𝑖𝑖𝑖 = 𝛽𝛽1 𝐺𝐺𝐺𝐺𝐺𝐺/𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑖𝑖𝑖𝑖 + 𝛽𝛽2 𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇 𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝑖𝑖𝑖𝑖 + 𝛽𝛽3 𝑈𝑈𝑈𝑈𝑈𝑈𝑈𝑈𝑈𝑈 𝑆𝑆ℎ𝑎𝑎𝑎𝑎𝑎𝑎 𝑜𝑜𝑜𝑜 𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑖𝑖𝑖𝑖 + 𝛼𝛼𝑖𝑖 + 𝑢𝑢𝑖𝑖𝑖𝑖

Where 𝑌𝑌𝑖𝑖𝑖𝑖 = Indicator for country i at time t, 𝛽𝛽𝑥𝑥 = coefficient for predictor variables, 𝛼𝛼𝑖𝑖 = intercept for country i,
and 𝑢𝑢𝑖𝑖𝑖𝑖 = error term for country i at time t.

The dependent variables used were calculated from the SSP dataset for SSPs 1, 2, and 3; GDP per capita, the
tertiary education rate of the population, and the proportion of the population living in urban areas were used
as predictor variables. The model was run individually for the 13 AC indicators for which panel data was
available. Results for each indicator can be found in Appendix II; the majority of results reflect a level of
significant of 0.05, but some individual country results were found not to be statistically significant. While the
projected AC indicators are in most cases statistically significant, it is good to recognize the limitations of this
approach and treat view them as the SSPs are intended, as scenarios or examples of possible futures, for
assessing how future socio-economic changes might affect adaptive capacity. A more complete and/or lengthy
dataset (in terms of time series covered) as well as a greater understanding of the drivers of each individual AC
indicator, could improve the reliability of results, and remains a limitation of the panel regression approach for
forecasting AC indicators.
Upon determining the functional relationships between provided SSP data and our indicators, we project AC
estimates to the two degree period. As individual RCMs reach two degrees over a range of time, which differs
per RCM and RCP used, we establish the “year we hit 2 degrees” to be the median year of the 30 year time slices
from the RCMs. For RCP 2.6, we set 2085 as the 2 degree target year, and for RCP 4.5, the year 2055.
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5. Selection of Indicators - agriculture
One oft-mentioned difficulty in terms of assessing AC is verifying that the indicators selected actually reflect
capacity. Essentially, is it true that higher education or health actually leads to adapting to changing conditions
faster or better than otherwise? This question of robustness of results is ever-present when discussing AC, and
remains so here. It appears impossible to carry out any meaningful statistical analysis of the robustness of
indicators, as to assess to what degree capacities assisted with coping with a drought event, one would require
that events occur where all other attributes are held constant except for AC, in order to compare how systems
under the same exact shock and same conditions, fared differently given different capacities.
This is precisely the reason for basing indicator selection in a framework such as Sustainable Livelihoods, in
order to form a deductive basis for choosing one proxy over others. An additional justification can be found by
linking proxies to observed actions taken by farmers in drought conditions. In Table 3 below, selected indicators
are compared to observed actions as a means of linking the deductively motivated choice of proxies with
documented observations from previous research.
Table 3. Comparison of selected agricultural AC indicators with observed adaptation strategies / actions documented in literature review.
Indicator

Action / response

Human capacity
Farm managers with
agricultural training
Education rate
Number of scientists

Asante et al (2012) results from study in Ghana show that increased education increases ability to
respond to changes
Pandey et al (2007year) also emphasize that local community mechanisms such as land
(re)allocation, better management of local water resources, and better forecasting and
communication of forecasts help farmers cope with adverse impacts, which could be influenced by
prevalence of highly knowledgeable researchers in the region. Asante et al (2012) also emphasize
that technology has a positive effect on adaptive capacity, but possibly only for those with already
high adaptive capacity

Natural capacity
Irrigation coverage

Productivity of land
Fertilizer use

Multiple sources indicate that irrigation practices improve adaptive capacity to drought, and that
drought conditions spur farmers to adapt irrigation measures, and if they are already in place, to
adapt more technologically advanced and efficient measures (Schuck et al, 2005).
"At farm level, some factors, like farm intensity, size and land use, can give some indication of the
capacity to adapt" (Reidsma et al, 2010). Dixon et al (2014) show that increasing productivity
indicates higher adaptive capacity as well.

Physical capacity
Buildings and machines
Total current assets
Total livestock assets

Multiple studies (see, for example Dixon et al 2014, Reidsma et al 2010, Olesen et al 2011) found that
diversifying via raising livestock, as well as utilizing capital in the form of machines to intensify
agricultural production, both increase capacity.

Financial capacity
Insurance penetration

Olesen et al (2011) found crop insurance to be an "effective tool for mitigating the effect of climatic
hazards during the growing season" based on a study of EU agriculture

Farm managers with other
Pandey et al (2007) found that income diversification was extremely important in coping to drought
gainful activity
in rice cultivation, Dixon et al (2014) emphasize diversification of livelihoods as being important to
cope in Ugandan agriculture.
Total farm cash flow
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5.1. Human capacity
As discussed, human capital represents the education, skills, and health of household members. Since it was
conceptualized by early thinkers such as Adam Smith (1776), it rose to prominence during the 1960’s when
emphasis was placed on the skills, knowledge, and health of a labor force as a key variable in national growth
rates and the earning capacity of individuals (Becker, 1975) As described by Grossman (2000), human capital
contributes to income generation because “a person’s stock of knowledge affects his market and non-market
productivity, while his stock of health determines the total amount of time he can spend producing money
earnings and commodities (Grossman, 2000). This was further elaborated upon by Schultz (1961), who outlined
five components of human capital:
1.
2.
3.
4.
5.

Health facilities and services, e.g. anything affecting life expectancy, strength and vitality of people
Apprenticeships and on-the-job training
Formal education
Study programs for adults not organized by employers, e.g. agricultural extension programs
Migration to adjust to changing opportunities

Based on the initial literature review and data collection, three factors were selected to represent human
capacity, relating to education and training, occupation, and local knowledge and innovation. While health is
frequently emphasized as an important contributor to general adaptive capacity, indicators such as life
expectancy or self-assessed health were provided at too broad a level. As this study focuses on the agricultural
sector in European countries, a breakdown of the health or well-being of agricultural workers would be a more
relevant indicator, but as data only existed for the population as a whole, it was left out in order to select
indicators with a more relevant agriculture and drought-adaptation focus.
5.1.1 Education and training
Education and work-related training have been shown to contribute to individuals’ earning capacity over their
lifetime (Becker, 1975) and is a well-accepted principal. Evidence of this can be seen in the attention given to
national education statistics and political focus on educational attainment and school retention rates. The
importance of education holds true for the adaptive capacity of agriculture as well, and merits inclusion into an
indicator of human capacity. Based on indicators surveyed, the percentage of farm managers with full
agricultural training was selected to best represent this component, as farms run by individuals with a more
advanced level of training would be more likely to either be aware of strategies to cope with and adapt to
changing conditions, as well as more likely to learn about and implement new ideas.
5.1.2 Diversity of farm income / changing occupation
The ability of a region to change from less profitable industries towards those with higher profits can indicate
evidence of collaborative economic action and high human adaptive capacity (Nelson 2007). As farms face
higher risks in the future, the ability to diversify income and profit sources could be a key asset to weathering
future droughts, beyond strategies which would be attempted without moving away from strictly agriculture.
Diversifying farm income by switching to tourism would be an example of other gainful activity, along with other
20

strategies. To represent this ability of farms, the indicator Farm managers / owners with other gainful activity
was selected to represent this facet of human capital.
5.1.3 Local knowledge and innovation
This facet of human capacity deals with the region’s possibility for technological change and greater
understanding of hazards and willingness to adapt. In previous work on adaptive capacity, the amount of
scientists in a population was frequently utilized as an indicator of a system’s ability to understand and adapt to
changing hazards and vulnerability (see, for example: Yohe & Tol, 2002; Yohe and Tol, 2007; Allison et al., 2009).
For this concept, the indicator number of scientists per 100K population, working in the agricultural sector was
selected.
5.2. Natural capacity
Natural capacity is a system’s natural resource base: the productivity of land and the ecological resources from
which we derive livelihoods; as seen from the resilience framework, natural capacity can also be utilized to
lessen the impacts of disaster events. In terms of agroecosystems, natural capital takes on two important
distinctions; renewable and non-renewable natural capital, with renewable being self-reproducing and selfmaintaining processes, such as ecosystem goods and services like the operation of the hydrological cycle. Nonrenewable capital would include fossil fuels and mineral deposits. Also relevant for agriculture are the
renewable functions of soil formation and biological diversity (Cleveland, 1994). With this in mind, we separate
natural capital into factors, based on Nelson (2007), productivity of land and sustaining it, and conservation of
ecological assets.
5.2.1 Productivity of land
As stated in Nelson (2007), productivity of land “is a direct measure of one of the most immediate dimensions of
natural capital contributing to the adaptive capacity of land managers. Simple measures of biophysical
productivity such as crop yields and livestock turnoff relate production to the area of land.” Productivity seems
to present a bit of a conundrum in terms of adaptive capacity and climate change as it can be seen as being
driven by or affected by a changing climate, as well as indicating coping and adaptive capacity, and here we
follow trend in literature to see resource productivity as an indication of a system’s capacity (see, for example,
Cleveland, 1994; Nelson et al, 2007 & 2010; Dixon et al, 2014). Efforts to maintain productivity are also highly
relevant to drought hazard and are subsumed under this category, such as the prevalence and use of irrigation,
and availability of water.
From the literature review and availability of indicators for EU level, two proxies were selected to cover this
category; productivity of land as an indicator of productivity, and irrigation coverage in an attempt to assess
regions’ ability to maintain productivity.
5.2.2 Ecological conservation
Ecological assets, beyond being a form of capital able to be transformed by economic activity into assets
supporting agricultural production, provide a buffer against degradation and serve as a measure of biophysical
health of land (Nelson, 2007). A review of adaptive capacity work highlights various indicators relevant to this
category, such as management of riparian zones, forest cover / remnant vegetation cover, forest change rates,
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fertilizer use, air quality measurements, groundwater recharge rates, etc. (See, for example: Nelson, 2010;
Pandy et al, 2011; Brooks et al, 2005; Moss et al, 2001). The most pertinent indicator with EU coverage for this
work is fertilizer use from the Eurostat database, and was selected to represent ecological conservation, and is
used as a proxy for ecosystem health as well as the degree of human intrusion on the natural landscape. Areas
with higher fertilizer use are less likely to be healthy and have higher adaptive capacity overall (Brooks et al,
2005).
5.3. Physical capacity
Physical capacity reflects farm assets created through economic production processes, e.g. buildings, irrigation
canals, roads, and machinery (Ellis, 2000). Most assessments of AC are focused on large regions and address
multiple hazards and sectors, resulting in typical proxy indicators such as water supply and sanitation
prevalence, health infrastructure, road density and built-up areas (Brooks et al, 2005; Pandey et al, 2011; Moss
et al, 2001). These indicators are too broad and do not focus closely enough on the agricultural sector, and have
little relevance to drought hazard. Other works, such as Nelson, break down physical capacity into on farm
assets and regional assets; while on-farm assets are clearly relevant for a discussion of agricultural drought,
regional assets are less so, as proxies such as remoteness and stocks of housing in the region seem to have little
relevance to adaptation to drought. As a result, we focus here on farm assets and data provided by the FADN
survey results. For physical capacity, three indicators were selected which reflect on-farm assets and better
convey the AC of farms: value of buildings and machines, total current assets (a measure of non-breeding
livestock and other circulating capital), and total breeding livestock assets. The resulting map of differential
physical capacity can be seen below in Figure 7.
5.4. Financial capacity
Financial capacity (the level, variability, and diversity of income sources, as well as access to other resources)
contributes to adaptive capacity via the ease at which savings and credit can be transformed into consumption
and other forms of capital via investment (Nelson, 2007). Income levels, for example, provide an indicator of the
immediate financial resources of a farm. Other proxies, such as diversity of income generation, used in human
capacity, also have relevance here. Beyond farm income and diversity, other large factors come into play,
notably for agriculture, insurance and farm subsidies. These various factors contributing to financial capacity are
not necessarily correlated, as can be seen below.
In order to satisfy the definition from Ellis (2000) as financial capacity being the level and diversity of income,
and access to other sources, we selected three indicators which tried to cover the broad spectrum of financial
capacity. To assess farm cash flow, total farm cash flow (including subsidies) was selected from FADN survey
data, but subsidy contributions were removed from the variable, given the recent move by EU countries to
change and limit the agricultural subsidy regime. To assess farms’ ability to obtain credit, a ratio of assets to
liabilities was used to calculate solvency, providing an indicator of profitability and creditworthiness (DG
Agriculture 2011). Crop insurance was included via a scoring system created which indicates the availability and
type of crop insurance, i.e. if crop insurance is not available at all, the value is zero; if private insurance is
available, the value is 1; if there is a mix of public and private insurance, 2; and mandatory public insurance
systems scored as 3; generated from data on insurance penetration from a report prepared for the European
Commission DG Climate Action (Bielza et al, 2008).
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6. Indicator selection for forestry and ecosystem services sectors
6.1. Human capital
Referring to the discussion in section 5.1 above, Schultz (1961), outlined five components of human capital:
6.
7.
8.
9.
10.

Health facilities and services, e.g. anything affecting life expectancy, strength and vitality of people
Apprenticeships and on-the-job training
Formal education
Study programs for adults not organized by employers, e.g. agricultural extension programs
Migration to adjust to changing opportunities

Based on the initial literature review and data collection, three factors were selected to represent human
capacity, relating to education and training, occupation, and local knowledge and innovation. Health is again
excluded due to indicators such as life expectancy or self-assessed health being provided at too broad a level.
Additionally, diversity of income among forest workers and managers was difficult to address, as indicators on
income sources does not exist at a European level, so an alternative indicator was substituted.
6.1.1 Education and training
Based on indicators surveyed, the variable forestry worker education was selected to best represent this
component, as workers with a more advanced level of training would be more likely to either be aware of
strategies to cope with and adapt to changing conditions, as well as more likely to learn about and implement
new ideas. (Lindner et al. 2010; Lundmark et al. 2008)
6.1.2 Local knowledge and innovation
This facet of human capacity deals with the region’s possibility for technological change and greater
understanding of hazards and willingness to adapt. In previous work on adaptive capacity, the amount of
scientists in a population was frequently utilized as an indicator of a system’s ability to understand and adapt to
changing hazards and vulnerability (see, for example: Yohe & Tol, 2002; Yohe and Tol, 2007; Allison et al., 2009).
For this concept, the indicator number of scientists per 100K population was selected. An additional indicator of
local knowledge, total forest employees as a percentage of the working population, was selected, as the more
workers in forestry there are, the more capacity there may be to adapt, as there is more experience, knowledge,
and labor available.
6.2. Physical capital
Physical capacity reflects assets created through economic production processes, e.g. buildings, irrigation canals,
roads, and machinery (Ellis, 2000). Most assessments of AC are focused on large regions and address multiple
hazards and sectors, resulting in typical proxy indicators such as water supply and sanitation prevalence, health
infrastructure, road density and built-up areas (Brooks et al, 2005; Pandey et al, 2011; Moss et al, 2001). These
indicators are too broad and do not focus closely enough on the forestry sector, and have little relevance to the
hazards in question.
However, the literature highlights three indicators suitable for use in our assessment. Emergency services
(Chapin et al. 2003) are mentioned as being extremely relevant to forest fire impacts, and are expressed as a
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percentage of GDP. However, this has little relevance to changing NPP and NBP, so the proxy value of buildings
and machinery is used as an indicator of both the physical capital available to assist in management as well as an
indication of the importance placed on ecosystem services such as recreation etc., by society. Again for forest
fire hazard, road density is seen as a positive asset, (Chapin et al. 2003) due to both usage of roads as access
points to forest plots, as well as their functioning as man-made forest breaks. However, as discussed in
Thompson et al (2009) fragmentation has detrimental effects on resilience in terms of biodiversity and as such,
ecosystem services. For NBP and NPP hazards, we weight road density negatively, to account for this difference.
The third indicator selected is the ratio of private to publicly held forests (Lindner et al. 2010), as privately held
woodland and forest is thought to be able to adapt to changes more rapidly than the public sector, thus
providing more capacity.
6.3. Natural capital
Natural capacity is a system’s natural resource base: the productivity of land and the ecological resources from
which we derive livelihoods; as seen from the resilience framework, natural capacity can also be utilized to
lessen the impacts of disaster events. With this in mind, we separate natural capital into two factors, lessening
the impacts of disaster events, and conservation of ecological assets.
6.3.1 Lessening the impacts of events
From the literature review and availability of indicators for EU level, two proxies were selected to cover this
category; the percentage of forest actively managed, as these forests would be more likely to have steps taken
to prevent or mitigate impacts, such as cutting fire breaks or removal of dead material, and groundwater
recharge rate, indicating the availability of water resources for forested areas.(Le Goff et al. 2005; Lindner et al.
2010)
6.3.2 Ecological conservation
Ecological assets, beyond being a form of capital able to be transformed by economic activity into assets,
provide a buffer against degradation and serve as a measure of biophysical health of land (Nelson, 2007). A
review of adaptive capacity work highlights various indicators relevant to this category, such as management of
riparian zones, forest cover / remnant vegetation cover, forest change rates, fertilizer use, air quality
measurements, groundwater recharge rates, etc. (See, for example: Nelson et al, 2010; Pandey et al, 2011;
Brooks et al, 2005; Moss et al, 2001). The most pertinent indicator with EU coverage for this work is the forest
change rate dataset, and was selected to represent ecological conservation, and is used as a proxy for
ecosystem health as well as the degree of human intrusion on the natural landscape. Areas with higher
remaining forest cover are more likely to be healthy and have higher adaptive capacity overall (Brooks et al,
2005).
6.4. Financial capital
The definition from Ellis (2000) as financial capacity being the level and diversity of income, and access to other
sources was difficult to quantify for the forestry sector, as data on for example operators with a second source
of income did not exist at the European level. Instead, indicators were selected which represent both the level
of income generated by the sector, as well as the financial capacity possessed to adapt to changes. We selected
three indicators which tried to cover this broad interpretation of financial capacity. Value of forest products was
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used to assess the relative importance of the forestry sector in the larger economy, as Lindner et al. (2010) and
Keskitalo (2013) have found that a lack of economic activity in forestry and systems for the remuneration of
forest social and environmental services constrain adaptive capacity. Areas with higher relative importance of
forests to local and national economies are more likely to place greater importance on adapting to future
changes. Similarly, environmental protection expenditure (Thompson et al. 2009) as a percentage of GDP
indicates the public desire and ability to protect natural areas and forests. The last indicator, money spent on
pesticides, management, etc., is an indicator of the resources at hand to effectively manage forests (Thompson
et al. 2009); higher expenditures as a percentage of GDP indicates more resources available and a more active
forestry sector, thereby increasing adaptive capacity.
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7. Presentation of results: Assessing Agricultural AC
Results from the assessment of agricultural adaptive capacity are presented in the following section, separated
by capacity type. Maps of each capacity’s indicator values are given at national scales, with values ranging
between 0 and 1, with 0 being the worst scoring, compared to all other European regions, and 1 being the best.
Indicators are discussed in depth below, but are reproduced in Table 4 for convenience. Efforts were taken to
assess AC at a sub-national scale, with priority for NUTS2-level indicators, but this was found to be extremely
limiting in terms of indicators with enough geographical coverage as to be useful; many such sub-national
datasets were very incomplete, in some cases excluding the majority of countries completely. Others seen as
promising indicators of capital were only available at NUTS0 level. A number of attempts was made to spatially
interpolate or downscale data to a consistent level using GIS software, but results were inconsistent, and it was
resolved to assess AC at a national level using NUTS0 indicators, which provided a much more complete set of
data.
Table 4. Proxy indicators used in creation of the agricultural adaptive capacity index, discussed in further detail in section 4.3.

Human capital

Natural capital

Physical capital

Financial capital

Percentage of farm
managers with full
agricultural training
Farm managers /
owners with other
gainful employment

Productivity of land

Value of buildings and
machines

Total farm cash
flow

Irrigation prevalence

Farm solvency

Number of scientists
working in
agricultural sector

Fertilizer use

Total current assets
(e.g. non-breeding
livestock, stores of
agricultural products)
Total breeding
livestock assets
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Crop insurance
index score

7.1.1 Human capacity indicator results
For national level indicators, three factors were selected
to represent the three components identified. For
education and training, percentage of farm managers
with full agricultural training was used; for diversity of
farm income and changing occupations, the amount of
farm managers with other gainful activity was selected,
and for local knowledge and innovation, the number of
scientists working in the agricultural sector per 100K
population was used. The resulting map of differential
human adaptive capacity can be seen in Figure 4.
Generally, northern countries fare better in terms of
human capital, with southern and Mediterranean
countries having lower indicator values for all three
selected indicators. Greece ranks lowest in percentage
of workers with agricultural training, and fares poorly in
both the “other gainful employment” and “scientists
working in the agricultural sector”, although for the
latter indicator, Belgium fares worst, with a value of 0.5
per 100K population, compared to the average value of
1.636, which heavily impacts its overall rating. Spain also
Figure 4. Human capital results for the EU agricultural sector
lacks farms with other means of gainful activity as well
as a low education level of farm workers, dragging down
its overall human capital indicator. Italy, while not having any one extremely low indicator value, is below
average for all three proxies, resulting in its low aggregate indicator. Interestingly, Romania, which has the
lowest percentage of ag. managers with full training, conversely had the highest amount of scientists in the ag.
sector, and above average percentage of managers with other gainful activity, boosting its index compared to its
neighbors.
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7.2. Natural capacity indicator results
A limiting factor for the indicator selection was the
inability to obtain higher-resolution data for many of
the datasets such as fertilizer use (national-level only)
among others. The resulting map of differential
natural capacity can be seen below in Figure 6.
The strength of most southern European nations in
the map is due to a high prevalence of irrigable area
(e.g. In Spain, Italy, Greece, Cyprus, Portugal) which
contrasts with countries at higher latitudes, e.g. the
Baltic countries, Poland, Finland which currently do
not have a large amount of irrigation infrastructure,
thus dragging down their overall aggregate capital
value. The Baltic nations are additionally hindered by
low levels of productivity, when compared to the
Netherlands and Belgium, which produce three times
as much output per hectare of land. Other countries
with low adaptive capacity, such as the Czech
Republic and Bulgaria, rely heavily on fertilizers, with

Figure 5. Natural capital of the EU agricultural sector at NUTS0
resolution.

little irrigation prevalence, while having only average rates
of productivity compared to other countries.
7.3. Physical capacity
As seen in the figure, physical capital for the average farm
is concentrated in mostly central European countries,
which have higher indicator values than countries on the
periphery, with almost no exception. A negative
correlation seems to appear in regards to physical capital
and financial capital, specifically agricultural value added,
as countries with a higher ag. value added score generally
have much lower physical capacity, but as higher GDP and
industrialization is seen in countries with a lower ag. value
added percentage, it does stand to reason that they would
have more high intensity agriculture with more physical
capital requirements.

Figure 6. Physical capacity of the EU agricultural sector, at
NUTS0 level.
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7.4. Financial capacity
Due to data limitations, financial capacity could only be
assessed at a national scale. The resulting map of
differential financial capacity, with equal weighting, can
be seen below in Figure 8.
At first glance, the map of financial capacity seems
counterintuitive. By any other indicator of financial
capacity, countries such as Germany, Sweden, the
Netherlands, Great Britain, etc., should all be outpacing
southern Europe, however our results convey the
opposite. This observation is true, but what is important
to recall is that the capacity being assessed is the financial
capital of the agricultural sector alone. Our three
indicators, total farm cash flow, farm solvency, and the
drought insurance indicator, result in more heavily
favoring southern EU countries. The majority of countries
with strong drought insurance mechanisms (thus scoring
higher) are southern, whereas northern regions have no
mechanisms in place. What is not reflected in the results
is the ability of the overall economy to absorb future
Figure 7. Financial capacity of NUTS0 regions of the EU.
losses due to climate change, and/or to provide
assistance.
7.5. Aggregating capitals into an index of adaptive capacity

Figure 8. Aggregate baseline adaptive capacity index
for the agricultural sector.

In order to assess vulnerability, a single index of a country’s
adaptive capacity was required to combine with estimates of
impact. Values for each capital type were summed to create
an index of overall capacity, and can be seen in Figure 8. As can
be seen, countries in the central European region are found to
have higher overall adaptive capacity than those on the
periphery to the south and east. France scored strongly in all
four capital estimates, and has the highest overall capacity
index value, whereas Germany, which did not over- or underperform in any particular category, but was usually near to the
median value, results in a more moderate score. Southern and
eastern countries suffer from a lack of physical and human (and
to a lesser extent, natural) capacity compared to the core,
however there is some bolstering of values from financial
capital, where southern drought-prone countries score highly
due to strong insurance mechanisms.
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7.6. Future period
One novel aspect of this research was the projection of adaptive capacity estimates using shared socioeconomic pathways as a driver for future estimates. Discussed in section 3.1.1, SSP projections were used to
project capital indicators via a fixed effects regression model. For the time period 2000 to 2010 (with the
exception of physical capital, which exists for years 2004 to 2012), indicators were regressed dependent on GDP,
percent of population with tertiary education and urban share of population for SSPs 1, 2, and 3. For RCP 2.6,
indicators were projected to the year 2085, and for RCP 4.5, the year 2055. As SSP projections are only provided
in 5 or 10 year increments, GDP and population data were interpolated to the target years. After projection, the
projected indicators were again aggregated via equal weighting, and the results are presented in the figures
below for each capacity.
When compared to baseline AC projections, we can observe that while changes occur, most trends in the
ranking of capacities between countries stays generally the same. Natural capital (Figure 9) erodes slightly in all
countries compared to Italy and Greece, which stay the same or improve under both SSPs, while Germany, Spain
and the Baltic countries as well as Sweden and Denmark all are projected to lose natural capital in all scenarios.
Other countries deviate slightly based on the RCP and SSP used, although not to such a degree as those
mentioned before. Under an SSP1 assumption of sustainability, physical capital (Figure 10) is evenly distributed
throughout nations, regardless of the year 2 degrees is reached, while SSP3 results in increasing capacity in the
south and eastern areas, with little change to the core countries.
Trends for financial capital (Figure 11) also remains quite similar to the baseline projection, especially in SSP1, as
the southern countries are projected to have higher indicator values for the agricultural sector, mainly due to
the use of the drought insurance indicator (which cannot be projected, as it is a matter of policy) as well as the
diminishing of core countries’ total cash flow (minus subsidies), which drops at a much faster rate than the south
and east, with southern countries trending upwards in this regard. Again, this reflects only estimates of the
agricultural sector, and estimates to RCP2.6 time to 2 degrees are highly uncertain when dealing with such a
relatively small dataset available for prediction. Human capital projections (Figure 12) vary highly compared to
the baseline, mostly due to sharp decreases in estimates of scientists working in the ag. sector, as well as farm
managers with full agricultural training. Eastern European countries retain some strength in terms of human
capital, mainly because indicators of education and research and development do not fall as sharply as in
western nations.
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Figure 9. Comparison of natural capital projections for different SSP and RCPs
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Figure 10. Comparison of physical capital projections for different SSP and RCP scenarios.
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Figure 11. Comparison of projections of financial capital for different SSP and RCP scenarios.
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Figure 12. Comparison of projections of human capital for different SSP and RCP scenarios.
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8. Results: Forestry and ecosystem services AC Indicator selection
The European Environment Agency has emphasized that forest fires are projected to be more extreme under a
warmer climate, and can be a significant risk to the forestry sector, with regional variation (European
Environment Agency, 2015). As such, adaptive capacity to forest fire hazard was assessed at national level, as
impact models provided estimates of changing carbon generated due to fires. To represent ecosystem services,
we assess the vulnerability of regions to changing net primary productivity (NPP) and net biome productivity
(NBP). The three hazards share many common indicators of adaptive capacity, however, as some proxies for AC
are very hazard-specific, there are slight differences between AC for fires and AC when discussing NPP and NBP.
These are discussed in individual sections below. We first present the AC index for forestry and fires, and follow
with the changed indicators for changing NPP and NBP. A summary of indicators can be found in the table
below.
Table 5. Overview of indicators used to assess adaptive capacity of forestry and ecosystem services sectors AC, with a comparison to the
agricultural sector. ** Road density is seen as an asset for vulnerability to forest fire, as roads can act as fire breaks and allow easier
access to areas in event of a fire. However, road density is seen as having a negative impact on ecosystem services case.
Indicator
Human
Sector worker education level
Total forest employees as a % of
working population
Number of scientists per 100K
population
Farm managers with other gainful
employment
Natural
Productivity of land
Irrigation prevalence
Fertilizer use
Percentage of forest actively
managed
Groundwater recharge rate
Forest change rate
Physical
Value of buildings and machines
Total current assets
Total breeding livestock assets
Emergency services
Road density
Ratio of public to privately held
forests
Financial
Value of forest products
Environmental protection
expenditure
Money spent on pesticides,
management, etc.
Total farm cash flow
Insurance index
Solvency

Agriculture
X

X

Fires

NPP

NBP

X

X

X

X

X

X

X

X

X

X

X

X

X
X

X
X

X
X

X

X

X
X

X**

X**

X

X

X

X
X
X
X

X
X
X

X

X

X

X

X

X

X

X

X

X
X
X
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8.1. Human capital
Based on indicators surveyed, the variables forestry
worker education, number of scientists per 100K
population, and total forest employees as a percentage
of the working population, (Lindner et al. 2010;
Lundmark et al. 2008) were selected to represent
human capacity of the forestry sector. Baseline results
indicate a relatively even distribution of capital across
the region, with a higher percentage of forest
employees and higher education levels boosting
indicator values in the north, while weakening slightly
those to the south, but not so much as to create large
disparities in classification levels.
8.2. Natural capital

Figure 13. Human capacity for the forestry and ecosystem
services sectors.

From the literature review and availability of indicators
for EU level, the following indicators were selected: the
percentage of forest actively managed, as these forests
would be more likely to have steps taken to prevent or
mitigate impacts, such as cutting fire breaks or removal
of dead material (Le Goff et al. 2005), and
groundwater recharge rate, indicating the availability
of water resources for forested areas (Lindner et al.
2010). The most pertinent indicator with EU coverage
for this work is the forest change rate dataset, and was
selected to represent ecological conservation, and is
used as a proxy for ecosystem health as well as the
degree of human intrusion on the natural landscape.
Areas with higher remaining forest cover are more likely
to be healthy and have higher adaptive capacity overall
(Brooks et al, 2005).

Figure 14. Natural capacity of the forestry and ecosystem
services sectors.
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8.3. Financial capital
We selected three indicators which tried to cover this broad
interpretation of financial capacity. Forestry sector contribution
to GDP, as a percentage of GDP, was used to assess the relative
importance of the forestry sector in the larger economy, and
was sourced from Eurostat data. (Lindner et al. 2010) Areas
with higher relative importance of forests to local and national
economies are more likely to place greater importance on
adapting to future changes. Similarly, environmental protection
expenditure as a percentage of GDP indicates the public desire
and ability to protect natural areas and forests. The last
indicator, money spent on pesticides, management, etc.,
(Thompson et al. 2009) is an indicator of the resources at hand
to effectively manage forests; higher expenditures as a
percentage of GDP indicates more resources available and a
more active forestry sector, thereby increasing adaptive
capacity.
Figure 15. Financial capacity of the forestry and
ecosystem services sectors.

8.4. Physical capital

In regards to fire hazard, Emergency services (Chapin et al.
2003) are mentioned as being relevant to forest fire impacts, and are expressed as a percentage of GDP.
However, this has little relevance to changing NPP and NBP, so the proxy value of buildings and machinery is
used as an indicator of both the physical capital available to assist in management as well as an indication of the
importance placed on ecosystem services such as recreation etc., by society. Again for forest fire hazard, road
density is seen as a positive asset, (Chapin et al. 2003) due to both usage of roads as access points to forest
plots, as well as their functioning as man-made forest breaks. However, as discussed in Thompson et al (2009)
fragmentation has detrimental effects on resilience in terms of biodiversity and as such, ecosystem services. For
NBP and NPP hazards, we weight road density negatively, to account for this difference. The third indicator
selected is the ratio of private to publicly held forests (Lindner et al. 2010), as privately held woodland and forest
is thought to be able to adapt to changes more rapidly than the public sector, thus providing more capacity.
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Figure 16. Physical capacity maps for the forestry and ecosystem services sectors. For fire hazard, the left map is used, which includes
road density, emergency services, and the ratio of public to privately held forests. For ecosystem services variables (e.g. NPP and NBP),
the value of buildings and machines is used in place of emergency services, and increasing road density has a negative effect on the
aggregate indicator.
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8.5. Aggregate forestry and ecosystem services adaptive capacity
As with agricultural AC, the four capital types were combined to form a composite index of AC for calculation of
vulnerability. The overall index for forestry and ecosystem services values can be seen in the figure below.

Figure 17. Aggregate AC estimates for the baseline period for the forestry (left) and ecosystem services (right) sectors,
relevant for fire impacts and changing NPP and NBP, as discussed in section 9.

8.6. Projecting AC to 2 degrees of climate change
Initially, we attempted to project forestry and ecosystem services AC to the future via panel regression, but this
was not possible due to data limitations. Many of the indicators only had one or two data points, were not
repeatedly measured, or contained too many missing observations to produce reliable regression results. As
projection was thus unmanageable, we take the approach used in Nelson (2010b) and others and use current
adaptive capacity as an indicator of future AC. This approach was also justified observed to be justified by the
agricultural AC assessment. We compared the relationship between indicators and estimates of capitals for the
10 year period for which we had historical data, and found little to no changes in resulting indicator values.
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9. Methods: Assessing vulnerability
9.1. Developing an indicator of vulnerability
Studies of vulnerability taking an indicator approach reviewed in Chapter 2 have taken generally the same
approach, notably Nelson (2010b), Acosta et al (2013) and Tinch et al (2014), which combine indicators of
adaptive capacity and exposure or impact. As seen in Figure 15, vulnerable areas occur when adaptive capacity
is low and impacts or exposure high. Following the convention set forth in the European assessment CLIMSAVE,
we use a similar logic, and combine maps of
adaptive capacity and biophysical impacts via
raster addition in ArcGIS. We invert our AC
index scale, so lower values indicate higher
AC, and add an indicator of impact specific to
the sector in question. For example, for
agriculture, we use model outputs to calculate
the change in crop yields at grid level,
standardize that value between zero and five,
and combine it with estimates of AC. We then
break this down according to Dunford et al
(2014) into six discrete categories of
vulnerability: very low, low, moderate, high
and very high.
Figure 18. Matrix for combining adaptive capacity and exposure to
assess vulnerability via indicator approach. Source: Nelson, et al 2010b

Both the inverse adaptive capacity
measurement and impacts are scaled between
zero and five, so by adding the two raster datasets for AC and impacts, and multiplying by two, we arrive at an
index of vulnerability between zero and 20, broken into discrete categories as described above (See Table 9).
Table 6. Approach used to combine adaptive capacity and biophysical impacts for an indicator of vulnerability.

Impact indicator value

Inverse
Adaptive
capacity
index

1

2

3

4

5

1

4

2

6

6

8

10

12

8

10

12

14

3

8

10

12

14

16

4

10

12

14

16

18

5

12

14

16

18

20

Vulnerability categorical values
0-4

4-8

8 - 12

12 - 16

16 - 20

Very low

Low

Moderate

High

Very high
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9.1.1 Compensating for exposure
Initial vulnerability estimates for the agricultural sector generated results which did not entirely match with
reality, as areas were highlighted as vulnerable which in actuality did not produce the specified crop. In order to
eliminate spurious results, a pre-filtering of impact estimates was needed. For agriculture, fractional harvested
area at a grid level was utilized to only select cells which contain more than 5% of the type of crop in question;
gridded estimates were obtained from EarthStat, a collaboration between the University of Minnesota and
University of British Columbia. Areas which meet the pre-selection criteria are then combined with the adaptive
capacity index to estimate vulnerability to grid cells which currently produce the crop in question.
9.2. Overview of impact models informing vulnerability estimates
The work in WP10 in assessing adaptive capacity,
vulnerability, and risk for agriculture, forestry and
ecosystem services is informed by a number of
models in the Impact2C modeling stream. The
most directly relevant inputs come from
biophysical impact models from WP7, and relevant
models are described in the following sections. All
models use the same climate and RCM runs, and
further information on model parameters and
detailed outputs can be found in Deliverable 7.2.
For our analysis and contribution to the Impact2C
Atlas, we assess vulnerability of 8 agricultural crops
to increasing drought hazard: spring barley, grain
maize, winter rapeseed, rice, winter rye, soybeans,
sunflowers, and winter wheat. To limit the results
Figure 19. Outline of the approach taken; combining adaptive capacity
to a manageable level for this deliverable, we
with biophysical impacts to arrive at vulnerability estimates.
discuss the three largest-yielding cereal crops in
the EU (wheat, 44% of total cereals, corn – 21%, and barley – 19.6%) and the largest oil-producing crop,
rapeseed (21 million tonnes in 2013) (Eurostat, 2015).
The impact models described below were run using a number of input GCM/RCM model pairs, and combined
into one multi-model ensemble (MME) for each RCP. For crop yield estimates, the absolute change in yield was
calculated from historical to 2 degree periods, and the average for each RCP was found. For forestry and
ecosystem services inputs (fire C loss, NPP, and NBP) yearly results of an artificial 30 year time slice at which the
model hits 2 degrees globally (given fixed time periods, as not all modeling was done with transient runs for
every RCP) were averaged and then combined with other runs using different GCM/RCM pairs. Inputs to the
agriculture, forestry, and ecosystem services models are listed in tables 6 and 7.
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9.2.1 EPIC
Table 7. GCM/RCM Pairs used in crop yield estimates (EPIC model)

The EPIC (Environmental Policy Integrated Climate) model is an
agro-ecosystem model which operates on a daily time-step, and
was originally developed to assess soil and water resources, but
has been expanded and refined to simulate processes
RCP 4.5
important in agricultural land management. EPIC assesses plant
growth and competition, weather simulation, hydrology, soil
erosion, nutrient and carbon cycling, pesticides, soil
temperature and moisture, tillage, cost accounting, and plant
environment control. EPIC can be used to simulate plant growth
over hundreds of years, using the concept of radiation use efficiency (RUE). Potential plant biomass is calculated
as a function of phytosynthetically active radiation and leaf area index, with the amount of solar radiation
captured as biomass being driven by RUE. Extreme weather reduces potential biomass due to water,
temperature, and aeration stress, becoming a major driver for crop growth and water cycling. Temperature
determines leaf area growth, canopy height, nutrient uptake, harvest index and date of harvest, while
precipitation affects the hydrological cycle, influencing surface runoff, subsurface flow and percolation and
water table dynamics.
RCP
RCP 2.6

GCM/RCM Model Pair
CSC REMO2009 / MPI-ESM-LR
SMHI RCA4 / EC-EARTH
CSC REMO2009 / MPI-ESM-LR
IPSL WRF33 / CM5A
KNMI RACMO22E / EC-EARTH
SMHI RCA4 / EC-EARTH
SMHI RCA4 / HadGEM2-ES

EPIC outputs estimated yields of 12 crop types, given different climate inputs, and is used in this work to define
impacts for the agricultural sector for developing an indicator of vulnerability. Additionally, EPIC outputs are
used when coupled to a drought index variable to generate yield distributions and the probability of yield losses
given differing return period droughts. EPIC is also used as an input to the GLOBIOM model to calculate national
yields and prices under climate change.
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9.2.2 LPJml
Table 8. GCM/RCM model pairs used in LPJmL and CLM models.

Model
RCP 2.6
CLM40-CN
RCP 4.5
LPJmL

CLM40-CN

RCP8.5
CLM40-CN

GCM/RCM Pair
SMHI-RCA4 / EC-EARTH-r12
• CSC-REMO / MPI-ESM-LR-r1
• KNMI-RACMO22E / EC-EARTH-r12
• SMHI-RCA4 / EC-EARTH-r12
• IPSL.INERIS-WRF331F / IPSL-CM5A-MRr1
• SMHI-RCA4 / HadGEM2-ES-r1
• CSC-REMO / MPI-ESM-LR-r1
• KNMI-RACMO22E / EC-EARTH-r12
• IPSL.INERIS-WRF331F / IPSL-CM5A-MRr1
• SMHI-RCA4 / EC-EARTH-r12
KNMI-RACMO22E / EC-EARTH-r1

LPJmL (Lund-Potsdam-Jena managed Land) is a
dynamic global vegetation and agriculture model
which simulates biogeochemical, ecological, and
hydrological processes in a coupled, internally
consistent framework. Similar to EPIC, the LPJmL
model simulates water fluxes e.g. runoff and
evapotranspiration, carbon fluxes such as net
primary production and soil respiration, and
vegetation growth processes. In Impact2C, the
latest version of the model, simulating river flow
and irrigation is used, running at a daily time step.
The distribution and composition of crops and
managed grassland is prescribed using external
data, inputting current and historic fractional
shares of 12 selected crop types, with estimates
for both rainfed and irrigated conditions.

LPJmL, similar to EPIC, is used in this work to generate impact estimates for assessing agricultural vulnerability,
estimating yields for nine crop types. This allows for a comparative analysis of impacts and vulnerability and an
assessment of uncertainty of V estimates for the agricultural sector.
9.2.3 CLM
The Community Land Model (CLM) describes and quantifies physical, chemical, and biological processes by
which terrestrial ecosystems affect and are affected by climate at a variety of spatial and temporal scales. Land
surfaces are represented by five primary land cover types (glacier, lake, wetland, urban, and vegetated) with
vegetated land divided into patches of plant functional types (PFT), which provides differing functional
characteristics such as leaf and stem area indices and canopy height between broad categories of plant life. CLM
simulates a variety of processes, which include vegetation composition, absorption, reflection and transmittance
of solar radiation; ground evaporation, canopy evaporation and transpiration fluxes; heat transfer in soil and
snow; canopy, snow, and soil hydrology; photosynthesis; lake temperatures; dust deposition; routing of runoff
from rivers to oceans; volatile organic compounds; urban energy balance and climate; and carbon-nitrogen
cycles.
9.2.4 GLOBIOM
The GLOBIOM global land use model is a recursive dynamic partial equilibrium model of the agricultural,
bioenergy and forestry sectors which determines prices, production, consumption and bilateral trade flows for
30 world regions over 10 year time steps. GLOBIOM uses input date from EPIC to define crop yield, input and
water requirements at high resolution, and models how consumers and producers modify their actions under
climate change compared to a baseline scenario. Consumers may modify their consumption levels and change
the origin of their consumed products between regional production and imports from other regions. Producers
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can alter land allocation to various crops and management systems, as well as livestock systems, within set
limits, thereby adapting to changes in local production possibilities and costs, and to market forces.
GLOBIOM is used in this work to inform projections of adaptive capacity, coupled with the Shared
Socioeconomic Pathways (see Section 4.2.1 above for further details). Additionally, long term crop prices can be
coupled with the probabilistic loss estimates generated by a copula approach to assess monetary losses from
drought at a national level.
9.2.5 Inputs from WP7 – Biophysical impacts
The models discussed in section 9.1 were used to generate an indicator for impacts that could be combined with
estimates of AC to arrive at a final vulnerability index. Values for crop models from EPIC are given in tons per
hectare, and for LPJmL and CLM40-CN, in grams of carbon / sq. meter / year. Details on the output data used
can be found in the table below. As we are interested in increasing vulnerability, only areas with a detrimental
change from historical to 2 degree periods contribute towards the impact indicator described in the next
section. How each impact indicator contributes to vulnerability is described in Table 8.
Table 9. Variables used from Impact2C impacts modeling for vulnerability estimations.
Vulnerability

Impact model input

Model

Notes

Crop loss

Change in crop yield –
tonnes per hectare

EPIC

Forest fires

Change in fire carbon
losses – grams of
carbon / sq. meter /
year
Change in NPP – g.
carbon / sq. meter /
year
Change in NBP – g.
carbon / sq. meter /
year

LPJml
and
CLM

Negative changes from historical to 2
degree period contribute to greater
vulnerability
Positive increase from historical to 2
degree period contribute to higher
vulnerability

LPJml
and
CLM
LPJml
and
CLM

Negative change from historical to 2
degree period contribute to greater
vulnerability
Negative change from historical to 2
degree period contribute to greater
vulnerability

Net Primary
Productivity
Net Biome
Productivity

9.2.6 Assessing vulnerability to ecosystem services
NPP and NBP were used to assess the vulnerability of ecosystem services (Rapport & Maffi 2011, Lindenmayer et
al. 2000). Other instances of NPP as an indicator in the literature refer to the overall health of ecosystems and
the provisioning of ecosystem services (Noss 1990, Costanza et al 2006 for examples). The function of NPP and
NBP in mitigation is also relevant in an assessment of the ability to adapt; changes in the carbon storage capacity
of ecosystems under a warming climate may require adaptation. While NPP and NPB, and options to improve or
prevent losses to both, are strongly linked to natural capital, interventions to change the way in which
ecosystems are managed will require mobilizing human, physical, and financial capitals in order to harness
available natural capital to the greatest effect to increase ecosystem resilience, and the importance of these
capitals has been noted in previous work (Metzger et al 2006, Lindner et al. 2010, Folke et al. 2002, Berkes et al.
2002).
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10. Results: Agricultural vulnerability to drought
For this assessment, the vulnerability of wheat, barley, corn, and rapeseed yields to drought were assessed; for
other crops, estimates will be uploaded to the Impact2C atlas. To generate estimates of crop yields for the
impact indicator, the ensemble mean for model runs at RCP 4.5 and 2.6 was taken, and then combined with the
adaptive capacity index for SSP2 (middle of the road). An assessment of uncertainty of our assessment using
SSPs 1, 2, and 3 can be found in section 10.1 below.
Vulnerability to drought affecting wheat yield

Figure 20. Assessing vulnerability to drought affecting wheat yields under +2 degrees of global change. The map on the left
shows the calculated impact indicator depicting the severity of decreasing yields, from 0 to 5, with 0 being any increase in
yield. The map on the right combines impacts with an inverse AC index, and excludes areas which do not have < 5% harvested
crop area. Scenario: RCP4.5 / SSP2
Vulnerability to drought affecting barley yield

Figure 21. Assessing vulnerability to drought affecting barley yields under +2 degrees of global change. The map on the left shows
the calculated impact indicator depicting the severity of decreasing yields, from 0 to 5, with 0 being any increase in yield. The map
on the right combines impacts with an inverse AC index, and excludes areas which do not have < 5% harvested crop area. Scenario:
RCP4.5 / SSP2
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Vulnerability to drought affecting rapeseed yield

Figure 23. Assessing vulnerability to drought affecting rapeseed yields under +2 degrees of global change. The map on the left
shows the calculated impact indicator depicting the severity of decreasing yields, from 0 to 5, with 0 being any increase in yield.
The map on the right combines impacts with an inverse AC index, and excludes areas which do not have < 5% harvested crop
area. Scenario: RCP4.5 / SSP2
Vulnerability to drought affecting maize yield

Figure 22. Assessing vulnerability to drought affecting maize yields under +2 degrees of global change. The map on the left shows
the calculated impact indicator depicting the severity of decreasing yields, from 0 to 5, with 0 being any increase in yield. The map on
the right combines impacts with an inverse AC index, and excludes areas which do not have < 5% harvested crop area. Scenario:
RCP4.5 / SSP2

With the exception of maize yields, the most vulnerable regions according to our approach occur mainly in
central and eastern Europe, with Mediterranean countries classified as having low vulnerability to a large
46

degree. Vulnerability of wheat and barley yields are the most pronounced in this regard, although rapeseed is
moderately vulnerable in Germany near the North Sea. Maize vulnerability does not follow this trend, and is
highest in Hungary and northern Bulgaria, with some small areas of France and Italy also being moderately
vulnerable.
These results contradict other analyses which highlight southern Europe as facing the highest impacts under
climate change (see, for example: Trnka et al, 2011; Meehl & Tebaldi, 2004; Iglesias et al, 2009), especially in
regards to vulnerability affecting wheat yields, however there are indications that heat stress could lead to
considerable loss of yield in western Europe (Semenov, 2009). Ciscar et al (2011) also find that warmer and drier
conditions by 2050 could cause moderate declines in central Europe. The IPCC’s Fifth Assessment Report was
similarly divided on the scale and distribution of impacts on the sub-regional level within Europe, finding
disagreement over food production impacts for northern Europe, and one study predicting a decrease in
production in the continental region. Some studies, using extreme climate change predictions (e.g. 5.4 degrees
of warming by 2080) lead to extremely large yield losses for southern Europe, but more moderate impacts in
line with the Impact2C project result in less severity of changes for the south, with some declines felt in central
areas (Kovats et al, 2014).
There are two main explanations for these trends. The first lies in the impacts index; most pronounced in the
wheat and rapeseed maps, impacts modeling results show that the highest reductions in yields under an RCP4.5
scenario will fall in France, Germany, and Poland, and other central EU countries, with yields in southern
countries either not diminishing at all, or only facing a slight reduction under 2 degrees of global change.
Indicator selection also plays a large part in determining overall vulnerability and this research highlights how
important the process is to end results. While selection is driven by a deductive framework and reinforced by
findings from studies in the field, to apply a consistent set of indicators as such a large scale limits selection
possibilities.
As pointed out in the discussion of adaptive capacity indicators, we assess the vulnerability of only the
agricultural sector to drought affecting crop yields; and as was seen, central EU countries were not significantly
stronger than the eastern and Mediterranean countries in all regards. Adaptive capacity specifically addresses
the ability of a system to cope with changing future conditions; countries such as Spain and Italy, already faced
with stress due to current drought hazard, may actually have more capacity in the agricultural sector than other
countries which are not as accustomed to such stresses. In many cases, policies such as drought insurance are
already in place, as compared to more northern countries, and additional programs to deal with water stress,
etc. When addressing the vulnerability of the system as a whole, more affluent countries such as Germany may
more easily be able to assist the agricultural sector monetarily to recover from shocks, for example, but the
agricultural sector specifically - and absent outside intervention - may be less easily able to cope.
10.1. Assessing uncertainty via SSPs
Work package 7 has addressed uncertainty in biophysical impacts according to the process outlined by Work
Package 5 on addressing uncertainty, and will not be reproduced here. However, introduction of socioeconomic
parameters presents another source of uncertainty, which we can discuss. Until now, we’ve taken SSP2 as a
middle of the road assessment, but outputs from the GLOBIOM model in relation to projecting AC forward (e.g.
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fertilizer use) exist for SSPs 1, 2 and 3. Using AC projections for these SSPs, we can assess which estimates of
vulnerability are more robust across differing socioeconomic scenarios. To do so, we assess the variance
between the values of the vulnerability index in each grid cell for each SSP / RCP combination (for a total of 6).
Results can be seen in the figures below.
Figure 24 demonstrates that the vast majority of vulnerability index values do not change greatly over the range
of SSPs and RCPs assessed. Barley shows some disagreement in projected values in central Spain, and maize in
southern France and northern Italy, but outside of these regions, vulnerability remains at around the same levels
regardless of the projection used. This can partially be explained by the fact that the projections of AC based on
SSP indicators discussed above did not result in vastly different scenarios in the 2 degree time periods. Indicator
values changed, but differences were not pronounced, and overall AC index values in the future are similar over
all SSPs.
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Figure 24. Agreement of resulting vulnerability index values between six SSP/RCP combinations for crop yields.
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11. Results: Forestry and ecosystem services sectors
11.1. Forest fire vulnerability
Vulnerability to changing forest fires due to 2 degrees of changed was assessed by combining the forestry AC
index with an index of the change in potential loss of carbon due to fire, given in grams of carbon per square
meter per year. Areas with a decrease in carbon available are given an impact value of 0, with areas of
increasing carbon assigned a value between 1 and 5, to highlight areas of increasing vulnerability only. The
resulting vulnerability assessment can be seen in the figures below.

Figure 25. Assessment of vulnerability to forest fire. The leftmost map shows results of biophysical impact modeling with fire carbon losses,
converted to an index of severity from 0 (no negative impacts) to 5 (most severe negative changes). The middle map is the inverse aggregate
AC index. Combining the first two maps produces the vulnerability index, seen to the right.

For vulnerability to increasing fire impacts, results are much closer to previous estimates of forest fire risk and
vulnerability, (see, for example Khabarov et al 2014, EEA 2015, among others), with moderate and high
vulnerability being concentrated in southern and eastern regions, while northern countries will likely face little
to no vulnerability in the future. These high values indicate that the forestry sector may have difficulty coping
with the increasing impacts of fires, especially in Romania to the east, and highlights areas which could be
targets for more in-depth assessment.
11.2. Ecosystem services vulnerability
Impacts on the ecosystem services sector was assessed with outputs from Work Package 7 models, with change
in NPP (net primary productivity) and NBP (net biomass productivity) chosen as the most meaningful of outputs
to function as indicators of impacts to the sector. Similar to fire C loss, these results were given in grams of
carbon per square meter per year. Impacts were classified into an indicator by assigning a value of zero to all
cells with a positive change (that is, an increase in NPP and NBP) and dividing negative impacts (reduction in
value) into five classes.
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The resulting impact maps were then combined with our ecosystem services AC estimates to produce
vulnerability estimates for RCPs 2.6, 4.5, and 8.5, as can be seen in the following sections.

Figure 27. Assessment of vulnerability to changing NPP. The leftmost map shows results of biophysical impact modeling with NPP losses,
converted to an index of severity from 0 (no negative impacts) to 5 (most severe negative changes). The middle map is the inverse aggregate
AC index. Combining the first two maps produces the vulnerability index, seen to the right.

Figure 26. Assessment of vulnerability to changing NBP. The leftmost map shows results of biophysical impact modeling with NBP losses,
converted to an index of severity from 0 (no negative impacts) to 5 (most severe negative changes). The middle map is the inverse aggregate
AC index. Combining the first two maps produces the vulnerability index, seen to the right.

Results from assessing changing NPP are unique to this assessment in how uniform and low vulnerability
indicator values are across the EU. Only the southern tip of Portugal and Spain, as well as a very small area of
high vulnerability in northern Scotland, look likely to face any difficulty in adapting to future changes under the
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RCP 4.5 scenario. It should be noted that results for RCP 8.5 (not pictured) show a rather different result, with a
large area in eastern Germany having high vulnerability, meaning there will likely be difficulty adapting in the
future, but these results are not reflected in RCPs 2.6 or 4.5. Vulnerability affecting NBP differs slightly, with
most of the EU having low vulnerability, except for the far northern regions of Sweden and Finland. While the
adaptive capacity index is highest for these two countries out of all EU 28 countries, they also face the highest
forecast reduction in NBP; given the high AC scores, it is likely that while the regions are vulnerable, they may
have the available capacity to adapt. This contrasts to the Atlantic coast of Portugal and Spain, which are
comparatively much lower on the AC index, thus even though they face lower severity of negative changes, they
are most likely less well equipped to deal with such impacts.
11.3. Assessing uncertainty
Similarly to section 5.3.1 above, we assess the robustness of results by comparing agreement among RCPs, as
present adaptive capacity is taken as a proxy for future AC, due to a lack of data required to regress and project
indicator values to 2 degree time periods. Below (Figure 29) are plots of the level of agreement among V
projections, indicated by variance over the 3 RCPs.

Figure 28. Analysis of variance between projections of vulnerability for fire carbon loss, NBP, and NPP.

Similar to variance of yield vulnerability due to drought, the variance between V indicators for fires, NPP, and
NBP is consistently low across the EU. Granted, there is less room for variance, as only three simulations are
used for future conditions, RCPs 2.6, 4.5, and 8.5; more variance might have been introduced by projections of
adaptive capacity. The most striking results are the high variance in results for forest fire vulnerability in Portugal
and the border of Spain and France, and the “hotspot” in central Europe for NPP. For NPP, the discrepancy
comes from modeling results for the RCP 8.5 scenario, which show a significant decrease in NPP as compared to
other scenarios, which do not have the same pattern emerging. Vulnerability to forest fire impacts is also due to
disagreement between the multi-model ensemble for RCP 4.5 and the single model estimates for RCPs 2.6 and
8.5.
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12. Methods: Assessing risk
Work on adaptive capacity and vulnerability, as discussed previously in this report as well as D10.1, can be
considered to fall under a larger realm of risk assessment, as suggested by the IPCC (2014). As projections of the
changes in hazards, exposure and vulnerability are required when thinking about climate change adaptation,
future estimates become increasingly uncertain. Applying a risk-based structure to adaptation offers a way with
which to manage future risks posed by climate change. To move beyond the previous estimates of vulnerability,
D10.1 emphasizes the need for an estimating the likelihood or probability of extreme events. Although specific
events are unpredictable by themselves, they can be predicted in probabilistic terms, such as an event with an
average recurrence period of 100 years (an annual probability of 1%). Results from the WP7 EPIC model enabled
two approaches towards assessing risk via a copula approach and by converting the GLOBIOM model from WP7
to a stochastic approach. Both approaches are discussed below.
12.1. Stochastic GLOBIOM approach
The stochastic setup of GLOBIOM operates similarly to as described in D7.2. As the model is complex and
intensive to run, an experimental setup was run as follows. For one climate change scenario (RCP 4.5) and one
SSP (SSP2), GLOBIOM is run as normal up to the +2 degree time horizon, set in this case as 2050. For this portion
of the model, yield and other values are affected by long-term climate change only (averaged over 30 individual
years), in line with previous simulations. After the run to 2 degrees, the 2050 time step is re-run 60 times, using
results from the 2050 period to force producers to behave as if they would have already planted their crops, i.e.
they are planning for long term effects and market conditions in 2050, but not more extreme events such as
drought. Land allocation in
the model is held constant
for these 60 repetitions,
while markets are able to
adjust via trade and
consumption changes,
allowing for changing prices.
The 60 scenarios are yearly
values of yield for 30 years
of weather centered on the
year 2050, with two
different assumptions of
how yields would vary from
Figure 29. Simple illustration of the stochastic GLOBIOM model process
one year to another:
•

Future variability assumption: The model takes the yearly values for 30 years centered around 2050 as
simulated by the EPIC model under the RCP 4.5 scenario

•

Present variability assumption: The model takes a 30 year time series of yields that have the same
average value over 30 years as the future variability assumption, but this mean value is multiplied by
yearly deviations from the mean as estimated for current climate. This has the effect of keeping
variability unchanged from year to year compared to the present time period.
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12.2. Copula approach
Economic, environmental and social impacts on regional and national levels of drought hazard events can be
extraordinarily high and difficult to cope with, especially under climate change scenarios (Madadgar &
Moradkhani, 2013; Chen, Singh, & Guo, 2011). Therefore, there is considerable interest to estimate potential
future impacts on all scales in as much detail as possible. However, as soon as droughts spread over wider areas,
interregional risk assessment that takes into account interrelations between regions is necessary. Neglecting such
interdependencies can lead to a severe underestimation of potential impacts, especially conducted by extremes.
This underestimation of risk can lead to the failure of risk-management strategies when they are most needed,
namely in times of unprecedented events. Therefore, we use the methodology for incorporating such
interdependencies in risk via the use of copulas (Timonina, Hochrainer-Stigler, Pflug, Jongman, & Rojas, 2015). We
incorporate dependencies in risk analysis, avoiding underestimation of risk and covering importance
characteristics of the dependency phenomena. Based on regional SPEI data for 1972-2000 and barley yield
extrapolated data series for 1971-2100 for Spain, we couple marginal yield distributions of regions while explicitly
incorporating tail dependencies in the process. We were limited by time and computing power in the scope of our
calculations; a dataset of yield distributions for every grid cell in Europe for the time series required demands
significant computational resources, but this analysis can be seen as a test of a new methodology to assess risk
due to drought, given outputs from biophysical impact modeling, and can be taken forward in future work. We
use the minimax algorithm for choosing coupled region pairs so that the underestimation of risk is avoided and
the use of drought dependency structure is incorporated (Timonina, Hochrainer-Stigler, Pflug, Jongman, & Rojas,
2015).
We use an example of drought events as they are not regionally limited and have the potential to cause huge
losses at once and we study their impact on the Barley yield in Spain. Most of extreme event risk modelling only
has available risk information in terms of distributions on the very local scale. Information on larger scales is
usually only accessible scenario specific or in terms of averages (Feyen, Dankers, Bödis, Salamon, & Barredo, 2012;
Hirabayashi, et al., 2013; Jongman, Wald, & Aerts, 2012; Rojas, Feyen, & Watkiss; Ward, P. J. et al., 2013). However,
we use the methodology proposed in (Timonina, Hochrainer-Stigler, Pflug, Jongman, & Rojas, 2015) to incorporate
regional interdependencies for the correct risk-upscaling and risk management.
In order to answer the question about the drought risk in multiple regions in Spain and their impact on Barley
yield, it is necessary to estimate the probability yield distribution on the national level, that gives information on
the probability of rare events (10-year event, 50-year event, 100-year event etc.) and the amount of yield in case
of these events. In order to do this, one, first of all, must know the marginal yield distributions for each of the
regions. In our analysis, marginal yields are assumed to follow Gumbel or Frank distributions and are simulated
using the YLDG (yield) data for 505 regions in Spain from 1971 to 2100. Secondly, one needs to couple marginal
yields in such a way, that the large-scale probability distribution is estimated correctly and fits the multi-regional
data on yields (i.e. YLDG data). For this, it is not enough to convolute marginal distributions, as this leads to the
neglecting of regional interdependencies, and it is necessary to find a non-linear dependency function (i.e. copula)
that transforms the marginal probability distributions into a total probability distribution taking into account all
interdependencies. Third, it is necessary to couple marginal yields in such a way, that the drought dependency
structure is taken into account (Timonina, Hochrainer-Stigler, Pflug, Jongman, & Rojas, 2015).
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We note first that the total yield after a drought event is just the sum of the yields in the individual regions that
were affected by the hazard:
𝑌𝑌 = 𝑌𝑌1 + 𝑌𝑌2 + ⋯ + 𝑌𝑌𝑁𝑁

where each 𝑌𝑌𝑖𝑖 𝑖𝑖 = 1, … , 𝑁𝑁 represents the yield in a particular region 𝑖𝑖. However, to calculate the joint probability
yield distribution
𝐹𝐹(𝑥𝑥1 , … , 𝑥𝑥𝑁𝑁 ) = 𝑃𝑃{𝑌𝑌1 ≤ 𝑥𝑥1 , … , 𝑌𝑌𝑁𝑁 ≤ 𝑥𝑥𝑁𝑁 }

for the entire region (i.e. all regions 1, … , 𝑁𝑁), for dependent risks it is not enough to only know the marginal
probability distributions 𝐹𝐹𝑖𝑖 (𝑥𝑥) = 𝑃𝑃{𝑌𝑌𝑖𝑖 ≤ 𝑥𝑥} of 𝑌𝑌𝑖𝑖 , 𝑖𝑖 = 1, . . , 𝑁𝑁 (Timonina, Hochrainer-Stigler, Pflug, Jongman, &
Rojas, 2015).(Timonina, Hochrainer-Stigler, Pflug, Jongman, & Rojas, 2015).

If two regions are interdependent one needs to couple the individual yield distributions for these regions, taking
the dependency explicitly into account. This can be achieved via a copula technique, where the copula function is
estimated based on the historical data on past events (Timonina, Hochrainer-Stigler, Pflug, Jongman, & Rojas,
2015).
Let 𝐶𝐶(𝑥𝑥1 , . . . , 𝑥𝑥𝑁𝑁 ) be a copula model, meaning that

𝑃𝑃{𝑌𝑌1 ≤ 𝑥𝑥1 , . . . , 𝑌𝑌𝑁𝑁 ≤ 𝑥𝑥𝑁𝑁 } = 𝐶𝐶(𝐹𝐹1 (𝑥𝑥1 ), . . . , 𝐹𝐹𝑁𝑁 (𝑥𝑥𝑁𝑁 )),

where 𝐹𝐹𝑖𝑖 (𝑥𝑥) = 𝑃𝑃{𝑌𝑌𝑖𝑖 ≤ 𝑥𝑥} are the marginal distributions.

Consider two regions with yields 𝑌𝑌1 and 𝑌𝑌2 correspondingly. In case these regions and, hence, yields, are
dependent, the density of the total yield 𝑌𝑌1 + 𝑌𝑌2 can be obtained by the convolution over the copula 𝐶𝐶(⋅):
𝑓𝑓(𝑥𝑥) = 𝑓𝑓1 ∗𝐶𝐶 𝑓𝑓2 = � 𝑐𝑐�𝐹𝐹1 (𝑥𝑥 − 𝑦𝑦), 𝐹𝐹2 (𝑦𝑦)�𝑓𝑓1 (𝑥𝑥 − 𝑦𝑦)𝑓𝑓2 (𝑦𝑦)𝑑𝑑𝑑𝑑,

where 𝑓𝑓1 and 𝑓𝑓2 are marginal densities of 𝑌𝑌1 and 𝑌𝑌2 correspondingly; 𝑓𝑓 is the density of the total yield 𝑌𝑌1 + 𝑌𝑌2 and
𝑐𝑐(⋅) is the copula density.

In our analysis, we consider Gumbel and Frank copulas between marginal for the estimation of the yield
distribution on the national scale. The Gumbel copula allows us to change the amount of dependence between
regions given the size of an event, i.e. events causing large losses exhibit greater dependence than smaller events,
whereas the Frank copula maintains the same dependence between two regions regardless of the size of an event.
1. The Frank copula 𝜃𝜃 ≠ 0 is a symmetric Archimedean copula of the following type:

1
�𝑒𝑒 −𝜃𝜃𝜃𝜃 − 1��𝑒𝑒 −𝜃𝜃𝜃𝜃 − 1�
𝐶𝐶𝜃𝜃𝐹𝐹 (𝑢𝑢, 𝑣𝑣) = − ln �1 +
�
𝜃𝜃
𝑒𝑒 −𝜃𝜃 − 1
2. The Gumbel copula 𝜃𝜃 ≥ 1 is an asymmetric Archimedean copula, exhibiting greater dependence in the
positive tail than in the negative, i.e.
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1

𝐶𝐶𝜃𝜃𝐺𝐺 (𝑢𝑢, 𝑣𝑣) = exp �−�(− ln 𝑢𝑢 )𝜃𝜃 + (− ln 𝑣𝑣 )𝜃𝜃 �𝜃𝜃 � .

The dependency parameter 𝜃𝜃𝑖𝑖𝑖𝑖 between two regions 𝑖𝑖 and 𝑗𝑗 is estimated based on the precipitation index (SPEI)
in these regions.
Consider now a set of regions 𝐼𝐼 ∈ {1, 2, . . . , 𝑁𝑁} (𝑁𝑁 = 505 for regions in Spain). We would like to study the
interdependency between all these regions and to obtain the joint probability distribution that describes the total
yield over these regions.
If one estimates the copula parameters between each pair of regions, the following matrix can be obtained
𝜃𝜃11 = 1
𝛩𝛩 = � ⋮
𝜃𝜃𝑁𝑁1

⋯
𝜃𝜃1𝑁𝑁
⋱
⋮
�,
⋯ 𝜃𝜃𝑁𝑁𝑁𝑁 = 1

where columns and rows represent regions and every element 𝜃𝜃𝑖𝑖,𝑗𝑗 = 𝜃𝜃𝑖𝑖𝑖𝑖 of this matrix is the copula parameter,
that describes the dependency between pair of regions 𝑖𝑖 and 𝑗𝑗.

In order to use ordered copulas, we need to calculate a vector 𝜃𝜃 = (𝜃𝜃1 , 𝜃𝜃2 , . . . , 𝜃𝜃𝑁𝑁 ) of the size 1 × 𝑁𝑁 out of matrix
𝛩𝛩 of the size 𝑁𝑁 × 𝑁𝑁 and, then sample from the multivariate copula. Clearly, receiving a vector of the size 1 × 𝑁𝑁
out of the matrix of the size 𝑁𝑁 × 𝑁𝑁 means, that some information between the regional dependencies is
neglected. As we are focusing on the tails of probability distributions we especially want to avoid underestimation
of extremes. That is why we use the minimax approach for ordered coupling suggested in (Timonina, HochrainerStigler, Pflug, Jongman, & Rojas, 2015).
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13. Results: Assessing risk
13.1. GLOBIOM Results
The stochastic setup produces estimates of the mean, standard deviation, and coefficient of variation for yields,
prices, and total producer revenue, as well as the differences between the first and third quartiles for all
variables. Model results for RCP 4.5 and SSP2 can be seen in the tables below.
Table 10. Results of the GLOBIOM model: estimates of distribution of producer revenue for EU member countries.
Region

Austria
Belgium
Bulgaria
Cyprus
Czech Republic
Germany
Denmark
Spain
Estonia
Finland
France
Great Britain
Greece
Croatia
Hungary
Ireland
Italy
Lithuania
Luxembourg
Latvia
Malta
Netherlands
Poland
Portugal
Romania
Slovakia
Slovenia
Sweden

Mean
(future)

Mean
(present)

Standard
Deviation
(future)

Producer Revenue (Millions 2014 EUR)
Standard
Coefficient of
Coefficient of
Deviation
variation
variation
(present)
(future)
(present)

Median
(future)

Median
(present)

1,258.46

1,301.31

262.91

292.11

22.11

23.70

1,250.95

1,286.92

547.61

552.69

143.57

144.73

27.72

27.72

552.58

531.85

671.39

672.03

252.22

234.13

39.78

36.82

632.99

617.01

139.76

144.31

29.83

38.62

22.53

28.35

135.10

135.95

1,594.16

1,584.53

376.64

372.94

24.97

24.86

1,581.78

1,537.03

9,806.29

9,887.75

2,970.17

2,262.17

32.06

24.23

9,717.10

9,581.47

803.64

801.31

167.27

199.22

22.01

26.34

831.15

792.21

2,553.32

2,612.78

557.13

532.69

23.06

21.58

2,525.29

2,628.55

94.90

93.00

42.42

41.58

47.29

47.40

92.26

89.40

900.66

882.78

305.12

184.72

35.87

22.11

863.31

903.72

11,038.73

11,247.36

3,096.17

2,719.00

29.62

25.60

11,430.39

11,558.30

3,844.90

3,932.08

1,130.98

956.52

31.10

25.71

3,811.36

4,075.01

1,882.57

1,889.12

220.80

205.14

12.38

11.53

1,845.96

1,887.33

522.01

527.51

103.47

83.69

20.95

16.82

512.17

507.83

1,506.03

1,525.50

581.99

581.57

40.84

40.31

1,607.17

1,492.49

581.04

580.41

231.38

159.12

42.11

28.99

577.34

576.39

3,344.16

3,390.18

502.01

366.91

15.87

11.43

3,270.63

3,400.97

621.03

628.23

201.97

138.49

34.38

23.28

602.31

642.72

10.26

9.84

8.46

6.98

87.39

75.43

9.52

10.26

155.21

154.99

64.33

43.38

43.80

29.62

143.46

163.88

30.15

31.42

8.68

13.65

30.58

45.81

31.21

28.57

608.87

646.21

227.36

313.48

39.46

51.31

623.57

574.16

5,368.71

5,418.96

2,338.34

1,607.39

46.13

31.42

5,064.22

5,015.55

293.38

298.67

74.27

69.40

26.77

24.55

283.64

279.09

4,013.54

4,051.74

777.30

670.33

20.52

17.46

3,922.87

3,895.90

453.55

450.38

131.93

132.88

30.79

31.21

439.70

426.47

151.93

159.23

33.22

47.71

23.17

31.74

152.14

154.57

793.38

791.58

234.66

171.60

31.32

22.96

792.53

790.31
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Table 11. Results of the GLOBIOM model: Estimates of the distribution of crop yields for EU member countries.
Average Yield (‘000 calories per hectare)
Standard
Deviation
(future)

Standard
Deviation
(present)

Coefficient
of
variation
(future)

Coefficient
of
variation
(present)

Median
(future)

Median
(present)

Region

Mean (future)

Mean
(present)

Austria

21,115,983.40

21,117,290.00

2,060,165.20

1,733,007.40

9.80

8.20

20,671,356.90

20,985,088.00

Belgium

31,385,370.60

31,385,845.00

3,199,374.10

3,303,637.80

10.20

10.50

30,999,755.30

31,602,837.50

Bulgaria

11,213,218.70

11,215,510.80

2,654,184.80

2,861,934.80

23.70

25.50

10,863,624.90

11,245,592.00

Cyprus

9,781,579.20

9,781,729.80

1,286,394.30

1,100,106.90

13.20

11.20

9,806,080.60

9,668,396.30

Czech Republic

17,446,481.30

17,449,608.20

2,448,849.40

2,989,434.70

14.00

17.10

17,516,843.70

17,590,966.40

Germany

23,473,987.60

23,479,460.90

2,170,312.60

2,198,660.80

9.20

9.40

23,600,413.60

22,994,802.40

Denmark

17,873,402.50

17,873,517.60

1,974,702.50

1,961,581.00

11.00

11.00

18,029,991.90

18,108,951.40

Spain

10,121,449.10

10,124,200.10

2,958,545.30

2,638,174.30

29.20

26.10

10,033,075.40

10,363,848.40

Estonia

7,766,876.10

7,766,673.80

1,194,687.90

1,285,485.90

15.40

16.60

7,693,328.30

7,607,156.00

Finland

12,242,396.90

12,208,708.50

708,305.70

664,994.80

5.80

5.40

12,153,973.50

12,297,092.30

France

23,779,619.90

23,780,543.80

2,264,051.40

2,394,110.10

9.50

10.10

23,663,049.40

23,914,047.00

Great Britain

23,948,561.50

23,947,627.70

2,418,095.60

2,209,787.20

10.10

9.20

23,825,626.40

24,224,045.50

Greece

10,805,271.90

10,805,484.60

2,366,626.20

2,962,341.40

21.90

27.40

10,952,342.00

10,736,759.20

Croatia

18,949,581.30

18,949,826.70

3,148,557.70

3,528,785.80

16.60

18.60

18,779,161.80

18,919,549.10

Hungary

21,219,105.30

21,219,163.70

4,749,678.50

4,599,509.50

22.40

21.70

20,509,292.30

21,419,924.90

Ireland

30,128,679.30

30,127,556.20

2,833,915.10

2,284,055.90

9.40

7.60

29,214,075.50

29,712,921.80

Italy

15,594,976.00

15,593,910.00

2,855,101.60

2,745,893.40

18.30

17.60

15,105,410.80

15,345,755.50

Lithuania

13,190,689.40

13,190,705.20

1,855,753.00

1,611,623.30

14.10

12.20

12,985,980.50

13,188,372.10

Luxembourg

26,373,210.50

26,373,267.10

3,620,244.20

2,981,098.50

13.70

11.30

26,261,327.90

26,374,460.70

Latvia

11,032,869.50

11,032,733.90

1,139,092.70

910,149.80

10.30

8.20

10,891,076.60

11,038,052.80

Malta

19,654,130.00

19,654,064.90

6,229,697.70

7,742,737.90

31.70

39.40

20,167,384.50

18,992,777.50

Netherlands

42,372,739.50

42,372,115.80

3,968,132.30

4,000,262.60

9.40

9.40

43,218,692.20

42,193,219.30

Poland

14,698,697.80

14,700,852.60

1,870,519.80

1,806,469.20

12.70

12.30

14,183,070.40

14,530,013.60

Portugal

9,145,898.00

9,144,292.60

1,999,192.10

1,779,780.90

21.90

19.50

9,405,720.10

8,957,655.70

Romania

13,638,343.70

13,643,339.40

3,232,859.20

3,218,809.50

23.70

23.60

13,019,152.50

13,705,736.90

Slovakia

13,070,743.10

13,070,717.50

2,624,326.20

2,109,030.10

20.10

16.10

12,524,605.00

13,190,430.90

Slovenia

27,806,649.70

27,799,274.90

4,467,871.10

3,883,450.40

16.10

14.00

27,851,186.00

27,655,646.20

Sweden

15,026,204.30

15,010,097.70

1,813,461.10

1,775,807.00

12.10

11.80

14,866,376.90

14,950,643.80

The GLOBIOM stochastic assessment moves away from simple description of long term and mean changes in
values, and the inclusion of the coefficient of variation provides one indication of how climate change will affect
resulting yield and price variability in the future. As can be seen in the results, no single trend exists for changing
means and variability; price and yield variability changes vary by country, with no clear climate change signal.
However, while the assessment provides a better picture of variability, it stops short of providing a means to
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assess probabilistic risk, a step for which further analysis is needed, via the copula approach, discussed in section
13.2.
13.2. Generating hazard estimates (Copula approach)
We apply coupling algorithms (Frank and Gumbel copulas) to the Spain regions and estimate the yield distribution
on the national scale. We distinguish between two cases: 1) present estimates for the yield distribution (i.e. use
of the data till 2010); 2) future projection of the yield distribution (i.e. use of the extrapolated data from 2050 till
2100).
Table 12. Yield distributions for Spain estimated by the use of Gumbel and Frank copulas (present estimates) in tonnes of dry yield

Table 13. Yield distributions for Spain estimated by the use of Gumbel and Frank copulas (future estimates).

As one can see from Table 12 and Table 13, the distributions received based on the SPEI dependency estimates
are compared with the full dependent and independent case. Mathematically speaking, full dependency would
mean dependency parameters 𝜃𝜃𝑖𝑖𝑖𝑖 = 𝜃𝜃𝑖𝑖𝑖𝑖 = 10 between all the regions, while independent case would mean 𝜃𝜃𝑖𝑖𝑖𝑖 =
0. Full dependent case leads to a pessimistic result (overestimation of the yield loss), i.e. lowest yield for lowprobability events. Independent case leads to an over-optimistic result, i.e. almost no difference between 2- and
1000- year yield estimates (see Figure 31).
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Figure 30: Yield distributions for Spain (till 2010) estimated by different methods.

The difference between present (based on the data 1971-2010) and future (based on the extrapolated data for
2011-2100) estimated for crop distributions is small and can be caused by the numerical error. Hence, the
impact of climate change on the Barley yield is not directly observed here. In order to observe the impact of the
climate change on crop yield explicitly, we fix the soil in the model and add the nutrition component to the
analysis (e.g. we allow unlimited potential growth for yields) and estimate the crop distributions again.
Table 14. Yield distributions for Spain estimated via Gumbel copulas (no nutrition)

As on can see from Table 14, yields are, obviously, higher for the non-limited nutrition scenario, as well as the
climate change component is observable directly. The influence of climate change on barley and rye is negative,
while the influence on soybean is positive.
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Given the yield probability distribution, we can incorporate average prices from the GLOBIOM model to assess
the monetary value of yields for given return periods. The charts below illustrate yields for both current and
future climate driven yield estimates.

Monetary value of yields of barley in Spain in
2050 under different climate assumptions
Millions USD
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Figure 31. Monetary value of yields of barley in Spain in 2050 under different climate assumptions

Moving one step further, we can subtract yields for a given return period from the baseline or zero year return
period (e.g. expected yields in a drought free year) to derive an estimate of both yield and monetary loss and
observe how climate change will shift resulting drought risk curves. Note that price used here is the average for
Spain, and does not reflect changes in the price due to drought events. Results can be seen in Figure 33. As can
be seen, 2 degrees of global change will slightly increase the impact of extreme events in the 50 to 500 year
return period range, but not by an extremely large amount (i.e. about 5 million EUR [at current prices] additional
damages at a given return period).
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Figure 32. Estimated monetary losses due to drought impacts of varying return periods on barley crops in Spain for current and future
climate scenarios.

This chapter presented two emerging approaches to moving beyond indicators of vulnerability and assessing
drought risk. The stochastic GLOBIOM approach allows for modeling of changing climate variability and
simulates the effects of an extreme drought event on producers who operate by planning for long-term
changes, but not sudden onset events. These shocks can then be modeled as they effect regional yields,
producer revenues, and prices on global markets. It also provides estimations of the variability of modeled
outputs, e.g. producer revenue, prices, etc., moving beyond estimates of only yearly average values. However,
there are still limitations to the approach, namely that climate is not modelled stochastically at a global level,
but only for the European region, meaning shocks in other regions are not taken into account. Additionally,
while it progresses towards estimates of variability, probabilistic assessment of drought risk is still out of reach.
The copula approach serves to bridge this gap, and provide country-level probabilistic estimates of risk. It allows
for coupling of marginal yield distributions at grid levels into a probability yield distribution at national level, and
links discrete grid cells to neighboring cells via copulas which define how dependent or independent each cell is,
based on the size of an event. This approach is also novel and has not been used until now to assess drought
risk, and more work remains to validate results using historical data as well as upscale estimates to the EU level,
which is data- and computationally intensive. However, as shown above, the copula approach applied to a
country such as Spain allows us to produce estimates of the monetary losses due to drought on individual crops,
when combined with price outputs from the GLOBIOM model. Scaled up to the EU level, this could provide
greater insights into disaster risk management, providing for examples the estimated size of funding required to
cover losses at the EU level, such as the EU Solidarity Fund, or inform other mechanisms to assist farmers
adapting to changing drought risk.
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14. Discussion
Work Package 10 strove to assess the adaptive capacity and vulnerability of the forestry and agricultural sectors
of the EU to future climate change using an indicator approach, combining a consistent set of indicators with
biophysical impacts to highlight areas which will be vulnerable under two degrees of global climate change. For
agriculture, drought hazard was assessed, producing an indicator of vulnerability which highlighted areas in
mainly northern and – to a lesser extent – eastern Europe as being the most vulnerable to future changes. This
goes against other results which emphasize the south as facing the highest impacts (Trnka et al, 2011; Meehl &
Tebaldi, 2004; Iglesias et al, 2009, among others). The 5th assessment report from the IPCC was mixed in terms
of impacts on food production in Europe, with results depending heavily on the climate and time assumptions
used, in some cases asserting the central Europe would be negatively affected, especially wheat.
Even so, the results should not be viewed as robust, due to the limitations of the indicator approach to assessing
vulnerability at such a large scale. The need to have a small number of consistent indicators over such a large
area limited the possible proxies to be used. Indicator selection was further compounded by the inability to have
a participatory or stakeholder-driven approach, which might have highlighted other potential proxies. Lastly,
assessing only a single sector’s ability to cope with future changes ignores the rest of the system involved, e.g.
countries with a very low dependence on agriculture are generally more technologically and financially well-off;
meaning that while the sector itself may have less adaptive capacity, the entire system may be more easily able
to assist in the case of extreme events, be it financially, technologically, etc.
The indicator approach should be seen as an entry point to moving forward from vulnerability towards more
specific assessments of risk, via the approaches also discussed in this deliverable. Further work on improving
probabilistic estimates of impacts, as well as how adaptive capacity affects eventual impacts, would greatly
enhance the understanding of how Europe’s farms and forests would fare under 2 degrees of warming.
However, our assessment of the agricultural sector on its own may still provide insights to be taken forward to
think about current and future impacts. It can be argued that nations shown to be vulnerable in our analysis,
particularly Germany, would have the resources (particularly financial) to cope with future impacts, while the
agricultural sector on its own may be less prepared to handle future changes, whereas southern nations already
have policy measures in place, such as drought insurance, and farmers have greater experience dealing with
current drought, making them more likely to be able to cope with changes (Cabell and Oelsofe, 2010).
For forestry and ecosystem services, results were much more in line with other contemporary analyses (EEA,
201 ADD 1 or 2 more.) Europe as a whole faces very minor impacts in relation to reductions in NPP, outside of
small hotspots in Scotland and Portugal, and NBP fares much the same, with some areas of high vulnerability in
the northern latitudes of Sweden and Finland, although they score highest of all EU-28 countries in sectoral
adaptive capacity. Vulnerability to increasing fire impacts due to a changing climate also mirrored other recent
assessments, with vulnerable areas being found in southern and Mediterranean countries, while the north faces
little serious vulnerability.
The assessment of adaptive capacity, vulnerability, and risk as undertaken in this work is based on a growing
body of similar work, and in the spirit of the Impact2C project, as much as possible the established means of
assessing AC, V, and risk is used, however this was not always possible, as the tasks described in the beginning of
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this document have to a certain extent not been carried out until now. That being said, this work can be seen as
an approach to assess different scenarios of changing adaptive capacity and impacts and seeing likely results at a
European scale, allowing for the identification of hotspots which should be investigated further, as well as
emphasizing the concept that impacts are not only dependent on biophysical effects, but that the socioecological system as a whole plays a large part in determining vulnerability, providing a different lens through
which to view current and future impacts. However, results should be taken with a degree of caution; as
discussed below, an indicator approach such as this helps to broadly outline future impacts, but further analysis
at much finer spatial scales is required to make solid conclusions about impacts at more local or sub-national
levels.
Each stage of the assessment was not without its limitations and caveats, and they are discussed below.
14.1. Adaptive capacity
As D10.1 discussed, there are numerous approaches to assessing adaptive capacity, based upon varying
methodological frameworks. The use of a five capitals approach is not new, and has been increasing in use when
assessing AC (see, for example: Tinch (2015), Nelson (2007, 2010b) etc.) but this is the first time an indicator
approach was used to assess sectoral adaptive capacity at such a large scale. The CLIMSAVE project focused on a
generalized indicator of adaptive capacity for the entire system, never becoming sector-specific. Another
assessment, Nelson (2010a and b) used the five capitals framing to assess the agricultural sector, but only for
the case of Australia. However, the literature review revealed little in the way of social capital indicators for
drought for the European agricultural sector, compared to the other capital types, which were able to be
populated with proxies much more closely focused on mitigating or recovering from the effects on drought. The
objective of social capacity to incorporate institutional factors was better reflected in financial capacity, with the
inclusion of drought insurance policy measures, and to a lesser extent the ability of farms to obtain credit,
whereas social capital conveyed no real adaptation or coping measures, so it was removed from analysis.
Thus assessing single sector AC at a pan-EU level is a first, and presented some difficulties. The most pressing
issue was data availability and resolution. Initial literature review highlighted an extremely large number of
possible proxy indicators, however the majority of these were not available as consistent measurements across
countries. Here the issue of sector-specific analysis compounded this difficulty. Other assessments of EU-level
AC used much more general and easily measured proxies, such as life expectancy, or number of patents issued,
etc. While sectoral analysis allowed for much more precise indicators to be used, this precision and choice of
sector-specific employment, infrastructure, and other data was met with difficulty in acquiring a comprehensive
dataset.
Data limitations also limited the spatial resolution of analysis; in D10.1 it was asserted that analysis would take
place at a sub-national level, which was found to be impossible due to a lack of data coverage. Additionally,
eventual projection of proxy data proved impossible for the forestry and ecosystem services sectors, as
regression analysis required more time series data than was available. For the agricultural sector, a reasonably
consistent dataset for the years 2000 to 2010 was compiled, with minimal missing values; enough to be able to
project capitals via panel regression. Even so, an approach such as this needs as much consistent data as
possible, and can always be improved; an expanded set of socio-economic indicators at finer spatial resolution
64

would not only allow for more precise estimates of sub-national AC but would provide more flexibility and
options in selecting the appropriate indicators.
Initially, principal components analysis was seen as the best approach to generating a consistent set of
indicators, however the final AC index was generated via equal weighting, as PCA was seen as needlessly
complex and too difficult to convey results to policymakers and stakeholders. As discussed previously, there
were negligible differences between PCA and equal weighting in terms of the resulting AC index, so the PCA
approach was abandoned.
Beyond data and methodological considerations, selecting indicators proved to be difficult, as can be seen in the
case of financial capacity for agriculture. Every attempt was made to justify indicator selection based on
previous use in literature as well as choosing proxies which reflected components of a resilient agro-ecosystem
(as discussed by Cabell and Oelofse (2012)), but some indicators could be interpreted in multiple ways. Taking
the example of forestry value added as a percentage of GDP, it was reasoned that higher values indicate that the
sector holds more importance to the broader economy, and thus would enjoy more focus and ostensibly more
action to assist the sector in cases of extreme events. However, lower values seen in more industrialized
countries could give the false impression that these nations would be less able to respond to an event, which
may not be the case, given their higher overall GDP and ability to finance losses.
An additional means to verify indicator selection would be via the use of a more participatory approach with
stakeholder consultation. As section 3 points out, these approaches are time intensive and difficult to carry out
at such a large scale, due to the myriad of different stakeholders involved. Different regions and actors may
highlight differing proxies than others. As the focus of D10.2 was an indicator approach at a pan-EU level, the
approach taken was considered as a better alternative to a more stakeholder-driven process. Note that this does
not imply that participatory approaches are without value; using a broader indicator such as in this project,
when combined with impacts mapping, we are able to identify areas in which vulnerability may increase in the
future; from there, a more focused stakeholder-based approach could be undertaken to further investigate how
the local system functions and what local experts consider to be the best indicators and measurements of
adaptive capacity.
As assessing adaptive capacity was the major focus of WP10, due to biophysical impacts being produced by WP7
modeling, it is also subject to the most criticism, but its novelty should be re-emphasized. This is the first
assessment of sectoral AC at such a scale, and while results in some cases conflict with established findings,
further research could help to hone in on more appropriate indicators, as well as enhanced spatial resolution.
Additionally, the approach was innovative in projecting AC via the use of SSP indicators, which had not yet been
undertaken, and also provides avenues for additional research.
14.2. Vulnerability
The assessment of vulnerability is, in comparison to adaptive capacity, much more straightforward, but was
limited based on the impact modeling done in other work packages to the hazards addressed in this deliverable.
However, impact data was modelled regardless of actual exposure; that is, regions could show a huge loss in
crop yield from present to future time periods, no matter if a crop was planted there in reality or not.
Vulnerability maps were then constrained based on a spatial dataset consisting of the percentage of a grid cell
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which had the relevant crop type (e.g. we excluded all results where the area farmed for a certain crop was less
than 5% of the total cell). This helped to reduce the number of irrelevant results and focus on areas with the
greatest production, but the limiting values come from present-day assessment. The mapping process does not
take into account any possible planned or autonomous adaptation which may occur in the future, such as
shifting crop regimes and farming in new areas. As a result, we may be underestimating the areas which may be
vulnerable in the year 2050 or 2080, but as there was no way to project harvested area, we kept present
distribution as a proxy for future.
The specificity of adaptive capacity and vulnerability by sector at such a large scale as discussed above led to
significant uncertainties, which limits the robustness of vulnerability results. While results are to some extent in
line with previous findings, they are still estimates based on broad projections using SSP scenario data, and as
such care should be taken with interpretation of results. They present a number of different opportunities for
future research, both in improving indicators used and refining projections based on model output from land
use and crop models such as GLOBIOM, as well as highlighting areas which may be hotspots of vulnerability in
the future, where more in-depth analysis can be undertaken.
14.3. Risk
Two approaches focused on depicting the stochastic nature of extreme events were followed in the project;
development of a stochastic version of the GLOBIOM model, and using copulas to aggregate grid-level modelled
crop yields into national level probabilistic estimates. GLOBIOM results allow for a better view of the variability
of results, but remains within the estimation of average values, estimating mean yields, consumer prices,
producer revenue, etc., but not fully capturing the effects of extreme events. Alternatively, the copula approach
allows for construction of probabilistic estimates which explicitly focus on the fat-tails, low probability high
impact events. The copula approach is still emerging in the field of disaster risk management, and is not yet
widely in use. D10.2 was limited to assessing probabilities for Spain only, due to the time and computationintensive nature of the assessment, but results seem promising to be expanded to other EU countries and for
other hazards, such as flooding.
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15. Conclusions
The work in this deliverable builds off of the results of the modeling chain of Impact2C, most directly by linking
biophysical impacts from work package 7 to the concept of adaptive capacity. The majority work on agriculture,
forestry, and ecosystem services as discussed in D7.2 is presented without socio-economic considerations, which
work package 10 addressed by assessment of adaptive capacity and vulnerability via an indicator and a riskbased approach. While other attempts have been made to quantify adaptive capacity of EU member states, to
the best of our knowledge this represents the first effort to provide sector-specific indicators of AC at a national
level, for the agriculture, forestry, and ecosystem services sectors, beginning from a sustainable livelihoods
framework that organizes adaptive capacity around 5 types of capital. Following the example of other European
research (see, for example, Tinch et al (2014) and Acosta et al (2013)), we selected relevant proxies for each
stock type, combined indicators via equal weighting, and then merged the resulting adaptive capacity index with
WP7 inputs on impacts to arrive at estimates of vulnerability to the sector and hazard in question. We also
limited vulnerability maps to areas which currently harvest at least some amount of crops in question for the
agricultural sector. The result is a set of maps which complement the assessment of biophysical impacts alone,
by more closely identifying those areas more likely to be vulnerable to future changes by incorporating both
adaptive capacity and exposure.
For agriculture, vulnerability to wheat and corn yield stand out, with a high concentration of high and moderate
vulnerability being found in Germany, Poland, and Hungary for wheat, with Hungary and Romania being
particularly vulnerable to changes in maize yields. The mapping done in this deliverable can serve as a first
attempt to highlight possible vulnerability “hotspots”, by emphasizing regions that will be stuck both by high
potential negative changes as well as low capacity of farmers or foresters to adapt to those changes. Further
analysis, at a regional or community level, and involving a more participatory process, can further the
understanding of vulnerability in the area, based on the assessment done here, which applies a standard
methodology to the entire region allowing for standard comparisons between member states. As for the
forestry and ecosystem services sectors, forest fire vulnerability is concentrated in the southern states, while the
EU generally has low or in some cases moderate vulnerability to changes in NPP and NBP, with the exception of
an RCP8.5 scenario. Even so, results from WP7 modeling indicate that over most of Europe, NPP and NBP will
increase, thus positively affecting a regions vulnerability.
The other approach taken for agriculture was a risk based assessment. Using a relatively new approach, grid cell
data on drought- and non-drought-years are upscaled via the use of copulas to produce a probabilistic estimate
of national level drought impacts on yield. Copulas, from finance and insurance backgrounds, are only starting to
be used in disaster risk management work, and their use here is novel in producing a national-level drought
estimate, but it is applicable for multiple hazards at multiple scales, such as basin-level flooding. Via this
approach we were able to produce an estimate of the yield of a certain crop for different drought return
periods, and when linked to the GLOBIOM model, estimate the total monetary loss due to lost yields for these
return periods. Such results, especially showing how risk curves will shift over time, are of great importance to
determining if mechanisms such as the European Union Solidarity Fund will be able to cope with 2 degrees of
climate change.

67

As discussed throughout, assessing adaptive capacity and vulnerability in the context of this work was faced with
numerous challenges and was ambitious in its aims. Linking climate and social science research is inherently
difficult due to different approaches and spatial scales involved and this work was no exception, and highlights a
number of areas in need of further research. In Deliverable 10.1, focus was placed on quantitative assessment of
AC, but recent developments in methods for measuring AC have increased focus on more qualitative
approaches, emphasizing stakeholder interaction, evaluation by practitioners and other experts, with a stronger
focus towards smaller spatial scales such as the community level. Such approaches attempt to build a greater
empirical basis for indicators, and the results at a local level could help to inform which indicators are useful at
these higher spatial scales. In assessing AC such a level, even with a robust methodology incorporating local
stakeholders and practitioners, there is a great need for better indicator data. In a recent commentary, Otto et
al (2015) emphasize the need for better quality socio-economic data, moving beyond national-level data
towards finer spatial resolution, along with a need for more complete coverage of all areas over a longer time
period. Our work echoes these needs, as many of the limitations in terms of indicator selection was due to a lack
of data at sub-national scale, or a lack of consistency in data reporting over time, leaving us unable to project
values to the future. A better understanding of adaptive capacity and an improved empirical basis for selecting
indicators via more participatory approaches, coupled with improved, sub-national indicator datasets, could
greatly improve the robustness of results and highlight key areas where further research is needed in order to
better couple climate research with socio-economic analysis.
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Appendix I: Overview of adaptive capacity indicators assessed for agriculture, forestry, and
ecosystem services
In the following section, the literature on adaptive capacity and selected indicators commonly used in creation
of AC indices is presented, explaining the reasoning for their use and how they function as proxies of AC. The
review is broken down by capital type, and forms the basis for the indicator selection process, where indicators
will be selected based on relevance to the sector in question.
15.1.1 Human Capital:
Indicator

Expected
relationship with
vulnerability

Rationale

Source and
availability for
EU

Animal protein consumption per
capita / caloric intake per capita

Negative

Indicates the type and quantity of calories
available for consumption, higher quality
indicates greater health and food choice of
population

Brooks et al
(2005), Moss
et al (2005)
Eurostat –
NUTS0

Diversity of regional employment

Negative

Based on agro-ecosystem resilience
framework, more diversity of employment
allows for minimization of sectoral impacts

Nelson et al
(2010)

Population density

Positive / Negative

Rising population density would suggest
more exposure to a disaster, but it could
also allow for greater connectivity and
larger pool of human capital to draw from
before/after an event

Moss et al
(2001)
Eurostat –
NUTS2

Indicates the education level of members of
population, with higher education comes
greater possibility for technological change
and greater understanding of hazards and
willingness to adapt

Yohe & Tol
(2002), Yohe
and Tol (2007),
Allison et al.
(2009)

Tertiary education participation

Negative

Eurostat
Self-assessed health

Negative

Similar to life expectancy, but a more
subjective surveyed value, suggesting proxy
for self-assessed ability to cope and adapt

EU-SILC –
NUTS0

Life expectancy at birth

Negative

Indicates general health and well-being of
affected population; higher values hint at a
population more physically able to recover
and adapt

Moss et al.
(2001), Yohe &
Tol (2002),
Allison et al.
(2009)
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Literacy

Negative

Share of 15-year-old pupils who are at level
1 or below of the PISA combined reading
literacy scale

Moss et al
(2001), Brooks
et al (2005)
Eurostat –
NUTS2

Old age dependency ratio

Negative / Positive

Older age dependent populations generally
are seen to have less AC, but multigenerational families may rely on pensions
as a major source of income (Moller and
Sotshongaye, 1996) thus enhancing AC of
household

Vincent (2007)

GDP per capita

Negative

Indicates more financial resources available
to plan for, recover from, and adapt to
future shocks

Moss et al.
(2001), Yohe &
Tol (2002), Tol
and Yohe
(2007)

Households with a member
suffering from long-term / recurrent
illness

Positive

Indicator of demographic structure:
households already dealing with recurring
health issues will be less likely to cope and
adapt

Vincent (2007)

Level of agricultural training of
farm holder-managers

Negative

Higher levels of agricultural training may
indicate a greater capacity to innovate and
adapt to stress

Other gainful activity

Negative

Indicator of a more diversified revenue
stream increasing farm resilience to shocks
in crop production and market prices

15.1.2 Natural capital
Indicator

Expected
relationship with
vulnerability

Rationale

Source and
data
availability

Protected areas for biodiversity

Negative

Proxy for ability of natural system to
ecologically self-regulate, and exhibit
functional and response diversity, as per
agro-ecosystem resilience framework

Brooks et al
(2005)

Management of riparian zones /
biochemical oxygen demand in
rivers

Negative

Riparian zones can provide a natural buffer
against flood hazards, dissipating stream
energy, and promote soil conservation
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Plant cover diversity / Sufficiency of
sites designated under EU habitats
directive

Indicator of health of ecosystems and
protection of areas determined to be
ecologically important

% of land managed

Fertilizer use / use of inorganic
fertilizers

Forest change rate per year

Eurostat

Moss et al.
(2001)
Positive

Positive

Use of fertilizer could indicate a system
which requires a large amount of outside
inputs, and is not adequately coupled with
natural resource base, reducing resilience

Moss et al.
(2001)

Indicator of stress on and overuse of local
natural capital

Brooks et al.
(2005)

Eurostat

FADN survey
Groundwater recharge per capita /
total water resources (long term
average) per capita

Negative

As above, indicator of stress on and overuse
of natural capital, also a source of resilience
in terms of drought hazard

Brooks et al.
(2005)

Organic farming ratio of area to
total farming

Negative

Indicator of systems which exhibit coupling
with local natural capital, requiring fewer
inputs

Eurostat

Area under vegetation and wetlands
/ built up areas

Negative

)Indicator of health of ecosystem; higher
values reflect more natural state / less
adverse impacts on natural ecosystem of
human interventions (ecological capacity to
cope with stresses on a system)

Pandey et al.
(2011)

Irrigation

Negative

For drought hazard, indicator of the
resources available to adapt to changing
drought conditions (contribution of water
transfer to eliminate water shortage)

Pandey et al.
(2011)

Proxy variable for air quality

Moss et al.
(2001)

SO2 per area

Negative

Investment in natural resource
management

Negative

Eurostat

Nelson et al.
(2010)

Components of domestic material
consumption

Resource productivity

Eurostat

Cabell &
Oelosfse
(2012)
Negative

Nelson et al
(2007)

15.1.3 Physical capital
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Indicator

Expected
relationship with
vulnerability

Rationale

Data source
and
availability

Value of infrastructure

Negative / Positive

Hazard dependent indicator of the amount of
infrastructure the system either has access to
and can mobilize to cope or adapt, or
alternatively, the amount exposed to a disaster
(wind / flooding)

Built up areas

Positive

Indicates the degree of human intrusion into
natural landscape; indicator measures total
built area and proportion as share of total land,
and includes areas covered with buildings and
greenhouses, non-built includes streets and
sealed surfaces

(Moss et al.
2001)

Kilometers of road (scaled by land
area with 99% of population)

Negative

Indicator of the isolation of rural communities

Brooks et al.
(2005)

Population with access to sanitation

Negative

indicator of the quality of infrastructure

Brooks et al
(2005)

Population connected to public
water supply

Negative

Further indicator of the quality of public
infrastructure

Irrigation coverage

Negative

Contribution of water transfer to eliminate
shortage, indicator of ability of farmers to
adapt to increasing water variability / drought

Pandey et
al. (2011)

Maternal mortality per 100K births

Positive

Proxy for quality of health infrastructure

Brooks et al.
(2005)
WHO

Environmental protection
expenditure

Quality of housing and roofing
materials

Negative

Negative

Systems which place a higher value on
investing in environmental protection fit with
the agro-ecosystem resilience framework as
being more likely to have higher adaptive
capacity and resilience

Nelson et al.
(2007)

Indicator of housing quality

Vincent
(2007)

Rationale

Data source
and
availability

NUTS0

15.1.4 Financial capital
Indicator

Expected
relationship with
vulnerability
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Agriculture in % of total
employment

indicates a higher or lower diversity of income
sources

Nelson et al.
(2010)

Environmental protection
expenditure

Negative

Indication of the value placed on
environmental goods and services by a system

Nelson et al.
(2010)

R & D Investment

Negative

Indicates a commitment to and resources for
research

Brooks et al.
(2005)

Scientists and engineers in R & D /
non-agricultural employment

Negative

Having the required capital to undertake
research, degree of access to technology and
resources to adapt

Brooks et al.
(2005),
Pandey et al
(2011)

General government gross debt

Negative

Indicator of central government’s ability to
assist in wake of disaster and to promote /
fund adaptation to future events

Education expenditure

Negative

Emphasis placed on learning and building
human capital by central government

Healthcare expenditure

Negative

Proxy for emphasis placed on human capital by
central government

Food price index

Positive

Harmonized Indices of Consumer Prices (HICPs)
are designed for international comparisons of
consumer price inflation

Income

Negative

Estimate of the income of a sector or
population

Capacity to save

Negative

Indicator of population’s ability to set aside
funding to recover from or adapt to future
events

GDP

Indicates size of economy, ability for
government or outside help from within the
system

Brooks et al.
(2005)

Allison et al.
(2009),
Pandey et al
(2011)

Environmental tax revenue

Negative

Proxy indicator for how much a system values
environmental goods and services

Market value of livestock assets

Negative

Contributes to economic well-being and
stability

Vincent
(2007)

Ability to acquire loans

Negative

Calculation of the ability of e.g. farms to obtain
a loan, either to recover from an event or plan
for future events / adapt

Nelson
(2010)
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Farm net income coefficient of
variation

Positive

Increasing variability in national income from
agricultural products could indicate less
resilience

Insurance Capacity Rating

N/A

Scoring system given to every country based
on availability of insurance to drought risk

Cash flow / farm total capital

Negative

A measure of a farm’s ability to borrow funding
in event of a shock

FADN

Insurance penetration

Negative

Market penetration of farm insurance
mechanisms

Braeuninger
et al (2011)
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Appendix II: Regression Results
Total Current Assets
Residuals:
Min
1Q Median
-92536 -6756
-139

3Q
5675

Max
77115

Coefficients:
(Intercept)
ISOBEL
ISOBGR
ISOCYP
ISOCZE
ISODEU
ISODNK
ISOESP
ISOEST
ISOFIN
ISOFRA
ISOGBR
ISOGRC
ISOHUN
ISOIRL
ISOITA
ISOLTU
ISOLUX
ISOLVA
ISOMLT
ISONLD
ISOPOL
ISOPRT
ISOROU
ISOSVK
ISOSVN
ISOSWE
SSP_GDPperCap
SSP_EDU
SSP_UrbanShare
--Signif. codes:

Estimate Std. Error t value Pr(>|t|)
-8.457e+05 1.938e+05 -4.364 2.35e-05 ***
-3.439e+05 8.471e+04 -4.060 7.84e-05 ***
6.727e+04 4.753e+04
1.415 0.158968
-3.196e+04 2.567e+04 -1.245 0.215091
1.648e+05 4.004e+04
4.115 6.33e-05 ***
-4.074e+04 2.143e+04 -1.901 0.059136 .
-6.732e+04 5.461e+04 -1.233 0.219616
-3.923e+04 3.408e+04 -1.151 0.251564
5.587e+04 4.057e+04
1.377 0.170525
-2.331e+05 4.764e+04 -4.893 2.51e-06 ***
-9.558e+04 4.599e+04 -2.079 0.039338 *
-9.857e+04 3.457e+04 -2.852 0.004955 **
6.101e+04 3.089e+04
1.975 0.050068 .
1.091e+05 3.688e+04
2.959 0.003577 **
-6.422e+04 3.124e+04 -2.056 0.041492 *
-1.326e+04 1.494e+04 -0.888 0.376148
8.568e+04 4.229e+04
2.026 0.044533 *
-3.440e+05 6.854e+04 -5.019 1.43e-06 ***
9.803e+04 4.093e+04
2.395 0.017848 *
-2.171e+05 8.828e+04 -2.459 0.015064 *
-4.983e+04 4.002e+04 -1.245 0.215009
1.468e+05 4.267e+04
3.441 0.000748 ***
1.289e+05 3.424e+04
3.763 0.000239 ***
2.161e+05 5.078e+04
4.256 3.63e-05 ***
5.241e+05 4.607e+04 11.377 < 2e-16 ***
2.021e+05 5.756e+04
3.511 0.000589 ***
-1.815e+05 4.912e+04 -3.696 0.000305 ***
5.371e+00 1.240e+00
4.330 2.69e-05 ***
1.487e+05 8.949e+04
1.662 0.098593 .
1.033e+06 2.950e+05
3.502 0.000606 ***
0 ‘***’ 0.001 ‘**’ 0.01 ‘*’ 0.05 ‘.’ 0.1 ‘ ’ 1

Residual standard error: 19690 on 152 degrees of freedom
(238 observations deleted due to missingness)
Multiple R-squared: 0.9602,
Adjusted R-squared: 0.9526
F-statistic: 126.3 on 29 and 152 DF, p-value: < 2.2e-16

Other Gainful Activity
Residuals:
Min
1Q
Median
-0.138078 -0.009758 -0.000482

3Q
0.009600

Max
0.114727

Coefficients:
(Intercept)
ISOBEL
ISOBGR
ISOCYP

Estimate Std. Error t value Pr(>|t|)
-4.792e-01 2.344e-01 -2.045 0.042560 *
-3.736e-01 1.131e-01 -3.303 0.001183 **
-2.153e-02 6.751e-02 -0.319 0.750191
-9.244e-02 4.418e-02 -2.093 0.037984 *

80

ISOCZE
ISODEU
ISODNK
ISOESP
ISOEST
ISOFIN
ISOFRA
ISOGBR
ISOGRC
ISOHUN
ISOIRL
ISOITA
ISOLTU
ISOLUX
ISOLVA
ISOMLT
ISONLD
ISONOR
ISOPOL
ISOPRT
ISOROU
ISOSVK
ISOSVN
ISOSWE
SSP_GDPperCap
SSP_EDU
SSP_UrbanShare
--Signif. codes:

-1.554e-02
-1.953e-02
-2.244e-01
-1.837e-01
-5.003e-03
-6.243e-02
-4.559e-02
-8.865e-02
-5.284e-02
1.976e-02
-1.631e-01
-1.077e-01
-4.189e-02
-4.055e-01
4.516e-02
-2.297e-01
-1.140e-01
-1.305e-01
3.946e-02
6.221e-02
2.084e-01
5.573e-02
6.575e-02
-2.112e-01
5.159e-06
2.518e-02
7.148e-01

5.203e-02
3.146e-02
6.709e-02
5.294e-02
6.568e-02
6.268e-02
5.830e-02
4.710e-02
3.948e-02
4.768e-02
3.489e-02
1.625e-02
6.490e-02
7.885e-02
5.710e-02
1.149e-01
4.632e-02
4.310e-02
5.256e-02
4.043e-02
5.928e-02
5.062e-02
6.557e-02
6.408e-02
1.638e-06
1.461e-01
3.716e-01

-0.299
-0.621
-3.345
-3.471
-0.076
-0.996
-0.782
-1.882
-1.338
0.414
-4.674
-6.629
-0.645
-5.143
0.791
-2.000
-2.462
-3.027
0.751
1.539
3.515
1.101
1.003
-3.295
3.149
0.172
1.924

0.765514
0.535671
0.001028
0.000670
0.939378
0.320705
0.435417
0.061619
0.182690
0.679183
6.30e-06
5.07e-10
0.519588
7.92e-07
0.430197
0.047217
0.014908
0.002884
0.453918
0.125908
0.000573
0.272576
0.317564
0.001214
0.001957
0.863430
0.056184

**
***

.

***
***
***
*
*
**

***

**
**
.

0 ‘***’ 0.001 ‘**’ 0.01 ‘*’ 0.05 ‘.’ 0.1 ‘ ’ 1

Residual standard error: 0.02588 on 158 degrees of freedom
(231 observations deleted due to missingness)
Multiple R-squared: 0.921,
Adjusted R-squared: 0.9059
F-statistic: 61.36 on 30 and 158 DF, p-value: < 2.2e-16

Agricultural training of farm managers
Residuals:
Min
1Q
Median
-0.211998 -0.005943 -0.000181

3Q
0.008528

Max
0.112351

Coefficients:
(Intercept)
ISOBEL
ISOBGR
ISOCHE
ISOCYP
ISOCZE
ISODEU
ISODNK
ISOESP
ISOEST
ISOFIN
ISOFRA
ISOGBR
ISOGRC
ISOHRV
ISOHUN
ISOIRL
ISOITA
ISOLTU

Estimate Std. Error t value Pr(>|t|)
1.039e+00 2.259e-01
4.598 7.23e-06 ***
3.697e-01 1.022e-01
3.618 0.000370 ***
-1.446e-01 6.548e-02 -2.208 0.028257 *
6.129e-02 4.748e-02
1.291 0.198114
-2.156e-01 4.101e-02 -5.258 3.47e-07 ***
2.111e-01 5.114e-02
4.128 5.22e-05 ***
1.918e-01 2.817e-02
6.808 9.53e-11 ***
7.695e-02 6.359e-02
1.210 0.227539
-1.010e-01 4.609e-02 -2.190 0.029565 *
1.566e-02 6.095e-02
0.257 0.797436
3.486e-02 5.642e-02
0.618 0.537289
2.933e-01 5.860e-02
5.006 1.15e-06 ***
2.732e-02 4.235e-02
0.645 0.519620
-3.060e-01 4.103e-02 -7.458 2.08e-12 ***
-3.065e-01 6.754e-02 -4.538 9.40e-06 ***
-1.420e-01 5.048e-02 -2.813 0.005358 **
-2.198e-01 3.670e-02 -5.988 8.71e-09 ***
-1.620e-01 1.916e-02 -8.457 4.05e-15 ***
-1.146e-01 6.228e-02 -1.840 0.067171 .
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ISOLUX
ISOLVA
ISOMLT
ISONLD
ISONOR
ISOPOL
ISOPRT
ISOROU
ISOSVK
ISOSVN
ISOSWE
SSP_GDPperCap
SSP_EDU
SSP_UrbanShare
--Signif. codes:

3.619e-01
3.932e-02
1.815e-01
-2.520e-02
1.531e-01
-7.796e-02
-3.015e-01
-3.167e-01
-2.787e-01
-3.730e-01
1.551e-01
1.084e-06
2.959e-01
-1.359e+00

8.050e-02
5.687e-02
1.090e-01
4.469e-02
4.765e-02
5.704e-02
4.205e-02
6.246e-02
5.463e-02
7.131e-02
5.923e-02
1.642e-06
1.236e-01
3.524e-01

4.496
0.691
1.665
-0.564
3.212
-1.367
-7.170
-5.071
-5.102
-5.231
2.619
0.661
2.393
-3.857

1.13e-05
0.490029
0.097273
0.573395
0.001516
0.173131
1.16e-11
8.49e-07
7.34e-07
3.96e-07
0.009442
0.509618
0.017545
0.000151

***
.
**
***
***
***
***
**
*
***

0 ‘***’ 0.001 ‘**’ 0.01 ‘*’ 0.05 ‘.’ 0.1 ‘ ’ 1

Residual standard error: 0.03593 on 217 degrees of freedom
(170 observations deleted due to missingness)
Multiple R-squared: 0.9313,
Adjusted R-squared: 0.9212
F-statistic: 91.96 on 32 and 217 DF, p-value: < 2.2e-16

Scientists in the agricultural sector
Residuals:
Min
1Q
-1.20671 -0.19399

Median
0.01345

3Q
0.16072

Max
2.39183

Coefficients:
(Intercept)
ISOBEL
ISOBGR
ISOCHE
ISOCYP
ISOCZE
ISODEU
ISODNK
ISOESP
ISOEST
ISOFIN
ISOFRA
ISOGBR
ISOGRC
ISOHRV
ISOHUN
ISOIRL
ISOITA
ISOLTU
ISOLVA
ISONLD
ISONOR
ISOPOL
ISOPRT
ISOROU
ISOSVK
ISOSVN
ISOSWE
SSP_GDPperCap
SSP_EDU
SSP_UrbanShare
---

Estimate Std. Error t value Pr(>|t|)
3.389e+00 1.975e+00
1.716 0.08727 .
-2.397e-01 8.840e-01 -0.271 0.78647
7.818e-01 7.258e-01
1.077 0.28239
3.663e-01 3.242e-01
1.130 0.25958
-3.956e-01 4.552e-01 -0.869 0.38558
6.723e-01 5.350e-01
1.256 0.21006
-1.988e-01 2.719e-01 -0.731 0.46524
4.371e-02 5.547e-01
0.079 0.93725
1.194e-01 4.656e-01
0.256 0.79781
1.907e+00 6.958e-01
2.741 0.00655 **
9.627e-01 5.009e-01
1.922 0.05571 .
-1.622e-01 4.632e-01 -0.350 0.72656
-5.207e-02 3.819e-01 -0.136 0.89166
-8.648e-01 4.414e-01 -1.959 0.05113 .
1.087e+00 6.224e-01
1.746 0.08200 .
2.564e-03 5.589e-01
0.005 0.99634
3.830e-01 3.449e-01
1.110 0.26790
-1.249e+00 2.029e-01 -6.155 2.80e-09 ***
1.055e+00 7.166e-01
1.472 0.14218
1.752e+00 6.450e-01
2.716 0.00705 **
-4.773e-01 3.950e-01 -1.208 0.22803
2.072e+00 4.860e-01
4.263 2.82e-05 ***
9.677e-01 6.325e-01
1.530 0.12722
-1.311e+00 4.306e-01 -3.044 0.00258 **
1.933e+00 6.706e-01
2.883 0.00427 **
7.676e-01 5.688e-01
1.350 0.17833
-2.755e-01 6.582e-01 -0.419 0.67584
-3.855e-01 5.113e-01 -0.754 0.45154
-1.046e-05 1.860e-05 -0.562 0.57433
-4.470e+00 1.375e+00 -3.252 0.00129 **
-5.563e-01 3.024e+00 -0.184 0.85422
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Signif. codes:

0 ‘***’ 0.001 ‘**’ 0.01 ‘*’ 0.05 ‘.’ 0.1 ‘ ’ 1

Residual standard error: 0.3882 on 262 degrees of freedom
(127 observations deleted due to missingness)
Multiple R-squared: 0.8894,
Adjusted R-squared: 0.8767
F-statistic: 70.21 on 30 and 262 DF, p-value: < 2.2e-16

Farm cash flow
Residuals:
Min
1Q Median
-35538 -2297
-230

3Q
2784

Max
57036

Coefficients:
Estimate Std. Error t value Pr(>|t|)
-2.134e+05 9.103e+04 -2.344 0.020361 *
-3.916e+04 3.941e+04 -0.993 0.322052
4.438e+04 2.199e+04
2.019 0.045270 *
2.703e+04 1.203e+04
2.247 0.026068 *
2.412e+04 1.826e+04
1.321 0.188648
5.639e+03 9.886e+03
0.570 0.569197
-3.582e+04 2.556e+04 -1.401 0.163153
1.488e+04 1.570e+04
0.948 0.344745
5.047e+04 1.892e+04
2.667 0.008475 **
-3.198e+04 2.208e+04 -1.448 0.149693
-9.507e+03 2.129e+04 -0.447 0.655847
-5.317e+03 1.597e+04 -0.333 0.739701
4.921e+04 1.470e+04
3.348 0.001027 **
4.626e+04 1.715e+04
2.697 0.007788 **
1.323e+04 1.449e+04
0.913 0.362933
1.208e+04 6.805e+03
1.775 0.077928 .
5.857e+04 1.992e+04
2.940 0.003791 **
-1.178e+05 3.194e+04 -3.687 0.000315 ***
4.883e+04 1.911e+04
2.556 0.011581 *
-3.568e+04 4.071e+04 -0.877 0.382110
-4.697e+03 1.861e+04 -0.252 0.801113
6.347e+04 2.023e+04
3.138 0.002044 **
4.533e+04 1.617e+04
2.804 0.005706 **
7.088e+04 2.396e+04
2.959 0.003581 **
4.358e+04 2.183e+04
1.996 0.047704 *
7.123e+04 2.737e+04
2.603 0.010166 *
-5.350e+04 2.284e+04 -2.342 0.020466 *
1.910e+00 5.744e-01
3.325 0.001110 **
-1.074e+03 3.917e+02 -2.741 0.006857 **
2.678e+03 1.378e+03
1.944 0.053799 .

(Intercept)
ISOBEL
ISOBGR
ISOCYP
ISOCZE
ISODEU
ISODNK
ISOESP
ISOEST
ISOFIN
ISOFRA
ISOGBR
ISOGRC
ISOHUN
ISOIRL
ISOITA
ISOLTU
ISOLUX
ISOLVA
ISOMLT
ISONLD
ISOPOL
ISOPRT
ISOROU
ISOSVK
ISOSVN
ISOSWE
SSP_GDPperCap
SSP_EDU
SSP_UrbanShare
--Signif. codes:

0 ‘***’ 0.001 ‘**’ 0.01 ‘*’ 0.05 ‘.’ 0.1 ‘ ’ 1

Residual standard error: 9070 on 152 degrees of freedom
(238 observations deleted due to missingness)
Multiple R-squared: 0.7521,
Adjusted R-squared: 0.7048
F-statistic: 15.9 on 29 and 152 DF, p-value: < 2.2e-16

Value of buildings and machinery
Residuals:
Min
1Q
-403758 -15332

Median
2369

3Q
13224

Max
513541

Coefficients:
Estimate Std. Error t value Pr(>|t|)
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(Intercept)
ISOBEL
ISOBGR
ISOCYP
ISOCZE
ISODEU
ISODNK
ISOESP
ISOEST
ISOFIN
ISOFRA
ISOGBR
ISOGRC
ISOHUN
ISOIRL
ISOITA
ISOLTU
ISOLUX
ISOLVA
ISOMLT
ISONLD
ISOPOL
ISOPRT
ISOROU
ISOSVK
ISOSVN
ISOSWE
SSP_GDPperCap
SSP_EDU
SSP_UrbanShare
--Signif. codes:

-1.198e+06
-8.115e+05
-5.380e+05
-3.350e+05
-1.290e+05
-2.264e+05
5.693e+04
-5.130e+05
-3.743e+05
-4.909e+05
-5.073e+05
-3.750e+05
-1.432e+05
-3.586e+05
9.798e+04
-2.239e+05
-3.744e+05
-5.735e+03
-4.129e+05
-9.845e+05
-1.843e+05
-2.277e+05
-1.252e+05
-1.715e+05
6.497e+05
1.635e+05
-4.143e+05
-7.159e+00
-7.374e+04
2.540e+06

8.773e+05
3.835e+05
2.152e+05
1.162e+05
1.813e+05
9.700e+04
2.472e+05
1.543e+05
1.837e+05
2.157e+05
2.082e+05
1.565e+05
1.399e+05
1.669e+05
1.414e+05
6.766e+04
1.915e+05
3.103e+05
1.853e+05
3.996e+05
1.812e+05
1.932e+05
1.550e+05
2.299e+05
2.086e+05
2.606e+05
2.224e+05
5.616e+00
4.051e+05
1.336e+06

-1.365
-2.116
-2.501
-2.882
-0.712
-2.334
0.230
-3.325
-2.038
-2.276
-2.437
-2.396
-1.024
-2.148
0.693
-3.310
-1.956
-0.018
-2.228
-2.463
-1.017
-1.179
-0.808
-0.746
3.115
0.628
-1.863
-1.275
-0.182
1.902

0.17423
0.03598
0.01346
0.00452
0.47766
0.02090
0.81821
0.00111
0.04332
0.02425
0.01596
0.01778
0.30749
0.03331
0.48943
0.00116
0.05235
0.98528
0.02735
0.01488
0.31079
0.24036
0.42054
0.45673
0.00220
0.53126
0.06437
0.20430
0.85580
0.05911

*
*
**
*
**
*
*
*
*
*
**
.
*
*

**
.

.

0 ‘***’ 0.001 ‘**’ 0.01 ‘*’ 0.05 ‘.’ 0.1 ‘ ’ 1

Residual standard error: 89140 on 152 degrees of freedom
(238 observations deleted due to missingness)
Multiple R-squared: 0.8461,
Adjusted R-squared: 0.8167
F-statistic: 28.81 on 29 and 152 DF, p-value: < 2.2e-16

Value of livestock
Residuals:
Min
1Q
-5821.8 -757.2

Median
-93.8

3Q
799.3

Max
5432.2

Coefficients:
(Intercept)
ISOBEL
ISOBGR
ISOCYP
ISOCZE
ISODEU
ISODNK
ISOESP
ISOEST
ISOFIN
ISOFRA
ISOGBR
ISOGRC
ISOHUN
ISOIRL
ISOITA

Estimate Std. Error t value Pr(>|t|)
-8.234e+04 1.849e+04 -4.452 1.64e-05 ***
1.067e+04 8.085e+03
1.320 0.188907
5.072e+03 4.536e+03
1.118 0.265278
-1.978e+02 2.450e+03 -0.081 0.935764
3.411e+04 3.822e+03
8.927 1.33e-15 ***
1.386e+04 2.045e+03
6.779 2.51e-10 ***
-2.181e+03 5.212e+03 -0.418 0.676272
-7.629e+03 3.253e+03 -2.346 0.020293 *
8.744e+03 3.872e+03
2.258 0.025366 *
-2.083e+04 4.547e+03 -4.581 9.56e-06 ***
1.057e+04 4.389e+03
2.409 0.017195 *
2.395e+04 3.299e+03
7.259 1.88e-11 ***
8.214e+03 2.948e+03
2.786 0.006017 **
8.804e+03 3.519e+03
2.502 0.013423 *
1.251e+04 2.981e+03
4.198 4.57e-05 ***
2.191e+02 1.426e+03
0.154 0.878132
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ISOLTU
6.618e+03 4.036e+03
1.640 0.103145
ISOLUX
-1.211e+04 6.541e+03 -1.852 0.066019 .
ISOLVA
8.642e+03 3.907e+03
2.212 0.028449 *
ISOMLT
-1.820e+04 8.425e+03 -2.160 0.032316 *
ISONLD
8.941e+03 3.820e+03
2.341 0.020547 *
ISOPOL
1.366e+04 4.072e+03
3.354 0.001006 **
ISOPRT
1.609e+04 3.268e+03
4.924 2.19e-06 ***
ISOROU
2.029e+04 4.847e+03
4.186 4.80e-05 ***
ISOSVK
5.237e+04 4.397e+03 11.912 < 2e-16 ***
ISOSVN
2.278e+04 5.494e+03
4.147 5.59e-05 ***
ISOSWE
-8.628e+03 4.688e+03 -1.840 0.067647 .
SSP_GDPperCap
4.461e-01 1.184e-01
3.768 0.000234 ***
SSP_EDU
2.111e+04 8.540e+03
2.471 0.014560 *
SSP_UrbanShare 1.029e+05 2.816e+04
3.654 0.000355 ***
--Signif. codes: 0 ‘***’ 0.001 ‘**’ 0.01 ‘*’ 0.05 ‘.’ 0.1 ‘ ’ 1
Residual standard error: 1879 on 152 degrees of freedom
(238 observations deleted due to missingness)
Multiple R-squared: 0.9881,
Adjusted R-squared: 0.9859
F-statistic: 436.1 on 29 and 152 DF, p-value: < 2.2e-16

Irrigation prevalence
Residuals:
Min
1Q
-0.102118 -0.003432

Median
0.000127

3Q
0.003652

Max
0.045243

Coefficients:
(Intercept)
ISOBEL
ISOBGR
ISOCHE
ISOCYP
ISOCZE
ISODEU
ISODNK
ISOESP
ISOEST
ISOFIN
ISOFRA
ISOGBR
ISOGRC
ISOHRV
ISOHUN
ISOITA
ISOLTU
ISOLVA
ISOMLT
ISONLD
ISONOR
ISOPOL
ISOPRT
ISOROU
ISOSVK
ISOSVN
ISOSWE
SSP_GDPperCap
SSP_EDU
SSP_UrbanShare
---

Estimate Std. Error t value Pr(>|t|)
1.987e-01 8.825e-02
2.252 0.025340 *
9.419e-02 3.970e-02
2.372 0.018563 *
6.494e-02 3.420e-02
1.899 0.058889 .
1.283e-02 2.133e-02
0.602 0.548120
3.231e-01 2.101e-02 15.377 < 2e-16 ***
2.682e-02 2.458e-02
1.091 0.276486
3.796e-02 1.894e-02
2.005 0.046231 *
1.940e-01 2.460e-02
7.884 1.58e-13 ***
1.728e-01 2.131e-02
8.111 3.80e-14 ***
2.903e-02 3.629e-02
0.800 0.424675
7.048e-02 2.240e-02
3.147 0.001885 **
1.247e-01 2.231e-02
5.590 6.85e-08 ***
2.517e-02 1.692e-02
1.487 0.138392
3.348e-01 1.997e-02 16.763 < 2e-16 ***
-5.104e-04 2.856e-02 -0.018 0.985757
5.114e-02 2.606e-02
1.962 0.051019 .
2.787e-01 8.634e-03 32.284 < 2e-16 ***
2.033e-02 3.323e-02
0.612 0.541421
1.533e-02 3.017e-02
0.508 0.611893
3.541e-01 4.408e-02
8.033 6.20e-14 ***
2.376e-01 1.742e-02 13.638 < 2e-16 ***
9.560e-02 2.226e-02
4.295 2.65e-05 ***
-1.001e-03 2.895e-02 -0.035 0.972447
1.344e-01 1.949e-02
6.897 5.84e-11 ***
2.826e-02 3.081e-02
0.917 0.359912
5.474e-02 2.598e-02
2.107 0.036285 *
-4.547e-02 2.955e-02 -1.539 0.125315
7.893e-02 2.269e-02
3.479 0.000608 ***
1.222e-06 8.801e-07
1.388 0.166475
-1.014e-01 6.255e-02 -1.621 0.106523
-2.938e-01 1.353e-01 -2.171 0.031048 *
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Signif. codes:

0 ‘***’ 0.001 ‘**’ 0.01 ‘*’ 0.05 ‘.’ 0.1 ‘ ’ 1

Residual standard error: 0.0155 on 215 degrees of freedom
(174 observations deleted due to missingness)
Multiple R-squared: 0.9826,
Adjusted R-squared: 0.9802
F-statistic: 404.7 on 30 and 215 DF, p-value: < 2.2e-16

Productivity
Residuals:
Min
1Q
-14.9573 -2.0608

Median
-0.3753

3Q
2.7002

Max
12.3162

Coefficients:
(Intercept)
ISOBEL
ISOBGR
ISOCYP
ISOCZE
ISODEU
ISODNK
ISOESP
ISOEST
ISOFIN
ISOFRA
ISOGBR
ISOGRC
ISOHRV
ISOHUN
ISOIRL
ISOITA
ISOLTU
ISOLUX
ISOLVA
ISONLD
ISOPOL
ISOPRT
ISOROU
ISOSVK
ISOSVN
ISOSWE
SSP_GDPperCap
SSP_EDU
SSP_UrbanShare
--Signif. codes:

Estimate Std. Error t value Pr(>|t|)
4.792e+01 2.733e+01
1.753 0.081158 .
2.608e+01 1.206e+01
2.162 0.031847 *
-1.904e+01 1.057e+01 -1.801 0.073291 .
-4.183e+01 6.222e+00 -6.723 1.96e-10 ***
-4.726e+00 7.819e+00 -0.604 0.546311
8.146e+00 3.763e+00
2.165 0.031620 *
-2.944e+00 7.667e+00 -0.384 0.701426
-2.581e+01 6.468e+00 -3.990 9.39e-05 ***
-3.163e+01 1.028e+01 -3.077 0.002398 **
-2.762e+01 6.826e+00 -4.047 7.51e-05 ***
1.015e+01 6.107e+00
1.663 0.097982 .
7.749e+00 5.385e+00
1.439 0.151732
-1.799e+01 6.577e+00 -2.735 0.006824 **
-1.713e+01 9.654e+00 -1.775 0.077512 .
-5.205e+00 8.101e+00 -0.643 0.521270
7.679e+00 4.405e+00
1.743 0.082909 .
-6.371e+00 2.743e+00 -2.323 0.021248 *
-2.425e+01 1.014e+01 -2.392 0.017701 *
-1.582e+01 1.199e+01 -1.319 0.188717
-2.638e+01 9.414e+00 -2.802 0.005591 **
2.320e+01 5.973e+00
3.885 0.000141 ***
-1.928e+01 8.860e+00 -2.176 0.030770 *
-2.351e+01 6.227e+00 -3.776 0.000212 ***
-2.089e+01 9.843e+00 -2.122 0.035100 *
-1.116e+01 8.331e+00 -1.340 0.181908
-3.080e-02 9.199e+00 -0.003 0.997332
-1.358e+01 7.018e+00 -1.936 0.054366 .
3.240e-04 2.736e-04
1.184 0.237779
1.588e+01 1.692e+01
0.939 0.348951
-5.293e+00 4.067e+01 -0.130 0.896586
0 ‘***’ 0.001 ‘**’ 0.01 ‘*’ 0.05 ‘.’ 0.1 ‘ ’ 1

Residual standard error: 4.915 on 193 degrees of freedom
(197 observations deleted due to missingness)
Multiple R-squared: 0.9452,
Adjusted R-squared: 0.937
F-statistic: 114.8 on 29 and 193 DF, p-value: < 2.2e-16

Fertilizer use
Residuals:
Min
1Q
-0.089758 -0.002963

Median
0.000672

3Q
0.004050

Max
0.024943

Coefficients:
Estimate Std. Error t value Pr(>|t|)
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(Intercept)
ISOBEL
ISOBGR
ISOCHE
ISOCYP
ISOCZE
ISODEU
ISODNK
ISOESP
ISOEST
ISOFIN
ISOFRA
ISOGBR
ISOGRC
ISOHRV
ISOHUN
ISOIRL
ISOITA
ISOLTU
ISOLUX
ISOLVA
ISOMLT
ISONLD
ISONOR
ISOPOL
ISOPRT
ISOROU
ISOSVK
ISOSVN
ISOSWE
SSP_GDPperCap
SSP_EDU
SSP_UrbanShare
--Signif. codes:

6.512e-01
-2.088e-01
-2.234e-02
-7.196e-02
-2.229e-02
-5.833e-02
-9.719e-02
-1.415e-01
-4.818e-02
-1.019e-03
-1.188e-01
-1.231e-01
-9.608e-02
7.297e-03
-2.296e-02
-2.734e-02
-4.357e-02
-1.648e-02
-7.750e-03
-1.934e-01
1.675e-02
-1.113e-01
-1.631e-01
-1.460e-01
5.454e-03
5.660e-02
8.509e-02
4.925e-02
5.212e-02
-1.072e-01
8.192e-07
7.870e-02
4.066e-01

6.277e-02 10.373 < 2e-16 ***
2.786e-02 -7.496 1.70e-12 ***
1.772e-02 -1.261 0.208642
9.918e-03 -7.255 7.18e-12 ***
1.138e-02 -1.958 0.051550 .
1.376e-02 -4.240 3.32e-05 ***
8.478e-03 -11.464 < 2e-16 ***
1.753e-02 -8.071 4.88e-14 ***
1.232e-02 -3.910 0.000124 ***
1.657e-02 -0.061 0.951042
1.529e-02 -7.772 3.15e-13 ***
1.588e-02 -7.752 3.56e-13 ***
1.147e-02 -8.377 7.01e-15 ***
1.146e-02
0.637 0.524984
1.872e-02 -1.226 0.221404
1.348e-02 -2.028 0.043798 *
1.006e-02 -4.332 2.27e-05 ***
5.177e-03 -3.183 0.001671 **
1.720e-02 -0.451 0.652801
2.254e-02 -8.578 1.93e-15 ***
1.545e-02
1.084 0.279599
2.959e-02 -3.763 0.000217 ***
1.220e-02 -13.367 < 2e-16 ***
1.393e-02 -10.476 < 2e-16 ***
1.581e-02
0.345 0.730520
1.174e-02
4.821 2.69e-06 ***
1.742e-02
4.883 2.04e-06 ***
1.547e-02
3.183 0.001673 **
1.965e-02
2.652 0.008597 **
1.610e-02 -6.658 2.28e-10 ***
4.480e-07
1.829 0.068839 .
3.415e-02
2.305 0.022137 *
9.718e-02
4.185 4.16e-05 ***

0 ‘***’ 0.001 ‘**’ 0.01 ‘*’ 0.05 ‘.’ 0.1 ‘ ’ 1

Residual standard error: 0.009717 on 215 degrees of freedom
(172 observations deleted due to missingness)
Multiple R-squared: 0.9057,
Adjusted R-squared: 0.8917
F-statistic: 64.52 on 32 and 215 DF, p-value: < 2.2e-16

Farm solvency
Residuals:
Min
1Q
Median
-0.066900 -0.008817 -0.000658

3Q
0.009067

Max
0.086902

Coefficients:
(Intercept)
ISOBEL
ISOBGR
ISOCYP
ISOCZE
ISODEU
ISODNK
ISOESP
ISOEST
ISOFIN
ISOFRA
ISOGBR
ISOGRC

Estimate Std. Error t value Pr(>|t|)
3.702e-01 2.289e-01
1.617 0.107853
3.173e-01 9.911e-02
3.201 0.001665 **
1.462e-01 5.528e-02
2.644 0.009051 **
-6.775e-02 3.025e-02 -2.240 0.026574 *
2.257e-01 4.592e-02
4.914 2.29e-06 ***
1.092e-01 2.486e-02
4.392 2.10e-05 ***
5.103e-01 6.427e-02
7.940 4.15e-13 ***
-2.519e-02 3.947e-02 -0.638 0.524280
2.093e-01 4.758e-02
4.399 2.03e-05 ***
2.299e-01 5.553e-02
4.141 5.72e-05 ***
3.592e-01 5.354e-02
6.709 3.64e-10 ***
4.600e-02 4.016e-02
1.145 0.253870
-1.154e-01 3.696e-02 -3.123 0.002144 **
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ISOHUN
ISOIRL
ISOITA
ISOLTU
ISOLUX
ISOLVA
ISOMLT
ISONLD
ISOPOL
ISOPRT
ISOROU
ISOSVK
ISOSVN
ISOSWE
SSP_GDPperCap
SSP_EDU
SSP_UrbanShare
--Signif. codes:

2.021e-01
-1.711e-01
-6.033e-02
5.060e-02
6.429e-02
2.610e-01
1.434e-01
3.071e-01
8.662e-03
-6.333e-02
-4.727e-02
-1.696e-03
-1.541e-01
2.666e-01
1.926e-06
2.511e-03
-5.889e-03

4.313e-02
3.644e-02
1.711e-02
5.009e-02
8.032e-02
4.805e-02
1.024e-01
4.681e-02
5.086e-02
4.065e-02
6.024e-02
5.489e-02
6.882e-02
5.743e-02
1.444e-06
9.849e-04
3.465e-03

4.685
-4.696
-3.525
1.010
0.800
5.432
1.401
6.560
0.170
-1.558
-0.785
-0.031
-2.240
4.642
1.334
2.550
-1.699

6.17e-06
5.90e-06
0.000559
0.314040
0.424738
2.16e-07
0.163250
7.95e-10
0.864989
0.121314
0.433815
0.975391
0.026556
7.41e-06
0.184316
0.011768
0.091286

***
***
***

***
***

*
***
*
.

0 ‘***’ 0.001 ‘**’ 0.01 ‘*’ 0.05 ‘.’ 0.1 ‘ ’ 1

Residual standard error: 0.02281 on 152 degrees of freedom
(238 observations deleted due to missingness)
Multiple R-squared: 0.9782,
Adjusted R-squared: 0.974
F-statistic: 235.2 on 29 and 152 DF, p-value: < 2.2e-16

88

