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Project Scope and Goals

The Climate Conflict Vulnerability Index (CCVI) is a joint research project between the Center
for Crisis Early Warning at University of the Bundeswehr Munich, the FutureLab Security,
Ethnic Conflicts and Migration at the Potsdam Institute for Climate Impact Research, and
the German Federal Foreign Office. The CCVI is a scientifically informed tool that enables
policymakers and researchers to assess and map current global risks to human security®
arising from climate and conflict hazards, their intersections and the potential for harmful
interactions. Additionally, the CCVI reveals how vulnerabilities can amplify the impacts of

climate and conflict hazards, increasing risks to human security.

Climatic and conflict hazards, whether occurring independently or in combination, pose
significant risks to human security. Climate hazards such as droughts, floods, and extreme
temperatures threaten food security, health, and livelihoods, drive migration and increase

risks to peace (O’Neill et al., 2022). Similarly, conflicts are key drivers of development

setbacks, forced migration, and hunger (Gates et al., 2012; Loewenberg, 2015; UNHCR,

2021). When these hazards co-occur, vulnerability to future hazards potentially trapping
affected populations in a self-perpetuating cycle of violence, vulnerability, and detrimental

impacts from climate and conflict hazards may be exacerbated (Buhaug & Von Uexkull,

2021). Looking ahead, the Intergovernmental Panel of Climate Change’s (IPCC) Sixth
Assessment Report projects that global warming will intensify climate hazards and, by

increasing vulnerabilities, will progressively affect conflicts (IPCC, 2021; O’Neill et al., 2022).

Recognizing the complexity and context-dependent nature of the climate-conflict nexus, the
CCVI does not seek to establish causal relationships between climate- and conflict-related
hazards. Instead, the CCVI enables global, grid-cell level mapping of current climate and
conflict risks. To accurately assess the local potential for harmful interactions between
climate and conflict and to estimate related risk, the CCVI’s risk scores must be interpreted

within local conditions.

! Following Adger et al. (2014, p. 759) we define human security as “a condition that exists when the vital core
of human lives is protected, and when people have the freedom and capacity to live with dignity”. Thevital core
of human lives comprises material and non-material factors, which enable people to act on behalf of their
interests, such as food security, environmental security, community security, and political security (Adger et al.

2014; UNDP, 2023).
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The CCVI's development is grounded in a robust theoretical framework. It applies the IPCC

risk framework (O’Neill et al., 2022; Oppenheimer et al., 2014) to both climate hazards and

conflict hazards. Additionally, the CCVI is guided by principles of Feminist Foreign Policy

(FFP). The CCVI metrics are organized into three pillars:_climate, conflict, and vulnerability.

Each pillar is based on indicators from publicly available sources (e.g. satellite data). For
aggregation, these indicators are first grouped into dimensions before being combined into
their respective pillars. As a composite indicator, the CCVI combines data from multiple
sources to support decision-making in complex policy environments. It aims to provide
accurate and unbiased evidence in a format accessible to a broad audience. In its
implementation, the CCVI follows four key design principles: transparency, intuitiveness,
comparability (across space, time, or pillars), and accuracy. These principles were developed
based on scientific literature, engagement with prospective users, and collaboration among
researchers, data scientists, and designers involved in the project. The CCVI will be validated
both quantitatively and qualitatively. Quantitative validation includes statistical robustness
checks and comparisons with similar products and data sources, while qualitative validation

involves expert workshops, bilateral consultations, and desk research.

This document is organized as follows: First, we introduce the CCVI’s risk framework. Next,

we present our data preprocessing structure. Following that, we provide a detailed account

of the three key pillars. Finally, we offer a comprehensive list of the data sources employed.
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Risk Framework

This chapter presents the conceptual climate and conflict risk framework of the CCVI. It is
based on the IPCC risk framework, with an extension to encompass conflict hazards (section

1), and on the principles of FFP (section 2).

Climate and Conflict Risk Framework

Derivation

The IPCC risk framework defines “risk as the potential for adverse consequences for human

or ecological systems” (Chen et al., 2021, p. 200), where the outcome is uncertain and can

vary based on the diversity of values at stake. Risk results from the interaction between
hazards — defined as “the potential occurrence of a natural or human-induced physical event
or trend that may cause loss of life, injury, or other health impacts, as well as damage and
loss to property, infrastructure, livelihoods, service provision, ecosystems and environmental

resources” (Chen et al., 2021, p. 201) — vulnerability, and exposure to those hazards:

Risk = f(Hazards, Exposure, Vulnerability ) (1)

This framework highlights that a system can be exposed to hazards yet possess the capacity
to withstand their effects or be highly vulnerable but experience minimal exposure to
hazards. When either vulnerability or exposure is close to zero, the risk from climatic and/or

conflict hazards becomes negligible (Sedova et al., 2024).

The CCVI adopts this framework and extends it by introducing conflicts as additional hazards
alongside climate hazards. The decision to consider conflicts as hazards is based on the
scientific evidence that the determinants, outcomes, and responses associated with climate
hazards and conflict hazards are remarkably similar. Like climate hazards, conflicts manifest
as hazardous events, leading to significant adverse consequences for lives, assets,
livelihoods, and health, among other things. These impacts are shaped by overlapping and
interacting conditions of vulnerability and exposure. Furthermore, within disaster

management, conflicts are frequently treated as man-made hazards due to their parallels
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with climate hazards, particularly their disruptive nature and the necessity for mitigation and

response strategies (Cantor, 2024; King & Mutter, 2014). By accounting for climate- and

conflict-related events, the CCVI can support more comprehensive risk assessments and

disaster reduction, preparedness and management strategies.

Implementation

Drawing on the conceptual framework from the previous section, the CCVI defines risk as
outlined in Equation 2. In what follows, we introduce the definitions of the risk components

with which the CCVI operates.

Risk = f(ConflictRisk, ClimateRisk) (2)

where
ConflictRisk = f(ConflictHazards, Exposure, Vulnerability)

ClimateRisk = f(ClimateHazards, Exposure, Vulnerability)

Climate risk and conflict risk refer to the adverse effects on systems arising from the
interaction between vulnerabilities and exposure to climate and conflict hazards (O’Neill et

al., 2022; Oppenheimer et al., 2014). The CCVI focuses on potentially severe risks to human

security (based on Representative Key Risks? by the IPCC), which encompass risks to living
standards, human health, food security, water security, and peace and mobility (O’Neill et
al., 2022). While the CCVI does not explicitly model the absolute likelihood of these risks, it
highlights areas of higher or lower concern—that is, areas where these risks are more or less

likely to emerge.

2 Climate risk can be summarized based on eight so-called Representative Key Risks (RKRs; O’Neill et al., 2022).
RKRs cluster all 120 Key Risks assessed across Working Group 2 of the IPCC (O’Neill et al., 2022, p. 2454) to
“capture the widest variety of KRs to human or ecological systems with a small number of categories that are
easier to communicate and provide a manageable structure for further assessment”. The RKRs assess Key Risks
associated with low-lying coastal systems (RKR-A); terrestrial and ocean ecosystems (RKR-B); critical physical
infrastructure, networks and services (RKR-C); living standards (RKR-D); human health (RKR-E); food security
(RKR-F); water security (RKR-G); peace and to human mobility (RKR-H). The CCVI captures climate risk along
RKR-D to RKR-H as they explicitly emphasize aspects to human security (Adger et al., 2014; O’Neill et al., 2022).
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Climate hazards are “physical climate system conditions (e.g., means, events, extremes)”
(Ranasinghe et al., 2021, p. 1773) that have the potential to cause adverse consequences to

systems when linked to vulnerability and exposure (Ranasinghe et al., 2021). The CCVI

extends the hazard fire-weather to wildfire (see Climate Pillar).

Conflict hazards capture the presence of politically motivated, organized violence. Conflicts
take many different forms, involve different types of actors and revolve around many
different causes. They have the potential to impose adverse consequences at different levels
of societal aggregation, ranging from threats to the well-being of individuals to economic

and political breakdowns (Collier et al., 2003).

Exposure refers to the presence of systems and/or assets in locations that could be affected
by hazards. This includes people, the built environment, critical infrastructure, livelihood

systems, ecosystems, and cultural assets (Chen et al., 2021).

Vulnerability refers to the propensity to be adversely affected by hazards. It is determined by
multi-dimensional and intersecting demographic, social, economic, environmental and
political factors. It differs across and within different temporal and geographical scales as
well as levels of societal aggregations, including countries, communities and individuals

(O’Neill et al., 2022: Oppenheimer et al., 2014).

Figure 1 visualizes how this conceptual framework is implemented in the CCVI, along three
pillars: climate hazard exposure, conflict hazard exposure, and vulnerability. These pillars
are divided into pillar-specific dimensions, where each dimension consists of indicators that
proxy the real-world situation. Exposure is incorporated within the climate and conflict
pillars at the indicator level before calculating aggregate scores from the underlying indicator
values. To generate the climate and conflict risk scores, we combine the hazard exposure
pillar scores with vulnerability independently, before combining both risk scores to generate

our overall CCVI risk score.
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Figure 1: Implementation of the climate and conflict risk framework in the CCVI.

The climate pillar captures exposure to climate hazards along three dimensions: i) climate
extremes over the past year, ii) climate extremes accumulated over the past 7 years, and iii)
changes in mean climate conditions over the past ten years. The conflict pillar captures
exposure to conflict hazards along the three dimensions: i) the current level of armed
violence, ii) the persistence of armed violence, and iii) societal tensions. The vulnerability
pillar captures indicators determining vulnerability to both climate and conflict hazards
along four dimensions: i) socio-economic, ii) political, iii) demographic, and iv)
environmental vulnerability. Since the CCVI aims to map the risks to human security, its

exposure measure is based on population density.

Implementation of the Feminist Foreign Policy

The CCVI risk framework further draws on the concepts from FFP. FFP is an approach to
foreign policy that prioritizes the equality of women and marginalized groups in all societal

spheres (Aggestam et al., 2019; Federal Foreign Office, 2023; Thompson et al., 2021). FFP

highlights how discriminatory social practices (e.g., labor division, access to resources,
participation in decision-making) rooted in pre-existing power dynamics (e.g., colonialist and
patriarchal practices) affect to what extent certain individuals and groups (e.g., households,

communities, or nations) can control their own situation (Aggestam et al., 2019; Segnestam,

2018; Thompson et al., 2021; Vigil, 2021). As a result, individuals and groups have different
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capacities to cope with and adapt to climate and conflict hazards (Djoudi et al., 2016;

Fletcher, 2018; Kaijser & Kronsell, 2014).

To address these inequalities, the FFP approach aims for i) everyone to have the same rights,
ii) equitable participation of women and marginalized groups in all societal spheres, iii) equal
access to different types of resources such as finances, employment, natural resources, and
education, iv) evaluating and monitoring the impact of policies, and v) a coherent and

systematic FFP approach across different societal domains (Federal Foreign Office, 2023;

Thompson et al., 2021).

The CCVI works towards incorporating the FFP principles primarily via the conceptualization
of the vulnerability pillar and the approach to the qualitative validation. First, the
conceptualization of the vulnerability pillar aims to include a wide range of indicators to map
the differences in rights, representation, and resources (e.g., ethnic marginalization, gender
inequality indicator) across populations associated with different vulnerability levels.
Second, using feminist research approaches®, the risk framework will be validated in a
country-based workshop to increase the representation of marginalized groups in the

conceptualisation of the CCVI (Sedova et al., 2024; Vigil, 2021). A literature research that

includes academic (e.g., peer-reviewed journal articles, gray literature) and non-academic

publications (e.g., blog entries, news outlets) will complement this.

® Feminist research approaches include research methods that prioritize the inclusion of marginalized voices,
particularly women and underrepresented groups. They address power imbalances by ensuring participation in
the research process and validating diverse perspectives.
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Methodology

The following section describes the processing steps to transform our source data into

aggregate index scores (Figure 2).

Index Structure

The CCVI is generated globally over landmass with the exception of Antarctica. The CCVI is
calculated subnational and sub-yearly. The spatial resolution is a 0.5° x 0.5° grid aligned to

the PRIO-GRID (Tollefsen et al., 2012), with an additional inclusion criterion that grid cells

need to contain at least 25% land. This enables relatively granular tracking of climate and
conflict patterns in a consistent geographical unit without being unrealistically detailed. The
temporal resolution is the quarter(-year), with the quarters Jan-Mar, Apr-Jun, Jul-Sep, and
Oct-Dec. This allows us to provide users with more up-to-date information via quarterly data
updates, which is especially valuable given the sometimes volatile nature of climate and

conflict.

Source Data Selection

Our criteria for selecting data sources can be broadly derived from the requirement of
transparency, the global scope, and the spatio-temporal target resolution. For each indicator,
possible data sources were generally considered and selected based on the following criteria
with descending importance:

1. Public availability (non-negotiable)

2. Global coverage

3. Subnational spatial resolution
4. Sub-yearly temporal resolution
5

Current data and short-release cycles

Data Processing and Indicator Generation

Each pillar consists of multiple dimensions, which in turn consist of several indicators. Scores
on any level of the CCVI are in the 0-1 range. Each indicator is designed to capture a single

component of a dimension and may be generated from one or multiple data sources. Source

11
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data  processing  steps, such as rescaling,
log-transformation®, or matching the data to the grid,
are chosen case-by-case, as data sources and
characteristics are specific to each indicator. Note that
the same data sources may be used across multiple
indicators if they are used as a normalization tool, e.g.,
population data to calculate per capita values. Data
imputation is also performed at the source data level
in the wvulnerability pillar, with further details
described in the respective section below. Where
possible, normalization is standardized within a pillar,
but generally performed on the indicator-level based

on the characteristics of the source data.

While the index is generated on the grid cell-quarter level, not all input data for the
indicators is available at such a high resolution. The vulnerability pillar especially contains

many country-year-level data sources. When matching lower-resolution data to the

grid-cell-quarter, we use the following procedure:

e Yearly data is always assigned to the last quarter of any year and interpolated for the

guarters in between.

e All grid cells are assigned the country they are in. Grid cells containing a country
border are assigned the country with the highest area share of all countries in the

grid cell based on area. Country-level data is assigned unchanged to all grid cells

based on this country-matching procedure.

Only some data sources in the vulnerability pillar are available at a subnational resolution. To

produce a sub-national index, we include at least one indicator available subnationally in

each dimension.

* Where necessary to preserve zero-values in the data as an important boundary, log(x+1) was performed as

denoted in the formulas.
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Figure 2: Data processing.



Indicator Normalization

Depending on the indicator, different normalization procedures are employed. The default
normalization procedure for CCVI indicators is a min-max normalization approach with
winsorization performed where necessary to minimize the impact of outliers and to preserve
the most relevant data ranges. Winsorization clips the data to a pre-specified minimum and
maximum. This procedure essentially maps extreme values to a more sensible minimum and
maximum. An example would be setting all values below the 5th percentile to the value of
the 5th percentile and all values above the 95th percentile to the value of the 95th
percentile. After clipping (winsorizing), the scores are normalized using min-max

normalization based on the (new) natural minimum and maximum:

x — min(x)
) — (3)

X = -
normalized max(x) — min(x

The lower and upper bounds for winsorization are listed for each indicator in the respective
tables below where applicable. Natural boundaries like zero are generally preserved during
normalization. If the indicator is normalized differently, the normalization procedure is also

described in the respective table entry.

Exposure Processing

As discussed above, we combine all indicators representing hazards with exposure before
creating aggregate scores, i.e., all indicators in the climate and conflict pillars. As we focus on
risk to human security, the current version of the CCVI uses population density as a common
exposure variable across all climate and conflict indicators (Lange et al., 2020). This relies on
the rationale that the impact of instances of violence (conflict pillar) and climate hazards are

often directly dependent on how many people are affected.

We calculate grid-level population density (people per km?2) from population estimates

provided by WorldPop (Lloyd et al., 2019; WorldPop, 2024) on a 100m resolution by dividing

the total population count in a given grid cell by the grid cell’s total land area. Since
WorldPop only provides yearly data up to 2020, we extrapolate from the latest available data

to create estimates for subsequent timesteps. To do so, we first adjust the population

13
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estimates to match UN World Population Prospect estimates (United Nations, Department

of Economic and Social Affairs, Population Division, 2022) and subsequently apply the

estimated yearly growth rates to the data on a country-by-country level. To reflect the

continuous change in population, we assign the population estimates to the last quarter of a

year and perform linear interpolation to generate data for the remaining quarters.

The exposure measure for all indicators is a log-transformed population density layer
winsorized between 0 and the 99% quantile. How exposure is incorporated differs between
the climate and conflict indicators; this is documented separately for each pillar in the
respective section of this document. After the combination with exposure, a
log-transformation and re-normalization are performed for all hazard indicators to restore a

full value range before aggregation.

Aggregation Strategy

To combine the indicators along the dimensions to the final CCVI score, we opt for a simple
aggregation strategy prioritizing reproducibility and understanding how single indicators
contribute to the CCVI score based on (weighted) generalized means. We avoid approaches
such as principal component analysis, which could lead to a 'black box' effect. For each
aggregation level, we chose between different averaging methods based on whether we
want to allow for a degree of compensability, i.e. whether high values in one score should be
able to counterbalance low values in another score on the same level or not. The arithmetic
mean (AM) is used when compensability is desirable, while the geometric mean (GM) is
applied to reflect multiplicative relationships between variables. The quadratic mean (QM) is
used when we wish to limit compensability, ensuring that extreme values have more
influence on the overall score. We further use weights to adjust for unbalanced impacts of
single hazard indicators (i.e., fatalities from armed violence vs. protest events) or undue
dominance of individual indicators in the overall scores caused by differences in their

distributions.

Aggregate scores

The aggregation follows the index hierarchy (indicators are aggregated to a dimension score,

and dimension scores are aggregated to a pillar score) before the main risk scores are

14
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calculated. As described above, exposure is incorporated within the climate and conflict
pillars at the indicator level before calculating aggregate scores from the underlying indicator
values. To generate the climate and conflict risk scores, we combine the hazard exposure
pillar scores with vulnerability independently (see Equations 5 and 6) before combining both
risk scores to generate our overall CCVI risk score. Both risk scores are generated via the
geometric mean to reflect the multiplicative relationship between hazard, exposure, and
vulnerability, where all three factors are required to result in risk. When aggregating climate
risk and conflict risk to the final CCVI Risk index, we use the quadratic mean to limit the
compensability between both scores, as both describe potentially detrimental risks (see

Equation 4).
CCVI = QM (ClimateRisk, ConflictRisk) (4)
where

ClimateRisk = GM(ClimateHazardsExposure, Vulnerability) (5)

ConflictRisk = GM(ConflictHazardsExposure, Vulnerability) (6)

Climate pillar

Within the climate pillar, we limit compensability between individual hazards, as the
absence of one type of hazard does not mean other types are less hazardous. This avoids
unduly downranking the overall climate hazard. For example, certain climate hazards, such
as tropical cyclones, are only relevant in specific geographic locations. Therefore, if a tropical
cyclone is absent in one region, resulting in a low value, this should not diminish the
aggregated value in the mean computation for other regions. Thus, all indicators within a
dimension are aggregated by the quadratic mean. We further reduce the weights of the
wildfire indicators in dimension 1 and dimension 2. This adjustment is necessary because, in
their present form, these indicators include all wildfire occurrences rather than focusing
solely on extreme events induced by climate change. As a result, they would
disproportionately influence the overall score without this downweighting. We plan to
reassess this approach in the next revision of the CCVI (scheduled for early November 2024)
to ensure a more balanced representation of wildfire as a climate hazard. The dimension
shifts in long-term conditions consists of a single indicator at the moment, so no
dimension-level aggregation is performed. To aggregate all dimensions in the climate pillar,

we apply a weighted arithmetic mean (see also Figure 3.1). We downweight the shifts in

15



long-term conditions dimension, because it only comprises one indicator, which we consider
too dominant in the ClimateHazardExposure score otherwise. This will be revisited in
upcoming revisions of the CCVI once further long-term indicators are added (see dimension

3).

ClimateHazardExposure =

0.46 X current + 0.46 X accumulated + 0.08 longterm (7)

with
current = QM(CLI_current_drought, CLI_current_heatwave,
CLI_current_heavyprecipitation, 0.33 X CLI_current_wildfires,
CLI_current_floods, CLI_current_cyclones),
accumulated = QM(CLI_accumulated_drought, CLI_accumulated_heatwave,
CLI_accumulated_heavyprecipitation,
0.5 X CLI_accumulated_wildfires,
CLI_accumulated_floods, CLI_accumulated_cyclones),
longterm = CLI_longterm_temperature

16
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Figure 3.1: Aggregation of the climate pillar.

Conflict pillar

Within the conflict pillar, indicators in each dimension are first aggregated via an arithmetic
mean to avoid double-counting violence, as indicators are a combination of local conflict and
the average in the close vicinity. Subsequently, the two dimensions describing the current
and the persistent level of armed violence are first aggregated with the quadratic mean to
limit compensability between current and recent violence to consider the high likelihood of
conflict recurrence in the same location (see conflict dimension 2). Finally, the aggregate
score of the conflict pillar is an arithmetic mean with the two dimensions based on conflict
fatalities (the quadratic mean of status and persistence) is weighed double compared to
those based on unrest events (societal tensions), as those more directly measure conflict

(see also Figure 3.2).

ConflictHazardsExposure =

0.66 X QM(status, persistence) + 0.33 X (societal_tensions) (8)
with
status = AM(CON_status_intensity, CON_status_surrounding)

persistence = AM(CON_persist_intensity, CON_persist_surrounding)

17



societal_tensions = AM(CON _soctens_intensity, CON_soctens_surrounding,

CON_soctens_history)
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Figure 3.2: Aggregation of the conflict pillar.

Vulnerability pillar

To construct the value of the vulnerability pillar, we aggregate the indicators within each
dimension and across the different dimensions via an arithmetic mean, as the indicators in
the vulnerability pillar can compensate for each other. The final formula for the vulnerability

pillar is as follows (see also Figure 3.3):

Vulnerability = AM(socioeconomic, political) (9)
with

socioeconomic = AM(VUL_soec_agriculture, VUL_soec_poverty, VUL_soec_extdep,

VUL_soec_gender, VUL_soec_education, VUL_soec_health)

political = AM(VUL_polit_institutions, VUL_polit_polsystem,
VUL_polit_civrights, VUL_polit_ethnic)
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Figure 3.3: Aggregation of the vulnerability pillar.

Time coverage

While the climate and conflict dimensions rely on frequently updated data sources, many of
the data sources used to generate vulnerability indicators are updated less frequently and
lag up to multiple years behind the present. During aggregation, we use the latest available
data to generate the aggregate where no data for a particular quarter is available. However,
while conflict and climate hazards change fairly frequently, vulnerability tends to change
only slowly over time. This data limitation only affects the risk scores meaningfully in cases
where there are recent, drastic changes in vulnerability - until they are reflected in the

available data.

Climate Pillar

Description

The climate pillar assesses climate hazards and exposure to them. Climate hazards are

“physical climate system conditions (e.g., means, events, extremes)” (Ranasinghe et al.,

19


https://www.zotero.org/google-docs/?9FNdKV

2021, p. 1773) that have the potential to cause adverse consequences to society when
linked to vulnerability and exposure (Ranasinghe et al., 2021). They include climate extremes
such as heatwaves and floods, as well as changes in mean conditions such as relative sea

level rise and shifts in temperature and precipitation patterns (Tebaldi et al., 2023). Climate

hazards can significantly impact ecosystems, human health, infrastructure, and economies

(O’Neill et al., 2022; Ranasinghe et al., 2021). Understanding and assessing these hazards is

crucial for effective risk management (O’Neill et al., 2022; Ranasinghe et al., 2021).

Population density (number of people exposed to a climate hazard) hereby represents a

common entity comparable across climate hazards (Lange et al., 2020) and integrates the

human security (see Project Scope and Goals) focused approach of the CCVI.

The CCVI chooses and defines climate hazards based on the Climate Impact Driver (CID)

framework (Ranasinghe et al., 2021; Ruane et al., 2022). CIDs are “climate conditions (e.g.,

means, events, and extremes) that are relevant for impacts and risk management” (Ruane et

al., 2022, p. 3). The CID framework describes these climate conditions as 33 quantitatively

assessable indicators (e.g., mean air temperature, extreme heat, mean precipitation, heavy
precipitation) across 7 categories (e.g., heat and cold, wet and dry). Depending on a system’s
vulnerability and exposure, CIDs describe climate hazards associated with risk, as described

in the previous paragraph (Ruane et al., 2022). The CID framework suits the CCVI as it was

created to communicate and systematically assess climate hazards to interdisciplinary and
non-scientific audiences. It has been used in the latest IPCC report, amongst others, and
shall contribute towards more generalized risk assessments linking scientists and policy

makers (O’Neill et al., 2022; Ranasinghe et al., 2021). From those 33 indicators, those with

relevance to at least 50% of risks linked to human security, as assessed by Tebaldi et al.
(2023), were selected. These climate hazards are droughts, heatwaves, heavy precipitation
and floods, tropical cyclones, mean air temperature change, mean precipitation change, and

sea level rise (Tebaldi et al., 2023)°. Additionally, the CCVI includes wildfires due to their

rising relevance for risks to human security (Tebaldi et al., 2023; Tyukavina et al., 2022;

UNEP, 2022). Further, floods are accounted for in separation from heavy precipitation events

> While most of these indicators have been included in the CCVI already, those indicators assessing mean
precipitation change and relative sea level rise are still in progress. They will most likely be included in the next
update of the CCVI (early November 2024).
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due to the fact that river floods are not only driven by local heavy precipitation (Ruane et al.,
2022).

Methodological Approach

The climate pillar has three dimensions: current extreme events, accumulated extreme
events, and shifts in long-term conditions. The decision to work along these three temporal
dimensions aims to map the broad temporal spectrum along which climate hazards occur
and create risk. Mapping this broad temporal spectrum was further supported via user

engagement before and during the conceptualization of the CCVI (Ranasinghe et al., 2021;

Ruane et al., 2022). It further acknowledges how both the occurrence of climate hazards (as

events or changing mean conditions) and the risk they drive (ranging from short to

long-term) can occur on different temporal scales (O’Neill et al., 2022; Ranasinghe et al.,

2021).

The individual indicators are designed to be easily understood, ensuring their relevance for
effective risk management. To enhance comparability, the indicators’ metrics are quantified

as similar as possible to one another, e.g., by counting the occurrence of events such as

heatwave days or heavy precipitation days (Ruane et al., 2022). For all indicators, higher
values represent a higher risk contribution by the specific climate hazard. Thresholds for
event-based (e.g., heavy precipitation, heatwave) indicators are defined via relative
approaches. Relative approaches are in most cases superior to absolute approaches when
defining local thresholds for climate hazards in a global assessment because they account for
local climate variability and thus for regional differences in thresholds that define abnormal
conditions (WMO, 2023). These thresholds are defined on an indicator level. The
standardized baseline period for heavy precipitation, droughts, and heatwaves is 1951-1980.
This standardized and well-established period allows homogeneity across single indicators

and facilitates communication (Crespi et al., 2020; Maes et al., 2022; WMO, 2018).

When possible, indicators are derived from data sources based on satellite observations, as
these typically provide high spatial and temporal resolution as well as global coverage. When

this is not possible, alternative but well-established data sources such as EM-DAT (Delforge
et al., 2023) are used.
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Normalization

The indicators of the climate pillar follow the min-max normalization procedure described in

the Indicator Normalization. To harmonize the widely different distribution of the indicators

caused by differences in data sources and hazard types, a choice to perform
log-transformations and winsorization was made on an indicator-by-indicator basis.
Log-transformation was performed for heavily left-skewed indicators to draw more
information from the distributions, while winsorization and accompanying limits were
chosen to make the usable value range as large as possible, enabled by our relative
approach to measuring climate hazards. Table 1 provides an overview of the normalization
steps for each indicator, while formulas provided with each indicator below describe the raw

indicator values.

Table 1: Normalization climate pillar.

Indicator Log-Transformation Winsorization thresholds (quantiles)
Droughts (current) no no winsorization
Floods (current) yes no winsorization
Heatwaves (current) no 0%, 99.95%
Heavy Precipitation (current) | no 0.5%, 99.95%
Tropical Cyclones (current) yes no winsorization
Wildfires (current) yes no winsorization
Droughts (accumulated) no no winsorization
Floods (accumulated) yes no winsorization
Heatwaves (accumulated) no 0%, 99.95%
Heavy Precipitation no 0.5%, 99.95%
(accumulated)

Tropical Cyclones yes no winsorization
(accumulated)

Wildfires (accumulated) yes no winsorization
Mean Temperature Change no no winsorization
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Exposure Processing

The CVVI captures exposure by the population density in a given grid cell (see Risk
Framework). Each dimension in the climate pillar consists of several indicators. Single
indicators represent climate hazards. After indicator normalization, climate hazards and
exposure are combined by multiplying the climate hazard score in a given cell with the

population density-based exposure layer (see Exposure Processing). Then, we apply an

additional log-transformation and winsorization with the upper threshold set to the 99.9%
quantile of non-zero values to each indicator to restore the full value range for aggregation

(see Aggregation Strategy).

Dimension 1: Current Extreme Events

Extreme events, such as droughts, heatwaves, and floods, pose significant risks to human
security by affecting livelihoods, well-being, human health, and ecosystems, amongst other
effects. These events can have immediate and short-term effects on risk that extend beyond

their actual time of occurrence (O’Neill et al., 2022; Ranasinghe et al., 2021). For example,

environmental shocks such as floods or droughts can affect livelihoods for several months

afterwards (Blocher et al., 2024). Moreover, extreme events may overlap in space and time,

which potentially compounds their immediate and short-term effect on risk (Zscheischler et

al., 2020). Dimension 1 captures exposure to extreme events within the past 12 months. In

what follows, we introduce the climate hazard indicators in dimension 1.

Droughts

ID

CLI_current_drought

Description

Droughts are prolonged periods of abnormal dry conditions. By impacting crop systems, livestock,
and water availability, droughts particularly drive risks to food security, and water security, among
other things. This indicator captures the total number of months a grid cell has been in drought
condition over the past 12 months.

Definition
The yearly (t) drought indicator (Ig t) captures the total months in drought condition over a 12

month period. It builds on the Standardized Precipitation Evapotranspiration Index (SPEI; Begueria
[, 2014; Vicente-Serran [, 2010) at the grid (g) - month (im) level. A month is classified to
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be in drought condition when the SPEI-3 value in this month is equal to or below -1. The SPEI-3
value for a specific month is calculated as a function of precipitation and potential
evapotranspiration over a running three month period (including that specific month and the two
previous months). In the formula below, SPEI indicates whether a month (m) in grid

= 0). More

drought,g,t;m

= 1), or not (SPEI
drought,g,t;m drought,g,t;m
than 75% sparsely vegetated and barren grid cells are masked using MODIS product
MCD12C1v061. Limited sample sizes cause low reliability of the SPEI in these areas.

cell (g) was in drought condition (SPEI

Formula
12
I = %5
gt me1 drought,g,t;m
Raw unit

Months in drought condition in the past 12 months

Data source(s)

ERA5-Land Monthly Aggregated

e Temperature of air at 2m above the surface of land

e Total precipitation (accumulated liquid and frozen water, including rain and snow that falls
to the Earth's surface)

e Amount of solar radiation (also known as shortwave radiation) reaching the surface of the
Earth (both direct and diffuse) minus the amount reflected by the Earth's surface (which is
governed by the albedo).

MCD12C1v061

e Majority_Land_Cover_Type_1
e Land_Cover_Type_1 Percent

Source data resolution

e spatial:
o ERA5-Land Monthly Aggregated: 0.1° x 0.1°
o MCD12C1v0: 0.05 ° x 0.05°

e temporal:
o ERA5-Land Monthly Aggregated: monthly
o MCD12C1v0: yearly

Floods

ID

CLI_current_floods

Description

River floods occur when rivers overflow their banks, while coastal floods happen when seawater
inundates areas along the shore. Both are hazardous events that can cause adverse consequences
to human and ecological systems, including displacement and damage to crops and the built
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environment. This indicator counts the number of river floods and coastal floods that occurred
over the past 12 months in a grid cell and in those surrounding grid cells that belong to the same
first-level administrative unit. Due to the nature of data collection and reporting of the flood data,
there may be some events that are not immediately reflected in the dataset.

Definition
The yearly (t) floods (Ig t) indicator captures counts of flood events (f,-) via the EMDAT database. A

grid cell (g) has experienced a flood when a flood is reported to have occurred either in the grid
cell itself, or in any grid cell that belongs to the same first level administrative unit. The EMDAT
database does not always allow correctly locating floods on a finer spatial scale than on the first
level administrative unit. Thus, the data is upscaled. Please note that EMDAT reports floods with a
delay. Thus, very recent floods are likely to be underestimated.

Formula
Nt
1.=Lf,

gt
jo1 19

Here j ranges from 1 to Nt , Where Nt is the total number of recorded entries for year t.

Raw unit

Number of flood events in the past 12 months

Data source(s)

EM-DAT

e disaster type
e admin units

GADM

e admin units

Source data resolution

Data is provided as geolocated event-level data.

Heatwaves

ID

CLI_current_heatwave

Description

Heatwaves are periods of abnormally hot weather, lasting for at least three days. By impacting, for
example, mortality and morbidity, labor productivity, and crop yields, heatwaves particularly drive
risks related to human health and food security. This indicator measures the total number of
heatwave days over the past 365 days in a grid cell.

Definition
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The heatwave indicator (Ig t) counts the number of days (Hd) in heatwaves over the past year (t)

in grid cell (g). It is based on the Heat Wave Magnitude Daily Index (Russo et al., 2015, 2016).
Here, heatwaves are a period of 2 3 consecutive days where daily maximum temperature in a
given grid cell (g) is above the 90th percentile of the daily maxima temperatures of all days during
the baseline period 1951-1980, centered on a 31-day window.

Formula
365
I = Y H
gt d=1 g.td
Raw unit

Number of heatwave days in the past 12 months

Data source(s)

ERA5-Land Daily Aggregated

e temperature of air at 2m above the surface of land

Source data resolution

® spatial: 0.1°x0.1°
e temporal: daily

Heavy precipitation

ID

CLI_current_heavy-precipitation

Description

Heavy precipitation events are abnormal amounts of rainfall over a short period of time. Heavy
precipitation events are hazardous events that can, for example, damage crops and drive both
landslides and pluvial floods. This indicator shows the number of heavy precipitation days over the
past 365 days for a grid cell.

Definition
The heavy precipitation indicator (Ig t) counts the daily heavy precipitation events (Rd) in year (t)

at a grid-cell level (g). A heavy precipitation event occurs on days where total daily precipitation is
above the 99th percentile of daily precipitation levels of all wet days (precipitation >0.1 mm/ day)
during the baseline period from 1951-1980.

Formula

26



https://www.zotero.org/google-docs/?24yskP

Raw unit

Number of heavy precipitation days in the past 12 months

Data source(s)

ERA5-Land Daily Aggregated

e total daily precipitation sum

Source data resolution

® spatial: 0.1°x 0.1°
e temporal: daily

Tropical cyclones

ID

CLI_current_cyclones

Description

Tropical cyclones are rotating storms with strong winds and heavy precipitation. Depending on
their geographical occurrence, they are called hurricanes (North Atlantic, Northeast Pacific),
typhoons (Northwest Pacific), or tropical cyclones (South Pacific, Indian Ocean). Tropical cyclones
are hazardous events that can, for example, damage crops and the built environment, drive
human displacement, and cause mortality. This indicator counts how many tropical cyclones
occurred in a grid cell over the past 12 months.

Definition
The tropical cyclone indicator (Ig t) counts the occurrence of individual tropical cyclones (Tj) in a

grid cell (g) in a given year (t). A tropical cyclone occurs when the 1-minute average of the
maximum sustained wind speed at 10 m above ground is equal to or greater than 64kn (119
km/h). Every cyclone is only counted once for a given grid cell, even when it stays there for a
prolonged period. Wind speed is retrieved using the IBTrACS Version 4 database.

Formula
N

I t ,.9,t
9, j=1 1,9,

Here j ranges from 1 to Nt , Where Nt is the total number of recorded entries for year t.

Raw unit

Tropical cyclones in the past 12 months

Data source(s)

IBTFACS_v4

e storm identifier
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wind speed
track type
season
time

Source data resolution

Data is provided as shapefiles with hourly temporal resolution.

Wildfires

ID

CLI_current_wildfires

Description

Wildfires are unplanned or uncontrolled fires. They can cause cultural loss, damage crops, and
drive pollution that affects human health. This indicator shows how many km? per grid cell were
exposed to at least one wildfire in the past 12 months.

Definition
The yearly (t) wildfire indicator (Ig t) measures how many km? (A) of a given grid cell (g) have

been exposed to at least one wildfire over the past 12 months. A wildfire is classified as such when
the fire confidence is above 95% in the MODIS data products (MOD14A1; MCD14DL). Active fires
are only analyzed above land that is not defined as crop land, based on the 2020 Land cover
classification gridded maps derived from satellite observation from the Copernicus Climate Change
Service Climate Data Store. This is to avoid counting non-wild fires that are likely to be
intentionally created for agricultural purposes.

Formula

Raw unit

km? exposed to a wildfire in the past 12 months

Data source(s)

MOD14A1

e confidence of fire >95
e type of fire = vegetation fire

MOD14DL
e variables used depending on the date: MODIS_NRT, MODIS_SP

C3S Land Cover Classification

e |and cover class

Source data resolution
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e spatial:
o MOD14A1 & MOD14DL: 1km
o (C3S_LandCover: 300m

e temporal:
o MOD14A1 & MOD14DL: daily
o (C3S_LandCover: static usage

Dimension 2: Accumulated Extreme Events

Dimension 2 focuses on exposure to extreme events over the past 7 years. Events like
droughts, heatwaves, and floods pose substantial risks to human security, impacting
livelihoods, well-being, health, and ecosystems. While dimension 1 aims to account for
climate hazards as drivers of immediate and short-term risks, dimension 2 aims to capture

mid- to long-term effects on risk (O’Neill et al., 2022; Ranasinghe et al., 2021). For example,

the aftermath of single events such as floods or tropical cyclones can disrupt livelihoods and
economies for several years. Sequential or recurring events, such as repeated floods, can
compound these impacts for some groups, leading to cumulative risks and long-term

vulnerabilities (Berlemann & Wenzel, 2015; Di Baldassarre et al., 2013: Krichene et al., 2021;

Walsh & Hallegatte, 2020). The following section introduces the climate hazard indicators

used in Dimension 2.

Droughts

ID

CLI_accumulated_drought

Description

Droughts are prolonged periods of abnormally dry conditions. By impacting crop systems,
livestock, and water availability, droughts particularly drive risks to food security, and water
security, among other things. This indicator captures the total number of months a grid cell has
been in drought condition over the past 7 years.

Definition
The drought indicator (Ig t) in a given quarter in a year (t) captures the total months (m) in

drought conditions accumulated over the past 7 years (i). It builds on the Standardized
Precipitation Evapotranspiration Index (SPEl; Begueria et al., 2014; Vicente-Serrano et al., 2010) at
the grid (g) - month (m) level. A month is classified to be in drought condition when the SPEI-3
value in this month is equal to or below -1. The SPEI-3 value for a specific month is calculated as a
function of precipitation and potential evapotranspiration over a running three month period
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(including that specific month and the two previous months). In the formula below,

SPEIdmught’g,t_Lm indicates whether a month (m) in grid cell (g) was in drought condition (

SPEI = 1) or not (SPEI

i o)
drought gt—im = 0). More than 75% sparsely vegetated and

drought,g,t—1,m
barren grid cells are masked using MODIS product MCD12C1v061. Limited sample sizes cause low
reliability of the SPEI in these areas.

Formula
6 12
I = Y Y SPEI ,
gt i—0m=1 drought,g,t—i,m
Raw unit

Months with drought condition in the past 7 years

Data source(s)

ERA5-Land Monthly Aggregated

e Temperature of air at 2m above the surface of land

e Total precipitation (accumulated liquid and frozen water, including rain and snow, that falls
to the Earth's surface)

® Amount of solar radiation (also known as shortwave radiation) reaching the surface of the
Earth (both direct and diffuse) minus the amount reflected by the Earth's surface (which is
governed by the albedo).

MCD12C1v061

e Majority_Land_Cover_Type_1
e land_Cover_Type_1 Percent

Source data resolution

e spatial:
o ERA5-Land Monthly Aggregated: 0.1° x 0.1°
o MCD12C1v0: 0.05 ° x 0.05°

e temporal:
o ERA5-Land Monthly Aggregated: monthly
o MCD12C1vO0: yearly

Floods

ID

CLI_accumulated_floods

Description

River floods occur when rivers overflow, and coastal floods occur when seawater induces
inundation along the shore. Both are hazardous events that can cause adverse consequences to
human and ecological systems, including displacement and damage to crops and the built
environment. This indicator counts the number of river floods and coastal floods that occurred
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over the past 7 years in a grid cell and in those surrounding grid cells that belong to the same first
level administrative unit.

River floods and coastal floods can drive displacement and damage to crops and the build
environment.This indicator counts the number of river floods and coastal floods that occurred
over the past 7 years in a grid cell and in those surrounding grid cells that belong to the same first
level administrative unit. Due to the nature of data collection and reporting of the flood data,
there may be some events that are not immediately reflected in the dataset.

Definition
The floods (Ig t) indicator in a given quarter in a year (t) captures counts of flood events (fj) over

the past 7 years (i) via the EMDAT database. A grid cell (g) has experienced a flood when a flood
is reported to have occurred either in the grid cell itself or in any surrounding grid cells that belong
to the same first-level administrative unit. The EMDAT database does not always allow correctly
locating floods on a finer spatial scale than on the first level administrative unit. Please note that
EMDAT reports floods with a delay. Thus, very recent floods are likely to be underestimated.

Formula
6 N,

L,=3%f

gt
i=0j=1 79"

Here j ranges from 1 to Nt , Where Nt is the total number of recorded entries for year t.

Raw unit

Number of flood events in the past 7 years

Data source(s)
EM-DAT

e disaster type
e admin units

GADM

® admin units

Source data resolution

Data is provided as geolocated event-level data.

Heatwaves

ID

CLI_accumulated_heatwave

Description
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Heatwaves are periods of abnormally hot weather. They last for at least three days. By impacting
mortality and morbidity, labor productivity, and crop vyields, heatwaves particularly drive risks
related to human health and food security. This indicator measures the total number of heatwave
days over the past 7 years in a grid cell.

Definition
The heatwave indicator (Ig t) in a given quarter in year (t) counts the number of days (Hd) in

heatwaves, accumulated over the past 7 years (i). It is based on the Heat Wave Magnitude Daily
Index (Russo et al., 2015, 2016). Here, heatwaves are a period of = 3 consecutive days where daily
maximum temperature in a given grid cell (g) is above the 90th percentile of the daily maxima
temperatures of all days during the baseline period 1951-1980, centered on a 31-day window.

Formula
6 365
I = Y 3H
gt Zod=1 9T
Raw unit

Number of heatwave days in the past 7 years

Data source(s)

ERA5-Land Daily Aggregated

e temperature of air at 2m above the surface of land

Source data resolution

® spatial: 0.1°x0.1°
e temporal: daily

Heavy precipitation

ID

CLI_accumulated_heavy-precipitation

Description

Heavy precipitation events are abnormal amounts of rainfall over a short period of time. Heavy
precipitation events are hazardous events that can, for example, damage crops and drive both
landslides and pluvial floods. This indicator shows the number of heavy precipitation days over the
past 7 years for a grid cell.

Definition
The heavy precipitation indicator (Ig t) in a given quarter in a year (t) counts the daily precipitation

events (Rd) at a grid-cell level (g), accumulated over the past 7 years (i). A heavy precipitation

event occurs on days where total daily precipitation is above the 99th percentile of daily
precipitation levels of all wet days (precipitation >0.1 mm/ day) during the baseline period from
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1951-1980.

Formula
6 365
e E‘o dz=:1 Fotoia
Raw unit

Number of heavy precipitation days in the past 7 years

Data sources

ERA5-Land Daily Aggregated

e total daily precipitation sum

Source data resolution

® spatial: 0.1°x 0.1°
e temporal: daily

Tropical cyclones

ID

CLI_accumulated_cyclones

Description

Tropical cyclones are rotating storms with strong winds and heavy precipitation. Depending on
their geographical occurrence, they are called hurricanes (North Atlantic, Northeast Pacific),
typhoons (Northwest Pacific), or tropical cyclones (South Pacific, Indian Ocean). Tropical cyclones
are hazardous events that can, for example, damage crops and the built environment, drive
human displacement, and cause mortality. This indicator counts how many tropical cyclones
occurred in a grid cell over the past 7 years.

Definition
The tropical cyclone indicator (Ig t) in a given quarter in a year (t) counts the occurrence of

individual tropical cyclones (Tj) in a grid cell (g), accumulated over the past 7 years (i). A tropical

cyclone occurs when the 1-minute average of the maximum sustained wind speed at 10 m above
ground is equal to or greater than 64kn (119 km/h). Every cyclone is only counted once for a given
grid cell, even when it stays there for a prolonged period. Wind speed is retrieved using the
IBTrACS Version 4 database.

Formula
6 N[

1,=%%T

i=0j=1 9t

Here j ranges from 1 to Nt , Where Nr is the total number of recorded entries for year t.

33




Raw unit

Tropical cyclones in the past 7 years

Data sources

IBTrACS_v4

storm identifier
wind speed
track type
season

time

Source data resolution

Data is provided as shapefiles with hourly temporal resolution.

Wildfires

ID

CLI_current_wildfires

Description

Wildfires are unplanned or uncontrolled fires. They can cause cultural loss, damage crops, and
drive pollution that affects human health. This indicator shows how many km? per grid cell were
exposed to at least one wildfire in the past 7 years.

Definition
The yearly (t) wildfire indicator (Igt) measures how many km? (A) of a given grid cell (g) have

been exposed to at least one wildfire, accumulated over the past 7 years. A wildfire is classified as
such when the fire confidence is above 95% in the MODIS data products (MOD14A1; MCD14DL).
Active fires are only analyzed above land that is not defined as crop land, based on the 2020 Land
cover classification gridded maps derived from satellite observation from the Copernicus Climate
Change Service Climate Data Store. This is to avoid counting non-wild fires that are likely to be
intentionally created for agricultural purposes.

Formula

Raw unit

km? exposed to a wildfire in the past 7 years

Data source(s)

MOD14A1

e confidence of fire >95
e type of fire = vegetation fire
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MOD14DL
e variables used depending on the date: MODIS_NRT, MODIS_SP

C3S Land Cover

o land cover class

Source data resolution

e spatial:
o MOD14A1 & MOD14DL: 1km
o (C3S_LandCover: 300m

e temporal:
o MOD14A1 & MOD14DL: daily
o (€3S _LandCover: static usage

Dimension 3: Shifts in Long-Term Conditions

Changes in mean climate conditions, such as temperature change, shifts in mean
precipitation, and relative sea level rise, present significant and enduring threats to human
security. These shifts can reduce agricultural productivity and disrupt water availability,

leading to long-term impacts on food security, health, and livelihoods (Tebaldi et al., 2023).

For instance, rising temperatures may progressively undermine crop vyields (Benso et al.,
2024), while sea level rise can lead to saltwater intrusion and soil salinisation, as well as

displacement (Cissé et al., 2022). Dimension 3 captures exposure to climate hazards linked

to shifts in long-term conditions that could harm society, expressed as changes in average
climate conditions. Dimension 3 only includes mean temperature change at this stage of the
project. An indicator on mean precipitation change and on relative sea level rise will be

added in the future.

Mean temperature change

ID

CLI_longterm_temperature-anomaly

Description

Changes in mean temperature describe the temperature in a place above pre-industrial level. An
increase in temperature is associated with risks to human health and food security, amongst
others. This indicator compares the annual mean surface temperature over the past ten years to
the annual mean surface temperature of 1850-1900 in a grid cell.
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Definition
The mean temperature change indicator (Ig t) in year (t) in a given grid cell (g) is defined as the
difference between the average mean surface temperature of the past ten years from the end of a

given quarter (?wyem) to the average mean surface temperature during the pre-industrial period

1850-1900 (T

) ). Negative values are set to 0.
preindustrial

Formula

=T -T ifl > 0, else0

gt 10 years preindustrial gt

Raw unit

Mean surface temperature change [°C] averaged over the past ten years above 1850-1900

Data source(s)

Berkley Earth

® Global Monthly Land + Ocean Average Air Temperature

Source data resolution

e spatial: 1°x1°
e temporal: monthly

Conflict Pillar

Description

Violent conflict undermines human security. Besides risks to human life and physical
integrity, armed violence often also leads to the destruction of property and infrastructure,

negatively affects people's livelihoods and drives displacement (Collier et al., 2003). Due to

its adverse economic effects, conflict has even been termed “development in reverse”

(Collier et al., 2003, p. 13). In the CCVI, we focus on politically motivated armed violence

involving organized groups as conflict-related hazards in line with most approaches to record

conflict events (Armed Conflict Location & Event Data Project, 2023; Croicu & Sundberg,

2016; Raleigh et al., 2010; Sundberg & Melander, 2013). This distinguishes it from other acts

of violence and crime not directly related to any ongoing or emerging violent conflict. We
additionally include politically motivated expressions of discontent, specifically protest and
riots, due to their potential to escalate into further violence and armed conflict (lves &

Lewis, 2020; Rgd & Weidmann, 2023).
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Methodological Approach

The conflict pillar captures the degree to which conflict and potential precursors are present
at a given location. It includes three dimensions: the current level of armed violence, which
not only reduces physical security but often also results in destruction and reduction of the
economic capacity; the persistence of armed violence, as violence tends to recur in the same
regions once it starts, and existing societal tensions that might escalate into armed violence
in the future. A fourth dimension focussing on the political and overall conflict context in
addition to the current dimensions focussed on local occurrence, is planned for an upcoming

revision.

The indicators in the conflict pillar are mostly generated based on event-level data from the

ACLED (Armed Conflict Location & Event Data) dataset (Raleigh et al., 2010), which is

available with timestamps and geographic coordinates. For a given grid-cell-quarter, our

indicators are based on an aggregate of all events within its timespan and boundary.

Normalization

As the occurrence of armed violence and protests is fairly rare when aggregated to the
grid-cell-quarter, the conflict indicators are generated from heavily zero-inflated data. We,
therefore, perform a winsorized min-max normalization for those indicators directly based
on counts, as described in more detail above. While zero provides a natural lower boundary,
we use the 99% quantile of non-zero values in the source data based on a rolling average of
the past two years as our upper threshold. We follow a rolling window approach to account
for potential time-related biases in media reports and their impact on conflict event data

(Weidmann, 2016).

Exposure

The underlying assumption of how population density affects conflict-related risks in the
CCVI is that it depends on the ratio of conflict intensity to population. This means that the
same number of fatalities means a higher overall risk in less densely populated areas than in
more densely populated areas, all else being equal. This difference in logic compared to

exposure to climate-related hazards stems from the endogenous relationship between
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conflict and population density, as the occurrence (Raleigh & Hegre, 2009; Sundberg &
Melander, 2013) and the recording (Weidmann, 2016) of violent conflict events is positively
correlated to population. Accordingly, the formula for the inclusion of our exposure layer in
each indicator is as follows:

I(hazard, exposure) = I(hazard) X (1 — exposure) (10)

normalized
The indicator is subsequently normalized again, following our standard normalization
approach for this dimension with the quantile for the winsorization upper boundary selected

to fit each indicator. An overview of the thresholds is provided in table 2 below.

Table 2: Normalization conflict pillar.

Indicator Exposure winsorization threshold

Intensity of violence 95% quantile (2 year rolling average)
Surrounding violence 95% quantile (2 year rolling average)
Persistent local violence 99% quantile (2 year rolling average)
Persistent surrounding violence 99% quantile (2 year rolling average)
Intensity of popular unrest 99% quantile (2 year rolling average)
Surrounding popular unrest 99% quantile (2 year rolling average)
Persistence of popular unrest 99% quantile (2 year rolling average)

Dimension 1: Level of Armed Violence

Violent conflict generally involves armed violence mainly perpetrated by organized groups.
The level of armed violence shows the degree to which a grid-cell was affected by armed
violence in a given quarter. This dimension is based on two indicators: the intensity of
violence both within the grid-cell as well as in the near vicinity (surrounding violence), taking

into account diffusion and spillover effects of armed violence (Buhaug & Gleditsch, 2008;

Carmignani & Kler, 2016; Murdoch & Sandler, 2002).
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Intensity of violence

ID

CON_status_intensity

Description

This indicator uses the direct effects of armed violence on human life to create a measure of the
intensity of armed violence. The more people die as a result of armed violence, the higher the
intensity of armed conflict is assumed to be. The measure is based on individual instances of
armed violence that took place within a grid cell in a given quarter.

Definition

The intensity of violence indicator (I) is calculated as the logged number of fatalities recorded in a
given grid-cell quarter (qg), based on all ACLED events excluding the event categories protests and
riots.

Formula

ng = log(1 + fatalltlesg)

q” normalized

Winsorization

upper threshold (99% quantile)

Raw unit

number of fatalities in the past quarter

Data source(s)
ACLED
e fatalities recorded from all events not in the categories “protests” or “riots”

The ACLED dataset contains georeferenced information on political violence events worldwide. It
records events based on news reporting and local information networks.

Source data resolution

e spatial: exact locations (point data)
e temporal: daily
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Surrounding violence

ID

CON_status_surrounding

Description

The impact of conflicts is not limited to the specific location where violence takes place. Not only
does violence itself tend to spread to surrounding regions (“spillover effects”), but also the
consequences of violence do, e.g. in the form of local migration or local economic effects.
Surrounding violence measures the average level of violence in direct proximity to a grid cell based
on the number of fatalities.

Definition

The surrounding violence indicator (I) is calculated as the mean number of fatalities from armed
violence of the grid cell and up to eight neighboring grid cells in a given grid cell quarter (gq). This
can be less for grid cells next to the ocean or large water bodies, where neighboring cells are not
included in the grid due to not containing (more than 25%) land.

Formula

5 .
fatalltlesqq

, neighborhood )

99 Nne[ghborhaod .
normalized

Winsorization

upper threshold (99% quantile)

Raw unit

(mean) number of fatalities in the past quarter

Data source(s)

See intensity of violence indicator

Source data resolution

See intensity of violence indicator

Dimension 2: Persistence of Armed Violence

Once conflicts turn violent, there is a strong tendency for violence to persist and recur in the

same locations as before, leading to a “conflict trap” where the consequences of violence
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increase the likelihood of future violence. The impacts of armed violence do not only occur
when violence does but remain and affect the livelihoods of local communities over longer

time periods (Collier et al., 2003). Taking this into account, the two persistence of armed

violence indicators are based on the time series of the indicators in dimension 1 preceding a
given grid cell quarter. This way, they measure persistence of local violence in a grid cell
based on the intensity of violence indicator, and persistence of surrounding violence based

on the surrounding violence indicator.

Persistence of local violence

ID

CON_persist_intensity

Description

Armed conflict often persists for some time after erupting. The probability of new acts of violence
after previous instances of armed violence is generally assumed to be high and only gradually
decreases over time. Similarly, the economic and development impacts of violence are only
gradually overcome with time. This indicator reflects these patterns and gives an estimate of the
persistent intensity of violence based on the recent history of armed violence for each grid cell
quarter.

Definition

The persistence of local violence indicator (I) is based on the intensity of violence indicator from
dimension one. It is measured as the sum of

e a decay function based on the last intensity of violence indicator value with the decay rate
set to reach one quarter of the start value after 5 years,

e half the current intensity of violence value multiplied with 1 minus the decay function
value.

The second part of the indicator has the effect of only gradually increasing the indicator value with
new violence, as this introduces some inertia. This was done to create robustness against isolated
events of violence in contrast to systematic and repeated violence.

Formula

ng = 0.5x x (1 — d(x)) + d(x), withd(x) = xgqetc
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x : intensity of violence value for grid quarter (gq)
t:time in quarters since last grid cell quarter withx # 0

The decay rate c is chosen so d(x) reaches 0. 25x after 20 quarters

Winsorization

no

Raw unit

Not applicable.

Data source(s)

See intensity of violence indicator

Source data resolution

See intensity of violence indicator

Persistence of surrounding violence

ID

CON_persist_surrounding

Description

The impact of violent conflicts is not limited only to the specific location where violence takes
place. Not only does violence tend to spread to surrounding regions, but also the consequences of
violence do, e.g. in the form of forced migration or economic effects. Persistence of surrounding
violence combines this with the enduring nature and longer-term impacts of armed violence,
estimating the persistence of armed violence in close proximity to a grid cell based on the
surrounding violence indicator.

Definition

The persistence of surrounding violence indicator () is based on the surrounding violence indicator
from dimension one. It is measured as the sum of

e adecay function based on the last surrounding violence indicator value with the decay rate
set to reach one quarter of the start value after 5 years,

e half the current surrounding violence value multiplied with 1 minus the decay function
value.
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The second part of the indicator has the effect of only gradually increasing the indicator value with
new violence, as this introduces some inertia. This was done to create robustness against isolated
events of violence in contrast to systematic and repeated violence.

Formula

ng = 0.5x X (1 — d(x)) + d(x), withd(x) = xgqetc

x : surrounding violence value for grid quarter (gq)
t:time in quarters since last grid cell quarter with x # 0

The decay rate c is chosen so d(x) reaches 0. 25x after 20 quarters

Winsorization

no

Raw unit

Not applicable

Data source(s)

See intensity of violence indicator

Source data resolution

See intensity of violence indicator

Dimension 3: Societal Tensions

Societal tensions with the potential to lead to armed conflict may materialize in more
peaceful ways. Public expressions of dissatisfaction and grievances in the form of protests
and riots, on the one hand, already pose risks to human security, such as destruction of
property, economic disruption or threats to human physical integrity. On the other hand,

they may escalate into further violence and armed conflict (Ilves & Lewis, 2020; Rg¢d &

Weidmann, 2023), but they can also be solved by concessions, compromise and change in

response to the grievances voiced or be successfully suppressed by the regime (Davenport,

2007; Leuschner & Hellmeier, 2024: Pierskalla, 2010). Societal tensions are measured with a
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very similar approach as armed violence via the intensity of popular unrest, surrounding
popular unrest and persistence of popular unrest, while also taking into account the ease of
expressing dissatisfaction this way in the respective political system. Due to its lesser
importance when it comes to violent conflict compared to armed violence, we include both

current unrest levels and unrest history in one dimension.

Intensity of popular unrest

ID

CON_soctens_intensity

Description

Public expressions of dissatisfaction and grievances like protests and riots can be an indication of
existing tensions in society and may escalate into violent conflict in the future. This indicator
measures the intensity of popular unrest based on the number of instances of unrest observed,
taking into account the liberty to do so within a given country.

Definition

The intensity of popular unrest indicator (I) is calculated as the logged number of events
categorized as protests or riots recorded by ACLED in a given grid-cell quarter (gq), multiplied with
the V-Dem liberal democracy index on a reversed scale.

We include the liberal democracy index to correct for the ease of protesting within a political
system. Not taking this into account would lead to inflated scores in more liberal countries, where
protests are an integral part of the political system. V-Dem data is matched to the grid and linearly
interpolated from years to quarters, with the last available scores taken where no newer V-Dem
data is available (as described above).

Formula

ng = (log(1 + unrest event countgq) X (1 — Vdem/liberal democracygq))norma”ze J

Winsorization

upper threshold (99% quantile)

Raw units

Number of unrest events in the past quarter

Data source(s)

ACLED

44


https://docs.google.com/document/d/1cWC0oZk4epKhLlf7mVa0ucSxi835nB9kJB9rObxGd3Q/edit#heading=h.3dy6vkm

e number of events recorded in the categories “protests” or “riots”
V-Dem

e Liberal democracy index (v2x_libdem)

The ACLED dataset contains georeferenced information on political violence events worldwide. It
records events based on news reporting and local information networks.

V-Dem data is based on expert surveys. The V-Dem liberal democracy index measures the degree
of protection of “individual and minority rights against the tyranny of the state and the tyranny of
the majority” (Coppedge et al., 2024, p. 48).

Source data resolution

® spatial:
o  ACLED: exact locations (point data)
o V-Dem: country
e temporal:
o ACLED: daily
o V-Dem: yearly
® spatial:
o ERAS5-Land Monthly Aggregated: 0.1° x 0.1°
o MCD12C1v0: 0.05°x 0.05°
e temporal:
o ERAS5-Land Monthly Aggregated: monthly
o MCD12C1vO0: yearly

Surrounding popular unrest

ID

CON_soctens_surrounding

Description

Similar to armed violence, unrest can also ignite further unrest in other locations and impact
surrounding regions. Surrounding popular unrest, therefore, measures the average level of unrest
in close proximity to a grid cell based on the number of unrest events and the ease of protesting.

Definition

The surrounding popular unrest indicator (I) is calculated as the mean of the logged number of
unrest events recorded for the grid cell and up to eight neighboring grid cells in a given grid vell
quarter (gq), multiplied with the V-Dem liberal democracy index on a reversed scale. This can be
less for grid cells next to the ocean or large water bodies, where neighboring cells are not included
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in the grid due to not containing (more than 25%) land.

Formula

% (log(1+unrest event countgq)x(l—Vdem liberal democracygq))neighbwhaud )

N
94 neighborhood .
normalized

Winsorization

upper threshold (99% quantile)

Raw units

Number of unrest events in the past quarter

Data source(s)

See intensity of popular unrest indicator

Source data resolution

See intensity of popular unrest indicator

Persistence of popular unrest

ID

CON_soctens_persistence

Description

Similar to violence, unrest can persist for longer time periods or break out again after shorter
periods of no or low activity if the underlying problems have not been addressed. Persistence of
popular unrest therefore combines spillover effects with temporal effects, with the likelihood of
recurring unrest diminishing over time, to generate a measure of its persistence based on the
intensity of popular unrest indicator.

Definition

The persistence of popular unrest indicator (I) is based on the intensity of the popular unrest
indicator. It is measured as the sum of

e a decay function based on the last intensity of popular unrest indicator value with the
decay rate set to reach one quarter of the start value after 1 year,
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e four fifths of the current intensity of popular unrest value multiplied with 1 minus the
decay function value.

We use a faster decay rate than with armed violence and choose a higher weight for the current
intensity of unrest, since we assume protests are a weaker form of expressing grievances to have a
weaker lasting impact than armed violence. The second part of the indicator has the effect of only
gradually increasing the indicator value with new unrest, as this introduces some inertia. This was
done to create robustness against isolated events of unrest in contrast to systematic and repeated
unrest.

Formula

1, = 0.8x x (1 - d®) + d(), withd(x) = xgqe“

x : intensity of popular unrest value for grid quarter (gq)
t: time in quarters since last grid cell quarter withx # 0

The decay rate c is chosen so d(x) reaches 0. 25x after 4 quarters

Winsorization

no

Raw unit

Not applicable

Data source(s)

See intensity of popular unrest indicator

Source data resolution

See intensity of popular unrest indicator

Vulnerability Pillar

Description

Vulnerability is a central component of both risk and its management. The CCVI builds on
the IPCC definition of vulnerability, according to which “Vulnerability [...] is defined as the

propensity or predisposition to be adversely affected” (Ara Begum et al., 2022, p. 133). Put
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differently, vulnerability means being at risk of harm and having insufficient ability to cope
with or adapt to the harmful impacts. Here, coping refers to the capacity of a (human or
ecological) system to protect itself in the face of hazards. Adaptation refers to a longer-term
process enabling changes within the system based on factors such as learning and
experimentation. Vulnerability is driven by demographic, social, economic, environmental,
and political factors that can overlap and interact. As a result, vulnerability is socially
differentiated, varying across and within different temporal and geographical scales, as well
as levels of societal aggregation (e.g., countries, communities, households) (Adger, 2006;
Ara Begum et al., 2022; Avanlade et al., 2023; Eklund et al., 2023; O’Neill et al., 2022;

Oppenheimer et al., 2014).

The CCVI widens the IPCC’s perspective on vulnerability by following the principles of the
FFP — an approach to foreign policy aiming for the equality of women and marginalized

groups (see Risk Framework). The FFP focuses on power dynamics behind the prevailing

inequalities, which stem from informal and formal rules and norms within particular
political, economic, and cultural contexts. These workings of power are reflected in
outcomes like the unequal division of labor, access to resources, and participation in
decision-making across groups of the population. They also extend to global inequalities,
including those rooted in postcolonial structures, such as unequal trade patterns and high

levels of resource extraction (Ayanlade et al., 2023: Fletcher, 2018: Kaijser & Kronsell, 2014

Segnestam, 2018). These forces produce differential vulnerabilities to hazards, with

marginalized groups being disproportionately adversely affected (Aggestam et al., 2019;

Federal Foreign Office, 2023; Kaijser & Kronsell, 2014; Segnestam, 2018; Thompson et al.,

2021). The above-mentioned concepts are integrated through the design of the vulnerability

pillar and its dimensions and indicators as follows.

First, some literature suggests that conflict-related vulnerabilities differ from those related to
climate, with the former being primarily a function of social and political cleavages, and the
latter a result of economic and other forms of marginalization (Cantor, 2024). However, in
line with the bodies of work we follow, including the FFP and IPCC, the CCVI recognizes that
these categories are often closely intertwined. For example, politically excluded groups

frequently have worse access to resources and thus lower adaptive capacities, which makes
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them particularly vulnerable to both types of hazards (King & Mutter, 2014; Lunz, 2023;
O’Neill et al., 2022). Therefore, the CCVI applies the same vulnerability indicators to both

conflict and climate hazards, acknowledging that the vulnerabilities to these hazards often

(yet not always) strongly overlap.

Second, in line with the IPCC, the CCVI considers indicators along the socio-economic,

political, environmental, and demographic dimensions of vulnerability (Birkmann et al.,

2022; O’Neill et al., 2022; Oppenheimer et al., 2014).° It focuses on key vulnerabilities —

those that have the potential to combine with hazards and result in key risks.” Notably, the
CCVI departs from the IPCC, which treats conflicts as markers of institutional vulnerability, by
conceptualizing conflicts as hazards that further exacerbate social vulnerabilities, see Risk

Framework (Buhaug & Von Uexkull, 2021).

Third, the concept of the FFP is further implemented by the choice of indicators across its
four dimensions, which aim to reflect the differential vulnerabilities (e.g., gender inequality,
ethnic marginalization, or institutional quality). However, due to a lack of data, a

comprehensive accounting for differential vulnerability is only achieved partially.

Overall, the choice of concrete vulnerability indicators is based on the key vulnerability

markers from the relevant scientific literature (O’Neill et al., 2022: Oppenheimer et al., 2014:

Simpson et al., 2023), as well as the availability of data of sufficient quality that is

comparable across space and time.

Methodological Approach

The vulnerability pillar has four dimensions: socio-economic, demographic, environmental

and political vulnerability (O’Neill et al., 2022; Oppenheimer et al., 2014); each of the

® While most indicators in the socio-economic and political dimensions have already been incorporated into the
CCVI, some are still a work in progress. The demographic and environmental vulnerability dimensions are also
still in progress.

” Whether vulnerabilities are considered key is judged along the following criteria: exposure of a system,
importance of the vulnerable system, limited ability of a system to cope and adapt, persistence of vulnerability
and degree of irreversibility of consequences, and presence of conditions that make systems highly susceptible
to cumulative stressors in complex and interacting systems (Oppenheimer et al., 2014). While the IPCC
considers exposure as a necessary condition for a risk to qualify as key, it acknowledges that it is distinct from
vulnerability. Along these lines, the CCVI models exposure separately from vulnerability.
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dimensions is then composed of a set of indicators. For all indicators, higher values
represent higher vulnerability. The vulnerability pillar includes the greatest variety of data
sources of all pillars, requiring a less standardized methodological approach as in the other
pillars. Due to the highly contextual character of vulnerability, we aspire to include data
sources at least at the level of the first subnational administrative unit. Where data at finer

resolutions is not available, we use country-level information.

The lower-resolution source data requires imputation to produce grid-cell-quarter level
indicators. Our general strategy for this is described in the methodology section on data

processing above. While all indicators are produced at the grid-cell-quarter level with this

approach, the time index in the formulas below denotes the native resolution of each

indicator.

Some indicators within each dimension are based on pre-constructed indices that measure
latent constructs (e.g., institutional quality, civil rights), which are not directly observable.
Since these constructs can be measured in various ways, we aim to mitigate potential biases
by using multiple data sources for these indicators whenever possible. When combining
multiple pre-constructed indices, we rescale the source data to a 0-1 scale based on their

natural or approximate limits.

Not all data sources are continuously updated and often lag several years behind reality.
When combining multiple data sources to create a single indicator, we ensure a consistent
end-point of all data sources by either gap-filling with the last known values or cropping to
the same end-point. To achieve good spatio-temporal coverage, gap-filling is only performed
when more than 25% of all grid cells are covered by current data at a given point in time.
Depending on the indicator construction, we either require

e all data sources to be available equally in cases of the indicator depending on the

combination of the data, or
e enough data from the combination of data sources to be available in cases where we

combine multiple data sources measuring roughly the same concepts.?

& Indicators combining multiple indices measuring broadly the same thing, e.g. gender inequality, are still
calculated if one of the indices is not yet updated but overall 25% of the data is available, while indicators
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The relatively low threshold required is justified by the observation that most indicators in

the vulnerability pillar change very slowly.

Normalization

To ensure that indicator scores based on data sources without natural boundaries remain
comparable over time (e.g., GDP - no natural upper boundary), we perform a winsorized

min-max normalization (see section Indicator Normalization). Depending on the indicator,

we use either natural data boundaries or the 1% and/or 99% percent quantile based on a
fixed reference period of the data up to and including 2020 for winsorization. The
information on which winsorization thresholds, if any, were applied is included with each

indicator below.

Dimension 1: Socio-Economic Vulnerability

Socio-economic marginalization is the most prominent determinant of hazard vulnerability.
It is linked to a lack of resources, which reduces adaptive capacities and exacerbates the
impact of hazards. This marginalization manifests differently across various scales and levels
of societal aggregation. For individuals and households, markers of socio-economic
marginalization include poverty, livelihoods’ reliance on agriculture, food insecurity, and
poor health. For instance, many people living in poverty are smallholder farmers and
pastoralists whose livelihoods directly depend on climate-sensitive natural ecosystems and
subsistence farming. Poor households are also more vulnerable to the economic impacts of
conflicts, which can disrupt production, access to markets, and income-generating
opportunities. At the higher levels of societal aggregation, markers of socio-economic
vulnerability include widespread inequality, economic dependence on agriculture, and

external dependency (Adger, 2006; Ayanlade et al., 2023; Buhaug & Von Uexkull, 2021;

O’Neill et al., 2022; Oppenheimer et al., 2014). In what follows, we introduce indicators that

aim to capture socio-economic vulnerability.

relying on a combination of two data sources, e.g. labor force employed in agriculture, require each of the
indicators to have at least 25% coverage.
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Economic dependence on agriculture

ID

VUL_soec_agriculture

Description

Economic dependence on agriculture measures the importance of agriculture to a country’s
economy and as a source of income for the population. Higher dependency increases vulnerability,
as agriculture is sensitive to climate and conflict hazards. This indicator combines data on
agricultural employment and the sector’s contribution to GDP.

Definition

The indicator of the economic dependency on agriculture (I) is constructed as the mean of the
percentage of the population employed in the agricultural sector and value added to the GDP by
agriculture, forestry and fishing (AGDP), at the country (c) - year (t) level. We calculate the
percentage of the population employed in the agricultural sector as the product of two measures:

1. The percentage of the population participating in the workforce (LF)

2.  The percentage of the workforce being employed in the agricultural sector (ALF)

These two measures are drawn mainly from the ILO’s Labor Force Statistics database and imputed
to all years in the index, gap-filled with ILO’s own modeled estimates where 3 or fewer data points
were available in the original data.

The value added to the GDP is by the World Bank, calculating the percentage of a sector of the
GDP. It is the net output of a sector after adding up all outputs and subtracting intermediate
inputs.

Formula

LF(%), * ALF (%), + AGDP(%)

ot 2 normalized

Winsorization

yes - upper

Raw unit

Percent (percent of GDP from agriculture, and of population employed in agriculture)

Data source(s)
World Bank

e Agriculture, forestry, and fishing, value added (% of GDP) (NV.AGR.TOTL.ZS)
ILO

e Labour force participation rate by sex and age (%) -- Annual
(EAP_DWAP_SEX AGE RT A)
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e Labour force participation rate by sex and age (%) -- ILO modelled estimates -- Annual
(EAP_2WAP SEX AGE RT A)

e Employment by sex and economic activity (thousands) -- Annual
(EMP_TEMP_SEX_ECO_NB_A)

e Employment by sex and economic activity (thousands) -- ILO modelled estimates -- Annual
(EMP_2EMP_SEX_ECO_NB_A)

Source data resolution

e spatial: country
e temporal: yearly

Economic deprivation

ID

VUL_soec_poverty

Description

Economic deprivation reflects local economic capacity on a reversed scale. Lower economic
capacity increases vulnerability to climate and conflict hazards by reducing the ability to invest in
adaptation, provide disaster relief, and absorb shocks. This indicator is measured as a fraction of
GDP for each grid cell on a reversed scale.

Definition

The economic deprivation indicator (I) combines GDP PPP from the World Bank and the IMF,
which varies at the country (c) - year (t) level with the yearly (t) mean value of NASA’s nighttime
lights (NTL) in a grid cell (g) based on daily observations. We calculate country-level GDP PPP per
capita and locally adjust it by multiplying it with the logged NTL value plus one. Finally, we apply a
log-transformation to preserve more information in the denser, lower end of the scale, normalize
and finally invert the scale so higher numbers represent higher vulnerability.

Formula

GDP pppct-(1+ log(1+NTLgt))

Ig,t =1 — (log(l +

populationc . ) normalized

Winsorization

yes - lower & upper

Raw unit

not applicable

Data source(s)
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Colorado School of Mines, Earth Observation Group

e VIIRS Nighttime Lights - Annual Composites (median radiance, nW/cm?/sr)

World Bank

e GDP, PPP (current international S) (NY.GDP.MKTP.PP.CD)

T

® GDP, current prices (Purchasing power parity; billions of international dollars)
WorldPop

e Estimated Residential Population per 100x100m Grid Square (top-down unconstrained via
Google Earth Engine)

GDP estimates from the World Bank and the IMF are generally fairly similar but may have sizable
differences in some cases. We use GDP data from the World Bank as the default and only use IMF
data where there are more than 3 missing observations to improve data coverage. We always
replace the whole data series to ensure consistency within each country.

For the population density data from the WorldPop (see Exposure Processing), we apply the same
processing as when handling exposure so that the information varies over time for the observation
periods.

Source data resolution

e spatial:
o  GDP ppp: country
o WorldPop: 100m
O NTL: 500m
e temporal:
o  GDP ppp, WorldPop, NTL: yearly

External dependency

ID

VUL_soec_extdep

Description

Countries’ external dependency measures how much a country depends on money from sources
outside the country. Countries more dependent on external funds are assumed to be more
vulnerable, as they have fewer funds available to deal with shocks or to implement adaptation
strategies. The indicator measures official development assistance and remittances as a share of
GDP per capita.
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Definition

The external dependency indicator (/) reflects the sum of official development assistance (ODApc)
and remittances per capita (REMITpc), as a share of GDP per capita (GDPpc). All of these
variables vary at the country (c) - year (t) level. The indicator is logged before normalization to
harmonize its distribution with other indicators. We generate our own per capita versions of the
datasets to ensure consistency across multiple data sources.

Formula

REMITpcct+ODApcct
Ic,t - (lOg 1+ GDPch

. ) normalised

Winsorization

yes - upper

Raw unit

The raw values show remittances and development aid (both World Bank) as a share of GDP
(World Bank/IMF), all per capita (based on UN WPP)

Data source(s)
World Bank

e Net official development assistance received (current USS) (DT.ODA.ODAT.CD)
e Personal remittances received (current USS) (BX.TRF.PWKR.CD.DT)
e GDP (current USS) (NY.GDP.MKTP.CD)

e

® GDP, current prices (Billions of U.S. dollars) (NGDPD)

UN Department of Economic and Social Affairs

e World Population Prospects 2022

GDP estimates from the World Bank and the IMF are generally fairly similar but may have sizable
differences in some cases. We use GDP data from the World Bank as the default and only use IMF
data where there are more than 3 missing observations to improve data coverage. We always
replace the whole data series to ensure consistency within each country.

For the population density data from the WorldPop (see section Exposure in Methods), we apply

the same processing when handling exposure so that the information varies over time for the
observation periods.

Source data resolution

e spatial: country
e temporal: yearly
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Educational vulnerability

ID

VUL_soec_education

Description

Educational vulnerability indicates deficiencies in education, which can contribute to susceptibility
to adverse outcomes. Higher education levels improve the ability to prepare for and cope with
hazards, while lower education levels increase vulnerability. This indicator measures education
levels as the average years of schooling, presented on a reversed scale.

Definition

The educational vulnerability indicator (I) follows the subnational education index (EI), which is
based on the mean years of schooling and expected years of schooling. The indicatorisonaOto 1
scale and varies at the adminl (d) - year (t) level. The education index is a component of a
subnational version of the Human Development Index (SHDI). As higher scores in the source data
are associated with less vulnerability, we reverse the index scores within the 0 to 1 range so higher
indicator values are associated with higher vulnerability.

Formula

Winsorization

no

Raw unit

Not applicable.

Data source(s)

Global Data Lab’s Subnational Human Development Database v7.0

e Subnational Education Index

Human Development Index (HDI)

e Education Index

The HDI education index combines two indicators. The first, mean years of schooling of adults
aged 25+ (MYS), captures the current situation with regard to education in society. The second,
expected years of schooling (EYS), captures the future level of education and is defined as the
number of years of schooling a child of school entrance age can expect to receive if existing
patterns of age-specific enrolment rates persist. To improve temporal coverage, we use the yearly
change in the country-level HDI to impute the SHDI where only country-level data is available.

Source data resolution

e spatial: adminl (with some admin 1-regions combined)
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e temporal: yearly

Health vulnerability

ID

VUL_soec_health

Description

Health vulnerability reflects the susceptibility to adverse outcomes stemming from poor health
and healthcare systems. While better health facilitates coping with and adaptation to hazards,
poor health is a key driver of vulnerability. The health indicator is based on life expectancy at birth,
presented on a reversed scale.

Definition

The health vulnerability indicator (I) follows the subnational health index (HI)based on life
expectancy at birth. The indicator is on a 0 to 1 scale and varies at the adminl (d)-year (t) level.
The health index is a component of a subnational version of the Human Development Index
(SHDI). As higher scores in the source data are associated with less vulnerability, we reverse the
index scores within the 0 to 1 range so higher indicator values are associated with higher
vulnerability.

Formula

Id,t=1—HId’t

Winsorization

no

Raw unit

Life expectancy in years

Data source(s)

Global Data Lab’s Subnational Human Development Database v7.0

e Subnational Health Index

Human Development Index

e Life expectancy Index

The health index captures life expectancy at birth. To improve temporal coverage, we use the
yearly change in the country-level HDI to impute the SHDI where only country-level data is
available.
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Source data resolution

e spatial: adminl (with some admin 1-regions combined)
e temporal: yearly

Dimension 2: Political Vulnerability

Certain characteristics of political systems, particularly poor governance and weak
democracy, are key determinants of vulnerability. These factors can lead to inefficiency,
uneven resource distribution, and inadequate consideration of certain groups, undermining
the resilience and adaptive capacity of societies exposed to hazards. Poor governance is
marked by corruption, weak rule of law, and inadequate service provision. Corruption, for
instance, has been shown to hinder crisis response and public investments in health and
education, driving vulnerability. Fragile or non-democratic systems limit the ability to
prepare for or manage risks by neglecting the needs and voices of vulnerable groups,
rendering them particularly vulnerable to hazards. In contrast, inclusive democracies
enhance resilience by safeguarding individual rights (also of minorities), ensuring a fair and
transparent legal system, promoting socio-economic development, and reducing conflict
through effective institutions. Overall, good governance and strong democracies are crucial

in reducing vulnerability to hazards (Adger, 2006; Ayanlade et al., 2023; Buhaug & Von

Uexkull, 2021; O’Neill et al., 2022; Oppenheimer et al., 2014). In what follows, we introduce

indicators that aim to capture political vulnerability. Please note that conflict- and

violence-related indicators are considered separately in the conflict pillar.

Institutional vulnerability

ID

VUL_polit_institutions

Description

The institutional vulnerability indicator measures institutional reliability and rule of law, as
markers of good governance, on a reversed scale. Weak institutions increase vulnerability by

leading to inefficient resource distribution, reducing coping and adaptation capacity, and
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potentially fueling grievances and conflict. This indicator is based on external indices of corruption
and rule of law.

Definition

The institutional vulnerability indicator (I) is constructed by taking the mean of the following three
separate indicators measuring the institutional quality, all of which vary at the country (c) - year (t)
level:

e Transparency International’s Corruption Perception Index (CPI),
e The V-Dem rule of law index based on expert evaluations (VDEMROL),
o The rule of law measure from the World Bank’s Worldwide Governance Indicators (WGI).

All indices are first rescaled to 0-1 if not already on this scale. As higher scores in the source data
are associated with better institutions, we reverse the resulting mean, so higher indicator values
are associated with higher vulnerability.

Formula

CPI _+WGI +VDEMROL
I — 1 _ ct ct ct
ot 3

Winsorization

no

Raw unit

Not applicable

Data source(s)

Transparency International

e Corruption Perceptions Index (CPI)
V-Dem
® Rule of Law Index (v2x_rule)

World Bank Worldwide Governance Indicators

e Rule of Law

V-Dem data is based on expert judgments, while the CPl and WGI are composite indicators.

The CPl measures perceived levels of corruption in the public sector.

e The V-Dem rule of law index measures the extent to which laws are “transparently,
independently, predictably, impartially, and equally enforced, and to what extent [...] the
actions of government officials comply with the law” (Coppedge et al., 2024, p. 308).

e The WGI government effectiveness measure is a composite indicator capturing
“perceptions of the extent to which agents have confidence in and abide by the rules of
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society, and in particular the quality of contract enforcement, property rights, the police,
and the courts, as well as the likelihood of crime and violence”.’

Source data resolution

e spatial: country
e temporal: yearly

Political system vulnerability

ID

VUL_polit_polsystem

Description

Political system vulnerability measures the fairness and inclusiveness of, and citizen participation
within, a political system on a reversed scale. Less inclusive systems increase vulnerability, as
policy decisions are less likely to account for all societal groups. This indicator combines external
measures of electoral democracy and political rights in a country.

Definition

The political system vulnerability indicator (I) is constructed by taking the mean of the following
two indicators measuring the freedom to participate in the political system, both of which vary at
the country (c) - year (t) level:

e The V-Dem electoral democracy index (VDEMED),
® The Freedom House Political Rights score (FHPR).

The Freedom House score is transformed to the 0-1 scale by calculating the percentage of the
maximum reachable score. As higher scores in the source data are associated with better services,
we reverse the resulting mean, so higher indicator values are associated with higher vulnerability.

Formula

FHPR +VDEMED
ot ot

IC7t=1— >

Winsorization

no

Raw unit

Not applicable

Data source(s)

® https://www.worldbank.org/content/dam/sites/govindicators/doc/ge.pdf
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V-Dem
® Electoral Democracy Index (v2x_polyarchy)

Freedom House - Freedom in the World

e Political Rights

V-Dem and Freedom House scores are both based on expert judgments.

e The V-Dem electoral democracy index embodies the “core value of making rulers
responsive to citizens, achieved through electoral competition for the electorate’s
approval” (Coppedge et al., 2024, p. 47).

e The Freedom House Political Rights score is an evaluation of a country’s political rights,
such as free elections and participation in the political process.

Source data resolution

e spatial: country
e temporal: yearly

Civil rights deprivation

ID

VUL_polit_civrights

Description

Civil rights deprivation measures the individual rights and liberties of citizens in a political system
on a reversed scale. Countries with fewer liberties are assumed to be more vulnerable, as
dissenting opinions are less likely to be taken into account when addressing disaster risks; thus the
needs of some groups might be overlooked. The indicator is constructed by combining measures
of civil liberties at the country level.

Definition

The civil rights deprivation indicator (I) is constructed by using the following two separate
indicators measuring the degree of civil liberties in a country, both of which vary at the country (c)
- year (t) level:

e The V-Dem Civil Liberties Index (VDEMCL),
e The Freedom House Civil Liberties Score (FHCL).

The Freedom House score is transformed to the 0-1 scale by calculating the percentage of the
maximum reachable score. As higher scores in the source data are associated with more civil
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liberties, we reverse the resulting mean, so higher indicator values are associated with higher
vulnerability.

Formula

FHCL +VDEMCL
ot ot

Ic't=1— >

Winsorization

no

Raw unit

Not applicable.

Data source(s)
V-Dem

e Civil Liberties Index (v2x_civlib)
Ereedom House - Freedom in the World

e Civil Liberties

V-Dem and Freedom House scores are both based on expert judgments.

e The V-Dem Civil Liberties Index is a measure based on “the absence of physical violence
committed by government agents and the absence of constraints of private liberties and
political liberties by the government.” (Coppedge et al., 2024, p. 301)

e The Freedom House Civil Liberties score is an evaluation of civil liberties, such as freedom

of expression, assembly and movement, as well as the rule of law.

Source data resolution

e spatial: country
e temporal: yearly

Ethnic marginalization

ID

VUL_polit_ethnic

Description

Ethnic marginalization measures the extent to which specific ethnic groups are excluded from
political power. Such exclusion can cause discrimination and inequality in resources, services, and
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opportunities, increasing the group’s vulnerability. This indicator combines the number of locally
relevant politically excluded groups with the level of protection of minority rights in a country.

Definition

The ethnic marginalization indicator (I) is constructed using the logged number of politically
excluded (i.e., groups coded discriminated and powerless following Tollefsen et al., 2012) ethnic

groups present in a 1.5° radius around the grid cell center based on the Ethnic Power Relations
(EPR) dataset family, normalized and multiplied with the exclusion by social group index from
V-Dem. Both vary at the country-year level.

We use the average value of the cell and all its up to 8 nearest neighbors as the number of
excluded groups’ value to reduce the unrealistically strong differences between neighboring
grid-cells resulting from the sharp boundaries in EPR shapes.

Formula

(N

excluded

e VDem social exclusion
. ct
neighborhood cells

P
_ neighborhood
Ig,t = (log(l +

: )
normalized, g,t normalized

Winsorization

yes - upper

Raw unit

Number of politically excluded ethnic groups in a 1.5° radius

Data source(s)

V-Dem

e Exclusion by Social Group Index (v2xpe_exlsocgr)

Ethnic Power Relations (EPR) Datasets

e Civil libertiesEPR-Core
® Geo-referenced EPR

EPR and V-Dem data are both based on expert surveys:
® EPR Core codes every politically relevant ethnic group and their access to executive power.
GeoEPR provides geographical information on the approximate settlement areas of these
groups.
e The V-Dem Exclusion by Social Group Index measures to what degree “individuals are
denied access to services or participation in governed spaces [...] based on their identity
or belonging to a particular group” (Coppedge et al., 2024, p. 305).

Source data resolution

e spatial:
o GeoEPR: approximate geographic areas
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o V-Dem: country
e temporal: year

Gender inequality

ID

VUL_soec_gender

Description

Gender inequality refers to unequal treatment of people based on gender. Discriminatory formal
and informal norms, rules and values might render women more vulnerable to hazards, for
example, by restricting their movement and access to resources. This indicator combines various
gender inequality indicators, taking into account a range of political and socio-economic
inequalities.

Definition

The gender inequality indicator (I) is a composite indicator and varies at the first subnational
admin1l (d) - year (t) level. It is calculated as the mean of three separate measures:

e UNDP’s Gender Inequality Index (GII) measuring gender inequality along three
dimensions: reproductive health, empowerment and the labor market, which varies at the
country (c) - year (t) level

e the V-Dem Exclusion by Gender index (VDEM), which varies at the country (c) - year (t)
level

e the Subnational Gender Development Index (SGDI), which is a measure of the difference
between genders based on the Subnational Human Development Index (SHDI). It varies at
the admin1 (d) - year (t) level

Since the SGDI does not have natural boundaries but is based on the relation between genders,
we rescale it to 0-1 based on the lower 1% quantile and 1 as full equality. The other indices
already are on the 0-1 scale.

Formula

GIl +VDEM + SGDI
I _ ct ct d,t
dt 3

Winsorization

only SDGI before aggregation and normalization - lower and upper

Raw unit

Not applicable
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Data source(s)
UNDP

e Gender Inequality Index (Gll)

V-Dem

e Exclusion by Gender Index (v2xpe_exlgender)
Global Data Lab’s Subnational Human Development Database v7.0

e Subnational Gender Development Index (SGDI)

V-Dem data is based on expert evaluations, Gll and SGDI are composite indices:

e The GIl is a measure of gender inequality produced by UNDP. It takes into account
maternal mortality, adolescent birth rates, secondary education attainment, shares of
parliament seats, and participation rates in the workforce.

e The V-Dem Exclusion by Gender Index considers exclusion as individuals being “denied
access to services or participation in governed spaces” (Coppedge et al., 2024, p. 303)

based on gender.

e The SGDI measures inequality by dividing female values of a gender-disaggregated version
of the SHDI by male values.

Source data resolution

e spatial:

o V-Dem, GllI: country

o SGDI: adminl (with some admin 1-regions combined)
e temporal: yearly

Data Sources

WorldPop

Population density data from WorldPop is used to generate the exposure layer.

WorldPop (www.worldpop.org - School of Geography and Environmental Science, University

of Southampton; Department of Geography and Geosciences, University of Louisville;
Departement de Geographie, Universite de Namur) and Center for International Earth
Science Information Network (CIESIN), Columbia University (2018). Global High Resolution

Population Denominators Project - Funded by The Bill and Melinda Gates Foundation
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(OPP1134076). https://dx.doi.org/10.5258/SOTON/WP00660

Lloyd, Christopher T.; Chamberlain, Heather; Kerr, David; Yetman, Greg; Pistolesi, Linda;
Stevens, Forrest R. et al. (2019): Global spatio-temporally harmonised datasets for producing
high-resolution gridded population distribution datasets. In Big Earth Data 3 (2), pp.
108-139. DOI: 10.1080/20964471.2019.1625151.

Accessed via Google Earth Engine (https://earthengine.google.com/)

Copernicus Climate Change Service (C3S)

1. ERA 5 Monthly and Daily

Used for calculating the drought, heatwave, and heavy precipitation indicators.

Mufioz-Sabater, Joaquin (2019) ERA5-Land monthly averaged data from 2001 to the present.
Copernicus Climate Change Service (C3S) Climate Data Store (CDS).

Munoz-Sabater, Joaquin; Emanuel Dutra, Anna Agusti-Panareda, Clément Albergel, Gabriele
Arduini, Gianpaolo Balsamo, Souhail Boussetta, Margarita Choulga, Shaun Harrigan, Hans
Hersbach, Brecht Martens, Diego G. Miralles, Maria Piles, Nemesio J. Rodriguez-Fernandez,
Ervin Zsoter, Carlo Buontempo & Jean-Noél Thépaut (2021) ERA5-Land: a state-of-the-art
global reanalysis dataset for land applications. Earth System Science Data 13(9): 4349-4383.
https://doi.org/10.24381/cds.68d2bb30

Accessed via Google Earth Engine (https://earthengine.google.com/)

2. Land Cover Classification

Used for calculating the wildfire indicators.

Copernicus Climate Change Service, Climate Data Store, (2019): Land cover classification
gridded maps from 1992 to present derived from satellite observation. Copernicus Climate

Change Service (C3S) Climate Data Store (CDS). https://doi.org/10.24381/cds.006f2c9a
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National Aeronautics and Space Administration (NASA)

1. MCD12C1v061 - MODIS/Terra+Aqua Land Cover Type Yearly L3 Global 0.05 Deg CMG

Used for calculating the drought indicators.

Mark Friedl, Damien Sulla-Menashe - Boston University and MODAPS SIPS - NASA. (2015).
MCD12C1 MODIS/Terra+Aqua Land Cover Type Yearly L3 Global 0.05Deg CMG. NASA LP
DAAC.

http://doi.org/10.5067/MODIS/MCD12C1.006

2. MOD14A1_V061 - Daily Fires

Used for calculating the wildfire indicators.

Giglio, Louis & Christopher Justice (2021) MODIS/Terra Thermal Anomalies/Fire Daily L3
Global 1km SIN Grid V061. NASA EOSDIS Land Processes Distributed Active Archive Center.
https://doi.org/10.5067/MODIS/MOD14A1.061

3. MCD14DL - Active Fires

Used for calculating the wildfire indicators.

NASA Near Real-Time and MCD14DL MODIS Active Fire Detections Dataset
MODIS/Aqua+Terra Thermal Anomalies/Fire locations 1km FIRMS V006 NRT (Vector data).
distributed by LANCE FIRMS.

https://doi.org/10.5067/FIRMS/MODIS/MCD14DL.NRT.0061

Berkeley Earth
Global Monthly Land + Ocean Temperature Data used for calculating the surface

temperature change.

Rohde, R. A. and Hausfather, Z.: The Berkeley Earth Land/Ocean Temperature Record, Earth
System Science Data, 12, 3469-3479 https://doi.org/10.5194/essd-12-34hi69-2020, 2020
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https://berkeleyearth.or

Emergency Events Database (EM-DAT)

Used for calculating the flood indicators.

Delforge, D., Wathelet, V., Below, R., Sofia, C. L., Tonnelier, M., Loenhout, J. V., & Speybroeck,
N. (2023). EM-DAT: The Emergency Events Database.
https://doi.org/10.21203/rs.3.rs-3807553/v1

EM-DAT, CRED / UCLouvain, 2024, Brussels, Belgium — www.emdat.be

National Oceanic and Atmospheric Administration (NOAA)

Used for calculating the tropical cyclone indicators.

International Best Track Archive for Climate Stewardship (IBTrACS)

Knapp, Kenneth R.; Howard J. Diamond, James P. Kossin, Michael C. Kruk & Carl J. Schreck
(2018) International Best Track Archive for Climate Stewardship (IBTrACS) Project, Version 4.
NOAA National Centers for Environmental Information.

Knapp, Kenneth R.; Michael C. Kruk, David H. Levinson, Howard J. Diamond & Charles J.
Neumann (2010) The International Best Track Archive for Climate Stewardship (IBTrACS).
Bulletin of the American Meteorological Society 91(3): 363—376.

https://www.ncei.noaa.gov/products/international-best-track-archive

Armed Conflict Location & Event Data Project (ACLED)

Used for calculating all conflict indicators.

Raleigh, Clionadh; Andrew M. Linke, Havard Hegre & Joakim Karlsen (2010) Introducing
ACLED: An Armed Conflict Location and Event Dataset. Journal of Peace Research 47(5):
651-660.
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https://www.ncei.noaa.gov/products/international-best-track-archive

https://acleddata.com

Varieties of Democracy (V-Dem)

Various indices are used to calculate gender inequality, institutional vulnerability, political

vulnerability, civil rights deprivation, and ethnic marginalization indicators.

Coppedge, Michael, John Gerring, Carl Henrik Knutsen, Staffan I. Lindberg, Jan Teorell, David
Altman, Fabio Angiolillo, Michael Bernhard, Cecilia Borella, Agnes Cornell, M. Steven Fish,
Linnea Fox, Lisa Gastaldi, Haakon Gjerlow, Adam Glynn, Ana Good God, Sandra Grahn, Allen
Hicken, Katrin Kinzelbach, Joshua Krusell, Kyle L. Marquardt, Kelly McMann, Valeriya
Mechkova, Juraj Medzihorsky, Natalia Natsika, Anja Neundorf, Pamela Paxton, Daniel
Pemstein, Josefine Pernes, Oskar Rydén, Johannes von Romer, Brigitte Seim, Rachel Sigman,
Svend-Erik Skaaning, Jeffrey Staton, Aksel Sundstrém, Eitan Tzelgov, Yi-ting Wang, Tore Wig,
Steven Wilson and Daniel Ziblatt. 2024. V-Dem Dataset v14. Varieties of Democracy (V-Dem)
Project. https://doi.org/10.23696/mcwt-fr58.

Pemstein, Daniel; Kyle L. Marquard, Eitan Tzelgov, Yi-ting Wang, Juraj Medzihorsky, Joshua
Krusell, Farhad Miri & Johannes von Ramer (2024). The V-Dem Measurement Model: Latent
Variable Analysis for Cross-National and Cross-Temporal Expert-Coded Data. V-Dem Working

Paper 21. 9th Edition.

https://v-dem.net/data/the-v-dem-dataset/

Colorado School of Mines

Annual VNL V2 used for calculating the economic deprivation indicator.
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https://acleddata.com/
https://doi.org/10.23696/mcwt-fr58
https://v-dem.net/data/the-v-dem-dataset/

Elvidge, C.D, Zhizhin, M., Ghosh T., Hsu FC, Taneja J. Annual time series of global VIIRS
nighttime lights derived from monthly averages:2012 to 2019. Remote Sensing 2021, 13(5),
p.922, https://doi.org/10.3390/rs13050922.

https://eogdata.mines.edu/products/vnl

World Bank

Various indicators are used to calculate the economic dependence on agriculture, economic

deprivation, external dependency, and institutional vulnerability indicators.

World Bank Open Data Platform

https://data.worldbank.or

Kaufmann, Daniel; Aart Kraay & Massimo Mastruzzi (2010) The Worldwide Governance

Indicators: Methodology and Analytical Issues. World Bank Policy Research Working Paper
No. 5430 (https://www.govindicators.org/).

International Labour Organization

Used for calculating the economic dependence on agriculture indicator.

ILOSTAT

https://ilostat.ilo.or

International Monetary Fund

Used for calculating the external dependency indicator.

IMF Data Portal

https://data.imf.or
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https://doi.org/10.3390/rs13050922
https://eogdata.mines.edu/products/vnl/
https://data.worldbank.org/
https://www.govindicators.org/
https://ilostat.ilo.org/
https://data.imf.org/

United Nations Department of Economic and Social Affairs

World Population Prospects is used to calculate the external dependency indicator and the

exposure layer.

United Nations, Department of Economic and Social Affairs, Population Division (2022)

World Population Prospects 2022.

https://population.un.org/w

Global Data Lab

Used for calculating the educational vulnerability, health vulnerability and gender inequality

indicators.

Smits, Jeroen & Ifaki Permanyer (2019) The Subnational Human Development Database.

Scientific Data 6: 190038.

https://globaldatalab.org/shdi

Transparency International

Used for calculating the institutional vulnerability indicator.

Corruption Perceptions Index

https://www.transparency.org/en/cpi/2023

Freedom House

Used for calculating the political system vulnerability and civil rights deprivation indicators.

Freedom in the World Reports

https://freedomhouse.org/report/freedom-world
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https://population.un.org/wpp/
https://globaldatalab.org/shdi/
https://www.transparency.org/en/cpi/2023
https://freedomhouse.org/report/freedom-world

ETH Ziirich — International Conflict Research Group

Used for calculating the ethnic marginalization indicator.

Ethnic Power Relations (EPR) Datasets

Vogt, Manuel; Nils-Christian Bormann, Seraina Riiegger, Lars-Erik Cederman, Philipp
Hunziker & Luc Girardin (2015) Integrating Data on Ethnicity, Geography, and Conflict.
Journal of Conflict Resolution 59(7): 1327-1342.

https://icr.ethz.ch/data/epr/

United Nations Development Programme

Used for calculating the educational vulnerability and health vulnerability indicators.

1. Human Development Index (HDI)
United Nations Development Programme, Human Development Report. "Human
Development Index."

https://hdr.undp.org/data-center/human-development-index#/indicies/HDI

2. Human Development Reports: Gender Inequality Index (Gll)
United Nations Development Programme, Human Development Report."Gender Inequality
Index."

https://hdr.undp.org/data-center/thematic-composite-indices/gender-inequality-index#/indi

cies/GlI

Global Administrative Areas (GADM)

Used for matching EM-DAT flood data to subnational administrative areas.

Global Administrative Areas version 4.1 (2022).

http://www.gadm.org.
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https://icr.ethz.ch/data/epr/
https://hdr.undp.org/data-center/human-development-index#/indicies/HDI
https://hdr.undp.org/data-center/thematic-composite-indices/gender-inequality-index#/indicies/GII
https://hdr.undp.org/data-center/thematic-composite-indices/gender-inequality-index#/indicies/GII
http://www.gadm.org/
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