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EXECUTIVE SUMMARY

Spatial vulnerability assessments and allied methods ssplatzimpact assessment are useful tools for
understanding patterns of vulnerability and risk to climate change at multiple scales, from local to global
The demand for vulnerability maps amateyelopment agencies and governments is increasing as

greater emphasis is placed on scientifically sound methods for targeting adaptation asdikiance

report provides a review of current practices in vulnerability mapping at different spatial scalss a

multiple sectors and systems, with a special emphasis on Africa and Latin America and the Caribbean. It
critically assesses the approaches used in spatial vulnerability assessment, identifies accepted practices,
and develops recommendations foracttioners. The reportis intended to inform the work of theJ.S.

Agency for International Development (USAI&n)d itsdevelopmenpartners as well as climate and
development researchers and practitioners more broadly.

Mapping is useful because climatealdlity and extremes, the sensitivity of populations and systems to
climatic stressors, and adaptive/coping capacities are all spatially differentiated. The interplay of these
factors produces different patterns of vulnerability. Typically spatial vuliigratssessment involves

data integration in which gex@ferenced socieeconomic and biophysical data are combined with

climate data to understand patterns of vulnerability and, in turn, inform where adaptation may be
required.Maps have proven to be usgfboundary objects in muttakeholder discussionproviding a
common basis for discussion and for deliberations over adaptation planning. Maps can help to ground
discussions on a solid evidence base, especially in developing country contexts whesiphjeog
information may not be easipccessible foall stakeholders.

That said, vulnerability mapping also has its shortcomings. While maps may idbati#io target

adaptation assistance, more detailed field research and consultation with staksleneerecessary in

order to determinewhatis needed for adaptation programming ammvto develop local resiliencén

other words, atial vulnerability assessment may be a useful entry point for adaptation psieitityg,

but it is not a replacemenbf rigorous fieldbasedvulnerability assessments that deepen understanding

of current and future impacts on key economic sectaavironmental systemer people groupsThe

power of spatial assessment is that it presents a large amount of information in a simplified and visually
attractive manner. Yet this strength is also a weakness, insofar as uncertainties in the data and important
analytical assumptions may be hidétlem the user.A key recommendation of this technical report is

that the data and methods used in spatial vulnerability assessment be clearly documented, and that map
and other information on uncertaintieand assumptionise included as part of any vulnéerty mapping

report. Methodologies should be clearly documented, and technical annexes should provide detailed
information on each map layer to ensuransparency and replicability
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1.0 INTRODUCTION

Satial data integratioand spatial analydisive become standard tools in the toolkit of climate change
vulnerability assessmenihe United Nations Environmer®rogramme (UNEP) Programme of

Research on Climate Change Vulnerability, Impacts and Adapt&R0VIA Research Priorities on

Vulnerability, Impacts and AdaptatidPROVIA20138) hi ghl i ghts odmeasuring and
as a first priority for spporting adaptation decisiemakinglnmanyc ases ovul nerabi l ity
(VA)i s synonymous with spatial vul neowmdinpaitoan assess
understanding that vulnerability and its constituent components exhilit tegrees of spatial and

temporal heterogeneity (Prestoet al, 2011) The purposes vary according to the specific study, but

spatial VAs aregenerally intended to identify areas at poteliyidigh risk of climate impacfs so-called
climate shahgeée ¢ {20133 handtdbettei understand the determinants of

vulnerabilityin order to identify planning and capacity building need$o better target funding and
adaptationprogramd her e i s as yet no consensus on What con:
the number of spatial VAs increases, and the conceptualizations, methods, and data used to assess
vulnerability multiply, this is an opportune time to assess the strengttisv@aknesses aommonly

used methodologiesdentify the most useful approachesd to summarizelata, methodsandresults

in a number of different thematic areas.

While vulnerability mapping has become commonplace in recent years, there are sitflantpssues

that need to be addressed. By summarizing and synthesizing information in ways that are meant to be
useful to policy (Absomet al, 2012), vulnerability maps are ofteeveloped with the goal of guiding
resource allocationandinfluendingpolicy decisions. Yet there alienpediments in terms of data
availability and accuraayethodologicalssuesandother issues that arise in any assessment process
that need to be critically examined. Prestenal. (2011 178 cite many of the benefits ofulnerability
mapping, but also caution thath e r evidence that the power of maps has cultivated a bégmrding

their inherent utilityd They suggest that this assumption should be examined critically ginea the
limitations, maps could just &asily obfuscate an issue as provide clafibhese issues are discussed in
greater detail in SectioB.0.

For thisreport, we conducted a broad search for published literature on spatial VA, climate vulnerability
mapping, andeographic informationystem G19 approaches using thEhomson Reuter§Veb of
Knowledge. We searched well known climate vulnerability and adaptation web portals such as Linking
Climate AdaptationCentre for Agricultural Bioscience Internation&AB|), AdaptNet, and Climate

Front Lines.In addition recognizing that much of the work is conducted by consulting groups or
researchers under contract, and many times this never makes it into thengeerwed literature we

sent messages to relevant web fora and email discussistdiglentifygray literature(e.g, reports or
working papers)Theratio of peerreviewed literature (journal articles and book chapters)gimy

literature cited in this reportis roughlythree-to-one.

This paper is divided into several sections. $&c?0 addresses the conceptualization of vulnerability
and identifieshe most common frameworks used in spatial \B&ction3.0 provides an overview on
dataneeds for spatial VAs, and Sectih@ addresses common methodSxamples are given from

multiple sectors, including cropping systems, livestock systems, water resources, fisheries, natural
hazards, human health, poverty and food security, and urban vulnerability and critical infrastiTicéure
focus is on the developg world, with regional priority given to examples from Africa and Latin America
and the CaribbearFinally, SectioB.0 focuses on common issueslated to spatial and temporal scale,
uncertainty, and cartographic representation, and Section 6.0 prokiElesecommendationgAnnex 1
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provides a representative list of indicators used in spatial VAs and Annex 2 provides sample results for a
number of spatial vulnerability assessments related to water resources.
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20 DEFINITIONS AND
FRAMEWORKS FOR
VULNERABILITY
ASSESSMEIST

This section defines vulnerability and describes some of the major conceptual frameworks utilized in
vulnerability mapping: thHatergovernmental Panel on Climate ChantiGQO framework (Parry et al.

2007), extended vulnerability framewks (Turner et al.2003 Birkmann 2006), and the livelihood

framework (Carney199& and b . Beyond vulnerability framewor ks,
Special Report on Climate Extremes (SREX) risk management framework, which focuses on the
probabilities of extremes of different magnitudes (IRQC12).

Vulnerability can be defined as ttegree to which a system or unit is likely to experience harm due to
exposure to perturbations or stress (Turner et a22003). The concept of vulnerabjlibriginated in

research communities examining risks and hazamdtentittements (Adger2006) In the risk and

hazards communityhe vulnerability concept emerged out of the recognition by these research
communities that a focus on stressors alone (dlgods or earthquakes) was insufficient for

understanding responses of, and impacts on, systems exposed to such stressors. With the concept of
vulnerability, it became clear that the ability of a sysfemwhether an economy, an economic sector, a
populaton group, or an ecosysteffi to attenuate stresses or cope with consequences through various
strategies or mechanisms constituted a key determinant of impacts on that system and system response.

In the last decade, the terminology of vulnerability haslredined as researchers and policy makers

have focused increasingly on vulnerability to climate change impacts. There are essentially two major
conceptualizati ons 0,200%Ri$sel2009ra The first iCoptex(uaDvulBarabjliiyn e t
which focuses on factors that determine a system
approach comes out of political economy, and focuses on the intrinsic characteristics of a population

(e.g., age, sex, socioeconomic status, ethnidigljhood strategies, etc.) and other factors (e.qg.,
institutions, entitlements, hi storical i nequaliti
systemds) ability to withstand str essorabifites Ther e i
across social strata, and a concern for poor or marginal groups.

a
0

The second conceptualizationasitcome vulnerabilityF ¢ s s e | 2009: 5), which orep
vulnerability concept that combines information on potential climate ingpatl on the socieeconomic
capacity to cope and adapt. 6 The | PCG@nsifleredtmmewor k b
a function ofexposuréo climate impacts, including variability and extremes, and#msitivitgnd

adaptive capacity the system being exposed (Parry ef 2007).The three components can be

expanded on as follows:

1 E =exposurdi size of the area and/or system, sector or group affected (i.e., does the event occur
there or might it occur there under climate change?d ¢he magnitudeof the stressor
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1 S =sensitivityi the characteristics of aystem orpopulation andhe governance/market
structures that influenc¢he degree to which it is affected Isgressorsl

1 A = adaptive capacitly capacities of the system, sector group to resist impacts, cope with

losses, and/or regain functians

The IPCC definition suggests that the most vulnerable individuals, groups, classes, and regions or places

are those that (1) experience the most exposure to perturbations or stresg®sare the most sensitive

to perturbations or stresses (i.e., most likely to suffer from exposure), and (3) have the weakest capacity

to respond and ability to recover (Schiller et,&001).In Section 30, we discuss further some of the

conceptual isses underlying the IPCC definition, and provide examples of indicators that are frequently

used to measure these components.

The IPCC famework is the most commonly used
framework for vulnerability mapping (de Sherbjni
2013 UNDP 2010. In this approach, composite
spatial indices of vulnerability are developed bas
on spatial data layers representing the different
components of vulnerability. These may be
produced based on averaging/adding normalizec
indicators (i.e., variables whosalue ranges have
been standardized in order to make them
comparable to one another) representing each
component,or viaprincipal components or
cluster analysidn astrict sense, this is what is
meant by a vulnerability map. Often the individue
componets will be shown as separate maps or
map insetsFigurel is a rendering of a
vulnerability mappinfpr the southern part of

Mali including a combination of data layers rollec
up into an overall vulnerability map. Areas of higl
vulnerability may beterne 0 hobspot s

Thisreport also describes a number of efforts
based on preessbased modeling (e.g., crop and
hydrological models) in which climate scenario

FIGURE 1. SCHEMATIC DIAGRAM OF
DATA LAYERS REPRESENTING
ASPECTS OF VULNERABILITY

\. \\\,

Exposure

Layer

L

Sensitivity
Layer

Adaptive
Capacity
Layer

>~

hx. 'Lgf
)

Vulnerability
Layer

data are one input into models predicting future  gqyrce: de Sherbinin et al., 2014

crop vyields or water resource constraints.

Althoughtheseare more properly identified asnpactmaps and novulnerability maps, since theyay

or may not includesensitivity and adaptive capacity (some crop models make assumptions about
improved seeds or soil water management), the results may be ahtmpubroaderspatial VA

Similarly, there are what might be termédpact assessmesfexposure mappirpgn which onlycurrent
and future climate impactere considered. This kind of information can be considered in conjunction
with sensitivity and adape capacityndicatorsto understand patterns of vulnerability, or in the context

of risk management.

1 In modeling approachesensitivity can represent the dosesponse function (e.g., the impact on crop yields or water
stress of an Xrise in temperature or Ypercentchange in precipitation).
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Extended vulnerability frameworks, such as those described in Birkmann et al. (2013), Birkmann (2006)

and Turner et al. (2003) (Figure 2), generallykseeexpand on elements of the IPCC framework by

including a broader array of plat@sed contextual factors and conceptualizing the feedbacks among
elementsThey recognize that as the system changa®ayin turn have impacts on the stressors,

whichist he essence of-etbétogcoapl sy s Hhevarerabjlitdmdppingn g, 2 0C
these frameworks are primarily wuseful for oOopenin
identify a broader array of factors that may affectneushbility, and to better understand proximal and

distal drivers of vulnerabili/However, data and model limitations render it difficult to implement these
frameworks, which are characterized by complex sp&timporal dimensions and scales. In Prestbn

al .06s (2011) review of 45 pexentofithe stadies emplayed expengegp i ng s
frameworks. There is a sense in which the theoretical and conceptual sophistication of the framing of
vulnerability has outrun the utility of suctameworks for assessment purposes (Levy, 2012; Preston,

personal communication

FIGURE 2. THE EXTENDED VULNERA BILITY FRAMEWORK

Dynamics
EL et R R — Regi
in place — Place
beyond place
Human Influences outside the Place |
Macro political economy, institutions, <
global trends and transitions
Variability & change © Vsu|l‘lel’i aibi“ty Resili
1 H -
in human conditions
——
Coping/
! ) Human . St
; conditions Impact/ Impact/
Interactions of hazards Charactistatics response SRS
=1 (perturbations, stresses, = —1 PO
& components [ T
stressors) of exposure .
Adjustment &
1 Environmental a(::g;z:::/
conditions
Variability & change Adjustment &
in environmental |« o} i adaptation/
conditions response

Environmental Influences outside the Place
State of Biosphere; State of Nature
Global Environmental Changes

Source: Turner et al., 2003

2 According to Abson (2013ersonal communicafion 0l ac k o f proximal caase of fogdhnsecubite, wrile
lack of education is the ultimate drivers that determines the proximal cause. More consideration of the relations between
such distal/proximal drivers are required in climate vulne
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TheUni t ed Ki | FIGURE 3. THE DFID SUSTAINABLE LIVELIHOODS

Departmentfor FRAMEWORK

International

Development DFID) The SL

sustainabldivelihood Framework

framework(Carney Livelihood

1998a and bhas been Lo e
employed in some Livelihood ~ use of NR base
vulnerability mapping SR ses’s DA
i Policies & g
e * - Vulnerabil
efforts in least developed Human w et ey

countries(Figure 3)The E::S(:s‘tfcrmiE
frameworkdescribed Social Natural Processes)

five capitals deployed by * Structures

- Govemment

1

naturalresource - Private Sector
. « Processes
dependent households: e e —

natural capital (e.qg.,
assets such as water,
soil, timber and non

) - Policies Strategies
Financial - Culture

= Institutions

Physical

Vulnerability
timber forest products), Context
social capital (e.g., e
interpersonal networks, = Seasons
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institutions of society),

human capital (e.g., formal and informal education, local ecological knowledge, the ability to work, and
good health), physical capital (e.g., land, tools, oxen, readsnarkets), and financial capital (e.g., cash
savings, supips of creditandregular remittances and pensions) (de Sherbinin e2@08). At coarse
scalesthese capitals are not easy to ma local scalest may be possible to map them using
participatory techniques. However, some mapping efforts (e.grn@faet al, 2009, below) have broadly
used livelihood security, sometimes in combination with ecosystem services (Rei2608), as an
analytical framework for mapping livelihood assets that may be impacted by climatic changes.

The IPCC SREX (2012 FIGURE 4. SREX RISK MANAGEMENT FRAMEWORK
introduced the SREX Disaster )
framework, which Y
separates out
exposure and includes

DEVELOPMENT

vulnerability as a CLIMATE ’

separate component ‘

that combines the el
sensitivity and adaptive

capacity elementsf

the IPCC framewadk 33;';2"3?::;;
(Figured). Vulnerability

in this case is
analogous to
contextual
vulnerability Some
have found that this is Greenhouse Gas Emissions

more practical in a risk  gqrce: IPCPD12
management

‘ DISASTER
RISK

Exposure

Climate Change
Adaptation

J
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framework, since it more clearly separates out the climatological elements from the system being

exposed. Risk management focuses on understanding the probability distributions of wedther an

climate events of certain magnitudes, which is vital for disaster preparedness and infrastructure

construction, whereas vulnerability assessments tend to emphasize underlying societal vulnerabilities and
factors that put people and infrastructure atrisk Thus, a maj or focus i s exami
extremes, such as floods and droughts, and their changing distributions and potential impacts on

infrastructure or cropping systems (i.e., disaster risk). Howexisk, management frameworks tend to

give secondorder importance to longetterm trends in average rainfall or temperaturehich can also

have major livelihood implications.

While the range of frameworks and interpretations of vulnerability and resilience can be bewildering
spatial VAt is generallysufficient tobe explicit about the framework used and the reason for choosing
it. Whatever oneoeedshobec éf i t h@motérmspiillerrandgthe
features of interest in the complex coupled hurremvironment sgtem However, at a minimugany
guantitative vulnerability assessment requires definition oylstenof analysis (what is vulnerable?),
the valued attributed concern (why is it important?), thexternal hazar@o what is the system
vulnerable?), ahatemporal referen¢@hen?)Fussel, 2007Preston et al. (2009) also note that when
vulnerability mappers engage with stakeholdetso may include decisiemakers the framingnust

take into account the needs and understandinghoke decisionmakess, an issue we return to in
Section 4.2

We turn next to issues with the measurement waiilnerability.

Spatial Climate Change Vulnerability Assessments: A ReviBataf Methods, and Issues 7



3.0 MEASURING VULNERABILY

This section assumes some familiarity with climate vulnerability assessment in general and spatial VA in
particular. Readers with less familiarity may wish to read the examples describing climate change impacts
on the water sector found in Annex lso, the topic of vulnerability indicatoysvhich is closely related,

is addressed ithe USAID Africa and Latin America Resilience to Climate Change Prg&€tC)
technicalreport on composite indicators (Baptista013).

There are a number of conceptual clralfes in vulnerability mapping that need to be addressed before

turning to the question of data and indicators. Hence we address those first, and then proceed to a

more specific discussion of data sourdems, and | i mi
economic sectors, or groups that define the Owhat
hazard of the VA).

3.1 CONCEPTUAL ISSUES

Thetopic of data and indicators or 0 me as ur e me rfundamemtal to ¢he fracessofl | vy, i s
developng spatial indices of vulnerability. As Abson (2&18) states, indicelsave the advantage of
reducinggt he amount and complexity of the information

simultaneously providing an indication of the interaction of multigatially homogenous indicators
through a singl e agdr eTdheetreed i wadaofehovestderdetietenthe 6 s c or e .
richness of information and theomplexity of real worldand thecommunicability andtility of that

information forpolicymakindAbson 2012)(Figure5). Furthermore, becausewnerability cannot be

measured directly it involves a process of identifyidmdicating variable8 whi ch poi nt t o th
construct of vulnerabilityand aggregating them (Hink2011).Thusfor the sensitivitypart of the IPCC

framework it is common to usdndicatingvariablesuch as poverty levels ainfant mortality rates

(IMR). fer factors such as coping or adaptive capacity, measures might include education, institutional
capacity, fundig levels for disaster risk reductidbRR) or insurance coverag&ven where adequate

data are availableh¢se are often lesthanadequate proxies for intrinsic vulnerability. As Kasperson

al.(2005:1 4 9 ) \Woliicalamd social marginalizatiogendered relationships, and physiological

differences are commonly identified variables influencing vulnerability, but incorporating this conceptual
understanding in gl obal mapping remains a chall en

3  Vulnerabiitth as been ter med an 0e memegesom thpshressepomthersysteth, andn t hat it
therefore cannot easily be measured directly. Generally, a stressor, such as a major storm or flood, is said to reveal the
underlying vulnerabilities of theapled humarenvironment system. Two recent examples include the earthquake that
struck Haiti in January 2010 and the one that struck Chile in February 2010, which was 500 times stronger (though at
some distance from populated areas). The Haiti earthquede far more devastating, and revealed underlying fragility in
buildings and infrastructure, endemic poverty, and failures of governance that contributed to far higher casualties (Kurczy
et al., 2010).

Spatial Climate Change Vulnerability Assessments: A ReviBataf Methods, and Issues 8



Differentiating between
indicators that measure
sensitivity (or
susceptibility) versus
adaptive capacity may b
challenging (Fekete
2012). For example,
illiteracy or low
education levels could
be measures indicating
high sensitivity and low
adaptive capacity
According to Lucas and
Hilderink (2004),
determinants of
coping/adaptive capacity
are awareness, ability,
and action. The abiji to
cope in the face of a
climate stressor, or to
take action with regard
to restoring and
rebuilding are heavily

FIGURE 5. TRADE -OFFS BETWEEN C OMMUNICABILITY
AND | NFORMATION RICHNESS

Increasing aggregation

2 Decreasing ease of
and loss of information )

communication

N and interpretation

Aggregated
indices

/ Multiple indicators \
Multiple sources of raw
data
/ The real world

& >
< >

Complexity and completeness of information
available for decision making

Source: Abson et 2012, reproduced with permission

influenced by insurance markets, emergency servécgsbroader institutions and governance
structures that can be difficult to measuf€henet al, 2011). As an example,;raassessment of climate
vulnerability in southern Africay Midgley et al. (201rovides acomprehensivdist of indicators by
IPCCcategory includindl6 exposure indicators, 23 sensitivity indicators, and 12 adaptive capacity
indicators (Annex 1)Yet therationale for includin@ given indicator ithe sensitivity or adaptive
capacitycategoriescan seem somewhat arbitrary (e.g., percent land undefaiting is a sensitivity
indicator but could arguably be seen as an adaptive mechanism for rainfall déficitspuld be seen as

an argument

n favor of <collapsing

term similar to he SREX framework, were it not for the fact that addressing them in policy contexts
may implya different set of interventions.

Adger and Vincent (2008nd Prestoret al.(2011)argue that indicators should only be selected on the
basis of theoretical lkagesand with some understanding of the relative contributions of exposure
versus sensitivity and adaptive capacity to overall vulnerability. The reality is, however, that the precise
contributions are difficult to quantiffncertainties in underlyingatia layers and insufficient

understanding regarding the relative importance of the different components and the functional form of
relationships among them makes spatial VA challenging, especially when covering larger regions at
coarser spatial scales, @msue we take up again in Section $\hile recognizing the many conceptual
ambiguities in adequately capturing vulnerability in quantitative metrics, spatial VA is still the only
approach available for providing some degree of spatial precision initeygaterventions and

identifying the spatial dynamics of vulnerabiltgst of its shortcomings are herent in any effort to

model a complex world.

3.2 MEASURING THE EXPOSED ELEMENTS

In this sectionwe address the majority of spatial VA approaches that rely on availableraldzy, than
participatory mapping approacheZ¢tion 4.2) that generate their own datileasurement of the
exposed elements entails cataloging of available datbevaluatinthem in terms of theirconceptual

Spatial Climate Change Vulnerability Assessments: A ReviBataf Methods, and Issues 9
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proximity to the component being measured, their spatial resolution, howatdate they are, and their
reliabilityand validitylt may be possible to set up a scoring system across these axes in order to
communicate theonfidence that the developers have in each data set underlying the assessment (
see Appendix ATable A.6pf Yale Center for Environmental Law and Poli®\CELP et al, 2005. At a
minimum, it is recommended for developers of spatial VAs to pmwchple metadata on each data
layer, including an assessment of data limitations.

We addressed some of the issues surrounding¢baceptual proximityof indicatorsto the component
being measuredbove Two measures may purport to address the same thing,one may be

conceptually and methodologically closer than the otlk@r. example, an ideal sensitivity measure might
be household wealth as measured by material assets through a Demographic and HealtliCBu8)ey

or small area estimates of poverty @ncensus tract basis. These may be available for a national
assessment, if the statistical infrastructure is fairly robust, but they are less tkadyavailable for an
internationalassessment So measures have been deeeltgped Msdgh e
al, 2011 Abson et al.2012), which measures the populaticount relative to satellite observed night

time lights, and identifies areas that are poor on the basis of lower brightness per population in a given
area. This, however, r@$ on certain assumptions concerning the luminosity of an area and the degree
to which a population is undeserved by electricity, and also is subject to compounding uncertainties
such as the spatial location of populatignensus units are often too cose) or the effects of dense
vegetation on luminositin relatively affluenareasThus, this might be termed a proxy measure of less
validity than direct measurements of poverty or affluerneother words, the direct measures of
household wealth or poverty are closer in proximity to the sensitivity category than the infrastructure
poverty measure, even if the latter may be resolved at a higher spatial resolution.

Consideration of the gatialresolutionof input variabless important for any vulnerability assessment.
The next section will address the spatial resolution of climate indicators, which in the absence of
downscaling can be quite coarggi@l cellson the order of50s to 100s of knon a side)Here we focus

on variables representing social vulnerability or other systems of inteffagire6 shows the relative

input unit size for a variety of measures in a spatial VA for Maleft are depicted the communes
nested in cercles (equilent to provinces), and at right the DHS cluster centroids, which represent the
approximate locations of surveys responses from 10 households. Data at the commune level would
generally be considered adequate, but data at the cercle level would be togedmeadequately identify
spatial patterns at the subnational level. The DHS centroids tend to be denser in more populated areas,
and hence spatial interpolations between the cluster points are more robust in those areas and less
robust in the sparsely qmlated north of the country.Note that the data reporting units will have an
impact on statistical properties, since the largemore populatedthe unit the more averaging that
occurs.Indicator values inmsaller units will typically exhibit greatern@ncethan inlarger units(see
Section 5.1.3 on the modifiable areal unit problem)

4 Bayesian spatial interpolation between cluster pois recommended because it provides a spatial error map along with
the interpolated surface.
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FIGURE 6. INPUT UNIT S FOR MALI SPATIALV A:
COMMUNES AND CERCLES (TOP) AND DHS CLUSTERS (BOTTOM)

Source: de Sherbinin et al., 2014

Spatial layers representicgoppingsystemsland cover types (e.g., forests, biomesater resources,
fisheries or other exposed elements tend to vary in spatial resolution depending on the data collection
mechanism. Global land cover maps vary in resolution froémB8® 1km, basd on the resolution of
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the satellite sensors utilizedCropping system maps tend to be coarser in resolution, at closer to 5 arc
minutes (20km) (e.g., Ramankutty et 2010).Livelihood systems can be even coarser, encompassing
broad areas with commolivelihood strategies.

Regardi ng t he pto-eatedaiaccgnde difffcult tb@ktai jn many regions, and it is not
uncommon to find vulnerability maps with input layers that are more than 10 years old. If the situation
on the ground has cimged dramatically owing to an ensuing event (e.g., conflict, economic downturn, or
a major disaster), then the indicators may no longer be valid. There may be little that can be done
regarding the recety of data other than to documentlearlythe referene date of all the data layers in

the metadata, and to highlight major uncertainties owing tcaftdate data in the document that
accompanies the maps

The last two evaluation criteria are reliability and validity. From a statistical standpsliabilty is the
degree to which ainstrument orassessment tool produces stable and consistent resvigity refers

to how well an instrument measures what it is purported to measure. Thus, a survey of poverty may be
said to be reliable to the degree thdtdaptures certain metrics consistently over time and space, and it
is valid insofar as it accurately captures parameters relevant to poverty (e.g., it captures income to
within a few cents per day or malnutritionith a modest standard error)For producive systems,@ne
land cover types are easier to map than others, and most global land cover maps are derivegiftom
automated techniques (i.@lecisiontree algorithm3 that require relatively little visual interpretation,
meaning that thepproachis likely to be more accurateo some regions than othersWhile land cover
may be measuredith fairly high degrees of confident@nd quantifiable uncertaintygther parametes
mayrequire accuratén situdata from agricultural censuses or river gautieg may be difficult to obtain
or contain important gaps. These data collection systems are notoriously sparse in the most-climate
sensitive regions such as Africa.

Typically it is very difficult to obtain information on the reliability and validity afyhdata layerseven

when ths information isavailable, time constraints and the mudiciplinary nature of spatial VAs may
make it difficult in practice to document and assess uncertainties in the underlyinfyiiatahis is

certainly best practicand should be encouragegiddeed all composite vulnerability maps should ideally
include an accompanying uncertaintgp. Procesbased impact mod@utputs typicallyeither provide
multiple scenarios or an accompanying uncertainty.r@agn where informtaon on the standard errors

for data layers are absent, judgment calls need to be made concerning data s@eneelspers of

spatial VAs would do well to read through data documentation and to assess the data visually (in map
form) and statistically to uferstandbetter spatial patterns and basic descriptstatistics such as mean,
median, standard deviations, skewness, and outkersexample, if administrative units with extremely
high values are surrounded by units with very low values for the saraeter, this may point to data
guality issues unless there is an explanation for the anomaly. Runningsptitiical testsn Geoda or
other spatial statistics packagesMor andés | or maopdmanneast sgfiares [OIS] dual s f |
regressionsan help to identify patterns in the data that may be difficult to pick up visually.

Whereas manypatial VAo include future climate scenarios, thggnerally do not include projected
changes in the spatial distribution of populationstrer exposedelementsPreston 2012), which
themselves have considerable uncertainties, nor do they generally factor in likely adaptation responses,

5  New Landsat resolution (30m) land cover products will soon be available as well.

6  For example, global land and forest cover maps have difficulty accurately capturing woody vegetation cover in the Sahel,
which is sparsely vegetated. Much has been made of the regreening in this region, yet owing to the coarseness of their
resolution and e algorithms used, greenness maps based on the normalized difference vegetation index (NDVI) are
almost entirely reflecting the presence of herbaceous vegetation (Tappesgnal communicalion
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which may be hard to predictWork by Giannini et al. (2011) and Preston (2013) represent exceptions
to this general rw, in that theydo include population and economic projectiofdforts are now
underway to develop spatially explicit population scenarios for the shared socioeconomic pathways
(SSPspones, 2003 but the task of anticipating likely future populatiostdbutions can be rendered
difficult by unanticipated economic or conflict events that can alter migration pattBatause of the
difficulty of projecting the exposed elements, mephtial VAs extrapolate frorourrentvulnerability to
climate variability and extremes to identify how climate changgalter the climate component, leaving
aside changes in the populations or sectors/systems that will be impacted. Yet, Preston (2013) notes
that natural disaster losses lewncreased significantly in the United States owing more to growth in
socioeconomic exposure than to changes in the frequency or intensity of extreme events, so ignoring
future changes in the spati al di s ttoyield subdptomnal and od
results in a risk assessment framework.

3.3 MEASURING THE CLIMAT E STRESSORS

Turning to climate data, or the O0exposureod aspect
front that all vulnerability assessmefiitsspatial ornot i encounter issues with the use of climate data.

The intent here is not to develop a comprehensive list of issues, which can be found elsewhere (e.qg.,
PROVIA 2013h), but rather to focus on the issues most commonly encountered in spatial VAs.

Given dificulties in using climate scenario d&tam general circulation models (GCMs)any spatial

VAs usepastclimatevariability orrecent histories ofextreme eventge.g., flood or drought occurrence

or economic losses associated with theagproxiesfor future changesThe underlyingssumptioris

that those regions that are most exposed today will likely have similar or greater levels of exposure in
the future Frequently usedatacollections that assess the frequency of extrerimetude the World

Bank Hazard Hotspots collection (Dilley al.,2005 Center for Hazards and Risks Research (CHRR) et
al, 2005 and theUnited Nations Environment ProgrammeNEP Global Assessment Reportdfited
Nations Internationals Strategy for &ister Risk ReductiofUNISDR, 2009).Both efforts faced

significant methodological challenges to map the frequency of extremes, since flooding is generally a local
phenomenon that is difficult to characterize globéhe UNEP reportwas more soundn this regard)

and drought metrics are heavily dependentregionaldefinitions of rainy seasons and letegm

historical averages of rainfall that are difficult to capture in global maps (hgmaonal communicaion
Furthermore, data sparseness and geqs plague efforts to map historical climatdremes.Locatlevel

fine scale analységarticularly in developing countries, may run into problems with obtaining adequate
meteorological station data tadequatelyepresent local climatology.

Broadscae efforts, from regional to global, generally have to rely on @ historicalclimatedata

sets, all of which rely to some extent on nesirologicalstation data networkandsatellite data. This

may be less problematic for temperature data, for whiterpolation techniques are reasonably rolust
for precipitation these data sets may run into issues with the spatial coverage of the underlying gauge
based data. This affects drought mapping and a range of other applications. In-anwigiyt study @
climate variability, livelihoodand migration (Warneet al, 2012a), assessment dfmatereanalysis

data for given localities compared to local rain gauge data often produced different conclusions with
regard to variability, droughbr even trendsover recent decadesCommonhistoricaldata sets range in

7 Note: Cartographers and geagereaphersetiee tbemaepsmtbamakcbver
gl obal ) -secmmd e®dl droge maps that cover small areas (provinces/ s
number of map units to real world units, so a small scale map withla e€4:1,000,000 is a map in which 1cm on the map
represents 10km on the Earthds surface. -Bpecaksts.doavoidt hi s oft e
confusion we usscalhed tfearmsmaphy otalda tscdceo& efrorl amgmes atrkeats @nwe r
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scale from 0.5 degrees to 2.5 degreesgrid cells of 5&m to 275km on a sidat the equator(e.g,

Climate Prediction CenteMerged Analysis of Precipitatiddational Centers forEnvironmental

Prediction [NCEP]National Centerfor Atmospheric ResearciNCAR] Reanalysis, arteuropean

Centre for MediumRange Wedter Forecasts [ECMWHReanalysis)n datapoor developing regions,
characterizing past climate accurately can be difficult owing toigapenitoring networks, temporal

gaps in measurement at given stations, and discrepancies between satellite measurement and gauges
(Dinku et al, 2011).

Thosethat do use climate model outputs run into a number of isstheg are common to any
assessmerthat seeks to incorporate information about likely future climatefundamental challenge

for vulnerability mapping that relies on accurate prediction of extremes, such as thdiséster

responseor humanitarian needss the limited ability oGCMsto capture historical variance or future
extremes (IPCC2012 Brown andWilby, 2012). For example, in a comparison of observed and GCM
based downscaled annual streamflow estimates for the northeakheited StatesBrown andWilby

foundt hat 0 d dG@Mssundarkstnmhte both the standard deviation and [temporal] autocorre

| ati on when compar ed 404)i Tthéuseoobrsukinodelaensemblessodly tén@s@ol 2 :
reduce variancéurther, since they average multiple model runs together, resuitirmydampening of the
extremes

Coarseness of the model outpytsanging in resolution from 1 to 2 degree grid cgll4.05220km on a

side at the equator)is also a concerrBecause of theiinability to accurately represent some localale

climate phenmena (e.g., orographic precipitation), downscaled climate information is increasingly being

used for climate vulnerability assessments. For those studies that do use regional models, a significant

issue is variability across model runs. For example, indy©f regional models as inputs to crop

modeling in Africa, Oettli et al. (2011) findt hat o0t he perf or mances of regio
the most crucial variables for crop production ar
dispersion in crop yield predictiodueto the different physics in each regional model and also the

choice of parameterizations. Oettli et al. note that two configurations of the same regional model are
sometimes more distinct than those of different regal models.

While climate model downscaling may be an option for wedlourcedspatiaMAs, most do not have

the resources to do so. Onlg handful of thestudies reviewed here used downscaled climate models.
Fortunately, a new generation of higher ragin GCMs with outputs in the range of 20Rns being
produced for the IPCC Fifth Assessment report (e.g., Ki2B12). An issue with these models,

however, is the sheer volume of data that is generated, considering that GCM time steps are generally
every 30 minutes. Given the volumes of data, users will need to rely ocgdmilated parameters of
variability, sine desktop computers are unlikely to be able to handle the proces$img.complexity of
formats and outputs can also overwhelm the adimate scientists who often conduct spatial VAs.
Another common issue is that the broad changes in temperature andpitatibn are used as proxies

for climate variables that are most relevant for the system under considerd&mmagricultural systems,
water management, or natural hazard prediction, the most important variables would be anticipated
change in rainy seasamset, gaps in rainfall during growing seasons, changes in drought periodicity, or
changes in rainfall duration and intensity. Many of these changes are already octR@®@012

Warner et al, 2012aWarner et al, 2012b). Yet these parametersquire significant additional

processing to extract froneither historical climate data azlimate model outputsrinally, most climate
models do not take into account the possibility for abrupt change or tipping points in the climate system
(e.g.Duarte et d., 2012) The primary way to address this in spatial VA is to develop scenarios of future
extreme events, or a o0str e;BowtasdWily, 281g)pr oach ( St or

Itis worth notingthate en s omet hi ng as 0siitntp $ealévelase (SbR@pi ng v ul
hold uncertainties. SLR impacts in theory are easy to model, since the impacts are constrained to low
elevation coastal zones and can be approximated with a digital elevation model (DEM), and exposure is
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simple to assess: yaare either in or outside the area at risiseveral reports and articles have assessed
global SLR impacts on coastal populations and assets (e.g., de Skein2912 McGranaharet al,

2007 Dasgupteet al, 2007 Nicholls et al, 1999), and Kleirf2012) found 13 articles covering the Nile
Delta alone. Yet, here again, there are significant uncertainties. Most mapping efforts rely on maps of
current mean sea level and elevation as defined by the Shuttle Radar Topography Mission (SRTM), one
of two highresolution globally available DEMs, which has a vertical accuracy in low slope areas of only
+/- 485m (Gorokhovich and/oustianiouk2006).This means that areas that are mapped at,Cor

current sea level, could in fact BB m (submerged) or +3n (well out of harn@® way for years to come).
Furthermore, the time by which a given sea level will be attained is not known with great certainty
(Rahmstorf2012 Pfefferet al, 2008),SLRwill vary regionally, an8LRwill be complicated by tides and
storm surge in certain locations (Straustsal, 2012 Tebaldiet al, 2012). The best approach for local
assessment is to rely didar, Geographic Positioning Syst€@P3, or highresolution stereoscopic

imagery for elevation data, and to develop local eledor storm surge.

Taken together, the data challenges translate into higher levels of unceriafnite. the list of data

problems may seem like an insurmountable challenge to spatial VAs, it should be underscored that any
effort to characterize an unetain future will face challengeget for decisionmaking related to climate
adaptationthere are few alternatives to making do with the best available data. A key issue is
uncertainty and risk communicatipwhichis addressed further in Secti&3. Here it is worth noting

that the power of maps to summarize information is partially offset by their ability to hide uncertainties,
and that developers of climate vulnerability or hotspot maps need to think about how to communicate
those uncertainties animcrease the level of transparency redjag likely sources of error both in the
reports that accompany the mapsd(to the extent possiblein the maps themselves

Spatial Climate Change Vulnerability Assessments: A ReviBataf Methods, and Issues 15



4.0 METHODOLOGIES-OR
SPATIAL VYLNERABILITY
ASSESSMENTS

This section reviews four broatypes of spatial vulnerability mappimgproviding examples and
assessing the appropriateness of each type to different kinds of applicatienst isthe production

of spatial vulnerability indices, where components of vulnerability are normabzediaatorsand
aggregatetb create a spatial indeX.he architectureoften is guided by a vulnerability framework such
as the | PCC0ds eardmdaptiver capacitysvathisdicatarsvhiattarg more or less closely
related to these three compaents. Thesecondapproach icommunitybasedand stakeholdedriven
vulnerability mappingvhich typically takes place in local jurisdictions over fairly small.areas
Communitybased mappinig inthe tradition of participatory rural appraisal (PRA) and its variamsile
the stakeholderdriven VAgenerally engages local authorities though it may include community
members The thirdapproachi mpact mapping, while teybhniscally not
commonly used for climate risk assessméxgcause it is part of the broader toolkit for assessing
climate impacts spatiallye include it for completenes3 he approach involvesther the direct use of
climate data othe integration of climatecenario data into procesbased crop or hydrological models
to generate maps of likelgreasof highclimate impacts.

None of the methods are necessarily superior to the otharsr are they mutually exclusive (e.g., one
could have a participatory VA inking vulnerability indiced)ut the choice of method will depend on
objectives data availability, funding, and the time frame for the assessByegtial vulnerability indices

are the most wi@ly used, so we begin with these and give them slightly rreegment than the other
methods.Examples in this section are meant to be illustrative rather than comprehensive; the literature
in this area is large and growing rapidly, so it is difficult to be exhaustive.

4.1  SPATIAL VULNERABILIT Y INDICES

Satialvulnerability indicesombine multiple datéayers(or indicators)representing different aspects of
vulnerabilityin suchawaythat ul nerabi |l ity ohotspotsd6d as wel l as ¢
emerge from the integratioof the layersHere we reviewfour approaches to aggregating or

summarizing the information contained in the indicators in an dvierdex (the averagingidditive

approach, principal components analysis, cluster analyses n d ) prgvigiogexandples of mapping

effortsthat have used each method/e address in Section 5.1 some issues relatethébounding box,

scale, resolution, andnits of analysis that need to be addresgedny of thesdour approachesA

broader literature addresses some of the methods and prras @ons of aggregate indicators (e.g.,

Organization for Economic Cooperation and DevelopmBRECD], 2006; Barnett et al., 200&]ein,

2009;Hinkel 2011; Baptista, 2013), which owing to space constraints we cannot address here.
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4.1.1 Averaging anddditive Approaches

In theaveraging oadditive approach, a first step is normalization of the indicators. Owing to problems
of incommensurability in measurement units of the raw data, the values for each layer need to be
normalized (or transformed) to aonsistent ordinal or unitess scale (e.g., drought frequency or
poverty levels on a scale fron®00, from lowest to highest)As discussed in Section 2.8¢etresaled
indicator layers are theaveraged or added together to come up with a vulnerabilityre. The IPCC
definition of vulnerability is the most frequently used framework, and one advaotalgis approachs

that separate maps for each vulnerability compor{erg., into exposure, sensitivity and adaptive
capacity) can helgecisionmakersto analyze adaptation options.

While the additivéaveragin@pproach has a number of FIGURE 7. VULNERABIL ITY
advantages, including a relatively high degree of MAP FOR SOUTHERN AFRICA
transparencyn its methodsthere are a few challenges d T
that need to be addressed. One challenge concéaims

to weight the indicators, since the weighting will ultimate!
affect he visualization and interpretation of resulidost
often, one finds that authors either weight factors equally
or justify weights based a@ number ofcriteria such as
those discussed at the beginning of Section Sensitivity
analysis can assess thegcee to which results are
sensitive to the weightings appligdther issuesnclude
issues of tradeffs and the functional form of the
relationship among indicators. The issue of trandfs
addresses the underlying assumptibat a strong score

on one hdicator can be seen to compsate for a low
score on anothersuggesting that they are perfect

Legend

Davies & Midgley
Value

. s
substitutes (Hinkel, 2011for example, the same grid cell o
or census unit may have high average income and a hig e
proportion of the population over the age 6%he former Eeo-n
would theoretically be associated with low vulnerability — -
and the latter with higher vulnerability. By averaging ther — i

together, one loses information that may be of value for
adaptation planning (Fekete, 201P)e issue of functional Sources: Davies and Iéigg2010;

form isrelated, and reflects the fact that most often in Midgley et al., 2011
additivéaveragingpproachesthe indicators are added in

a way that assumes a linear relationship among indicators, whereas the relationship could be log linear,
curvilinear, parabolic, or exhibit strongrésholds. These issues are dealt with in more detail in Section
5.2.

A good example ofhis approach is the one developed for Southern Africa by Midgley et al. (2011) and
Davies and Midgley (2010)hey combinel6 exposure indicators (eight representingtbrical climate
exposure and eight representing future exposure), 23 sensitivity indicators, and 12 adaptive capacity
indicators into an overall vulnerability map (FigdyeTheyapply differential weights (multipliers) ranging
from 1 to 3 based on the elgree to which the variable was felt to approximate the relevant IPCC term
of interest and data quality considerations (AnnexThey add all the indicators togethémultiplying

some of the indicators by a value add3 depending on weightand therrescale thdinal aggregation to
produce thefinal map.
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4.1.2 Principal Components Analysis

The second common approach is principal components analysis (PCA) and the allied method, factor
analysi8.In this approach, the indicators are not groupagriai into components of vulnerability, but

rather the statistical relationships among the indicators are used to group them according to similarity in
their spatial distributions. The idea is to break thelimensional (where n = the number of indicators)
cloud of relationships among the indicators into a smaller set of uncorrelated principal components
(PCs) that are linear combinations of the input variables. Because the PCs are uncorrelated, the scores
associated with each PC encapsulate a unique asp#w olverall socieecological vulnerability

represented by the original set of vulnerability indicators (Abson g2al?2).

The number of PCs is equal to the number of variables, but each successive PC explains less of the
overall total variationthus the main information can usually be meaningfully captured by a few leading
PCs. The developer needs to decide how many PCs to retain; a common method of component
selection, the Keiser criterion, suggests keeping all components with an eigenvalue (whighiigvith
other PCA statistics in common statistical packages) higher than 1. Eaistir®&preted as a &core,
though the directionality (whether positivescores represent high or low vulnerability) needs to be
tested against the underlying data.

One advantage of the PCA is that it can help to illuminate the statistical relationships among the
indicators used for a spatial VA. Each PC captures spatial covariance or correlation among the indicators
and different PCs reflect uncorrelated patterns.€lindicators with the highest loadings for a given PC

can be functionally grouped to describe that component. This allows the developer to identify where
different aspects of vulnerability are most intensely present. While the IPCC approach does allow
devdopment of component suindices, it does it on the basis of the theoretical rather than on

statistical relationships among the indicators. Thus, a PCA approach can be complementary to the
additive/averaging approach, providing additional information lioypmakersThat saidthere can be
challenges in explaining thencept ofprincipal components to stakeholders without much background

in statistics.

One of the first vulnerability indices to use this family of methods was the Social Vulnerability Inde
(SoVI) developed by Cutter et al. (2003) to measure the social component of vulnerability in the
absence of climate and other biophysical hazards. They selected a subset of 42 variables among those
collected by the U.S. Censiaireauand other governmenagencies that have been found to be highly
predictive of vulnerability, and used those in a factor analysis to reduce the dimensions of vulnerability
to 11 factors which are then averaged to produce an overall SoVI (F&uop). Social and socio

econonic vulnerability indices identified through PCA have been used in a number of contexts around
the world. Examples include the social susceptibility index (SSI) for German counties (Fekete, 2010)
(Figure8, bottom), an elderly social vulnerability index fémmaica (Crook2009), and a socio

economic vulnerability index for a climate change and health assessment of Brazilian states (Confalonieri
et al., 2009).

8  PCA is used to find optimal ways of combining variables into a small number of subsets, while factor analysis may be used
to identify the structure underlying such variables and to estimate scores to measure kttorsf These approaches are
particularly useful in situations where the dimensionality of data and its structural composition are not well known
(University of Wisconsinundateyl
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Abson et al. (2012) argue that the FIGURE 8. SOVI PER COUNTY, USA (TOP), AND

standard practice of averaging or SOCIAL SUSCEPTIBILIT Y INDEX PER COUNTY
summing indicator scores hides GERMANY (BO

T TOM)
important information regarding B
the relations between the original
variables. They created
vulnerability maps for southern
Africa based on PCA and
comparedthem to the ones
generated using the averaging
approach. Although the patterns
are broadly similar, they find that
the averaging approach reflected
patterns found in the individual
PCs, but thedtrade-offs between
different components of
vulnerability redced the
extremes. While PCA has many
strengths, since the components
are statistically derived rather thar
being based on theoretical
considerations, this study reveals
that it may be challenging to
attribute an intuitive meaning to a
specific PC (see ald-ekete, 2012
for a discussion of this point). For
example, their first PC, which they
term Opoverty a
vulnerability, o
infant mortality, poverty,
agricultural constraints, and
malnutrition.Their third PC,
termed Oi nobveryst
and population pressure

vulnerability, o

following indicators with high .. '
loadings: population per net Soctl Sevcaptiity Indes G551 Smacer 008 2000, 855200,
primary productivity, W o A 4 02

infrastructure poverty (a measure Valun ranges from 1840~ 1.8
of population divided by night time Source Hazards and Vulnerability Institute, 20p}, Fekete, 2010:
lights), and travel time to major 61 (bottom)

cities. Itis hard to make sense of

this except perhaps as a proxy for spatial isolation and population density.

de Sherbinin et a{2014) developed vulnerability maps for Mali using a number of data layers Mable
and aggregated them using both an averagipgpaph and PCA. For the averaging approach, each
indicator was normalized to ad00 score, and these were averaged first into components doubled
the weights forfour sensitivity indicators: child stunting, household wealth, infant mortality rate, and
poverty index by commune), and then the components were averaged to produce an overall
vulnerability index. The overall vulnerability maps are quite similar (F&yubait the individual IPCC
component and PC maps reveal different patterns (Fig@yeOn the top row of FigurelO, for
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exposure (left) the south to north gradient of temperature and precipitation (total and interannual
variation) is clearly evident. Sensitivity is more varied, shopaegets ofhigh sensitivity in theorthern

and northwesten areas of the country and in southeastern Mali (owimg@art to high infant mortality

rateg and less sensitiviground Bamako (the capital) aimdthe west and the east. Adaptive capacity
declines with distance from Bamakadother urban centersaswell asfrom the Niger River. For the

PCs (bottom row), PC1 largely comprises climate indicators and those that are strongly influenced by
climate, such as malaria and soil organic carbon, so it looks quite similar to the exposure component on
the row abowe. PC2 combines (in the order of their loadingspternaleducation, household wealth,
health infrastructure, and thpoverty index henceit can be straightforwardly interpreted as a measure
of household social vulnerabilityC3 includes$wo indicatorswith positive loadings, child stunting and
household wealthand two withnegative loadigs, the decadal component of precipitation and malaria
stability.Thiscomponentoverwhelminglys driven by child stuntingnd hence could be seen as a stand

in for child wellbeing and malnutritio®verall, the two approaches bring out differentaonation that

is complementaryand may help to understand spatial patterns of vulnerability that carsdiiifor

targeting interventions.

TABLE 1. INDICATORS UTILIZED BY COMPONENT OF VULNERA BILITY

Component ' Indicator Code Data Layer

Exposure PRCP Average annual precipitation
IACV Inter-annual coefficient of variation in precipitation
DCVAR Percentage oprecipitationvarianceexplained bydecadakcomponent
NDVICV Coefficient of variation ohormalized difference vegetation index

(NDVI) (198152006)

TTREND Longterm trend in temperature in JuAug-Sept. (19562009)
FLOOD Flood frequency

Sensitivity HHWL Household wealth
STNT Child stunting
IMR Infantmortality rate
POVI Poverty index by commune
CONF Conflict data for political violence
CARB Soil organic carbon or soil quality
MALA Malaria stability index

Adaptive EDMO Education level of mother

Capacity MARK Market accessibility (travéiime to major cities)
HEALTH Access to ommunity health centers
ANTH Anthropogenic biomes
IRRI Irrigated areas (area equipped for irrigation)

In summary, comparing spatial index approaches to PCA, the PCA appears to be a useful exploratory

tool as itpermits the developeto uncover spatial relationships between different components of

vulnerability and to avoid biasing the results of a purdljitave approach by the use of too many

components that sharthe same spatial patterns. It can also provide additional insight into the

vulnerability patterns and components. However, individual PCs, especially of higher order, are often

not easy to intepret. Moreover, Midgleypersonal communicafiargues in favor of the additive

approach on a conceptual basis, in the sense that each indicator may contribute separately to overall
vulnerability. For example, while child malnutrition gomberty levelanay covaryacross spageand

hence be collapsed intoone Pbatd oes not mean that they dondt cont
of people to cope with stressors.
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FIGURE 9. MALI VULNE RABILITY MAPS: AVERA GE OF IPCC COMPONENT S (LEFT)

AND OF FIRST FOUR PCS (RIGHT)
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4.1.3 Cluster Analysis

The third approach to aggregatios ¢luster analysi$n cluster analysis, the number of desired clusters is
identifieda prioriand units are assigned to clusters on the basis of their profiles across all indicators.
Thus, one cluster of units might have high poverty, low access to markets and healthuefrast and
high vulnerability to droughts, whereas another cluster might show the invéhseresulting map will
show patches of pixels with similar statistical profiles across the entire suite of indicAtovgith PCA,
some degree of interpretatiorsirequired to label the clusters (e.g., Kok et 2aD10).

4.1.4 Geons

A new approach to aggregation and regionalization is based on whaadrelce d o6 geonsd (Lang
2008. Kienberger et al. (2009) and subsequently Kienberger (28idknlocher et al. (2013), and

Kienberger et al. (2013a) have applied the concept of geons, which is an aggregation method for

modeling spatial units where similar (homogeneous) conditions apply with respect to a set of previously
defined sukindicators as wit as spatial heterogeneity. Using objbeised image analysis processing

softwareand approachefBlaschke2010), the geon approach takes information on the statistical

properties but also the location of units/cells in constructing geons (or objecks)s,Tbuilding out from

a core grouping, the objediased approach will preferentially assign neighboring cells to that geon if

their statistical and spatial properties are broa
many cetbased imag processing and statistical approach@&eons are also independent of any given

set of defined boundaries, as for example administrative boundaries, which are commonly used as

reference units in the construction of composite indicators. In hotspots mappiata can also be

provided on the proportional contribution of different components or indicators to the hotspots

identified (e.g., see example for a cumulative climate change index in Eigui¢hile this approach has

many strengths, it has yet to beidely adopted, perhaps because of the requirements for special

software (e.g., eCognition) and data processing and analysis skills.

FIGURE 11. CUMULATIVE CLIMATE C HANGE INDEX IN  WEST AFRICA
(BASED ON THE AGGREG ATION OF A SET OF FO UR CLIMATE -/HAZARD -RELATED
SUB-INDICATORS, TEMPERAT URE, PRECIPITATION, DROUGHT, AND FLOODING)

Source: Hagenlocher e2@12, reprinted with permission
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