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Abstract
Maps synthesizing climate, biophysical and socioeconomic data have become part of the

standard tool-kit for communicating the risks of climate change to society. Vulnerability

maps are used to direct attention to geographic areas where impacts on society are

expected to be greatest and that may therefore require adaptation interventions. Under

the Green Climate Fund and other bilateral climate adaptation funding mechanisms,

donors are investing billions of dollars of adaptation funds, often with guidance from

modeling results, visualized and communicated through maps and spatial decision sup-

port tools. This paper presents the results of a systematic review of 84 studies that map

social vulnerability to climate impacts. These assessments are compiled by interdisciplin-

ary teams of researchers, spanmany regions, range in scale from local to global, and vary

in terms of frameworks, data, methods, and thematic foci. The goal is to identify com-

mon approaches to mapping, evaluate their strengths and limitations, and offer recom-

mendations and future directions for the field. The systematic review finds some

convergence around common frameworks developed by the Intergovernmental Panel on

Climate Change, frequent use of linear index aggregation, and common approaches to

the selection and use of climate and socioeconomic data. Further, it identifies limitations

such as a lack of future climate and socioeconomic projections in many studies, insuffi-

cient characterization of uncertainty, challenges in map validation, and insufficient

engagement with policy audiences for those studies that purport to be policy relevant.

Finally, it provides recommendations for addressing the identified shortcomings.

This article is categorized under:
Vulnerability and Adaptation to Climate Change > Values-Based Approach to

Vulnerability and Adaptation
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1 | INTRODUCTION

With the advent of the Green Climate Fund and other bilateral climate adaptation funding mechanisms, donors are directing bil-
lions of dollars of adaptation funds toward high need areas based on climate vulnerability assessments, including climate vulnera-
bility maps (Klein, 2009; Muccione, Allen, Huggel, & Birkmann, 2016). The United Nations Environment Programme's
(UNEP) Research on Climate Change Vulnerability, Impacts and Adaptation (PROVIA), a comprehensive effort to assess the
state of vulnerability assessment for adaptation planning, states explicitly that measuring and mapping vulnerability is a top
research priority (PROVIA, 2013). Maps have been used to identify areas of social vulnerability to climate hazards such as flood,
drought, and sea level rise (Islam et al., 2013; Lam, Qiang, Arenas, Brito, & Liu, 2015; Notenbaert, Massawe, & Herrero, 2010)
and health impacts such as malaria (Hagenlocher & Castro, 2015), dengue (Dickin, Schuster-Wallace, & Elliott, 2013), extreme
heat (Reid et al., 2009; Weber, Sadoff, Zell, & de Sherbinin, 2015), and food insecurity (Kok et al., 2010; Thornton et al., 2008;
van Wesenbeeck, Sonneveld, & Voortman, 2016) (Figure 1). End users have found the information contained in vulnerability
maps useful for planning adaptation assistance (de Sherbinin, Apotsos, & Chevrier, 2017), understanding the underlying factors
contributing to vulnerability (Preston, Brooke, Measham, Smith, & Gorddard, 2009), emergency response and disaster planning
(Blaikie, Cannon, Davis, & Wisner, 1994), risk communication and informing risk-reduction decision-making (Edwards,
Gustafsson, & Naslund-Landenmark, 2007; Patt, Klein, & de la Vega-Leinert, 2005), and land use management (UNDP, 2010).
Given the research and policy priority given to mapping vulnerability, it is imperative to develop a better understanding of suit-
able approaches to vulnerability mapping across a range of scales, regions, climate hazards, and thematic foci.

Several literature reviews exist in allied areas. For example, Preston, Yuen, and Westaway (2011) reviewed the state of cli-
mate vulnerability mapping up until 2010 based on a sample of 45 studies that, contrary to this paper's focus on social vulnera-
bility, included the vulnerability of economic sectors and ecosystems. de Sherbinin (2013) examined 15 global and nine
regional hotspots mapping studies—including some derived purely from climate model outputs and others using process-
based models to understand water or food system impacts—to identify common issues in underlying approaches and regions
at risk from the most severe climate impacts. Kienberger, Blaschke, and Zaidi (2013) evaluated 20 mapping studies in respect
to their treatment of scale, time periods covered, vulnerability and hazard focus, methods, and map products. Gall, Nguyen,
and Cutter (2015), based on a review of 1,006 journal articles, evaluated the degree to which disaster risk research is truly inte-
grated across scales, stakeholders, knowledge domains, disciplines, and methods. Rufat, Tate, Burton, and Maroof (2015) ana-
lyzed 67 flood disaster case studies with regard to measurement approaches for social vulnerability to floods. Rasanen et al.
(2016) evaluated 125 climate vulnerability studies to identify interacting factors that affect vulnerability. And finally,
Jurgilevich, Räsänen, Groundstroem, and Juhola (2017) reviewed 42 sub-national climate risk and vulnerability assessments
to assess the degree to which changes over time (dynamics) were incorporated. While all of these studies have made valuable
contributions to our understanding of vulnerability mapping and interdisciplinary research, there remains a need for a compre-
hensive and systematic review of the state of the art in mapping social vulnerability to climate change.

To bridge this gap, we systematically assessed 84 vulnerability mapping studies with the goal of encouraging further meth-
odological refinement and identifying outstanding examples that could help to guide future work in this area. This study has
three objectives: (a) characterize current practices in climate vulnerability mapping, (b) identify best practices and limitations,
and (c) provide recommendations that chart the way forward for future efforts. This paper is organized as follows. The next
section reviews the methods employed. This is followed by a characterization of the studies, a review of the current state of
practice, and assessment of policy relevance. The last section points to future directions for research and practice followed by
brief conclusions.

2 | MATERIALS, METHODS AND DATA

The systematic review of vulnerability mapping case studies presented here draws on meta-analytical and synthesis methods
(Berrang-Ford, Pearce, & Ford, 2015; Magliocca et al., 2015; Qin & Grigsby, 2016). This included the development of study
selection criteria, a standardized vulnerability mapping evaluation protocol, and a thematic coding scheme.

We adopt a broad definition of vulnerability, which is the degree to which a system or population is likely to experience
harm due to exposure to perturbations or stress (Turner et al., 2003). For our selection criteria, studies had to include both cli-
mate hazard (or exposure) and differential social vulnerability. Climate hazard could be represented by past, present, or future
climate variability, extremes, and change (trends or delta), and in some instances the hazard could be a function of climate
extremes in combination with other factors such as land use changes that increase susceptibility to, for example, floods and
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landslides. Social vulnerability, on the other hand, had to account for socioeconomic characteristics or institutional dimensions
affecting the susceptibility of certain populations to climate change impacts and related risks (i.e., differential vulnerability)
(Soares, Gagnon, & Doherty, 2012), and not simply population exposure, since exposure alone is generally insufficient to
explain outcomes. Figure 2 shows the mapping case study selection criteria applied in this project.

Mapping studies that met the aforementioned criteria were further screened for the following considerations: vulnerability
assessment portrayed in cartographic form; mapping units based on subnational ecological/administrative units or grid cells;

FIGURE 1 Examples of vulnerability maps at different scales and for different purposes
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and publication after the Intergovernmental Panel on Climate Change (IPCC) fourth assessment report (AR4) public release
(2007 and onwards). Because important literature in this area is in the form of reports to development agencies, we also
reviewed policy reports, white papers, dissertations, and books/atlases in addition to peer-reviewed journal articles. In cases
where vulnerability assessments were published in more than one format (e.g., report and peer-reviewed journal publication),
all publications were treated collectively as a singular study.

As shown in Figure 2, we excluded studies that considered only the aggregate exposure of populations to climate hazards or
that addressed social vulnerability without reference to climate impacts. We also excluded process-based modeling efforts that
used climate model outputs for crop, hydrological or other studies relating to the vulnerability of biophysical systems. We chose
to limit our research to English language literature since it is the dominant language of international science. We began with a
sample of 54 studies identified by the co-authors that met the above criteria. To ensure that we did not miss potentially relevant
studies, we also conducted searches on Google Scholar and the Web of Science using combinations of the keywords “vulnerabil-
ity mapping,” “climate change,” and “social vulnerability” (restricting searches to studies published after January 2007).

Table 1 shows that depending on the combination of terms used, the two search engines yielded results ranging from
129 to more than 10,000 entries. Owing to our interest in including gray literature such as reports produced by or for develop-
ment agencies, we chose to use Google Scholar, focusing on the combination of the three search terms (Table 1, row 3). In
keeping with Haddaway, Collins, Coughlin, and Kirk's (2015) recommendation related to finding gray literature in Google
Scholar searches, we examined a total of 500 search results sorted by relevance, and then evaluated the studies individually.
Only studies that fully met our criteria were retained for the final analysis—a process that yielded 30 additional studies. In
total, our sample included 84 studies covering a range of geographic regions, thematic areas, and spatial scales (see Supporting
Information for details on the search methods, and Table S1 for the full list). The final sample comprised 62 journal articles,
18 reports, two white papers, one book chapter, and one dissertation. While our search may have missed some potentially rele-
vant literature, we feel that the sample is sufficiently large and representative to be able to assess the current state of the art.

To develop the evaluation protocol, we collated available guidance regarding vulnerability assessment and mapping as well
as the mapping of information for communication and decision-support (BMZ, 2014; de Sherbinin, 2014; Fussel 2007; Pres-
ton et al., 2011). The criteria included aspects such as clear identification of the external hazard and valued attributes of the
socioeconomic system, a sound conceptual framework, evaluation of data layers, testing of alternative integration and aggre-
gation schemes, proper selection and use of climatic data, sensitivity analysis, communication of study limitations and uncer-
tainty, input data citation, and adherence to basic cartographic conventions. The authors and four additional experts (see
acknowledgments) then qualitatively examined the selected vulnerability mapping studies to benchmark the state of practice.
Additional fields were included for thematic coding, such as disciplines of authors, region, and spatial extent. The evaluation
protocol and thematic coding scheme were developed and implemented in Google Forms (see SOM Box S1 for the full list of
fields and response options). While only the 84 studies published during the decade from 2007 to 2016 formed the basis for
our statistical characterization of the literature (Section 3), more recent studies are used to illustrate good vulnerability map-
ping practice.

FIGURE 2 Studies selection criteria for the vulnerability
mapping systematic review
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Initially, at least two coders reviewed each study. The evaluation criteria ranged from objectively verifiable observations to
items that required some degree of subjective interpretation by the expert coders. In order to harmonize the coding for these
subjective items, the authors met at a workshop in May 2017 and individual coders resolved differences through a re-review
of the case studies.

3 | RESULTS

3.1 | Characteristics of the studies

3.1.1 | Geographic coverage

Our sample covered a wide range of geographic regions (Figure 3 and Table S1). Only five studies were global in scope. Of
the nonglobal studies, 35% were situated in Africa, a continent identified in the literature as particularly vulnerable to climate
change (Niang et al., 2015), while 20% each were in Asia and North America, followed by Europe (15%), Oceania (5%), and
South America (3.8%). In terms of country coverage, many studies are focused on the United States (10), followed by Ger-
many (5), Australia, India, and Nigeria (4 each). Some bias in regional coverage may have been introduced by the restriction
to English-language literature.

3.1.2 | Top journals

The top five publication outlets of the sampled climate vulnerability assessments were Natural Hazards (8 studies), Climatic
Change (6), Applied Geography (5), Global Environmental Change (3), and Natural Hazards and Earth System Sciences (3).
The studies appear in a total of 38 different journals, with a strong representation of geography, health and interdisciplinary
journals focusing on climate change or natural hazards.

3.1.3 | Level of analysis

The level of analysis varied widely, and a few studies used multiple levels. The majority of studies in our sample were focused
on local areas (e.g., watersheds or municipalities) (26 studies). The remainder bounded their mapping at global (6), continental
(5), regional (10), national (19), and subnational (e.g., state or provincial) (18) levels (Table S1). Whatever the level, all

TABLE 1 Search results using online search engines: The web of science and Google scholar (June 2016)

Search keywords Web of science Google scholar

“Vulnerability mapping” 10,087 >4,000

“Vulnerability mapping,” “climate change” 639 2,100

“Vulnerability mapping,” “climate change,” “social vulnerability” 129 547

FIGURE 3 Studies by continent, level of analysis, and discipline
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studies examined units within those bounding areas, either using natural/administrative units or grids (see scale of analysis
below). Abson, Dougill, and Stringer (2012) used two different bounding boxes—one for all of southern Africa and another
for just its dryland areas—to illustrate the dependency of results on the choice of bounding box.

3.1.4 | Study goals

Authors cited a number of purposes for undertaking vulnerability mapping, and most studies cited more than one. Hotspots
identification was the primary purpose of many studies (57 total), followed by adaptation targeting (37), methodological
refinement (34), disaster risk reduction (34), spatial/development planning (21), strategic planning (12), baseline assessment
(11), advocacy (6), and monitoring and evaluation (2).

3.1.5 | Valued attributes

The studies in our sample cited a variety of valued attributes (i.e., the system or thing that may be harmed or lost owing to cli-
mate impacts) with most addressing more than one. Health was pre-eminent among them (35 total; heat-stress and nutrition
led the list), followed by social impacts (33 total; poverty and demographic change were most often the focus), livelihood
impacts (31 total; especially agricultural livelihoods), economic impacts (20 total; especially assets), and ecosystems as they
relate to human wellbeing (5).

3.2 | The state of practice

Here we assess the studies in terms of interdisciplinarity, vulnerability framing, indicators and aggregation approaches, data
and projections, and treatment of uncertainty.

3.2.1 | Interdisciplinarity

The field of vulnerability mapping is highly interdisciplinary; out of 80 studies with multi-authorship, 57 (71%) had authors
from two or more fields of study. Geographers were disproportionately represented in our sample, with 45% of lead authors
from that discipline (Figure 3), followed by earth and environmental science (14%), economics (10%), agronomy and engi-
neering (6% each), and a smattering of other disciplines. The disciplinary background of the authors appears to influence the
degree to which the climatic exposure versus social vulnerability aspects were emphasized in the study. In some studies, the
social vulnerability aspects were developed in great detail, but climate exposure metrics were weak (e.g., Kienberger et al.,
2013; Lawal & Arokoyu, 2015; Udoh, 2015). In other studies, the opposite was the case (e.g., Kim, Park, Yoo, & Kim, 2015;
Piontek et al., 2014). By contrast, a team comprised of two geographers, two climate scientists, a forester, a political scientist
and a statistician were able to address the social, institutional, biophysical and climate (including projected climate parameters)
dimensions of vulnerability (de Sherbinin et al., 2014), and similar interdisciplinary teams and approaches characterized other
studies (Acosta et al., 2013; Heaton et al., 2014; Hebb and Mortsch 2007; Lopez-Carr et al., 2014).

3.2.2 | Vulnerability framing

Close to 60% of the studies draw on the framings of vulnerability and risk developed by the IPCC Working Group II across
several assessment reports. The IPCC Third Assessment Report (TAR) and AR4 vulnerability frameworks (McCarthy, Can-
ziani, Leary, Dokken, & White, 2001 and Parry et al., 2007, respectively) identify vulnerability as a function of exposure to
climate hazards, on the one hand, and the sensitivity and adaptive capacity of the system or society on the other. In 2012, the
IPCC Special Report on Extremes (IPCC, 2012) introduced a risk framework, also adopted by the Fifth Assessment Report
(AR5) (Oppenheimer et al., 2014), which distinguished between exposure and vulnerability, the latter combining the sensitiv-
ity and adaptive capacity elements of the earlier frameworks. The “vulnerability” element in this risk framing thus represents
social vulnerability or other types of vulnerability (e.g., ecosystems or infrastructure), depending on the study. Some argue that
this more clearly separates out the climatological/hazard elements from the system being exposed (Cardona et al., 2012).
While both risk and vulnerability framings may include social vulnerability, risk management tends to focus on the probability
distributions of extreme weather events and long term trends of certain magnitudes, which is vital for disaster preparedness
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and infrastructure construction, whereas vulnerability assessments tend to emphasize underlying factors that put people and
infrastructure at risk (de Sherbinin, 2014).

Of the studies in our sample, one-third used the IPCC AR4 vulnerability framework (Parry et al., 2007), 17% utilized the very
similar IPCC Third Assessment Report (TAR) vulnerability framework (McCarthy et al., 2001), and 10% utilized different risk
frameworks, including the AR5 risk framework. The only studies in our sample that explicitly adapted the SREX framework
were Kienberger and Hagenlocher (2014), Hagenlocher and Castro (2015), and de Sherbinin et al. (2014). A number of studies
mapped risk more broadly (Aubrecht & Özceylan, 2013; Carrão, Naumann, & Barbosa, 2016; Johnson, Wilson, & Luber, 2009;
Poompavai & Ramalingam, 2013; Scheuer, Haase, & Meyer, 2011). Another 3.5% used livelihood frameworks (Carney, 1998),
and 36.5% used a variety of custom or derivative framings. For example, some studies (e.g., Behanzin, Thiel, Szarzynski, &
Boko, 2016; Papathoma-Köhle, Neuhäuser, Ratzinger, Wenzel, & Dominey-Howes, 2007) developed their own vulnerability
framing, or adapted frameworks developed by others (e.g., Fekete, 2009; Wang & Yarnal, 2012).

Whatever the choice of framework, it needs to be “fit for purpose” in terms of illuminating the features of interest in the
complex coupled human-environment system. At a minimum, any quantitative vulnerability assessment requires definition of
the system of analysis (what is vulnerable?), the valued attributes of concern (why are they important?) (Figure 4), the external
hazard (to what is the system vulnerable?), and a temporal reference (when?) (Füssel, 2007). Preston et al. (2009) also note
that when vulnerability mappers engage with stakeholders, including decision-makers, the framing must take into account
their needs and desired outcomes. Participation of end users can ensure that the choice of framework and subsequent assess-
ment process meets users' needs and increases the usability of map products.

3.2.3 | Nonclimate indicators

In general, authors relied upon census or survey data for socioeconomic indicators as proxies for sensitivity and adaptive
capacity (Hinkel, 2011), and only rarely collected data (e.g., Kienberger, 2012). Common proxies for social vulnerability
included age, race, income, and education, which are readily available parameters. Rarely were outcome measures such as
malnutrition, body mass index, or morbidity employed (e.g., de Sherbinin, Chai-Onn, Jaiteh, et al., 2014; van Wesenbeeck
et al., 2016). Furthermore, papers varied in their consideration of past literature to identify relevant drivers of vulnerability; for
example, Tapia et al. (2017) conducted an exhaustive literature review of 150 studies to identify climate impact chains in
European cities and to select indicators of vulnerability across multiple exposure types. Nonclimate biophysical indicators
included land use and land cover (50% of studies), geographic proximity to physical features (e.g., coasts, rivers, roads)
(38%), or vegetation types (26%), soil (19%), and topography (12%) (Figure 5). In a survey of 125 vulnerability studies,
Rasanen et al. (2016) found that only 28% of them considered exposure to nonclimatic stressors, such as economic downturn
or health crises, in addition to climatic stressors. In our sample there were no examples of the inclusion of nonclimate
stressors.

FIGURE 4 Summary of the studies in terms of (a) method of spatial analysis, (b) valued attribute, and (c) aggregation method
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Fekete (2012) notes common problems of socioeconomic data include measurement errors, biased samples, geographic
gaps, missing values, infrequency of updates, data decay and appropriate normalization. To obtain more frequently updated
socioeconomic parameters, there are growing efforts to use remotely-sensed proxies for poverty, such as housing structure in
slums (Ebert, Kerle, & Stein, 2008) or “nightlights poverty” (Davies, Midgley, & Chesterman, 2010), as well as for other
parameters (de Sherbinin et al., 2015). None of the studies in our sample used other nontraditional data sources such as cell-
phone call detail records and recharge rates or geo-located social media, though these data sources are showing increasing
promise for mapping daily mobility patterns related to hazard exposure as well as vulnerability (Yu, Yang, & Li, 2018). For
example, it has been shown that frequent small-increment top-ups on cell phone plans signal real-time reductions in household
income that can be linked to increased vulnerability (Steele et al., 2017), and lighting as observed from satellite night time
lights is similarly linked to wellbeing (Ghosh, Anderson, Elvidge, & Sutton, 2013).

3.2.4 | Climate-related parameters and projections

The climatic variables and climate-related processes and phenomena of greatest interest included temperature and precipitation
(48% of studies each), flood (44%), drought (21%), sea level rise (13%), cyclones (12%), storm surge (10%), heatwaves (7%),
coastal or riparian erosion (6%), bushfires (6%), and landslides (6%) (Figure 5). Among 31 papers that incorporated climate
data, 35% incorporated long-term climatic averages, followed by daily data (32%), monthly and annual data (13% each), and
seasonal parameters (6%).

Most vulnerability mapping studies focused on the present-day climate or recent past (Jurgilevich et al., 2017). Thirty-one
studies (36%) included future projections, and of these 70% used climate projections but no socio-economic projections; 17%
included both climate and socio-economic projections; 6.5% employed socioeconomic projections only; and 6.5% used scenarios
of sea level rise. For those that did utilize future climate projections, 38% had ensemble scenarios (multi-model, multi-scenario)
based on the mean values (e.g., Filho, Lapola, Torres, & Lemos, 2016; Thornton et al., 2008; Torres, Lapola, Marengo, &
Lombardo, 2012), whereas the remainder used one model, a practice generally discouraged by the climate science community
(Knutti et al., 2010). For example, the European Spatial Planning Observation Network (ESPON) Climate report used only one
model and one scenario: the COSMO Climate Limited-area Modeling (CCLM) and the special report on emissions scenarios
(SRES) A1B (ESPON, 2013). Several other studies also used only the SRES A1B scenario (Busby, Cook, Vizy, Smith, &

FIGURE 5 Summary of the
studies, clockwise from upper left,
in terms of (a) timeframes of
analysis (%), (b) temporal nature
of the climate parameters
considered (%), (c) spatial data
layers or parameters considered
(no.), and (d) climate-related
phenomena or parameters
considered (no.)
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Bekalo, 2014; Corobov, Sirodoev, Koeppel, Denisov, & Sirodoev, 2013; Holsten & Kropp, 2012; Lissner, Holsten, Walther, &
Kropp, 2012). The use of single models with one scenario makes it difficult to characterize uncertainty (see below). In our sam-
ple, only Liu et al. (2008), Müller, Waha, Bondeau, and Heinke (2014), and de Sherbinin, Chai-Onn, Jaiteh, et al. (2014) used
multiple scenarios with confidence intervals bounding the results. A more recent study (Mani, Bandyopadhyay, Chonabayashi,
Markandya, & Mosier, 2018) used 11 GCMs, selected on their ability to reproduce past climate, to project climate changes over
South Asia, and a few other studies in our sample (e.g., Busby et al., 2014; Preston et al., 2008; Torres et al., 2012) approach best
practices by employing state-of-the-art modeling of future climate.

In terms of downscaling, 11% of the studies used coarse spatial resolution (0.5 to 1�) global climate models (GCMs), 7%
used downscaling—dynamical (1) or statistical (5)—and 6% used regional climate models (RCMs) at moderate to fine spatial
resolution. The appropriateness of GCMs for local-level assessments is a matter of debate; for broader continental-scale stud-
ies these may be sufficient, but for any smaller regions or areas with significant topography, it is generally desirable to use
downscaled climate projections or RCMs (Trzaska & Schnarr, 2014). While GCMs may not adequately represent local cli-
matic conditions, the uncertainty introduced by different downscaling methods needs to be taken into consideration (Barsugli
et al., 2013).

3.2.5 | Aggregation methods

The sample of case studies presented a variety of methods for data analysis and aggregation, with index construction being the
most common. Sixty-one percent of the studies produced a vulnerability index with sub-components (i.e., hierarchical
models), whereas 14% developed indices without components, 11% produced components but no overall index, and 5% fea-
tured separate indicators (or variables) without indices. An index was calculated for 2% of studies but without presentation of
the components. Only 7% had no index or indicator construction (Figure 4), being based on overlay, cluster or regression
analysis.

Fifty percent of studies relied on linear aggregation for index construction, 62% of which used weighting based on expert
input or judgment of the researchers on the relative importance of indicators. Data reduction strategies appeared in 21% of
studies, generally using principal components analysis (PCA) and subsequent linear aggregation. Other, less common, aggre-
gation schemes included cluster analysis (3.5%), spatial regression modeling (7%), geometric mean (7%), and geon or spatial
segmentation (5%). Five studies had insufficient methods description to determine the approach used, a major shortcoming. In
some cases (e.g., Baum et al., 2009), PCA was used for the construction of a social vulnerability index, after which linear
aggregation was used with the remaining indicators.

The statistics of index construction and the many alternative ways of constructing indices are the subject of a growing liter-
ature (Becker, Saisana, Paruolo, & Vandecasteele, 2017; Greco, Ishizaka, Tasiou, & Torrisil, 2018; Nardo et al., 2005; Rec-
kien, 2018; Rufat et al., 2015; Tate, 2012), and issues at each stage of construction—the choice of indicators, analysis scale,
measurement errors, transformation, normalization, factor retention (in PCA), and weighting—all influence results (Tate,
2012). Much of the work in our case studies sample simply adapted methods or approaches from prior vulnerability mapping
work, resulting in derivative approaches applied to new regions. Statistical best practices, such as uncertainty ana-
lysis/sensitivity analysis or validation (below), are underutilized. Exceptions included Mainali and Pricope (2017) and de
Sherbinin, Chai-Onn, Jaiteh, et al. (2014), both of which compared results from linear aggregation and PCA and conducted
sensitivity analyses. Many of the studies displayed scant awareness of the statistical implications of their index construction
methods (e.g., issues of compensability or co-linearity in linear aggregation), a general failing across many studies of social
vulnerability (Tate, 2012). By contrast, Holsten and Kropp (2012) show a keen awareness of the limitations of different aggre-
gation approaches and clearly describe an approach to address system-specific linkages between sensitivity and exposure vari-
ables along four dimensions: physical (built infrastructure), social, environmental, and economic.

3.2.6 | Scale of analysis

The choice of bounding box (level of analysis) and spatial unit of analysis are important, and have ramifications for the
approach to data integration (given multiple formats and scales of data inputs) and the statistical properties of the inputs and
outputs. A more complete review of scale issues in data integration are found in Fekete, Damm, and Birkmann (2010),
Kienberger et al. (2013), and de Sherbinin (2014 and 2016). Fifty-five percent of our studies used administrative units,
followed by grid cells (40%), and geons (2%). One study each used natural units or parcel/property.
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Ideally, the choice of spatial unit would be determined by the scale of action (Cao & Lam, 1997), that is, the scale at which
variation in vulnerability is best observed or at which decisions need to be made. All too often the choice of common scale for
data integration is pragmatically dictated by the measurement scale of available and accessible data—which could be the
coarsest or finest resolution data set—rather than the operational scale. While coarser resolution data sets can be resampled,
that does not change the underlying or nominal scale. For example, climate projections may have grid cell sizes of 0.5 to 1�,
and may be resampled at higher resolution to integrate with higher resolution data, but the result is blocks of rasters with the
same values. Few studies addressed the implications of their level or unit of analysis on their results; one that did, Abson et al.
(2012), found that results depended heavily on how the bounding box was drawn.

3.2.7 | Treatment of uncertainty

It is widely accepted that uncertainty levels are high in studies of climate vulnerability, especially at the science-policy inter-
face (Kunreuther et al., 2014). This is partly a function of the diverse data streams from social and natural sciences that are
used to construct vulnerability maps, and the uncertainties that are contained in each type, and partly due to the emergent
nature of vulnerability arising out of complex coupled systems (Holling, 2001; Soares et al., 2012) which forces developers to
use indicators as proxies (indirect measures) of the phenomenon (e.g., likely or potential harm from impacts) of interest
(Hinkel, 2011). Uncertainties are compounded when projections are used. Uncertainty results from lack of precision or accu-
racy in the measurement of the climatic, natural or socioeconomic variables that contribute to vulnerability, which in turn may
be due to a host of factors such as poor instrumentation, systematic biases (sampling or model biases), and spatial interpolation
of data between measurement points, all of which contribute to both systematic and random error. Table 2 presents examples
of spatial, temporal, and attribute uncertainties that may be present in different types of geospatial data.

Uncertainty can be affected by data processing decisions made throughout the vulnerability mapping process, such as
inclusion/exclusion of datasets, imputation of missing values (or lack thereof), spatial interpolation of data (to fill gaps), data
normalization or scaling and the choice of weighting and aggregation schemes (Nardo et al., 2005). Only 40% of studies
addressed uncertainty, with 20% providing textual discussion only, 18% providing additional quantitative assessment, and 3%
presenting maps representing uncertainty levels of one or more variables (de Sherbinin, Chai-Onn, Jaiteh, et al., 2014; Filho
et al., 2016; Lüdeke et al., 2014). McCusker, Essam, and Conley (2016) mapped standard error and limited mapping to those
regions of Niger where the results had the highest certainty level (p < = 0.05). Because the vulnerability surfaces were derived
from household surveys rather than proxy variables, such a treatment of uncertainty was possible, though it resulted in gaps in
reported data for regions where uncertainties were highest. This underscores an issue in vulnerability mapping: it is far easier
to assess uncertainty for key input variables than it is to assess the uncertainty in multi-dimensional emergent phenomena such
as vulnerability.

Many studies do not address uncertainty at all. Those that do most often lack any quantification of uncertainty, or discuss
the implications of the uncertainty for decision makers. Even fewer studies (11%) quantify the individual source of uncertainty
introduced by analytical decisions, data sources, and so forth, with regard to the output/model variance (so-called sensitivity
analysis) (Saisana, Saltelli, & Tarantola, 2005). The paucity in uncertainty and/or sensitivity analysis is most prevalent with
regard to socioeconomic models or the combination of biophysical and socioeconomic data.

Uncertainty estimates are especially important when variables at differing scales are collected and overlaid for interpreta-
tion. The issue of error induced with the introduction of each variable can quickly render an analysis little more than “guess-
work” if error is not mapped or in some other way accounted for, yet only 18% of studies discussed here provided any
quantitative assessment of error and only 2% mapped error. Even when systematic measurement of uncertainty is not possible,
authors would do well to acknowledge data issues that contribute to uncertainty, including spatial variation in uncertainty,
owing to factors such as the density of measurement points (or input unit size), sampling errors in demographic data, and data
quality issues across jurisdictions (de Sherbinin & Bardy, 2016). Preston et al. (2011) summarized the issue well when they
stated that the failure to address uncertainty “often results in questions regarding the validity, accuracy and precision of vulner-
ability maps, or, in other words, whether maps themselves represent sufficiently robust visions of vulnerability to guide stake-
holders regarding the potential for harm.”

3.2.8 | Data citation

Vulnerability mapping is data-intensive. Disclosure of all data inputs, data processing, as well as assessment of data deficien-
cies, is important for the validity of results, understanding uncertainties and replication by others (Parsons, Duerr, & Minster,
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2010). Fifty-five percent of studies provided only partial information on data inputs (e.g., through acronyms in a table of data
inputs), and 8% omitted references entirely. All other studies followed best practice by providing full citations with URLs
wherever possible or, better yet, full metadata on layers used.

3.2.9 | The Map

Given the centrality of “the map” in vulnerability mapping, there is much room for improvement in map design and adherence
to cartographic conventions. In the reviewed studies, maps are often too small, or suffer from common cartographic pitfalls
such as poor color schemes and inadequate attention to color-blind readers (Brewer, 1994), overcrowding, and lack of spatial
reference information (major rivers, roads or settlements). Some of the cartographic limitations may stem from restrictions on
figure sizes imposed by journals. Still, given the amount of analysis required to get to the point of producing maps, lack of
attention to barriers that arise from poor cartography and risk communication means that many studies that desire to influence
policy may fall short of their goal.

3.3 | Policy relevance

Most studies claimed to be policy relevant and emphasized the importance of vulnerability mapping to adaptation planning,
but very few studies provided specific policy recommendations or engaged with policy makers and other stakeholders to frame
the primary research questions or to assess outcomes.1 Stakeholder engagement can ensure a diversity of perspectives shape
the development of resulting maps, increasing the perceived legitimacy of results (de Sherbinin et al., 2017). Such engagement
requires working relationships and demands additional forms of inquiry such as interviews with stakeholders or follow-up
research investigating the utility of the maps. Given the claims of policy relevance by many studies, it is worthwhile exploring
the uptake of study results to gauge the transfer of research to practice as well as the efficacy of climate vulnerability maps.

While many studies were academic in nature, and thus not geared toward policy makers, those that claimed policy
relevance often fell short of best practice. For example, several studies lacked specificity regarding the valued attribute or the
climate hazard of focus (e.g., Acosta et al., 2013; Chakraborty & Joshi, 2014; Hutton et al., 2011). Depending on the
decision-maker and the intended usage, vaguely defined maps of “vulnerable populations” are unlikely to lead to concrete pol-
icy or implementation responses. Similarly, researchers often chose a multi-hazard approach to social vulnerability index
development (e.g., Busby et al., 2014; Chakraborty & Joshi, 2014; Yusuf & Francisco, 2009). When it comes to implementa-
tion decisions, multi-hazard approaches with overly broad definitions of social vulnerability provide limited guidance com-
pared to more hazard-specific vulnerability maps (e.g., vulnerability to flood, drought, heat stress, or cyclones), though they
can be effective for resource prioritization or risk communication to broader audiences. About one-quarter of our sample pro-
vided insufficient detail on either the system, sector or people group at risk or the specific hazard, suggesting that they may be
less useful to policy audiences.

Similarly, the chosen spatial scale of maps should match that of the decisions for which they are likely relevant or useful.
For example, in addition to providing gridded maps showing spatial variation in vulnerability, policy makers may be interested
in results aggregated to and/or ranked by administrative units (e.g., rank position of average index scores), but this is rarely

TABLE 2 Categories and components of uncertainty in geospatial data (after MacEachren et al., 2005)

Category

Components

Space Time Attributes

Accuracy/error Coordinates, buildings ± 1 day Counts, magnitudes

Precision 1� Once per day Nearest 1,000

Lineage Geographic sources/transforms Time sources/transforms Attribute sources/transforms

Consistency From/for a place 5 say Monday, 2 say Tuesday Multiple classifiers

Currency/timing Age of maps C = Tpresent - Tinfo Census data

Credibility Knowledge of place Reliability of model U.S. analyst vs. informant

Accuracy/error: difference between observation and reality; Precision: exactness of measurement; Lineage: conduit or processes through which information has passed;
Consistency: extent to which information components agree; Currency/timing: time span from occurrence through information collection to use; Credibility: reliability
of information source.
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done (exceptions include de Sherbinin et al., 2017, Figure S1). In addition, many studies—particularly those covering large
spatial extents—did not contextualize the results by elaborating on climate impacts on sectors, systems or groups. While such
maps can be useful for general risk communication, their utility for decision making is limited. Without context or stakeholder
engagement, maps may become an end in themselves, rather than an entry point for discussion or “boundary object” for dis-
cussion among stakeholders (de Sherbinin et al., 2017, Preston et al., 2011).

Only a few studies directly worked with decision makers (e.g., Collins et al., 2013; de Sherbinin, Chai-Onn, Jaiteh, et al.,
2014; Kienberger, 2012; Lindley et al., 2011; McCusker et al., 2016; Preston et al., 2009; Roy & Blaschke, 2015; Weber
et al., 2015). These studies generally found that the co-production of knowledge was important to the success of the project.
The majority of studies were academic exercises driven by intellectual curiosity or methodological development. While this
may be a function of research objectives or funding source requirements, lack of engagement with stakeholders may also stem
from the fact that the co-production of knowledge takes time and a commitment to process (Meadow et al., 2015). This
includes listening to concerns, joint problem identification and design of the analytical framework, choice of weighting
schemes, interpretation of the map products, communication of uncertainty, and design of adaptation interventions. Praxis
related activities often require a different skill set than the geospatial data integration and statistical skills possessed by most
vulnerability mappers, but they can be learned (Start & Hovland, 2004).

4 | RECOMMENDATIONS AND FUTURE DIRECTIONS

During the workshop, expert participants were asked to present and defend their choice of their top two mapping studies (see
SOM Table S2), and time was set aside to discuss lessons from the identified studies that could inform mapping practice. The
following is a distillation of recommendations and future directions for vulnerability mapping.

4.1 | Improved cartography and decision support tools

As mentioned above, mapping conventions were not uniformly followed in the studies. Vulnerability mappers would do well
to interact with decision makers to ensure that their map results can be easily understood by nontechnical audiences
(de Sherbinin et al., 2017; Ishikawa, Barnston, Kastens, Louchouarn, & Ropelweski, 2005), as well as data scientists, visuali-
zation experts, and cognitive scientists to evaluate different ways of mapping and visualizing vulnerability information
(Dasgupta et al., 2015; Padilla, Ruginski, & Creem-Regehr, 2017). Figure 6 portrays different mapping schemes. At a mini-
mum, the field would benefit from the use of sequential color schemes, which imply order through varying lightness of color
across a scheme. Sequential schemes are ideal for ordinal, interval or ratio data, whereas categorical schemes are used for
nominal data that are not numerically ordered or ranked. In some cases, the studies used diverging color schemes where two
hues are used and lightness is primarily used within each hue—for example with blue hues to depict low vulnerability and red
hues to depict high vulnerability. However, research suggests that only in cases where there is a clear mid-point in the data
(e.g., z-scores or values that run both positive and negative) is it appropriate to use diverging color schemes with two hues
(Brewer, 1994).2 In addition, well designed diagrams such as those included in Kienberger, Borderon, Bollin, and Jell (2016)
(Figure 7) or Kienberger and Hagenlocher (2014) are particularly helpful in communicating the relationships among the ele-
ments of the framework.

Maps should communicate uncertainty in the data and analysis. Retchless and Brewer (2016) suggest that including uncer-
tainty information on the map is more effective than including it in an adjacent map (as done in de Sherbinin, Chai-Onn,
Giannini, et al., 2014), and that this inclusion does not interfere with map reading if done correctly. There are a number of

FIGURE 6 Types of color schemes (adapted from ColorBrewer)
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common methods for cartographic communication of uncertainty: One is to cross hatch areas or increase the color saturation
in areas where results are more certain, such as where multiple climate model scenarios agree (Kaye, Hartley, & Hemming,
2012). For example, Retchless and Brewer conducted extensive user testing to develop an easily understandable way to repre-
sent sequential data while also including uncertainty (Figure 8), while Filho et al. (2016) used stippling in areas with higher
confidence in the climate indicators (Figure 1). Another approach is to create fuzzy boundaries (Kienberger, 2012) or to run a
low-pass filter (spatial averaging) over results, or simply to mask out areas from the map where uncertainty is deemed too high
(McCusker et al., 2016). By interacting with the end users, map developers can identify the best way to portray uncertainty.

As maps become more interactive and web-based, practitioners may find advantages in decision support tools (DSTs). At
present few online vulnerability map DSTs exist. Examples include the Partnership for Resilience and Preparedness data

FIGURE 7 Diagram from
Kienberger et al., 2016 illustrating the
elements contributing to an
agricultural vulnerability index,
including weighting of the variables
and components
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explorer (https://prepdata.org) and the Climate Change and African Political Stability tool (https://www.strausscenter.org/
ccaps/mapping-tool.html), which are simple to use but do not allow users to explore the data inputs or indicator layers interac-
tively, and the South Africa Risk and Vulnerability Atlas (http://sarva2.dirisa.org), which permits exploration of data inputs
but is less intuitive to use. Properly implemented, DSTs move beyond the presentation and representation of findings to help
formulate or test hypotheses, identify unknowns, and support decisions under a variety of scenarios. Indeed geovisual analyt-
ics, as a field within GIScience, has identified the benefits of interactive decision support maps (Andrienko et al., 2007), how-
ever there is a need for more research in this domain that is focused on climate vulnerability mapping.

4.2 | Beyond the map

Advanced data sources and statistical methods are moving beyond the mapping of hotspots to help elicit the drivers of vulner-
ability and, by extension, what interventions are possible (e.g., McCusker et al., 2016; van Wesenbeeck et al., 2016). These
approaches often use relatively recent survey data (e.g., Demographic and Health Surveys or Living Standards Measurement
Surveys), tied to specific locations through the centroids of sample locations and interpolated using spatial kriging, to tease
out the factors contributing to vulnerability, along with advanced statistics and geospatial analysis to target development inter-
ventions (e.g., Runfola et al., 2015).

As an example, livelihood-informed vulnerability analysis involves data analysis of large household surveys on shocks and
shock responses to determine factors that correlate with resilience and vulnerability. McCusker et al. (2016) use three
models—logistic regression, spatial filter logistic regression, and geographically weighted regression—to tease out the drivers
behind self-reported household shocks. Self-reported shocks were regressed with demographics and the socioeconomic char-
acteristics of the households across the country, and results were mapped if significant in all three models. This form of vul-
nerability mapping has the advantage of creating detailed maps, statistics and graphics of the distribution of selected variables
and regression results over space.

Single index aggregation reduces the richness of information provided by the suites of individual vulnerability indicators
on which the maps are based, and can produce similar scores in two locations where vulnerability is driven by very different
processes. To gain a more holistic insight requires an understanding of how multiple factors that exacerbate or mitigate vulner-
ability to exogenous livelihood shocks vary in relation to each other (Abson et al., 2012). With additional understanding of
the local context, researchers are able to understand the shocks (e.g., weather, food prices, financial, or health) that are most
important to households, and determine appropriate responses (McCusker et al., 2016).

FIGURE 8 Example of a
sequential color scheme combined
with one way of representing
uncertainty from Reprinted with
permission from Retchless and Brewer
(2016). Copyright 2016 Wiley
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This underscores an important point: a map can serve to point out differential vulnerability in a given area, but deeper field
research is almost always required to develop appropriate adaptation responses. Work by the USAID-funded Planning for
Resilience in East Africa through Policy, Adaptation, Research, and Economic Development (PREPARED) Project explicitly
used vulnerability maps to target areas of high vulnerability for further field research. Seventeen high vulnerability communi-
ties in the Lake Victoria Basin were identified for community climate change adaptation assessments, which found that com-
munities were adapting to changes in rainfall, temperatures, drought, flood, and storms through diversified livelihood
portfolios, agro-forestry, out-migration, and reduced household consumption (USAID, 2018). This and similar work by Pres-
ton et al. (2009) illustrate the complementarity of map-based assessments and field research. In other cases field work can be
used to develop data for vulnerability mapping (Kienberger, 2012) or to validate results (Kienberger et al., 2016). In
South Africa, researchers are using data from the South African Risk and Vulnerability Atlas (Mambo & Faccer, 2017) along
with information on adaptation projects to ensure that the projects are properly targeted to the greatest risks (Hugo, Hilgart,
Wilson, & Warren, 2018).

4.3 | Mapping the future

Combining socioeconomic and climate scenarios will be increasingly important for understanding the relative contributions of
both changes in human factors (demography, economic development, urbanization) and climatic factors in generating future
impacts. A key element for future work will be the inclusion of socioeconomic scenarios such as those developed using the
Shared Socioeconomic Pathways (SSPs) or similar approaches (O'Neill et al., 2014).

While decades of climate research have led to an improved understanding of changes in the climate system, albeit with lim-
itations regarding climate sensitivity and extremes, very little has been achieved so far to comprehend the future dynamics of
human systems and its influence on future vulnerability (Birkmann et al., 2013; Lutz & Muttarak, 2017). Although projecting
spatial socioeconomic characteristics of populations into the future is difficult (O'Neill & Gettelman, 2018), a number of
methods have already been developed (Rohat, 2018) and the use of scenarios enables accounting for uncertainties in future
socioeconomic development trends. Strader, Ashley, Pingel, and Krmenec (2017) provide a rare example of vulnerability
mapping incorporating future scenarios, while Rigaud et al. (2018) demonstrate the use of both future climate and SSP-based
scenarios to model a potential adaptive response to extreme climate vulnerability, namely migration. There are also a growing
number of examples of research that map changes in exposure using climate change scenarios and population projections
(e.g., Coffel, Horton, & de Sherbinin, 2018; Forzieri, Cescatti, e Silva, & Feyen, 2017; Jones et al., 2015; Jones & O'Neill,
2017; Neumann, Vafeidis, Zimmermann, & Nicholls, 2015).3

The SSPs (O'Neill et al., 2014) offer an unprecedented opportunity to integrate socioeconomic projections—and their
uncertainties under varying level of socioeconomic development—within assessments of future climate change vulnerability
(Wilbanks & Ebi, 2014). The world is far more dynamic than most vulnerability mapping efforts portray. Recent studies have
shown that socioeconomic development will largely influence future trends in social vulnerability to climate hazards (Rohat,
Flacke, Dao, & van Maarseveen, 2018). In some cases, changes in socioeconomic conditions may even have a greater contri-
bution to future vulnerability than changes in climatic conditions alone (Davenport, Grace, Funk, & Shukla, 2017; Rohat
et al., 2019). In addition, mapping efforts need to consider incorporating stochastic elements, such as extreme climate events,
as well as nonclimate stressors such as economic shocks or conflict in the recognition that climate impacts rarely operate in
isolation (O'Brien et al., 2004; Rasanen et al., 2016). Mapping will also need to acknowledge the dynamic connections
between indicators, as well as linkages across scales (Jurgilevich et al., 2017).

4.4 | Validation

Many authors have noted the importance of validating vulnerability maps and the lack of attention that such validation has
received in studies to date (de Sherbinin, 2013; Hinkel, 2011; Preston et al., 2011; Tate, 2012; Tellman, Schank, Schwarz, &
Howe, 2017). This is attributable to a number of factors: First, theoretical constructs of vulnerability are proxies for complex
socio-ecological processes that are difficult to measure and, therefore, validate (Vincent, 2004). Second, vulnerability maps
often represent vulnerability in a generic sense—in the absence of the specific articulation of who or what is vulnerable and to
what, it is not clear what the associated outcomes should be. Third, vulnerability maps attempt to represent an inherently
uncertain future, for which there is no observable information or data to validate maps against.

Given these challenges, a key question in vulnerability mapping is to what extent is validation necessary? This is largely a
function of the objective of the mapping exercise and how the map(s) will subsequently be used. For maps generated as part
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of a research activity that is disconnected from adaptation practice or decision-making, there may be little incentive to pursue
validation. Developing new methods or metrics for vulnerability analysis, for example, may not have a practical application
that merits validation. Vulnerability maps can be used to open a dialogue around vulnerability, its meaning, and its causes
(Preston et al., 2009). So, if the objective is to help stakeholders conceptualize rather than predict vulnerability, validation
may be unnecessary.

Often, vulnerability maps are intended as tools to support decision-making regarding the prioritization and targeting of
adaptation interventions and/or investments (de Sherbinin, 2014; Preston et al., 2011). This creates potential incentives for
stakeholders to manipulate the assessment of vulnerability in order to justify a priori policy objectives. In such situations, dem-
onstrating that indices are robust to both data inputs and outcomes of interest, including the characterization of their uncer-
tainties and limitations, is important (Hinkel, 2011; Saisana et al., 2005; Tate, 2012; Weeks, Walker, Overton, & Clarkson,
2013). Vulnerability metrics that do not accurately reflect the underlying outcomes or processes of interest or that generate
insights not reflected in other metrics significantly increase the risk of type I and II errors (false positives and false negatives,
respectively) that could waste resources or prove maladaptive.

Specific methods for validation generally follow one of two approaches (Esnard, Sapat, & Mitsova, 2011; Tate, 2012).
The most common is external validation, where vulnerability metrics are validated against independent outcomes of interest
such as past health outcomes or economic losses from extreme weather events (Patt et al., 2005; Preston et al., 2009; Pres-
ton et al., 2011; Tate, 2012; Tellman et al., 2017). However, metrics that are validated against one type of outcome may
not work for others. For example, a metric capable of predicting historical disaster losses may not perform well in
predicting future health impacts or population displacement. There may also be biases in the economic loss data used to
validate the metrics, and there are issues with the fact that while a hazard may impact all areas (e.g., floods or drought), the
intensity of that hazard is likely to vary spatially such that there is not equal treatment across all units in order to under-
stand the dose–response function. Finally, in many parts of the developing world, the data necessary for external validation
simply do not exist, nor is it likely to in the near future. Applications of external validation must be cognizant of these
limitations.

Alternatively, some researchers have opted to use internal validation—statistical tests and sensitivity analysis—to assess
the effects of metric construction on results (Carrão et al., 2016; Heß, 2017; Tate, 2012). Neither approach, however, over-
comes the challenge of validating estimates of future vulnerability. This constraint should be acknowledged in the use of vul-
nerability metrics and consideration must be given to the relevance of vulnerability metrics to understanding the future
implications of climate change.

Notwithstanding the difficulties of validation, it is important to continue to test methods of validation, and for policy-
oriented vulnerability mapping efforts to seek to validate indices wherever possible, or the enterprise risks being discredited
owing to claims that vulnerability maps are unable to predict future harm.

4.5 | Value of information

There are a number of ways to assess the likely uptake or impact of vulnerability mapping for decision making, and we recom-
mend that the community of researchers involved in vulnerability mapping more rigorously test and evaluate the value of the
information provided. One approach, mentioned above, is to work directly with decision makers, data visualization experts,
and cognitive scientists to understand how decision makers read maps and assimilate information. A number of promising
future research directions include (a) semi-structured individual or focus group interviews; (b) work observation; (c) think
aloud protocols (whereby subjects will verbally express what they are thinking about as they explore maps); (d) online focus
group or Delphi exercises (MacEachren et al., 2006); and (e) task analysis (de Sherbinin et al., 2017). The aim would be to
gauge policy-maker comprehension of the information presented in maps, their preferences in map design (Retchless &
Brewer, 2016), their comfort level with the uncertainty in map products, and, ultimately, how and why the information pres-
ented in maps influenced their decisions.

In the field of economics, value of information research is demonstrating the societal benefit of information for decision
making by examining the economic costs associated with decision making that was made prior to the introduction of new
information, and measuring the economic benefits (net of the cost of the new information sources) of improved decisions.
Economic costs could be measured in terms of lives lost, hospital visits, or economic damages. Recent work on the value of
satellite remote sensing information (Bernknopf & Brookshire, 2018; Cooke, Wielicki, Young, & Mlynczak, 2014) provide
examples of rigorous economic analyses that could be performed for vulnerability mapping.
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5 | CONCLUSION

Vulnerability mapping is a growing field, and one that is likely to increase in importance given the magnitude of expected tem-
perature increases and associated impacts (World Bank and PIK, 2012). Such mapping acknowledges that the effects of climate
change on society are not solely a function of exposure to temperature and precipitation changes or increases in the frequency or
magnitude of extreme events, but that the sensitivity and adaptive capacity of societies to these changes play a crucial role in
influencing outcomes. Mapping also acknowledges that all the factors that contribute to vulnerability—e.g., exposure to
extremes, land use and land cover, population density, relative wealth and poverty, and institutional effectiveness—vary spatially,
and that there relative contributions to overall vulnerability are different from place to place (e.g., Kienberger & Hagenlocher,
2014; Nayak et al., 2018). Thus, mapping can make significant contributions to enabling society to effectively adapt, or to signal
where adaptation may face sufficiently high barriers that communities may be forced to migrate (Rigaud et al., 2018).

We find that vulnerability mapping as a field is maturing, but a number of issues remain that need to be addressed for the
field to advance. These include: increasing the degree of collaboration with end users, greater attention to map communica-
tion, moving beyond the map as the final product, work on validation, and greater justification for mapping based on value of
information research. This is all the more important as decision makers look to invest large sums of money in adaptation assis-
tance, and to justify their choices based on scientific tools such as vulnerability maps.
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ENDNOTES

1An early workshop of the authors included policy representatives from the U.S. Agency for International Development, the Ministry of Environ-
ment in South Africa, and the Tamil Nadu State Climate Change Cell (India). Their insights were critical for gaining end user perspectives on vul-
nerability mapping.
2ColorBrewer.org may be helpful to vulnerability mappers by providing premade color schemes which can be optimized for different types of data.
3For a repository of spatially explicit socioeconomic projections, visit the SSP collection of the NASA Socioeconomic Data and Applications Center
(SEDAC) at https://sedac.ciesin.columbia.edu/search/data?contains=ssps.

ORCID

Alex de Sherbinin https://orcid.org/0000-0002-8875-4864
Anamaria Bukvic https://orcid.org/0000-0001-7395-5383
Guillaume Rohat https://orcid.org/0000-0001-6156-2195
Melanie Gall https://orcid.org/0000-0002-9344-6727
Brent McCusker https://orcid.org/0000-0002-6299-7163
Benjamin Preston https://orcid.org/0000-0002-7966-2386
Alex Apotsos https://orcid.org/0000-0002-7700-1031
Carolyn Fish https://orcid.org/0000-0002-2366-5035

DE SHERBININ ET AL. 17 of 23

http://colorbrewer.org
https://sedac.ciesin.columbia.edu/search/data?contains=ssps
https://orcid.org/0000-0002-8875-4864
https://orcid.org/0000-0002-8875-4864
https://orcid.org/0000-0001-7395-5383
https://orcid.org/0000-0001-7395-5383
https://orcid.org/0000-0001-6156-2195
https://orcid.org/0000-0001-6156-2195
https://orcid.org/0000-0002-9344-6727
https://orcid.org/0000-0002-9344-6727
https://orcid.org/0000-0002-6299-7163
https://orcid.org/0000-0002-6299-7163
https://orcid.org/0000-0002-7966-2386
https://orcid.org/0000-0002-7966-2386
https://orcid.org/0000-0002-7700-1031
https://orcid.org/0000-0002-7700-1031
https://orcid.org/0000-0002-2366-5035
https://orcid.org/0000-0002-2366-5035


Stefan Kienberger https://orcid.org/0000-0002-4800-4516
Olga Wilhelmi https://orcid.org/0000-0002-8496-9710
Denis Macharia https://orcid.org/0000-0002-1964-7301
Richard Sliuzas https://orcid.org/0000-0001-5243-4431
Brian Tomaszewski https://orcid.org/0000-0002-3922-9860
Sainan Zhang https://orcid.org/0000-0003-2304-7824

REFERENCES

Abson, D. J., Dougill, A. J., & Stringer, L. C. (2012). Using principal component analysis for information-rich socio-ecological vulnerability map-
ping in southern Africa. Applied Geography, 35(1–2), 515–524. https://doi.org/10.1016/j.apgeog.2012.08.004

Acosta, L., Klein, R. J. T., Reidsma, P., Metzger, M. J., Rounsevell, M. D. A., Leemans, R., & Schröter, D. (2013). A spatially explicit scenario-
driven model of adaptive capacity to global change in Europe. Global Environmental Change, 23(5), 1211–1224. https://doi.org/10.1016/
j.gloenvcha.2013.03.008

Andrienko, G., Andrienko, N., Jankowski, P., Keim, D., Kraak, M.-J., MacEachren, A., & Wrobel, S. (2007). Geovisual analytics for spatial decision
support: Setting the research agenda. International Journal of Geographical Information Science, 21(8), 839–857. https://doi.org/10.1080/
13658810701349011

Aubrecht, C., & Özceylan, D. (2013). Identification of heat risk patterns in the US National Capital Region by integrating heat stress and related vul-
nerability. Environment International, 56, 65–77.

Barsugli, J. J., Guentchev, G., Horton, R. M., Wood, A., Mearns, L. O., Liang, X. Z., … Ammann, C. (2013). The practitioner's dilemma: How to
assess the credibility of downscaled climate projections. Eos, 94, 424–425.

Baum, S., Horton, S., Choy, D. L., & Gleeson, B. (2009). Climate change, health impacts and urban adaptability: Case study of Gold Coast City
(Research M ed.). Brisbane, Australia: Griffith University.

Becker, W., Saisana, M., Paruolo, P., & Vandecasteele, I. (2017). Weights and importance in composite indicators: Closing the gap. Ecological Indi-
cators, 80, 12–22.

Behanzin, I. D., Thiel, M., Szarzynski, J., & Boko, M. (2016). GIS-based mapping of flood vulnerability and risk in the Bénin Niger River valley.
International Journal of Geomatics and Geosciences, 6(3), 1653–1669.

Bernknopf, R., & Brookshire, D. (2018). The value of remotely sensed information: The case of a GRACE-enhanced drought severity index.
Weather, Climate and Society, 10, 187–203. https://doi.org/10.1175/WCAS-D-16-0044.1

Berrang-Ford, L., Pearce, T., & Ford, J. D. (2015). Systematic review approaches for climate change adaptation research. Regional Environmental
Change, 15, 755–769.

Birkmann, J., Cutter, S., Rothman, D. S., Welle, T., Garschagen, M., van Ruijven, B., … Pulwarty, R. (2013). Scenarios for vulnerability: Opportu-
nities and constraints in the context of climate change and disaster risk. Climatic Change, 133(1), 53–68. https://doi.org/10.1007/s10584-013-
0913-2

Blaikie, P., Cannon, T., Davis, I., & Wisner, B. (1994). At risk: Natural hazards, people's vulnerability and disasters (Vol. 284). London, England:
Routledge.

BMZ (German Federal Ministry for Economic Cooperation and Development). (2014). The vulnerability sourcebook: Concept and guidelines for
standardised vulnerability assessments. Berlin, Germany: GIZ.

Brewer, C. A. (1994). Color use guidelines for mapping and visualization. Visualization in Modern Cartography, 2, 123–148.
Busby, J. W., Cook, K. H., Vizy, E. K., Smith, T. G., & Bekalo, M. (2014). Identifying hot spots of security vulnerability associated with climate

change in Africa. Climatic Change, 124(4), 717–731. https://doi.org/10.1007/s10584-014-1142-z
Cao, C., & Lam, N. (1997, 1997). Understanding the scale and resolution effects in remote sensing and GIS. In Scale in remote sensing and GIS

(pp. 57–72). Boca Raton, FL: CRC Press.
Cardona, O. D., van Aalst, M. K., Birkmann, J., Fordham, M., McGregor, G., & Mechler, R. (2012). Determinants of risk: Exposure and vulnerabil-

ity. In C. B. Field, V. Barros, & T. F. Stocker (Eds.), Managing the risks of extreme events and disasters to advance climate change adaptation.
Cambridge, MA: Cambridge University Press.

Carney, D. (1998). Sustainable rural livelihoods: What contribution can we make? In D. Carney (Ed.), Department for International Development's
natural resources Advisers' conference. London, England: DFID.

Carrão, H., Naumann, G., & Barbosa, P. (2016). Mapping global patterns of drought risk: An empirical framework based on sub-national estimates
of hazard, exposure and vulnerability. Global Environmental Change, 39, 108–124.

Chakraborty, A., & Joshi, P. K. (2014). Mapping disaster vulnerability in India using analytical hierarchy process. Geomatics, Natural Hazards and
Risk, 7(1), 308–325. https://doi.org/10.1080/19475705.2014.897656

Coffel, E. D., Horton, R., & de Sherbinin, A. (2018). Temperature and humidity based projections of a rapid rise in global heat stress exposure dur-
ing the 21st century. Environmental Research Letters, 13, 014001.

Collins, T. W., Grineski, S. E., Ford, P., Aldouri, R., Lourdes Romo Aguilar, M., Velázquez-Angulo, G., … Lu, D. (2013). Mapping vulnerability
to climate change-related hazards: Children at risk in a US–Mexico border metropolis. Population and Environment, 34(3), 313–337.
https://doi.org/10.1007/s11111-012-0170-8

18 of 23 DE SHERBININ ET AL.

https://orcid.org/0000-0002-4800-4516
https://orcid.org/0000-0002-4800-4516
https://orcid.org/0000-0002-8496-9710
https://orcid.org/0000-0002-8496-9710
https://orcid.org/0000-0002-1964-7301
https://orcid.org/0000-0002-1964-7301
https://orcid.org/0000-0001-5243-4431
https://orcid.org/0000-0001-5243-4431
https://orcid.org/0000-0002-3922-9860
https://orcid.org/0000-0002-3922-9860
https://orcid.org/0000-0003-2304-7824
https://orcid.org/0000-0003-2304-7824
https://doi.org/10.1016/j.apgeog.2012.08.004
https://doi.org/10.1016/j.gloenvcha.2013.03.008
https://doi.org/10.1016/j.gloenvcha.2013.03.008
https://doi.org/10.1080/13658810701349011
https://doi.org/10.1080/13658810701349011
https://doi.org/10.1175/WCAS-D-16-0044.1
https://doi.org/10.1007/s10584-013-0913-2
https://doi.org/10.1007/s10584-013-0913-2
https://doi.org/10.1007/s10584-014-1142-z
https://doi.org/10.1080/19475705.2014.897656
https://doi.org/10.1007/s11111-012-0170-8


Cooke, R., Wielicki, B. A., Young, D. F., & Mlynczak, M. G. (2014). Value of information for climate observing systems. Environment Systems
and Decisions, 34(1), 98–109.

Corobov, R., Sirodoev, I., Koeppel, S., Denisov, N., & Sirodoev, G. (2013). Assessment of climate change vulnerability at the local level: A case
study on the Dniester River basin (Moldova). Scientific World Journal, 2013, 173794–173794, 13. https://doi.org/10.1155/2013/173794

Dasgupta, A., Poco, J., Wei, Y., Cook, R., Bertini, E., & Silva, C. T. (2015). Bridging theory with practice: An exploratory study of visualization
use and design for climate model comparison. IEEE Transactions on Visualization and Computer Graphics, 21(9), 996–1013.

Davenport, F., Grace, K., Funk, C., & Shukla, S. (2017). Child health outcomes in sub-Saharan Africa: A comparison of changes in climate and
socio-economic factors. Global Environmental Change, 46, 72–87.

Davies, R. A. G., Midgley, S. J. E., & Chesterman, S. (2010). Climate risk and vulnerability mapping for southern Africa. Cape Town, SA: Regional
climate change Programme for southern Africa.

de Sherbinin, A. (2013). Climate change hotspots mapping: What have we learned? Climatic Change, 123(1), 23–37.
de Sherbinin, A. (2014). Spatial climate change vulnerability assessments: A review of data, methods and issues. Technical paper for the USAID

African and Latin American resilience to climate change (ARCC) project. Washington, DC: USAID.
de Sherbinin, A., Apotsos, A., & Chevrier, J. (2017). Mapping the future: Policy applications of climate vulnerability mapping in West Africa. The

Geographical Journal., 183, 414–425. https://doi.org/10.1111/geoj.12226
de Sherbinin, A., & Bardy, G. (2016). Social vulnerability to floods in two coastal megacities: New York City and Mumbai. Vienna Yearbook of

Population Research, 2015(13), 131–165.
de Sherbinin, A., Chai-On, T., Jaiteh, M., Mara, V., Pistolesi, L., Schnarr, E., & Trzaska, S. (2015). Data integration for climate vulnerability map-

ping in West Africa. ISPRS International Journal of Geo-Information., 4, 2561–2582. https://doi.org/10.3390/ijgi4042561
de Sherbinin, A., Chai-Onn, T., Giannini, A., Jaiteh, M., Levy, M., Mara, V., … Trzaska, S. (2014). Mali climate vulnerability mapping. Technical

paper for the USAID African and Latin American resilience to climate change (ARCC) project. Washington, DC: USAID.
de Sherbinin, A., Chai-Onn, T., Jaiteh, M., Mara, V., Pistolesi, L., & Schnarr, E. (2014). Mapping the exposure of socioeconomic and natural Sys-

tems of West Africa to coastal climate stressors. Technical paper for the USAID African and Latin American resilience to climate change
(ARCC) project. Washington, DC: USAID.

Dickin, S. K., Schuster-Wallace, C. J., & Elliott, S. J. (2013). Developing a vulnerability mapping methodology: Applying the water-associated dis-
ease index to dengue in Malaysia. PLoS One, 8(5), 1–11.

Ebert, A., Kerle, N., & Stein, A. (2008). Urban social vulnerability assessment with physical proxies and spatial metrics derived from air- and
spaceborne imagery and GIS data. Natural Hazards, 48(2), 275–294. https://doi.org/10.1007/s11069-008-9264-0

Edwards, J., Gustafsson, M., & Naslund-Landenmark, B. (2007). Handbook for vulnerability mapping. Karlstad, Sweden: Swedish Rescue Services
Agency.

Esnard, A. M., Sapat, A., & Mitsova, D. (2011). An index of relative displacement risk to hurricanes. Natural Hazards, 59(2), 833–859.
ESPON. (2013). Climate climate change and territorial effects on regions and local economies. Luxembourg, Sweden: ESPON.
Fekete, A. (2009). Validation of a social vulnerability index in context to river-floods in Germany. Natural Hazards and Earth System Sciences, 9

(2), 393–403. https://doi.org/10.5194/nhess-9-393-2009
Fekete, A. (2012). Spatial disaster vulnerability and risk assessments: Challenges in their quality and acceptance. Natural Hazards, 61(3),

1161–1178.
Fekete, A., Damm, M., & Birkmann, J. (2010). Scales as a challenge for vulnerability assessment. Natural Hazards, 55, 729–747.
Filho, J. P. D., Lapola, D. M., Torres, R. R., & Lemos, M. C. (2016). Socio-climatic hotspots in Brazil: How do changes driven by the new set of

IPCC climatic projections affect their relevance for policy? Climatic Change, 136(3–4), 413–425. https://doi.org/10.1007/s10584-016-1635-z
Forzieri, G., Cescatti, A., e Silva, F. B., & Feyen, L. (2017). Increasing risk over time of weather-related hazards to the European population: A

data-driven prognostic study. The Lancet Planetary Health, 1(5), e200–e208.
Füssel, H.-M. (2007). Vulnerability: A generally applicable conceptual framework for climate change research. Global Environmental Change, 17

(2), 155–167.
Gall, M., Nguyen, K. H., & Cutter, S. L. (2015). Integrated research on disaster risk: Is it really integrated? International Journal of Disaster Risk

Reduction, 12, 255–267.
Ghosh, T., Anderson, S. J., Elvidge, C. D., & Sutton, P. C. (2013). Using nighttime satellite imagery as a proxy measure of human well-being. Sus-

tainability, 5(12), 4988–5019.
Greco, S., Ishizaka, A., Tasiou, M., & Torrisil, G. (2018). On the methodological framework of composite indices: A review of the issues of

weighting, aggregation, and robustness. Social Indicators Research, 141(1), 61–94. https://doi.org/10.1007/s11205-017-1832-9
Haddaway, N. R., Collins, A. M., Coughlin, D., & Kirk, S. (2015). The role of Google scholar in evidence reviews and its applicability to grey litera-

ture searching. PLoS One, 10(9), e0138237.
Hagenlocher, M., & Castro, M. C. (2015). Mapping malaria risk and vulnerability in the United Republic of Tanzania: A spatial explicit model. Pop-

ulation Health Metrics, 13(1), 2.
Heaton, M. J., Sain, S. R., Greasby, T. A., Uejio, C. K., Hayden, M. H., Monaghan, A. J., … Nepal, V. (2014). Characterizing urban vulnerability to

heat stress using a spatially varying coefficient model. Spatial and Spatio-Temporal Epidemiology, 8, 23–33.
Heß, V. D. C. (2017). Weigh(t)ing the dimensions of social vulnerability based on a regression analysis of disaster damages. Natural Hazards and

Earth System Sciences. https://doi.org/10.5194/nhess-2017-74

DE SHERBININ ET AL. 19 of 23

https://doi.org/10.1155/2013/173794
https://doi.org/10.1111/geoj.12226
https://doi.org/10.3390/ijgi4042561
https://doi.org/10.1007/s11069-008-9264-0
https://doi.org/10.5194/nhess-9-393-2009
https://doi.org/10.1007/s10584-016-1635-z
https://doi.org/10.1007/s11205-017-1832-9
https://doi.org/10.5194/nhess-2017-74


Hebb, A., & Mortsch, L. (2007). Floods: Mapping vulnerability in the upper thames watershed under a changing climate. CFCAS Project: Assess-
ment of water resources risk and vulnerability to changing climatic conditions project report XI. Retrieved from http://ec.gc.ca/scitech/default.
asp?lang=En&n=F97AE834-1&xsl=scitechprofile&formid=634D8A73-D67B-4E21-BBFB-B236E6770614

Hinkel, J. (2011). “Indicators of vulnerability and adaptive capacity”: Towards a clarification of the science–policy interface. Global Environmental
Change, 21(1), 198–208.

Holling, C. S. (2001). Understanding the complexity of economic, ecological, and social systems. Ecosystems, 4, 390–405.
Holsten, A., & Kropp, J. P. (2012). An integrated and transferable climate change vulnerability assessment for regional application. Natural Haz-

ards, 64(3), 1977–1999. https://doi.org/10.1007/s11069-012-0147-z
Hugo, W., Hilgart, A., Wilson, H., & Warren, K. (2018). Innovation in linking scientific evidence to planning, policy, and decision support at the

local level: Risk and vulnerability case study. Paper presented at SciDataCon 2018, Gaborone, Botswana. Retrieved from https://www.
scidatacon.org/IDW2018/sessions/191/paper/754/

Hutton, C. W., Kienberger, S., Amoako Johnson, F., Allan, A., Giannini, V., & Allen, R. (2011). Vulnerability to climate change: people, place and
exposure to hazard. Advances in Science and Research, 7(2001), 37–45. https://doi.org/10.5194/asr-7-37-2011

IPCC. (2012). Managing the risks of extreme events and disasters to advance climate change adaptation. A special report of working groups I and
II of the intergovernmental panel on climate change. In C. B., V. Barros, T. F. Stocker, D. Qin, D. J. Dokken, K. L. Ebi, M. D. Mastrandrea,
K. J. Mach, G.-K. Plattner, S. K. Allen, M. Tignor, & P. M. Midgley (Eds.). Cambridge, England; New York, NY: Cambridge University Press.

Ishikawa, T., Barnston, A. G., Kastens, K. A., Louchouarn, P., Ropelweski, C. F. (2005). Climate forecast maps as a communication decision-
support tool. Cartography and Geographic Information Science, 32, 3–16.

Islam, A. K. M. N., Deb, U. K., Al Amin, M., Jahan, N., Ahmed, I., Tabassum, S., … Bantilan, C. (2013). Vulnerability to climate change: Adapta-
tion strategies and layers of resilience quantifying vulnerability to climate change in Bangladesh. Andhra Pradesh, India: International crops
research Institute for the Semi-Arid Tropics (ICRISAT).

Johnson, D. P., Wilson, J. S., & Luber, G. C. (2009). Socioeconomic indicators of heat-related health risk supplemented with remotely sensed data.
International Journal of Health Geographics, 8(1), 57–57. https://doi.org/10.1186/1476-072X-8-57

Jones, B., & O'Neill, B. C. (2017). Global population projection grids based on shared socioeconomic pathways (SSPs), 2010-2100. Palisades, NY:
NASA Socioeconomic Data and Applications Center (SEDAC). https://doi.org/10.7927/H4RF5S0P

Jones, B., O'Neill, B. C., McDaniel, L., McGinnis, S., Mearns, L. O., & Tebaldi, C. (2015). Future population exposure to US heat extremes. Nature
Climate Change, 5(7), 652–655.

Jurgilevich, A., Räsänen, A., Groundstroem, F., & Juhola, S. (2017). A systematic review of dynamics in climate risk and vulnerability assessments.
Environmental Research Letters, 12(2017), 013002.

Kaye, N. R., Hartley, A., & Hemming, D. (2012). Mapping the climate: Guidance on appropriate techniques to map climate variables and their
uncertainty. Geoscience Model Development, 5, 245–256.

Kienberger, S. (2012). Spatial modelling of social and economic vulnerability to floods at the district level in Búzi, Mozambique. Natural Hazards,
64, 2001–2019.

Kienberger, S., Blaschke, T., & Zaidi, R. Z. (2013). A framework for spatio-temporal scales and concepts from different disciplines: The ‘vulnerabil-
ity cube’. Natural Hazards, 68(3), 1343–1369.

Kienberger, S., Borderon, M., Bollin, C., & Jell, B. (2016). Climate change vulnerability assessment in Mauritania: Reflections on data quality, spa-
tial scales, aggregation and visualizations. GI_Forum, 4(1), 167–175. https://doi.org/10.1553/giscience2016_01_s167

Kienberger, S., & Hagenlocher, M. (2014). Spatial-explicit modeling of social vulnerability to malaria in East Africa. International Journal of Health
Geographics, 13(1), 29.

Kim, H., Park, J., Yoo, J., & Kim, T.-W. (2015). Assessment of drought hazard, vulnerability, and risk: A case study for administrative districts in
South Korea. Journal of Hydro-Environment Research, 9(1), 28–35. https://doi.org/10.1016/j.jher.2013.07.003

Klein, R. J. T. (2009). Identifying countries that are particularly vulnerable to the adverse effects of climate change: An academic or a political chal-
lenge? Carbon and Climate Law Review, 3, 284–291.

Knutti, R., Abramowitz, G., Collins, M., Eyring, V., Gleckler, P. J., Hewitson, B., & Mearns, L. (2010). Good practice guidance paper on assessing
and combining multi model climate projections. In T. F. Stocker, D. Qin, G.-K. Plattner, M. Tignor, & P. M. Midgley (Eds.), Meeting report of
the intergovernmental panel on climate change expert meeting on assessing and combining multi model climate projections. Bern, Switzerland:
IPCC working group I Technical Support Unit, University of Bern.

Kok, M. T. J., Lüdeke, M. K. B., Sterzel, T., Lucas, P. L., Walter, C., Janssen, P., & Soysa, I. d. (2010). Quantitative analysis of patterns of vulnera-
bility to global environmental change. The Hague, Netherlands: PBL Netherlands Environmental Assessment Agency.

Kunreuther, H., Gupta, S., Bosetti, V., Cooke, R., Dutt, V., Ha-Duong, M., … Weber, E. (2014). Integrated risk and uncertainty assessment of cli-
mate change response policies. In O. Edenhofer, R. Pichs-Madruga, Y. Sokona, E. Farahani, S. Kadner, K. Seyboth, et al. (Eds.), Climate change
2014: Mitigation of climate change. Contribution of working group III to the fifth assessment report of the intergovernmental panel on climate
change. Cambridge, England; New York, NY: Cambridge University Press.

Lam, N. S. N., Qiang, Y., Arenas, H., Brito, P., & Liu, K.-b. (2015). Mapping and assessing coastal resilience in the Caribbean region. Cartography
and Geographic Information Science, 42(4), 315–322. https://doi.org/10.1080/15230406.2015.1040999

Lawal, O., & Arokoyu, S. B. (2015). Modelling social vulnerability in sub-Saharan West Africa using a geographical information system. Jàmbá:
Journal of Disaster Risk Studies, 7(1), 1–11.

Lissner, T. K., Holsten, A., Walther, C., & Kropp, J. P. (2012). Towards sectoral and standardised vulnerability assessments: The example of
heatwave impacts on human health. Climatic Change, 112(3–4), 687–708. https://doi.org/10.1007/s10584-011-0231-5

20 of 23 DE SHERBININ ET AL.

http://ec.gc.ca/scitech/default.asp?lang=Enandn=F97AE834-1andxsl=scitechprofileandformid=634D8A73-D67B-4E21-BBFB-B236E6770614
http://ec.gc.ca/scitech/default.asp?lang=Enandn=F97AE834-1andxsl=scitechprofileandformid=634D8A73-D67B-4E21-BBFB-B236E6770614
https://doi.org/10.1007/s11069-012-0147-z
https://www.scidatacon.org/IDW2018/%20sessions/191/paper/754/
https://www.scidatacon.org/IDW2018/%20sessions/191/paper/754/
https://doi.org/10.5194/asr-7-37-2011
https://doi.org/10.1186/1476-072X-8-57
https://doi.org/10.7927/H4RF5S0P
https://doi.org/10.1553/giscience2016_01_s167
https://doi.org/10.1016/j.jher.2013.07.003
https://doi.org/10.1080/15230406.2015.1040999
https://doi.org/10.1007/s10584-011-0231-5


Liu, J., Fritz, S., Wesenbeeck, C. F. A. v., Fuchs, M., You, L., Obersteiner, M., & Yang, H. (2008). A spatially explicit assessment of current and
future hotspots of hunger in sub-Saharan Africa in the context of global change. Global and Planetary Change, 64(3–4), 222–235.
https://doi.org/10.1016/j.gloplacha.2008.09.007

Lopez-Carr, D., Pricope, N. G., Aukema, J. E., Jankowska, M. M., Funk, C., Husak, G., & Michaelsen, J. (2014). A spatial analysis change in
Africa: Potential vulnerability hot spots emerge where precipitation declines and demographic pressures coincide. Population and Environment,
35(3), 323–339. https://doi.org/10.1007/s11111-014-0209-0

Lüdeke, M. K. B., Walther, C., Sterzel, T., Kok, M. T. J., Lucas, P., Janssen, P., & Hilderink, H. (2014). Understanding change in patterns of vul-
nerability. Potsdam, Germany: Potsdam Institute for Climate Impact Research.

Lutz, W., & Muttarak, R. (2017). Forecasting societies' adaptive capacities through a demographic metabolism model. Nature Climate Change, 7(3),
177–184.

MacEachren, A. M., Pike, W., Yu, C., Brewer, I., Gahegan, M., Weaver, S. D., & Yarnal, B. (2006). Building a GeoColloaboratory. Computers,
Environment and Urban Systems, 30, 201–225.

MacEachren, A. M., Robinson, A., Hopper, S., Gardner, S., Murray, R., Gahegan, M., & Hetzler, E. (2005). Visualizing geospatial information
uncertainty: What we know and what we need to know. Cartography and Geographic Information Science, 32(3), 139–160.

Magliocca, N. R., Rudel, T. K., Verburg, P. H., McConnell, W. J., Mertz, O., Gerstner, K., … Ellis, E. C. (2015). (2015). Synthesis in land change
science: Methodological patterns, challenges, and guidelines. Regional Environmental Change, 15, 211–226. https://doi.org/10.1007/s10113-
014-0626-8

Mainali, J., & Pricope, N. G. (2017). High-resolution spatial assessment of population vulnerability to climate change in Nepal. Applied Geography,
82, 66–82.

Mambo, J., & Faccer, K. (Eds.). (2017). South African risk and vulnerability atlas (2nd ed.). Cape Town, South Africa: Department of Science and
Technology.

Mani, M., Bandyopadhyay, S., Chonabayashi, S., Markandya, A., & Mosier, T. (2018). South Asia's hotspots: The impact of temperature and pre-
cipitation changes on living standards. Washington, DC: World Bank.

McCarthy, J. J., Canziani, O. F., Leary, N. A., Dokken, D. J., & White, K. S. (Eds.). (2001). Climate change 2001: Impacts, adaptation, and vulner-
ability. Cambridge, England: Cambridge University Press.

McCusker, B., Essam, T., & Conley, J. (2016). Spatial policymaking: Using large, public datasets to illustrate spatial patterns of human vulnerability
in Niger. Proceedings of the 13th International Conference on Social Implications of Computers in Developing Countries. Negombo, Sri Lanka.
May 2015.

Meadow, A. M., Ferguson, D. B., Guido, Z., Horangic, A., Owen, G., & Wall, T. (2015). Moving toward the deliberate coproduction of climate sci-
ence knowledge. Weather, Climate, and Society, 7(2), 179–191.

Muccione, V., Allen, S. K., Huggel, C., & Birkmann, J. (2016). Differentiating regions for adaptation financing: The role of global vulnerability and
risk distributions. WIREs Climate Change, 8, 1–8. https://doi.org/10.1002/wcc.447

Müller, C., Waha, K., Bondeau, A., & Heinke, J. (2014). Hotspots of climate change impacts in sub-Saharan Africa and implications for adaptation
and development. Global Change Biology, 20(8), 2505–2517. https://doi.org/10.1111/gcb.12586

Nardo, M., Saisana, M., Saltelli, A., Tarantola, S., Hoffman, A., & Giovannini, E. (2005). Handbook on constructing composite indicators. Paris,
France: OECD. https://doi.org/10.1787/533411815016

Nayak, S. G., Shrestha, S., Kinney, P. L., Ross, Z., Sheridan, S. C., Pantea, C. I., … Hwang, S. A. (2018). Development of a heat vulnerability index
for New York state. Public Health, 161, 127–137.

Neumann, B., Vafeidis, A. T., Zimmermann, J., & Nicholls, R. J. (2015). Future coastal population growth and exposure to sea-level rise and coastal
flooding-a global assessment. PLoS One, 10(3), e0118571.

Niang, I., Ruppel, O. C., Abdrabo, M. A., Essel, A., Lennard, C., Padgham, J., & Urquhart, P. (2015). Africa. In V. R. Barros, C. B. Field,
D. J. Dokken, M. D. Mastrandrea, K. J. Mach, T. E. Bilir, et al. (Eds.), Climate change 2014: Impacts, adaptation, and vulnerability. Part B:
Regional aspects. Contribution of working group II to the fifth assessment report of the intergovernmental panel on climate change
(pp. 1199–1265). Cambridge, England; New York, NY: Cambridge University Press.

Notenbaert, A., Massawe, S., & Herrero, M. (2010). Mapping risk and vulnerability hotspots in the COMESA region: Technical Report (ReSAKSS
Working Paper No. 32). Nairobi, Kenya: IFPRI.

O'Brien, K., Leichenko, R., Kelkar, U., Venema, H., Aandahl, G., Tompkins, H., … West, J. (2004). Mapping vulnerability to multiple stressors:
Climate change and globalization in India. Global Environmental Change, 14(4), 303–313.

O'Neill, B. C., & Gettelman, A. (2018). An introduction to the special issue on the benefits of reduced anthropogenic climate changE (BRACE). Cli-
matic Change, 146(1–9), 277–285. https://doi.org/10.1007/s10584-017-2136-4

O'Neill, B. C., Kriegler, E., Riahi, K., Ebi, K. L., Hallegatte, S., Carter, T. R., … van Vuuren, D. P. (2014). A new scenario framework for climate
change research: The concept of shared socioeconomic pathways. Climatic Change, 122(3), 387–400.

Oppenheimer, M., Campos, M., Warren, R., Birkmann, J., Luber, G., O’Neill, B., & Takahashi, K. (2014). Emergent risks and key vulnerabilities.
In C. B. Field, V. R. Barros, D. J. Dokken, K. J. Mach, M. D. Mastrandrea, T. E. Bilir, et al. (Eds.), Climate change 2014: Impacts, adaptation,
and vulnerability. Part A: Global and sectoral aspects. Contribution of working group II to the fifth assessment report of the Intergovernmental
Panel on Climate Change (pp. 1039–1099). Cambridge, England; New York, NY: Cambridge University Press.

Padilla, L. M., Ruginski, I. T., & Creem-Regehr, S. H. (2017). Effects of ensemble and summary displays on interpretations of geospatial uncertainty
data. Cognitive Research: Principles and Implications, 2(40), 40. https://doi.org/10.1186/s41235-017-0076-1

DE SHERBININ ET AL. 21 of 23

https://doi.org/10.1016/j.gloplacha.2008.09.007
https://doi.org/10.1007/s11111-014-0209-0
https://doi.org/10.1007/s10113-014-0626-8
https://doi.org/10.1007/s10113-014-0626-8
https://doi.org/10.1002/wcc.447
https://doi.org/10.1111/gcb.12586
https://doi.org/10.1787/533411815016
https://doi.org/10.1007/s10584-017-2136-4
https://doi.org/10.1186/s41235-017-0076-1


Papathoma-Köhle, M., Neuhäuser, B., Ratzinger, K., Wenzel, H., & Dominey-Howes, D. (2007). Elements at risk as a framework for assessing the
vulnerability of communities to landslides. Natural Hazards and Earth System Sciences, 7(6), 765–779. https://doi.org/10.5194/nhess-7-765-
2007

Parry, M., Parry, M. L., Canziani, O., Palutikof, J., Van der Linden, P., & Hanson, C. (2007). Technical summary. In M. L. Parry, O. F. Canziani,
J. P. Palutikof, P. J. van der Linden, & C. E. Hanson (Eds.), Climate change 2007: Impacts, adaptation and vulnerability. Contribution of work-
ing group II to the fourth assessment report of the intergovernmental panel on climate change (pp. 23–78). Cambridge, England: Cambridge
University Press.

Parsons, M. A., Duerr, R., & Minster, J. B. (2010). Data citation and peer review. Eos, Transactions American Geophysical Union, 91(34),
297–298.

Patt, A., Klein, R. J., & de la Vega-Leinert, A. (2005). Taking the uncertainty in climate-change vulnerability assessment seriously. Comptes Rendus
Geoscience, 337(4), 411–424.

Piontek, F., Müller, C., Pugh, T. A., Clark, D. B., Deryng, D., Elliott, J., … Franssen, W. (2014). Multisectoral climate impact hotspots in a warming
world. Proceedings of the National Academy of Sciences, 111(9), 3233–3238.

Poompavai, V., & Ramalingam, M. (2013). Geospatial analysis for coastal risk assessment to cyclones. Journal of the Indian Society of Remote
Sensing, 41(1), 157–176.

Preston, B., Yuen, E. J., & Westaway, R. M. (2011). Putting vulnerability to climate change on the map: A review of approaches, benefits, and risks.
Sustainability Science, 6, 177–202.

Preston, B. L., Brooke, C., Measham, T. G., Smith, T. F., & Gorddard, R. (2009). Igniting change in local government: Lessons learned from a bush-
fire vulnerability assessment. Mitigation and Adaptation Strategies for Global Change, 14(3), 251–283.

Preston, B. L., Smith, T. F., Brooke, C., Gorddard, R., Meashan, T. G., Withycombe, G., … Abbs, D. (2008). Mapping climate change vulnerability
in the Sydney coastal councils group (pp. 124–124). Sydney, Australia: CSIRO and The Sydney Coastal Councils Group Incorporated.

PROVIA (Programme on Vulnerability, Impacts and Adaptation). (2013). Research priorities on vulnerability, impacts and adaptation: Responding
to the climate change challenge. Nairobi, Kenya: UNEP.

Qin, H., & Grigsby, M. E. (2016). A systematic review and “meta-study” of meta-analytical approaches to the human dimensions of environmental
change. Human Ecology Review, 22(2), 109–136.

Rasanen, A., Juhola, S., Nygren, A., Kakonen, M., Kallio, M., Monge Monge, A., & Kanninen, M. (2016). Climate change, multiple stressors and
human vulnerability: A systematic review. Regional Environmental Change, 16, 2291–2302. https://doi.org/10.1007/s10113-016-0974-7

Reckien, D. (2018). What is in an index? Construction method, data metric, and weighting scheme determine the outcome of composite social vul-
nerability indices in New York City. Regional Environmental Change, 18, 1439–1451. https://doi.org/10.1007/s10113-017-1273-7

Reid, C. E., O'Neill, M. S., Gronlund, C. J., Brines, S. J., Brown, D. G., Diez-Roux, A. V., & Schwartz, J. (2009). Mapping community determinants
of heat vulnerability. Environmental Health Perspectives, 117(11), 1730–1736.

Retchless, D. P., & Brewer, C. A. (2016). Guidance for representing uncertainty on global temperature change maps. International Journal of Clima-
tology, 36(3), 1143–1159.

Rigaud, K. K., de Sherbinin, A., Jones, B., Bergmann, J., Clement, V., Ober, K., … Midgley, A. (2018). Groundswell: Preparing for internal cli-
mate migration. Washington, DC: World Bank.

Rohat, G. (2018). Projecting drivers of human vulnerability under the shared socioeconomic pathways. International Journal of Environmental
Research and Public Health, 15(3), 554.

Rohat, G., Flacke, J., Dao, H., & van Maarseveen, M. (2018). Co-use of existing scenario sets to extend and quantify the shared socioeconomic path-
ways. Climatic Change, 151(3–4), 619–636.

Rohat, G., Flacke, J., Dosio, A., Pedde, S., Dao, H., & van Maarseveen, M. (2019). Influence of changes in socioeconomic and climatic conditions
on future heat-related health challenges in Europe. Global and Planetary Change, 172, 45–59.

Roy, D. C., & Blaschke, T. (2015). Spatial vulnerability assessment of floods in the coastal regions of Bangladesh. Geomatics, Natural Hazards and
Risk, 6(1), 21–44. https://doi.org/10.1080/19475705.2013.816785

Rufat, S., Tate, E., Burton, C. G., & Maroof, A. S. (2015). Social vulnerability to floods: Review of case studies and implications for measurement.
International Journal of Disaster Risk Reduction, 14(4), 470–486.

Runfola, D. M., Ratick, S., Blue, J., Machado, E. A., Hiremath, N., Giner, N., … Arnold, J. (2015). A multi-criteria geographic information systems
approach for the measurement of vulnerability to climate change. Mitigation and Adaptation Strategies for Global Change, 22, 349–368.
https://doi.org/10.1007/s11027-015-9674-8

Saisana, M., Saltelli, A., & Tarantola, S. (2005). Uncertainty and sensitivity analysis techniques as tools for the quality assessment of composite indi-
cators. Journal of the Royal Statistical Society A, 168(2), 1–17.

Scheuer, S., Haase, D., & Meyer, V. (2011). Exploring multicriteria flood vulnerability by integrating economic, social and ecological dimensions of
flood risk and coping capacity: From a starting point view towards an end point view of vulnerability. Natural Hazards, 58(2), 731–751.

Soares, M. B., Gagnon, A. S., & Doherty, R. M. (2012). Conceptual elements of climate change vulnerability assessments. International Journal of
Climate Change Strategies and Management, 4(1), 6–35.

Start, D., & Hovland, I. (2004). Tools for policy impact: A handbook for researchers. London, England: Overseas Development Institute. Retrieved
from http://web.worldbank.org/archive/website01031/WEB/IMAGES/TOOLS_HA.PDF

Steele, J. E., Sundsøy, P. R., Pezzulo, C., Alegana, V. A., Bird, T. J., Blumenstock, J., … Hadiuzzaman, K. N. (2017). Mapping poverty using
mobile phone and satellite data. Journal of the Royal Society Interface, 14(127), 20160690.

22 of 23 DE SHERBININ ET AL.

https://doi.org/10.5194/nhess-7-765-2007
https://doi.org/10.5194/nhess-7-765-2007
https://doi.org/10.1007/s10113-016-0974-7
https://doi.org/10.1007/s10113-017-1273-7
https://doi.org/10.1080/19475705.2013.816785
https://doi.org/10.1007/s11027-015-9674-8
http://web.worldbank.org/archive/website01031/WEB/IMAGES/TOOLS_HA.PDF


Strader, S. M., Ashley, W. S., Pingel, T. J., & Krmenec, A. J. (2017). Projected 21st century changes in tornado exposure, risk, and disaster potential.
Climatic Change, 141(2), 301–313.

Tapia, C., Abajo, B., Feliu, E., Mendizabal, M., Martinez, J. A., Fernández, J. G., … Lejarazu, A. (2017). Profiling urban vulnerabilities to climate
change: An indicator-based vulnerability assessment for European cities. Ecological Indicators, 78, 142–155.

Tate, E. (2012). Social vulnerability indices: A comparative assessment using uncertainty and sensitivity analysis. Natural Hazards, 63(2), 325–347.
Tellman, E., Schank, C., Schwarz, B., & Howe, P. (2017). Societal sensitivity to flood death and damage in the U.S.A.: Validation of vulnerability

assessments. Paper presented at the 2017 annual meeting of the American Association of Geographers, Boston MA, April 2017.
Thornton, P. K., Jones, P. G., Owiyo, T., Kruska, R. L., Herrero, M., Orindi, V., … Omolo, A. (2008). Climate change and poverty in Africa: Map-

ping hotspots of vulnerability. African Journal of Agriculture and Resource Economics (AfJARE), 2(1), 24–44.
Torres, R. R., Lapola, D. M., Marengo, J. A., & Lombardo, M. A. (2012). Socio-climatic hotspots in Brazil. Climatic Change, 115(3–4), 597–609.

https://doi.org/10.1007/s10584-012-0461-1
Trzaska, S., & Schnarr, E. (2014). A review of downscaling methods for climate change projections (USAID Technical paper) (p. 56). Washington,

DC. Retrieved from https://www.climatelinks.org/resources/review-downscaling-methods-climate-change-projections
Turner, B. L., Kasperson, R. E., Matson, P. A., McCarthy, J. J., Corell, R. W., Christensen, L., … Schiller, A. (2003). A framework for vulnerability

analysis in sustainability science. Proceedings of the National Academy of Sciences, 100, 8074–8079.
Udoh, J. C. (2015). Multi-Hazard vulnerability mapping: An example from Akwa Ibom state, Nigeria. European Scientific Journal, 11(29),

293–300.
UNDP. (2010). Mapping climate change vulnerability and impact scenarios: A guide book for sub-national planners. New York, NY: United

Nations Development Program.
USAID. (2018). PREPARED fact sheet: Community climate change adaptation assessment. Retrieved from https://www.climatelinks.org/resources/

prepared-fact-sheet-community-climate-change-adaptation-assessment
van Wesenbeeck, C. F. A., Sonneveld, B. G. J. S., & Voortman, R. L. (2016). Localization and characterization of populations vulnerable to climate

change: Two case studies in sub-Saharan Africa. Applied Geography, 66, 81–91. https://doi.org/10.1016/j.apgeog.2015.11.001
Vincent, K. (2004). Creating an index of social vulnerability to climate change for Africa. Tyndall Center for Climate. Change Research Working

Paper 56(41).
Wang, C., & Yarnal, B. (2012). The vulnerability of the elderly to hurricane hazards. Natural Hazards, 63(2), 349–373. https://doi.org/10.1007/

s11069-012-0151-3
Weber, S., Sadoff, N., Zell, E., & Sherbinin, A. D. (2015). Policy-relevant indicators for mapping the vulnerability of urban populations to extreme

heat events: A case study of Philadelphia. Applied Geography, 63, 231–243. https://doi.org/10.1016/j.apgeog.2015.07.006
Weeks, E. S., Walker, S., Overton, J. M., & Clarkson, B. (2013). The value of validated vulnerability data for conservation planning in rapidly

changing landscapes. Environmental Management, 51(5), 1055–1066.
Wilbanks, T. J., & Ebi, K. L. (2014). SSPs from an impact and adaptation perspective. Climatic Change, 122(3), 473–479.
World Bank and the Potsdam Institute for Climate Impact Research (PIK). (2012). Turn down the heat: Why a four degree warmer world must be

avoided. Washington, DC: World Bank.
Yu, M., Yang, C., & Li, Y. (2018). Big Data in Natural Disaster Management: A Review. Geosciences, 8(5), 165.
Yusuf, A. A., & Francisco, H. (2009). Climate change vulnerability mapping for Southeast Asia. Singapore: Economy and Environment Program

for Southeast Asia.

SUPPORTING INFORMATION

Additional supporting information may be found online in the Supporting Information section at the end of this article.

How to cite this article: de Sherbinin A, Bukvic A, Rohat G, et al. Climate vulnerability mapping: A systematic
review and future prospects. WIREs Clim Change. 2019;e600. https://doi.org/10.1002/wcc.600

DE SHERBININ ET AL. 23 of 23

https://doi.org/10.1007/s10584-012-0461-1
https://www.climatelinks.org/resources/review-downscaling-methods-climate-change-projections
https://www.climatelinks.org/resources/prepared-fact-sheet-community-climate-change-adaptation-assessment
https://www.climatelinks.org/resources/prepared-fact-sheet-community-climate-change-adaptation-assessment
https://doi.org/10.1016/j.apgeog.2015.11.001
https://doi.org/10.1007/s11069-012-0151-3
https://doi.org/10.1007/s11069-012-0151-3
https://doi.org/10.1016/j.apgeog.2015.07.006
https://doi.org/10.1002/wcc.600

	Climate vulnerability mapping: A systematic review and future prospects
	1  INTRODUCTION
	2  MATERIALS, METHODS AND DATA
	3  RESULTS
	3.1  Characteristics of the studies
	3.1.1  Geographic coverage
	3.1.2  Top journals
	3.1.3  Level of analysis
	3.1.4  Study goals
	3.1.5  Valued attributes

	3.2  The state of practice
	3.2.1  Interdisciplinarity
	3.2.2  Vulnerability framing
	3.2.3  Nonclimate indicators
	3.2.4  Climate-related parameters and projections
	3.2.5  Aggregation methods
	3.2.6  Scale of analysis
	3.2.7  Treatment of uncertainty
	3.2.8  Data citation
	3.2.9  The Map

	3.3  Policy relevance

	4  RECOMMENDATIONS AND FUTURE DIRECTIONS
	4.1  Improved cartography and decision support tools
	4.2  Beyond the map
	4.3  Mapping the future
	4.4  Validation
	4.5  Value of information

	5  CONCLUSION
	ACKNOWLEDGMENTS
	  CONFLICT OF INTEREST
	Endnotes
	REFERENCES


