Fernandez et al. SpringerPlus (2015) 4:738 0 S p ri n g er P | us

DOI 10.1186/540064-015-1536-z

a SpringerOpen Journal

RESEARCH Open Access

Assessing local vulnerability to climate

@ CrossMark

change in Ecuador

Mario Andres Fernandez'’, Santiago J. Bucaram? and Willington Renteria®

*Correspondence:
fernandezm@
landcareresearch.co.nz

! Governance and Policy
Team, Landcare Research,
Auckland, New Zealand

Full list of author information
is available at the end of the
article

@ Springer

Abstract

Vulnerability assessments have become necessary to increase the understanding of
climate-sensitive systems and inform resource allocation in developing countries. Chal-
lenges arise when poor economic and social development combines with heterogene-
ous climatic conditions. Thus, finding and harmonizing good-quality data at local scale
may be a significant hurdle for vulnerability research. In this paper we assess vulner-
ability to climate change at a local level in Ecuador. We take Ecuador as a case study

as socioeconomic data are readily available. To incorporate the spatial and temporal
pattern of the climatic variables we use reanalysis datasets and empirical orthogonal
functions. Our assessment strategy relies on the statistical behavior of climatic and soci-
oeconomic indicators for the weighting and aggregation mechanism into a composite
vulnerability indicator. Rather than assuming equal contribution to the formation of
the composite indicator, we assume that the weights of the indicators vary inversely

as the variance over the cantons (administrative division of Ecuador). This approach
captures the multi-dimensionality of vulnerability in a comprehensive form. We find
that the least vulnerable cantons concentrate around Ecuador’s largest cities (e.g. Quito
and Guayaquil); however, approximately 20 % of the national population lives in other
cantons that are categorized as highly and very highly vulnerable to climate change.
Results also show that the main determinants of high vulnerability are the lack of land
tenure in agricultural areas and the nonexistence of government-funded programs
directed to environmental and climate change management.

Keywords: Exposure, Sensitivity, Adaptive capacity, Indicator, Empirical orthogonal
function

Background

The Intergovernmental Panel on Climate Change (IPCC) defines vulnerability as the
degree to which geophysical, biological, and socio-economic systems are susceptible to,
and unable to cope with adverse impacts of climate change (Houghton 1996). As these
impacts at local scales are uncertain, vulnerability assessments have become necessary
(Adger et al. 2004) to increase the understanding of climate-sensitive systems and to
inform the specification of targets and allocation of funds. Other uses for assessments
are to prioritize political and research efforts, to develop and to implement adaptation
strategies (Fuissel and Klein 2006); and to evaluate program/policy effectiveness in data-
scarce regions (Adger et al. 2004; Pandey and Jha 2011).
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The evolution of vulnerability assessments has revealed trends toward interdiscipli-
nary analyses of the consequences of climate change, as well as integration with adap-
tation, environmental degradation, agricultural productivity, food security, population
growth, and conflict research (Fissel and Klein 2006; Schilling et al. 2012).

Though there is no uniform methodology to assess vulnerability and its components
(i.e. exposure, sensitivity and adaptive capacity), all vulnerability assessments require a
detailed contextual understanding of the relevant systems and of the multiple stressors
(Fissel 2010). Assessments have been conducted at different geographic scales, such
as watersheds, rural areas (Eakin 2005), regions, countries, or worldwide (Pachauri
et al. 2014). These assessments have made use of a wide array of technical tools such
as local-level case studies (O’Brien et al. 2004; Sutanta et al. 2013), resilience indicators
(Brenkert and Malone 2005), bio-economic models (Schilling et al. 2012), general equi-
librium models (Parry et al. 2004; Tol 2002), and cross-sectional studies (Mendelsohn
et al. 2006). The selection of the appropriate approach depends on the research or pol-
icy questions addressed, the urgency of the threat, the geographical and temporal scope
of the analysis, the reliability of future climate impact projections, the level of previous
knowledge, and the availability of data, expertise, and other resources (Fiissel and Klein
2002, 2006; Fissel 2010).

Regardless of the assessment approach, challenges arise when the regions analyzed
are communities that suffer from food, health and environmental insecurity, poverty,
economic inequalities, weak governance, deficient infrastructure and education, lack
of access to appropriate resources, or poor capacity to deal with extreme events (Bele
et al. 2013). These issues are likely to determine the sensitivity of communities to climate
change (Watson et al. 1998). For example, poverty and inequality are associated with
poor quality housing, which is easily damaged by floods or storms, and with the forma-
tion of vulnerable and marginalized groups that lack the financial resources for adap-
tation, and may be forced to settle in climate-exposed areas (Adger et al. 2004). Thus,
finding good-quality socioeconomic data at local scale and harmonizing them with cli-
matic variables is a significant aspect of vulnerability research.

Hence, the purpose of this paper is to assess vulnerability to climate change at a local
level in Ecuador. We rely on the statistical behavior of climatic and socioeconomic vari-
ables where the weighting and aggregation mechanism of the composite vulnerability
indicator is similar to Iyengar and Sudarshan (1982) and Deepa et al. (2013). Rather
than assuming the variables contribute equally to the composite indicator, our assess-
ment approach defines the weights or contributions of each variables with respect to the
aggregated variability of all variables across cantons (i.e. the political-administrative divi-
sion of Ecuador, see the Additional file 1). Thus, through normalization, this approach
mitigates the dominance of variables with large variance. Furthermore, it allows aggre-
gation of variables to a measure of the overall variability that represents the multi-
dimensionality of vulnerability (Leichenko and O’Brien 2002). We use a large number of
economic, social, and environmental variables to construct the composite vulnerability
indicator, and a contribution of this paper is the use of empirical orthogonal functions
(EOF) and reanalysis datasets to incorporate the long-run and spatial patterns of the cli-
matic variables.
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We assume that exposure to climate change affects the sensitivity of cantons where
communities respond given their adaptive capacity. Thus, we separate the composite
indicator into three components: (1) exposure: the condition of disadvantage due to
the position or location of a subject, object or system at risk; (2) sensitivity: the degree
of internal ability of a subject, object or system to meet a threat and receive a possible
impact due to the occurrence of an adverse event; and (3) adaptive capacity: the ability
of a system, community or society exposed to hazards to cope, absorb, and recover from
the effects of an adverse event effectively and in a timely manner, considering the preser-
vation and restoration of its essential basic structures and functions (Antwi-Agyei et al.
2012; Houghton 1996; Ionescu et al. 2008; Luers et al. 2003; Martin et al. 2012; O’Brien
et al. 2004).

The paper is organized as follows: “Methods” section describes both the modelling
framework to construct the composite vulnerability indicator, and the data. “Results and
discussion” section presents the results. “Conclusions” section concludes.

Methods

We choose Ecuador as a case study because socioeconomic data are readily and publicly
available. Also the cantons in this country show a large degree of heterogeneity in terms
of development and climatic conditions. We map vulnerability indicators at the canton
level and show how different factors that shape vulnerability vary within Ecuador. The
dataset includes 221 cantons of the continental territory of Ecuador, and other settle-
ments such as Manga del Cura, El Piedrero and Las Golondrinas, which, at the time the
data were collected, did not belong to any province.

Construction of the composite vulnerability indicator
Let X;; denote the ith vulnerability indicator in the dth canton (ie.i=1,2,...,m;

d =1,2,...n). We normalize each indicator such that y;; = % if the indi-
L U

cator is assumed to be positively associated to vulnerability, or y;; = %
U L

otherwise. From the matrix of normalized values, Y, x ), the composite vulnerability

indicator for the dth canton is constructed as follows:
Yd = W1Yd1 +WaYaz2 + -+ Winldm (D

w; is the weight of each indicator, that is, its contribution to the formation of the com-

posite vulnerability indicator, where 0 < w; < 1 and w1 + wy + - -+ + wy, = 1. To esti-

mate the weights, we calculate the variance of each normalized indicator across cantons

as o2 = 2ii=1 (ai—¥i)
i n—1

the aggregate behavior of the indicators variability across cantons, that is, weights vary

where y; is the average value. We define the weights relative to
inversely with the variance across the cantons as follows:

2
0j

RN ”

This weighting mechanism ensures that large variation in any of the indicators will
not dominate the contribution of the rest, and rules out the possibility that, for policy
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purposes, improvements in an indicator can perfectly compensate detriments in any
other.

For the purposes of generality and meaningful ranking of the composite indicators
we assume y,; follows a Beta distribution in the range (0, 1) as y, is positive valued and
potentially skewed (Iyengar 1982). The probability density of the Beta distribution is as
follows:

22711 — 2)b 1dx

fla) = Ba.b)

, 0O0<z<landa,b>0 3)
where B(a, b) = f(l) 22711 — x)Pdx.
The parameters (a, b) can be estimated by solving the simultaneous equations:

Q—ya—yb=0 “4)

y—ma—mb=m-—y (3)

where, y is the overall mean of the composite indicators and m is defined as:
m=s, +y (6)

where sjz, is the variance of the composite indicators.

In particular, if y; better fits a normal distribution, the parameters  and b will be equal
(Vidwans 1983) so that a beta will approximate the normal distribution introducing non-
negligible errors in the results (Pratt 1968). The opposite reasoning, however, may not
apply, as assuming a normal distribution for variables with significant asymmetry would
introduce errors in the statistical operations, in addition to specification problems.

Let (0,z1), (z1,22), (22, 23), (23, z4), (24, z5) be the linear intervals such that each one has
the same probability weight of 20 %. These fractal groups classify cantons by vulnerabil-

ity categories as follows:

Less vulnerable if 0 < y; < z;.

Moderately vulnerable if z; < y; < z2.

Vulnerable if zy < y; < zs.

Highly vulnerable if z3 < y; < z4.

Very high vulnerability if z4 <y; < 1.

For vulnerability assessments based on indicators, principal components analysis,
encompassing all social and environmental variables, is an alternative to construct the
composite vulnerability indicator. It has been widely used and is based on sound sta-
tistical theory (Gbetibouo et al. 2010; Leichenko and O’Brien 2002). The aim of PCA
is to summarize information through the reduction of dimensions in such a way that
the first principal component accounts for as much of the variability in the data as pos-
sible, and each succeeding component in turn has the highest variance possible under
the constraint that it is orthogonal to the preceding components. PCA are guaranteed to
be independent if the data set is jointly normally distributed (Jolliffe 2005). Though we
do not intend our assessment approach to compete with PCA, we argue that PCA may
exclude variables or indicators with relatively lower contributions to the formation of the
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components so that a comprehensive ordering of the indicators, as the one we intend in
this paper, may not be achieved. The normality assumption in PCA should be managed
with care for the same reasons we assume the beta distribution. Thus, PCA would not fit
the purpose of this paper. Furthermore, we want to preserve the direct interpretation of
results that may not exist when using the components derived from PCA. We therefore
restrict the use of PCA for the construction of the EOF and the institutional indicators.

Vulnerability indicators

From the mid-1990s the approach to vulnerability changed from an exclusive focus
on meteorological and biophysical factors to a comprehensive approach that included
social, economic, and political dimensions (Blaikie et al. 2004; Bohle et al. 1994; Cutter
1996; Kelly and Adger 2000). We separated the variables into the exposure, sensitivity
and adaptive capacity indicators of each canton. For appropriate selection of the vari-
ables we held extensive discussions and a workshop with experts both in Ecuador and at
the headquarters of the Inter-American Development Bank, Washington DC. Thus, we
selected 42 variables and did not attempt to reduce dimensions (e.g. via principal com-
ponents analysis) as our interest is to identify the effects of each variable on the forma-
tion of the composite indicator.

Climatic variables

Precipitation, temperature, relative humidity, and wind velocity are part of the essen-
tial climate variables (ECV) identified by the Global Climate Observing System (GCOS)
as relevant for understanding the climatic system (Mason et al. 2010). Climatic data in
Ecuador are spatially heterogeneous as a result of geophysical factors; however, their
availability is limited. The coarse resolution of global circulation models (GCM) does not
allow reliable geographic interpolations or aggregations. Thus, to incorporate the spatial
and temporal pattern of the climatic indicators we use reanalysis datasets that are the
outcome of numerical models and observational data assimilation with a finer resolution
than the GCM.

The climatic variables come from the climate forecast system reanalysis (CFSR) devel-
oped by the National Center for Environmental Prediction (NCEP). This reanalysis
model is the first that includes both oceanic and atmospheric features, and has dem-
onstrated that it adequately reproduces precipitation and surface temperature, and cali-
brates for the natural and inter-seasonal variability (Saha et al. 2010; Tett et al. 1997).
The ECVs are on a monthly basis for a range of 40 years (1971-2011) and are extracted
in a rectangular grid (83 W-74 W, 2 N-6 S). The NCEP reanalysis dataset coincides with
the climate observation satellite area, which implies that reliable observations are added
in the assimilation process (Kanamitsu et al. 2002).

Four climatic indices were constructed to describe the trends of the climatic variables.
The dataset was divided into two regions: western Ecuador (coastal zone) and eastern
Ecuador (the Inter-Andean and Amazon regions). Thus, we implemented the EOF for
the monthly variation of each climatic variable at canton level, except for precipitation,
where we used the yearly averages because there were only 4 or 5 months with positive
values of precipitation, whereas for the rest of the year the monthly values were equal to
zero. This variation does not significantly affect the results. For computational purposes
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we use the EOF as the dimensions of reanalysis datasets are large since they combine
time series with spatial maps. The EOF characterizes the temporal and spatial patterns
of the climatic variables in the areas of interest, and have been used extensively in mete-
orological and climatological studies (Dai et al. 1997; Kutzbach 1967; Messié and Chavez
2011; Tatli and Tirkes 2011; von Storch and Navarra 1999). The EOF is equivalent to
the principal components used in multivariate statistics and is close relative to the bases
used in factor analysis. Furthermore, the EOF basis set defined directly from data can
be used to represent a climatological field very economically (Kutzbach 1967), both as a
basis for a set of predictors (Barnett and Hasselmann 1979) or as a means of physically
interpreting the data (Wallace and Gutzler 1981). That is, if one thinks of the snapshots
of geophysical data maps as realizations of random fields generated by a stochastic pro-
cess, it is possible to construct second moment statistics linking one point and another
in the map. The resulting covariance matrix is real and symmetric and therefore pos-
sesses a set of orthogonal eigenvectors with positive eigenvalues. The map associated
with each eigenvector represents a pattern that is statistically independent of the oth-
ers and spatially orthogonal to them. The eigenvalue indicates the amount of variance
accounted for by the pattern. The eigenvector patterns contain information about the
multidimensional probability distribution that constitutes the climate and are, therefore,
of theoretical interest (North 1984). Thus, the EOF is designed to derive the dominant
variability patterns from sets of fields of any type of synthetic indicators or indexes, and
summarize the variability observed in a group of variables (Bulté et al. 2006; Thomson
and Emery 2014).

Sensitivity and adaptive capacity indicators

Table 1 shows the socioeconomic indicators related to sensitivity and adaptive capacity.
The indicators related to human capital, family structure, physical infrastructure, eco-
nomic capability, socially vulnerable groups, demographics, and employment come from
the National System of Indicators (SNI in Spanish) (http://www.sni.gob.ec). The SNI
contains data from several national-level census and surveys administered in Ecuador.
Housing tenure and housing characteristics information comes from the 2010 National
Population and Household Census. Institutional capacity indicators are constructed
based on the 2010 Census for the Management, Expenditures and Investment on Envi-
ronmental Protection at Municipalities and Provincial Councils. Agricultural informa-
tion such as the proportion of agricultural land with respect to total area, the proportion
of agricultural land with irrigation, as well as tenure of agricultural land comes from the
2010 National Agricultural Census. Information about medical doctors and staftf comes
from the 2009 Health Resources and Activities Census.

To construct the institutional capacity indicator we apply polychoric principal compo-
nent analysis to a set of variables related to whether the canton has developed informa-
tion, programs, strategies or policies on: (1) environmental sensitivity assessments; (2)
environmental development; (3) pollution management; and (4) climate change. Though
these programs and policies are not uniform across cantons, their availability and extent
are an input for the management of climate-related hazards and other environmental
risks. Thus, the institutional indicator and its weight signal that in Ecuador the capacities

and the relative institutional development of the cantons play a significant role in terms
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Table 1 Vulnerability indicators

Focus Indicators Source
Sensitivity
Demographics llliteracy rate (+) NSI
Population density (+) NSI
Unemployment rate (+) NSI
Socially vulnerable groups  Average number of children per household (+) NSI
Proportion of crowded households (+) NSI
Proportion of population 0-5 years (+) NSI
Proportion of population 65 years or older (+) NSI
Proportion of population with permanent disability (+) NSI
Land Proportion agricultural land/total land extension (4) NAC
Proportion irrigated land/total agricultural land (—) NSI
Adaptive capacity
Physical infrastructure Proportion of households receiving water through piped system (—) NSI
Proportion of households with access to computer (—) NSI
Proportion of households with electricity service (—) NSI
Proportion of households with garbage collection service (—) NSI
Proportion of households with land phone service (—) NS
Proportion of households with proper sanitary facilities (—) NSI
Proportion of households with sewage treatment service (—) NSI
Proportion of houses with exclusive room for kitchen (—) NSI
Proportion of houses with exclusive sanitary facilities (—) NSI
Proportion of population with internet access (—) NSI
Proportion of population with mobile phone access (—) NSI
Minimum distance to large town (—)? NSI
Economic capability Average business revenues (—) EC
Average energy consumption (Kwh/annum) (—) EC
Average time in business (—) EC
Proportion of population working in own business (—) (amb) NSI
Proportion of households on agriculture owning land (+) NSI
Proportion of population working agriculture, hunting or fisheries (4) NSI
Tax revenues per capita (—) NSI
Human capital Hospital beds per capita (—) HRAC
Population per medical doctor (+) HRAC
Average number of years of scholarity for head of household (—) NSI
Proportion of households living on owned house (—) NSI
Proportion of households where head is female (4) NS
Proportion of population under social security coverage (—) NSI
Proportion of population with private health insurance (—) NSI
Proportion of population affected by disasters (4) DIMS
Institutional capacity Funds for environmental protection per capita (—) EMS
Institutional capacity index (—) EMS

From a conceptual standpoint (4) represents a positive relationship between the indicator and vulnerability, and (—)

represents a negative relationship

NS/ National System of Information 2010, NAC National Agricultural Census 2010, EMS Environmental Management Survey
2010, HRAC Health Resources and Activities Census 2009, DIMS Disaster Information Management System (Desinventar)

@ Computed by the authors
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of resource management to cope with changing climatic conditions. We also include the
per capita funds municipalities allocate or receive for investments on environmental
protection.

As a proxy for the economic size of each canton we use indicators related to the aver-
age business revenues, average annual energy consumption of households, proportion of
businesses with a national or foreign client, tax revenue per capita, and proportion of the

population who work in their own business.

Results and discussion
Figure 1 shows the results of the EOF analysis. Each panel shows the first principal
component (PC) and the share of variance explained. Temperature, wind velocity, and
relative humidity show inter-annual variation, which may be interpreted as seasonal
variation. Thus, correlating the temporal variation with the corresponding PC, at each
location, quantifies the link between these climatic variables and the seasonal variations.
Also, it is noticeable that these variables in western Ecuador show a better representa-
tion of the seasonal variation because the boundaries of this area include the significant
climatic influences from the Pacific Ocean. The PCs of temperature, wind velocity, and
relative humidity in eastern Ecuador represent the seasonal variation but with small per-
turbations as in this region there are significant orographic and vegetation differences
that affect the behavior of these variables. Additionally, the PCs do not show a strong
representation of extreme events such as El Nifo or La Nina.

The EOF analysis of the monthly variation of precipitation resulted in a PC that did not
show positive correlations. The monthly variation of precipitation is highly dispersed.

Relative humidity Air surface temperature
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Fig. 1 EOF/PC analysis of climatic indicators. Fraction of variance explained (FOV) for each climate indicator
is greater than 51 %
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For example, Northern Ecuador shows different values from the South because of the
greater influence of the Intertropical Convergence Zone. This adds to the existing geo-
physical differences between the Eastern and Western zones. Hence, for EOF analysis of
precipitation we use the yearly variation to obtain the PC at the geographic location of
each of the cantons. As it may be observed in the first PC, both in Eastern and Western
Ecuador, there is a strong signal at the occurrence period of events such as El Nifio and
La Nifa in 1981 and 1984. The PCs explain 51.4 and 58.9 % of the yearly variation and
result in positive correlations with the geographic locations of the cities.

Vulnerability assessment

For the beta distribution, the parameter a is equal to 26, and b to 34. The cut-off points
are z; = 0.378, z, = 0.415, z; = 0.447 and z, = 0.485. Figure 2 shows the plot of the com-
posite vulnerability indicator. Although the asymmetry does not seem pronounced, the
Skewness/Kurtosis tests reject the null hypothesis of normality (p value equal to 0.0005).

Table 2 shows the calculated weights of each indicator, that is, their contribution to
the formation of the composite vulnerability indicators. The largest weight corresponds
to the institutional capacity. For the relative ordering we observe that the climatic indi-
cators are among the ten with the largest contributions. Temperature has the second
largest contribution, then wind velocity has the third, relative humidity the sixth; and,
precipitation the tenth. Other indicators with large contributions are the proportion
of households with sewage treatment service; the proportion of households with gar-
bage collection service; the proportion of population working in agriculture, hunting or
fisheries; the proportion of households owning agricultural land; and, the proportion of
households receiving water through a pipe system.

In turn, the indicators with the lowest contribution are funds for environmental pro-
tection per capita, population per non-medical doctor, population density, number of
patients per hospital bed, and average energy consumption. Intermediate values appear
for some of the sensitivity indicators such as the proportion of population with no social
security coverage (11th), the proportion of households living below the poverty line
(13th), the proportion of irrigated agricultural land with respect to total agricultural land

© T T T
2 3 4 5 6
Composite Vulnerability Indicator

Fig. 2 Plot of the composite vulnerability indicator
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Table 2 Calculated weights of the vulnerability indicators

Institutional capacity 0.0484 Proportion of houses with exclusive sanitary 0.0239
facilities

Temperature 0.0476  Proportion of population 65 years or older 0.0236

Wind velocity 0.0466 Proportion of crowded households 0.0230

Proportion of households with sewage treat- ~ 0.0321  Average number of children per household 0.0224
ment service

Proportion of households with garbage collec- 0.0319  Proportion of households with land phone 0.0218
tion service service

Relative humidity 0.0317 llliteracy rate 0.0206

Proportion of population working agriculture,  0.0305 Proportion of population less than 5 yearold ~ 0.0203
hunting or fisheries

Proportion of households on agriculture owning 0.0297  Average time in business 0.0202
land

Proportion of households receiving water 0.0292 Proportion of population with mobile access ~ 0.0202
through piped system

Precipitation 0.0282 Average business revenues 0.0191

Proportion of population not under social 0.0279 Proportion of population with any permanent  0.0181
security coverage disability

Proportion of households living on owned 0.0272 Proportion of population with private health 0.0168
house insurance

Proportion of households below poverty line  0.0271 Proportion of households with electricity service 0.0168
Proportion irrigated land/total agricultural land  0.0258 Proportion of population affected by disasters  0.0149

Proportion of population with internet access  0.0258 Minimum distance to large town 0.0145

Proportion of households with access to com-  0.0256 Tax revenues per capita 0.0125
puter

Net rate high school attendance 0.0255 Funds for environmental protection per capita 0.0118

Proportion of households with proper sanitary  0.0253 Population per non-medical doctor 0.0106
facilities

Employment rate 0.0252  Population density 0.0102

Proportion of households where head is female 0.0240 Number of patients per hospital bed 0.0099

Proportion of population working in own busi- 0.0240 Average energy consumption (Kwh/annum) 0.0095
ness

(14th), the proportion of households with proper sanitary facilities (18th), and the pro-
portion of households where the head is a female (20th).

Figure 3 shows the vulnerability categories. The cantons with the highest vulnerabili-
ties are located to the northwest of Ecuador, in the province of Esmeraldas, to the Mid-
west, in the provinces of Manabi and Los Rios, and to the South, in the provinces of
Loja and Morona Santiago. In addition, most of the cantons in the Amazonian region
are either in the highly or very highly vulnerable categories. The least and less vulner-
able cantons are located to the central region of the country, mainly in the provinces of
Pichincha; others are in the South, in the province of El Oro. The least vulnerable can-
tons are Guayaquil, Ecuador’s largest city, and, Quito, Ecuador’s capital. These are fol-
lowed by Cuenca, the third largest city in the country, and other mid-size cities such as
Riobamba, Esmeraldas, Machala, Ambato, Loja, and Santo Domingo where populations
range between 190,000 and 505,000 inhabitants. The correlation between the compos-
ite vulnerability indicator and population size is —0.5. This result points to the fact that
larger cantons are not significantly less vulnerable.

Other smaller cantons, such as Mejia (pop. 81,335) and Marcelino Mariduefia (pop.
12,033), are also in the less vulnerable categories. Arguably the proximity of Mejia to



Fernandez et al. SpringerPlus (2015) 4:738 Page 11 of 20

Esmeraldas

[J nxcantones
Il Very highly vuinerable
[ Highly vuinerable
[ vuinerable

[ Less uinerable

[ Least vuinerabie
Loja
[J nxcantones

02040 80 120 160
O — —Vliles

Fig. 3 Vulnerability to climate change by Canton

Quito and of Marcelino Mariduefa to Guayaquil implies that the development facili-
ties and infrastructure of large cities spill over to the adaptive capacity of surrounding
smaller cantons. This situation may also explain the low vulnerability of other cantons
such as Samborondon and Duran with respect to Guayaquil; Pasaje and Santa Rosa with
respect to Machala; and Ruminahui with respect to Quito. The situation does not, how-
ever, apply to cantons such as Salitre and Nobol, which despite their close proximity to
Guayaquil (on average 20 miles), appear as highly vulnerable.

In the category of moderately vulnerable cantons we find that Quevedo, Latacunga,
and Babahoyo (where population size is at least 153,000 inhabitants) are not different,
in terms of vulnerability, from other much smaller cantons such as Calvas (pop. 28,185),
Macara (pop. 19,018), San Pedro de Huaca (pop. 7624), and Chaguarpamba (7161). This
indicates that there is no clear pattern between population size and vulnerability to cli-
mate change. In the category of vulnerable cantons we find Portoviejo (pop. 280,029),
which is one of the 10 most populated cantons in the country, as well as smaller cantons
like Guaranda (pop. 25,001), Salinas (pop. 28,650), and Quilanga (pop. 4337).

In the category of highly vulnerable cantons we have El Empalme (pop. 64,789), Santa
Elena (pop. 30,920), Pallatanga (pop. 12,000) and Gualaquiza (pop. 7409). For the very
highly vulnerable category we find mid-size cantons such as Lago Agrio (pop. 57,727),
Pedro Carbo (pop. 31,337), Olmedo (pop. 4870), and Aguarico (pop. 1024), which is the
canton with the highest vulnerability index.

Decomposition of the vulnerability indicator

Figure 4 shows the mapping of the components of vulnerability, that is, exposure, sensi-
tivity, and adaptive capacity. Cantons with the lowest adaptive capacity are located in the
Northwest of Ecuador, in the province of Esmeraldas; in the Midwest, in the provinces
of Manabi and Guayas; and in the East, in the Amazonian provinces of Orellana and
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Fig. 4 Components of vulnerability

Pastaza. In turn, the cantons with very high adaptive capacity are Quito, Guayaquil, and
Machala, where some of the surrounding cantons also belong to the very high adaptive
capacity category.

The cantons with the highest exposure are also located in the Northwest of Ecuador,
in the province of Esmeraldas, in the Midwest in the province of Manabi, and along the
Amazonian region. The least exposed cantons are located mainly in the North and Cen-
tral Regions of Ecuador, and Guayaquil, and some others to the South, in the provinces
of Loja and Morona Santiago. The coastal zone is highly exposed, in particular, to the
tropical monsoon climate (TMC), which extends to the Andean and Amazonian region.
This climate pattern is regulated by atmospheric circulation and influences the seasonal
changes of wind intensity and direction. Wind transports heat and moisture from the
sea and produces variable effects in the Andean region. In addition, as a result of the
elevation gradient of the Andean mountains the exposure of cantons in the Amazonian
region is relatively low.

The cantons with the highest sensitivity are mainly located to the Northwest and Mid-
west of Ecuador, with some other cantons in the Amazonian region. The least sensitive
cantons are Quito, Guayaquil, Machala, and their surrounding areas, and others in the
central region of Ecuador.

An implication from Fig. 4 is that the ordering from the composite indicator is not
preserved for all components. For instance, although Quito is ranked as one of the least
vulnerable cantons, because of its high adaptive capacity and low sensitivity, it is identi-
fied as highly exposed to climatic features. The same applies to Guayaquil, which is very
highly exposed to climate but is one of the least vulnerable cantons in the country. On
the other hand, a canton such as Sozoranga, which is in the less sensitive and very highly
adaptive capacity categories, is ranked as one of those less exposed to climatic features.
Similarly, Rumifiahui, a canton with very low sensitivity and high adaptive capacity, is
highly exposed to climate.

Approximately 20 % of the population (2.9 million individuals) in Ecuador lives in
cantons with high and very high vulnerability mainly because of limitations on adaptive
capacity. A similar proportion appears for the population living in highly and very highly
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sensitive cantons. However, 64 % of the population (9.3 million individuals) lives in can-
tons that are considered highly and very highly exposed to climatic phenomena.

Descriptive results by vulnerability group

Figures 5, 6 and 7 shows the confidence intervals at 95 % level for selected indicators
across vulnerability categories. For the climatic indicators we find that temperature and,
to some extent, precipitation determine higher exposure in the very highly vulnerable
category. Though in this category the confidence interval for precipitation overlaps with
those in the moderately to highly vulnerable categories; temperature is significantly dif-

ferent compared with the rest of the vulnerability categories.
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Fig. 5 Descriptive results of selected indicators by vulnerability group. Filled square represents the average
and filled rectangle represents upper and lower limits of the 95 % confidence interval
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For the adaptive capacity indicators we find that agricultural land tenure (i.e. the pro-
portion of households owning agricultural land with respect to total agricultural land) is
not significantly different between the moderately vulnerable to the very highly vulner-
able categories. In these groups on average 71 % of farmers own the land where they
work. This figure increases to 85 % for the less vulnerable category. There is, however, a
significant difference between the less and very highly vulnerable groups. In addition, for
the proportion of the population working in agriculture, silviculture or hunting, 25.53 %
work in cantons in the less vulnerable category. This figure increases to 52.35 % in the
rest of the vulnerability categories.
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The indicator for institutional capacity is highest for the moderately vulnerable cat-
egory, and lowest for the highly and very highly vulnerable categories. Significant dif-
ferences may appear in confidence intervals using levels slightly lower than 95 %. Public
funds per capita for environmental protection are highest for the less vulnerable cat-
egory (32.18 US dollars) but there is wide variation across cantons. For the rest of the
categories funds per capita are on average 12.45 US dollars.

The proportion of households with access to garbage collection service is highest in
the less vulnerable category (82.08 %). This is significantly different compared with the
moderately vulnerable (64.43 %), the vulnerable (56.89 %), and the highly and very highly
vulnerable (45.51 %) categories. Similarly, on average the proportion of households with
sewage treatment service is 81.55 % in the less vulnerable category but is 43.67 % in the
very highly vulnerable category. A similar result is observed for the proportion of house-
holds receiving water through a public piped system: the proportion is 67.54 % in the
less vulnerable category, 33.95 % in the highly vulnerable category, and 27.8 % in the very
highly vulnerable.

Regarding human capital as part of adaptive capacity, there is high variation in the
proportion of population affected by natural disasters, where the average is 16.54 %. No
significant differences are found across vulnerability categories. In addition, less than
10 % of the population across all vulnerability categories has private health insurance:

55 % of the population is not under social security coverage.
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There is also a high variation on the minimum distance to a large town in the less vul-
nerable category and the confidence intervals overlap across all categories.

Regarding the sensitivity indicators, adult illiteracy rate is significantly higher in the
very highly vulnerable category (13.12 %), and lower in the less vulnerable (4.99 %) and
moderately vulnerable (8.75 %) categories. For the remaining categories, the illiteracy
rate averages 10.01 %. For crowded households, this proportion is lowest for the less vul-
nerable category (14.19 %) and is significantly different for the rest of the vulnerability
categories (highly vulnerable 23.33 % and very highly vulnerable, 27.93 %). Population
density is significantly larger in the less vulnerable category (180 inhabitants per square
km) compared with the very highly vulnerable category. However, there is a high varia-
tion where no pattern is identified and confidence intervals overlap across all categories.

Conclusions

Earlier work has documented the extensive range of tools to assess climate change vul-
nerability at local levels. The use of any tool depends on the research questions to be
answered. Vulnerability assessments, through the indicators approach, provide an over-
view of the socioeconomic, climatic, and geophysical determinants for a canton, or any
other geographic unit, that are vulnerable to climate change. In this paper we use an
approach that enables the relative ordering of the cantons in the continental territory
of Ecuador. Our aim is to make full use of the climatic and non-climatic features, and
construct additional indicators related to exposure, sensitivity, and adaptive capacity
to climate change (Pachauri et al. 2014). Our approach allows us to capture the multi-
dimensionality of vulnerability in a comprehensive framework (Leichenko and O’Brien
2002).

To construct the composite vulnerability indicator we use a large number of variables.
Thus, in order to attain a meaningful and theoretically consistent vulnerability indicator,
we normalize the variables and calculate the weights based on their relative variability.
The weights represent their contribution to the formation of the composite indicator.

As it was not possible to apply standard modelling procedures to climatic data,
because of the data’s unavailability or coarse resolution, we use a reanalysis strategy
where the EOF incorporates spatial and temporal patterns. The composite indicator is
bounded between 0 and 1 and takes the form of ratios, thus we assume it follows a beta
distribution. It may be argued that this assumption does not apply to every dataset and
context, but if a priori we assumed a normal distribution we would lose generality and
incur potential specification errors if asymmetries arose. By assuming a beta distribu-
tion we leave open the possibility of approximating the beta to a normal distribution in
case the parameters a and b are approximately equal (Iyengar and Sudarshan 1982). The
errors from this approximation are negligible (Pratt 1968).

The institutional capacity of the cantons has the largest contribution to the formation
of the composite indicator. Though we did not observe significant differences across the
vulnerability categories, we argue that the availability of environmental- and climate-
change-related policies improve the adaptive capacity. These policies serve to anticipate
the impacts of climate change and form potential responses. However, this indicator
does not capture the nature and extent of those policies. For this we use as a proxy the
funds per capita allocated to environmental protection. Results showed that there is a
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wide variation in the less vulnerable category, thus we cannot reach a conclusion that
funds are significantly larger for the cantons in this category. However, getting alloca-
tion of funds in general from the central government is often the outcome of an intense
lobbying process that depends on the relative economic and political importance of each
canton. As the less vulnerable category includes some of Ecuador’s largest cantons (e.g.
Guayaquil and Quito) along with others that are much smaller (e.g. Mejia and Marcelino
Maridueria), we argue that correcting by economy and population size, both institutional
capabilities and greater funds for environmental development can determine whether a
canton is less vulnerable to climate change.

Earlier work has shown that variables such as the proportion of households with sew-
age treatment service, with garbage collection service, and with access to water through
piped system indicate both poverty levels and development (Baker 2004; Feitelson and
Chenoweth 2002). Thus, we found that those cantons in the least vulnerable category are
also those with higher coverage of these public services. In addition, the proportion of
population working in agriculture, hunting or fisheries and the proportion of households
on owning agricultural land are associated with local economic capabilities and oppor-
tunities. Results show that these indicators are among the ten largest contributions to
the composite indicator. That is, vulnerability in Ecuador is also influenced by the con-
centration of economic activities related to agriculture, which limits other economic
activities and the ability of people to shift in response to reduced agricultural income
that may result from adverse climatic conditions. Some implications of these results
arise: first, land tenure promotes economic development and reduces vulnerability as
economic deprivation, in an adverse climatic event, is partially resolved by selling land
assets. In addition, as agricultural work does not necessarily demand academic qualifica-
tions or schooling, this affects human capital accumulation and implies reduced adap-
tive capacity.

For cantons in the highly and very highly vulnerable categories, at least 50 % of the
population works in agriculture, hunting or fisheries. With a weaker contribution to the
composite indicator, the proportion of agricultural land that is irrigated has the four-
teenth largest contribution. To this we add that 64 % of Ecuador’s population (9.3 million
individuals) lives in cantons that are considered highly and very highly exposed. Thus,
small holder and subsistence farmers will suffer impacts of climate change that will be
locally specific and hard to predict. Hence, the variety of crop and livestock species pro-
duced by any one household, and their interactions in production and marketing, will
increase the complexity both of the impacts and of subsequent adaptations (Morton
2007). In addition, approximately 20 % of the population (2.9 million individuals) live in
cantons with high and very high vulnerability mainly because of the limitations of adap-
tive capacity.

Some of the largest cantons in Ecuador (Quito, Guayaquil, and Machala) show a very
high adaptive capacity, given their development infrastructure, which may spill into
surrounding cantons. However, it is not possible to conclude that there is a strong cor-
relation between population size and adaptive capacity because mid-size cantons such
as El Empalme and Santa Elena are categorized as highly vulnerable. Furthermore,
we cannot generalize that proximity to the largest cantons will guarantee coverage of
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public services, for example, Salitre and Nobol, which, despite their close proximity to
Guayaquil (on average 20 miles), appear as highly vulnerable.

For policy purposes, particular attention should be directed to the low coverage of
health services, private health insurance, and social security. Though coverage may have
increased since data collection, it may not be at a high enough level to guarantee ade-
quate adaptive capacity in most of the cantons analysed.

Some limitations are worth mentioning. First, we do not include the Galapagos
Islands, as their climatic features are different from Ecuadorian continental territory.
Second, though we do not intend to compete with other vulnerability approaches and
have not developed a formal comparison test with PCA, a research path would be to
assess how different weighting of indicators influence interpretation and to identify the
potential links to planning, prioritization, decision-making, and monitoring over time,
given the dynamic nature of vulnerability (Bele et al. 2013). Third, we did not take a
particular focus on agriculture or rural areas. Future economic or demographic impact
analysis would certainly complement the extent of the implications of this study.
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