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Considerable conceptual and analytical
processing precedes the calculation of the ESI
scores and rankings. The purpose of this
Appendix is to provide detailed descriptions of
the statistical techniques and methods used to
calculate the ESI'. Appendices C and D
provide the data underlying the ESI. We offer
this detail in support of the belief that trans-
parency is an essential foundation for good
analysis and policymaking.

The issues addressed here mirror those
commonly encountered in the computation of
composite indices: variable selection, missing
data treatment, aggregation and weighting
methodologies, as well as performance testing
(OECD 2003).

In addition, the Appendix describes in greater
depth the methods used in the statistical
analyses that support the policy conclusions
presented in the report. While the core text
focuses on the key messages emerging from
the analyses, this section includes the results
of the ESI analyses and the relationships of the
index to other key socio-economic and
environmental benchmarks. The statistical
procedures applied in the preparation of the
2005 ESI report include cluster analysis,
principal component analysis as well as
stepwise and multiple regression models.

The Appendix is organized into four sections.
The first section provides step-by-step
explanations of the construction of the 2005
ESI. It is divided into sub-sections, which
describe:

1. The selection criteria for the countries
included in the ESI.

2. The standardization of the variables for
cross-country comparisons.

3. The transformation of the variables for the
imputation and aggregation procedures.

4. The multiple imputations algorithm used
to substitute missing data.

5. The winsorization of the data.
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6. The aggregation of the data to indicator
scores and the final ESI score.

The next section discusses the important
issues of data quality and coverage and how
we have managed them in the 2005 ESI. We
include the “country data review,” which was
carried out to crosscheck our data and to
increase temporal and spatial coverage. In
addition to identifying the best available data
for the 2005 ESI, we also explain the logic and
motivation for assessing the quality of all
datasets used and provide detailed information
on their sources.

The uncertainty and sensitivity analysis
carried out in collaboration with the Joint
Research Centre of the European Commission
is presented in the third section. In a signifi-
cant move towards greater transparency, we
evaluate the major sources of uncertainty in
the ESI, including missing data treatment,
aggregation, and weighting. Each source of
potential uncertainty is tested individually as
well as jointly to estimate the impacts on the
country rankings. The results are used to
emphasize key limitations in the accuracy of
the ESI scores, to address methodological
criticism levied at previous ESI releases, as
well as to strengthen the scientific basis for the
policy conclusions presented in the report.

Finally, in the fourth section, we offer more
detailed descriptions and results of the
statistical analyses that form the backbone of
our policy conclusions. The statistical tools
used include principal component analysis,
stepwise regression, and cluster analysis.

Principal component analysis is used to
investigate the number of distinct dimensions
that exist within the ESI indicator matrix and
to show the influence of the indicators along
these dimensions. It is furthermore used to
determine a set of weights for the 21 indica-
tors based on their statistical importance.
These statistical weights are then compared
with the equal weights used in the 2005 ESI.
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In addition to identifying the most important
indicators along the direction of the principal
components, a stepwise regression analysis is
conducted to determine the relative impor-
tance of the 76 variables with respect to the
ESI score.

Because the ESI is a benchmarking tool for
comparing national environmental steward-
ship, we emphasize the need to identify
country peer-groups and “best practices”
within those groups. We have conducted
extensive cluster analyses, which identify
seven relatively homogeneous country
groupings with respect to the ESI indicators.
This analysis brings to light several interesting
patterns that cannot be attributed solely to the
level of economic development. The charac-
teristics with distinct patterns across the seven
clusters, include population density, country
size, and governance.

Calculating the ESI

1. Country Selection Criteria

A total of 146 countries met our inclusion
criteria for the 2005 ESI. The decision to
include a country in the index is based on
country size, variable coverage, and indicator
coverage as follows:

1. Country Size: Small countries are
excluded. Countries with a total 2003
population under 100,000 or with land
area under 5,000 square kilometers are
excluded from the ESI because the nature
of the interactions between elements of
environmental sustainability are funda-
mentally different compared to larger
countries. In particular, very small coun-
tries with large enough economies to be
included in international data compilations
resemble cities more than countries. They
lack any sizable hinterland and have
evolved to rely almost entirely on outsid-
ers for provision of critical natural
resources.  Such profound differences
make it difficult to justify including them
in the same framework as other countries.
However, separate ESI scores and compo-
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nent values for five small states are
provided in Appendix E.

Variable coverage: While we seek to
include as many countries as possible, the
large number of missing observations
makes it difficult to accurately and appro-
priately rank a country. We exclude
countries that have observations for fewer
than 45 of the 76 requisite data points for
the ESI.

Indicator coverage: Some countries that
survive the first two screens do not have
even coverage across all 21 ESI indica-
tors. We require that all countries in the
ESI have observed variables for each of
the ESI indicators, with two exceptions.
Air Quality and Water Quality have rela-
tively low country coverage across their
constituent variables, but these indicators
are judged too important to be eliminated.
Because they are such vital issues, we
want to retain the information we can for
countries that report air and water quality,
and we choose not to exclude the many
countries that fail to report such data. If a
country was missing al/ variables in any
one of the remaining 19 indicators, it was
removed.

2. Variable Standardization for Cross-
Country Comparisons

To calculate the ESI scores for each country
and to facilitate the aggregation of variables
into indicators, the raw data need to be
transformed to comparable scales. Some of
the ESI variables already are denominated to
make such cross-country comparison possible.
Where this is not the case, we identify an
appropriate denominator such as GDP,
agricultural GDP, the total value of imports of
goods and services, total population, the world
average price of gasoline, city population,
population aged 0-14 years, total land area,
populated land area, as well as known amphib-
ian, breeding bird, and mammal species.
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3. Variable Transformation

After making the wvariables fit for cross-
country comparisons, the next step is to
prepare them for the imputation and aggrega-
tion processes. The procedure spelled out
below explains the data transformations
undertaken prior to and after the imputations,
as well as the impacts they may have on the
Environmental Sustainability Index scores.

First, we test all variables for normality of
distribution. In many cases, the observations
exhibit substantial skewness (see formula
below). Most variables also exhibit patterns of
heteroskedasticity, which means that the
variance of the observations increases with the
magnitude of the data. Both interfere with the
imputation model’s assumption of multivariate
normality.

Z 3
1 Z;(xj_luj)
J=
S, ==
o, p

-

A perfectly normally distributed variable is
symmetric around its mean and hence has a
skewness of zero. Skewed and/or heteroske-
dastic variables can be transformed to improve
these properties but this may also change their
distributions in ways that may affect the
interpretation of the ESI scores. The logarith-
mic function, for example, is commonly used
to reduce the influence of a few very large
values by moving them closer to the mean.
Similarly, it shifts very small values closer to
the center of the distribution. Although the
transformation may help approximating the
normal distribution more closely, it will cause
countries with exceptional values on a
particular issue to no longer be such distinct
outliers.

55

Methodology

In addition to improving the imputation
model, we also argue in favor of transforma-
tions as a means of reducing the impact of
outliers on the ESI. In our experience,
extremely small or large values have a
relatively high probability of being measure-
ment errors. A more normal, symmetric
distribution implies that the majority of
observations fall within two standard devia-
tions of the mean (for a normal distribution,
two standard deviations include 95% of the
data) and extreme values occur with small
probability.

However, in order to strike a balance between
improving the distributional characteristics of
the data and minimizing the impacts of the
transformations on the ESI scores and ranks,
we apply a 2-step procedure that recognizes
the importance of normality for the imputa-
tions but its less significant value for the
aggregation:

1. Prior to the generation of multiple imputa-
tions we transform all variables that have
a skewness value larger than two using the
base-10 logarithm or power transforma-
tions. In most cases the distributional
effects of the transformations are benefi-
cial.

2. After the imputations, we transform the
variables back to their original scale with
the exception of those variables with ex-
treme skewness values of at least four (see
Table A.1). In doing so, we ensure that
only variables with extreme values outside
four standard deviations are corrected for
symmetry.
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Table A.1: 2005 Environmental Sustainability Index — Variable Transformations after Imputations

‘ Variable Code ‘ Transformation ‘ Constant*
Urban population weighted SO, concentration S02 Logarithm 0
l’glrjiztart;ened mammal species as percentage of known mammal species in each PRTMAM Logarithm 0
Freshwater availability per capita WATAVL Power %4 1
Internal groundwater availability per capita GRDAVL Power V4 0
Anthropogenic NO, emissions per populated land area NOXKM Square root 0
Anthropogenic SO, emissions per populated land area SO2KM Logarithm 0
Anthropogenic VOC emissions per populated land area VOCKM Logarithm 0
Coal consumption per populated land area COALKM Square root 0
Vehicles in use per populated land area CARSKM Logarithm 0
Generation of hazardous waste HAZWST Power V4 0
Industrial organic water pollutant (BOD) emissions per available freshwater BODWAT Square root 496
Fertilizer consumption per hectare of arable land FERTHA Square root 0
Pesticide consumption per hectare of arable land PESTHA Logarithm 0
Percentage of total forest area that is certified for sustainable management FORCERT Square root 0
Child death rate from respiratory diseases DISRES Square root 0
:r\]/sr;%eugﬁgber of deaths per million inhabitants from floods, tropical cyclones, DISCAS Square root 0
IUCN member organizations per million population IUCN Square root 0
Local Agenda 21 initiatives per million people AGENDA21 Logarithm 0
Number of ISO 14001 certified companies per billion dollars GDP (PPP) 1ISO14 Square root 0
Carbon emissions per million dollars GDP CO2GDP Logarithm 0
Carbon emissions per capita CO2PC Logarithm 0

* If the observed minimum of the variable is negative, a constant is added such that the transformation of negative values can be computed.
For example, if the minimum observed value is -5, a constant value of 6 is added to all observations before the logarithm or power

transformation is computed.

4. Multiple Imputation of Missing Data 1.

The question of how to treat missing or
incomplete observations, which arise in
virtually all types of environmental data
collection, is among the most persistent and
complicated problems facing policy analysts.

The degree of uncertainty due to the lack of
data affects the ability to draw accurate
conclusions and in many cases increases with
the level of data aggregation. Insufficient data
availability therefore has direct implications
for effective and efficient decisionmaking.

We wish to minimize uncertainty and there-
fore attach substantial importance to the
selection of the appropriate imputation
method, i.e., the method used to fill data gaps
with plausible estimates.

Two major assumptions are commonly made
in the imputation literature:
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The pattern of missing values in a multi-
variate vector of observations does not
depend on the unobserved responses. In
other words, the probability that a value is
missing may be completely random (the
statistical term is Missing Completely At
Random or MCAR). Alternatively, it may
depend on the observed values, which is
called Missing At Random or MAR. The
MAR assumption is more realistic for
most real-life situations. If the parameters
governing the missingness process are
also independent of the parameters of the
observed data model, the missing data
mechanism is called “ignorable” and can
be estimated.

A parameterized, functional form for the
distribution of the vector observations can
be formulated, and in most cases the esti-
mates for the parameters of that form can
be approximated using an iterative proce-
dure (Johnson and Wichern 1998).
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The following sections describe in detail how
we selected and built the imputation model for
the ESIL.

Ad-hoc Methods v. More Sophisticated
Approaches

The simplest ways of handling missing data
are ad-hoc techniques such as complete-case
and available-case methods (Little and Rubin
1987). The complete-case method uses only
those observations for which all variables are
observed. It is not applicable to the ESI
because none of the 146 countries has
observations for all 76 variables. We would
hence be left with no observations in the
imputation dataset.

The available-case method is based on
analyzing subsets of the data for which all
variables have been observed. For example, to
impute missing water quality data using
available cases, the imputation dataset could
be limited to the water quality parameters only
and all countries with one or more water
quality parameters missing would be elimi-
nated from this imputation dataset. Other
variables are then imputed analogously.

It is apparent that both methods do not only
lead to reduced ESI country coverage but also
to potentially biased imputation results: both
implicitly assume that the data are MCAR,
which is highly improbable for the ESI data,
because MCAR implies that all possible
missingness patterns in the data matrix are
equally likely.

Recognizing the complex relationships among
the ESI variables we therefore opt for an
imputation algorithm that broadens the base of
actual experience, which allows us to involve
as many countries as possible.

Table A.2 shows the top and bottom 20
countries in terms of data coverage. This list
further corroborates that MCAR is not an
appropriate model assumption for the ESI
given the high correlation of data availability
with level of income. We therefore investi-
gated the use of a more sophisticated
imputation model that does not require the
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data to be separated into subgroups and allows
for the less restrictive MAR assumption.

The statistical foundation for dealing with
ignorable MAR processes was developed in
the 1970s but has been integrated only
recently into standard statistical software
packages. The essential idea behind MAR is
that the probability that an observation is
missing may not be completely random but
depend on other observed variables.

More formally, if r; denotes a missingness
indicator for country i and variable j, which is
1 if the country i has an observation for
variable j and 0 otherwise, and if the data
matrix X is partitioned into observed, X,, and
missing data, X, then,

P(r,=11X,,X,)=P(r, =1 X,)

For example, if variable X, is not collected
anymore and is hence missing once the value
for variable X; has reached a certain level, the
probability that X is missing given the value
of X; is determined by X; and is a MAR
process. In Table A.2 we can see a correlation
between income per capita and the number of
observed values. There are many other cases
in which GDP per capita is a strong predictor
for the values of ESI variables, and we utilized
these relationships in the imputation model by
including GDP per capita as an ancillary
variable (see also the section dealing with
deciding which variable to impute for a list of
other ancillary variables).

Although the MAR assumption is more
suitable for the ESI, we cannot determine if
the assumption holds or if the missing data
follow a non-ignorable process, i.e., a process
in which the probability of X, missing not only
depends on X; but also on the missing value
itself.

So far, we only considered replacing a missing
value with a single, plausible alternative, but
imputation procedures can also generate
multiple substitutes for a missing value. The
key idea behind multiple imputations is to
create a finite number of m completed data
sets, each of which is then analyzed using
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Table A.2: Countries with Highest and Lowest Data Coverage

Country Observed  Missing __ GDP/ cap
Finland 75 1 $32,830 Sudan 53 23 $350
Germany 75 1 $32,800| |Bosnia & Herze. 52 24 $1,720
Netherlands 75 1 $30,990, |Gabon 52 24 $4,370
Austria 74 2 $34,240, |Mauritania 52 24 $550
Belgium 74 2 $31,390, [Myanmar 52 24 $1,800
France 74 2 $30,700 |Niger 52 24 $210
Ireland 74 2 $30,890 P. N. Guinea 52 24 $880
Italy 74 2 $21,480/ |Yemen 52 24 $330
Mexico 74 2 $3,720| |Dem. Rep. Congo 51 25 $90
Poland 74 2 $4,780 Libya 51 25 $6,400
United Kingdom 74 2 $23,460| |[Sierra Leone 50 26 $170
Canada 73 3 $23,840| |Uzbekistan 50 26 $710
Denmark 73 3 $39,720] [Turkmenistan 49 27 $1,050
South Korea 73 3 $15,290, |[Guyana 48 28 $940
United States 73 3 $32,510 |Irag 48 28 $1,500
China 72 4 $1,020 Liberia 48 28 $190
Greece 72 4 $14,760| [North Korea 47 29 $1,300
Hungary 72 4 $5,940| [Serbia & Montenegro 47 29 $1,900
Spain 72 4 $18,400/ [Bhutan 45 31 $600
Switzerland 72 4 $45,980] |Guinea-Bissau 45 31 $160

Source for GDP per capita data: World Bank, World Development Indicators 2004. Data in constant 1995 US dollars.

standard statistical methods. The results of the
m single analyses are combined to yield a final
estimate of the parameter of interest. The
advantage of using multiple imputations is that
with repeated application of complete data
analysis procedures, the uncertainty inherent
in the imputation process can be captured in
the variances within and between imputations.

We tested three different methods:

1. A simulation model using Markov Chain
Monte Carlo (MCMC) techniques.

2. A regression-based modeling approach for
missing data using observed values and
existing correlations between the vari-
ables.

3. An  Expectation-Maximization
algorithm.

The Markov Chain Monte Carlo based
imputation algorithm assumes multivariate
normality of the data and generates imputa-
tions from the posterior distribution of the
missing data given the observed data using a
Bayesian approach. The missing data are
presumed to be missing at random (MAR).
Although in many cases the assumption of

(EM)

multivariate normality of the joint data
distribution is not a realistic assumption,
simulation tests have demonstrated relative
robustness to deviations from this assumption
(Little and Rubin 1987).

The regression imputation procedure is
conceptually and computationally simple. Its
underlying assumptions are that the marginal
distributions of the data are normal and that
linear relationships exist between the vari-
ables, which can be utilized for building linear
regression models that predict the missing
data. As with the MCMC model, the missing
observations are assumed to be MAR.

The EM method uses an iterative process to
estimate the mean vector and covariance
matrix of the variables but does not generate
multiple, independent draws from the data
distribution. These can be obtained through
the addition of a random noise, simulated from
a specified distribution such as the standard
normal distribution.

The relative usefulness of the three methods
depends on the characteristics of the ESI data
and the purpose of the analysis. Since we are
interested in multiple imputations we elimi-
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nate the EM algorithm and compare the
performance of the MCMC model with that of
the regression model.

Comparison of Regression Imputation with
MCMC Imputation

Using the ESI data, we generate imputations
for both the MCMC and regression model and
compare the results to see how robust the
imputations and ESI scores and ranks are to
the choice of imputation model. In general,
we find that the differences in the results of
the two methods with respect to the indicator
values and ESI scores are limited, with a few
exceptions. Table A.3 shows a sample of
preliminary results for the ESI scores for both
models using only ESI data in the first case
and a set of additional socio-economic
variables in the second.

Generally, we find that the inclusion of
ancillary variables reduces the imputation
variance of many variables that correlate with
the additional data (for a list of ancillary
variables refer to the sub-section Deciding
Which Variables to Impute).

The ranks of the countries in the top and
bottom quarter of the ESI appear to be
relatively stable with only minor rank varia-
tion. Higher variation occurs in the middle
50% of the distribution. We attribute this in
part to the heterogeneity of these countries
with respect to environmental, institutional,
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and social circumstances and to the relative
proximity of the ESI scores in the center of the
ESI.

The deviation in means between variables
imputed under the MCMC model and the
regression model is higher when the fraction
of missing data is large and when there are
few comparable countries the imputation
algorithm can build on to generate stable
estimates. Variables that depend on largely
unmeasured characteristics such as geography
and climate are particularly affected. Such
variables for which we do not have good
“predictors” are used in the imputation model
but are not imputed themselves (see Table A.4
for a complete list of not imputed variables.)

The relative robustness of the ESI ranks to the
choice of imputation model, especially in the
top and bottom quintiles, is further supported
by the findings of the uncertainty and sensitiv-
ity analysis carried out with the Joint Research
Centre of the European Commission, which is
explained in the third section of this Appen-
dix.

Although computationally more intensive, we
use the MCMC method for the 2005 ESI
because it provides the most flexible model for
the ESI data and resulted in plausible imputa-
tions based on comparative tests among the
three models. The exact procedure is de-
scribed in the following section.
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Table A.3: Impact of Imputation Model on 2005 ESI Ranks

Regression MCMC Rank Standard

Country No ancillary ~ With Ancillary No ancillary ~ With Ancillary Deviation  Average Rank

VEUELIES VEUELIES VEUELIES VEYELIES
Finland
Sweden 1 2 4 2
Norway 2 1 2 3
Iceland 4 4 3 4
Switzerland 5 5 5 6
Canada 9 6 7 7
Austria 13 7 9 9
Australia 14 9 13 10 24 11.5
New Zealand 11 15 14 12 1.8 13.0
Gabon 10 17 10 18 4.4 13.8
Peru 25 18 17 20 3.6 20.0
Latvia 22 19 23 23 1.9 21.8
Colombia 60 57 22 30 19.1 42.3
Belgium 96 59 70 78 15.6 75.8
Italy 79 61 61 64 8.6 66.3
Nepal 54 63 60 58 3.8 58.8
Malawi 71 64 81 66 7.6 70.5
Chile 64 67 46 49 10.5 56.5
Myanmar 66 68 100 101 19.4 83.8
Belarus 49 69 64 76 11.5 64.5
Thailand 108 71 86 86 15.2 87.8
Chad 67 72 75 75 3.8 72.3
Ecuador 61 73 35 31 20.3 50.0
Cameroon 74 74 63 60 7.3 67.8
Madagascar 86 75 79 92 7.5 83.0
Gambia 63 76 98 97 17.0 83.5
Guinea 62 79 85 85 10.9 77.8
Russia 81 80 49 47 18.8 64.3
Cote d’lvoire 44 81 94 98 24.6 79.3
Sri Lanka 80 82 68 83 7.0 78.3
Venezuela 123 85 76 74 22.8 89.5
Kazakhstan 105 86 91 84 9.5 91.5
Jordan 82 87 92 90 4.4 87.8
Guatemala 73 88 57 55 154 68.3
Benin 70 89 72 89 10.4 80.0
Senegal 83 90 88 80 4.6 85.3
Burkina Faso 41 91 93 87 24.8 78.0
Ukraine 113 92 102 105 8.7 103.0
South Korea 106 93 109 111 8.1 104.8
Iran 142 135 140 139 2.9 139.0
Syria 140 136 130 125 6.6 132.8
Libya 138 137 133 129 4.1 134.3
Uzbekistan 139 138 141 141 1.5 139.8
Nigeria 141 140 126 135 6.9 135.5
China 135 141 139 136 2.8 137.8
Kuwait 134 143 143 144 4.7 141.0
Saudi Arabia 144 144 145 146 1.0 144.8
Haiti 145 145 146 145 0.5 145.3
Yemen 143 146 144 143 1.4 144.0

Note: Results based on preliminary data, i.e., ranks do not in all cases correspond to final 2005 ESI ranking.
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Markov Chain Monte Carlo Simulation

Markov Chain Monte Carlo (MCMC) simula-
tion substitutes missing values with plausible
quasi-random draws from their conditional
distribution given the observed data. The
MCMC approach assumes an ignorable MAR
process for the missing data generating
mechanism. The full data set, Y, is assumed to
have a well-specified distribution, generally a
multivariate normal distribution, with inde-
pendent and identically distributed, or iid,
observations. The missing values are then
imputed iteratively in a Bayesian framework
using a sequence of Markov Chains. Let the
observed data be denoted X, and the missing
data X, so that the full data matrix is given by
X={X,, X,,}. The algorithm is as follows:

1. Given a prior distribution for the parame-
ters @ of the data model (in the case of the
multivariate normal distribution the pa-
rameters are the mean and the covariance
matrix) and an initial estimate of the pa-
rameters, 87, the missing data, X, are
imputed through random sampling from
the conditional distribution of the missing
data, X,,, given the observed data, X, and
the initial parameter estimates.

The completed data set is then used to
update the initial parameter estimate by
sampling from the joint posterior distribu-
tion of the parameters given in the
completed data set. The new parameter
0(“( ]i)s then used to generate a new sample,
X'

Iterating through steps 1 and 2 generates a
Markov Chain of pairs of (X,,”,0”), which
converges to the posterior conditional dis-
tribution of the missing data given the
observed data. After a sufficiently long
convergence time (burn-in), the first im-
puted data set can be drawn from the
Markov Chain by sampling consecutively
or every k" draw (k>0).

Steps 1 to 3 are then repeated m times to
generate m imputed data sets.

The m data sets are then analyzed indi-
vidually and their results combined to a
final ESI score for each country. From the
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m imputed data sets we can also obtain
estimates of the standard errors of the
missing data.

Number of Imputations

The larger the number of imputed values for
each missing observation, the more that can be
learned about the variation inherent in the
missing observation. In the simplest case only
one imputation (see single imputation methods
discussed earlier) is generated. No statements
can be made whether the substitute value is
close to the “true” but unobserved value. The
larger the number of imputations, the better
our ability to estimate the variation and the
more insight we have into the amount of
missing information in the dataset and the
band of uncertainty it creates.

Simulation studies have shown that for modest
amounts of missing information (less than
30%), five to ten imputed datasets are suffi-
cient to provide reasonable estimates of the
parameters of interest.

Although we invested a great deal of effort in
finding the most complete global data, the ESI
still has approximately 18.6% empty cells in
the data matrix. The amount of information
missing may be somewhat higher depending
on the importance of the variables with
incomplete observations for determining a
country’s ESI.  We therefore tested the
robustness of the ESI by increasing the
number of imputed datasets in our simulations
from m=10 to m=30 and m=100.

With 30 or even 100 imputed datasets, it is
possible to analyze not only the pattern of
imputed values across countries for a specific
variable, but also the distribution of the
imputed values for a single country. We find
that 30 sets of imputations provide a good
compromise performance of the imputation
model as well as computational efficiency.

Deciding which Variables to Impute

The ability of the imputation model to gener-
ate plausible and stable imputations depends
not only on how well the data fit the model
assumptions of MAR and multivariate
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normality but also on the inherent correlation
structure.

For many aspects measured in the ESI we
could identify predictor variables through
correlation analysis. In addition to the
existing observations for each variable, the
observations of the predictors assist the model
in generating more reasonable values. But we
do not rely on the ESI variables alone.
Previous releases of the ESI have already
pointed out that certain ancillary variables
such as transformations of GDP per capita,
area, and population density can help to
further fine-tune the predictions.

We therefore identified and include the
following ancillary variables: populated land
area (at least 5 persons per square kilometer),
square of the base-10 logarithm GDP per
capita, base-10 logarithm GDP per capita,
health expenditure per capita, high technology
exports as percentage of total exports, base-10
logarithm of total area, arable land as percent-
age of total land, base-10 logarithm of
population, base-10 logarithm of population
density, trade as percentage of GDP, and
memberships in the Organisation for Eco-
nomic Co-Operation and Development
(OECD) and the Organization of the Petro-
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leum Exporting Countries (OPEC). All data
except for the populated land area dataset are
from the World Bank’s World Development
Indicators.

Based on 30 fully imputed datasets, we
compare the performance between imputations
to check if the imputed values are stable. This
is not the case for all variables. Variables that
depend heavily on conditions not captured by
the ESI or the ancillary variables, such as
climatic, geographical, and many ecological
factors, perform inadequately in the imputa-
tion model. These variables are therefore not
imputed but used to assist in imputing missing
values for variables that the ESI data and
external data could impute in a stable manner.
Table A.4 lists the variables that are not
imputed.

In particular, we excluded Suspended Solids
and SO, Exports from imputation because the
results are too volatile and the fraction of
missing values is large for both. We do not
have sufficient confidence in being able to
estimate their missing values with acceptable
accuracy.

The final dataset is then obtained as the
average of all values in each cell in the data
matrix.
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Table A.4: List of Variables not Imputed

Methodology

Indicator Variable Code Logic for not imputing
National Biodiversity Index NBI Dependence on ecological and geographi-
cal factors not captured in ESI
Percentage of country’s territory in threatened ECORISK Dependence on ecological and geographi-
ecoregions cal factors not captured in ESI
" ; Threatened mammal species as percentage of known Dependence on ecological and geographi-
Biodiversity mammal species in each country PRTMAM cal factors not captured in ESI
Threatened bird species as percentage of known PRTBRD Dependence on ecological and geographi-
breeding bird species in each country cal factors not captured in ESI
Threatened amphibian species as percentage of PRTAMPH Dependence on ecological and geographi-
known amphibian species in each country cal factors not captured in ESI
High volatility of imputation results and
Water Quality Suspended solids WQ_SS dependence on factors not captured in the
ESI
Freshwater availability per capita WATAVL CD:IF;Zgg‘ig%eof’c‘:pctg'r‘;%'fs'Eagld geographi-
Water Quantity - -
Internal groundwater availability per capita GRDAVL E:Ia:ggﬁgzeo?ga?tflrz%l?:lEagld geographi-
Whether a country generates hazardous
. Generation of hazardous waste HAZWST |waste depends on factors not captured by
Reducing Waste and the ESI
C ti -
grr]ess:ﬁels n The data set is merged from two different
Waste recycling rates RECYCLE |[sources, imputations would not be
interpretable
Reducing Water Percentage of country under severe water stress WATSTR Dependence on ecologlgal and geographi-
Stress cal factors not captured in ESI
Productivity overfishing OVRFSH Dependence on ecologlqal and geographi-
cal factors not captured in ESI
Natural Resource (Salinized area due to irrigation as percentage of total IRRSAL Dependence on ecological and geographi-
Management arable land cal factors not captured in ESI
Agricultural subsidies AGSUB Lack of_ mformgtlon on external factors
determining this variable
Reducing Average number of deaths per million inhabitants DISCAS Dependence on ecological and geographi-
Environment-Related [from floods, tropical cyclones, and droughts cal factors not captured in ESI
Natural Disaster ) Dependence on ecological and geographi-
Vulnerability Environmental Hazard Exposure Index DISEXP cal factors not captured in ESI
Local Agenda 21 initiatives per million people AGENDA21 I&:fekrr%fir:?rz‘;rm?susgrioal; xternal factors
Civil and Political Liberties CIVLIB Complete coverage
nvironmenta ercentage of variables missing from the “Rio nformation which variables from the
E tal P t; f bl f the CGSDI “R CSDMIS Inf ti hich bles f the CSD
Governance to Joburg Dashboard” CG list are missing cannot be imputed
Knowledge creation in environmental science, KNWLDG Lack of information on external factors
technology, and policy determining this variable
Democracy measure POLITY Lack of_ |pformgt|on on external factors
determining this variable
Hydropower and renewable ener: roduction as a Renewable energy sources depend on
Eco-efficiency ydrop 9y p RENPC geography, climate, and other factors not
percentage of total energy consumption captured by the ESI
Dow Jones Sustainability Group Index (DJSGI) DJSGI Not applicable
Average Innovest EcoValue rating of firms .
Private Sector headquartered in a country ECOVAL Not applicable
Responsiveness  |Number of ISO 14001 certified companies per billion '
dollars GDP (PPP) 1ISO14 Not applicable
Participation in the Responsible Care Program of the RESCARE  INot applicable
Chemical Manufacturer’s Association pp
T Number of memberships in environmental .
F]i?elcrhpaat}lc?nnalln intergovernmental organizations EIONUM Not applicable
Collaborative Efforts |Participation in international environmental .
agreements PARTICIP  |Not applicable
Tr aizggﬁl:ga Dependence on factors not captured in the
Environment;}ll SO, Exports SO2EXP ESI such as prevailing winds and
Pressures geographical location
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5. Data Winsorization

Following imputations, we “winsorize” or trim
the tails of the variable distributions. Winso-
rization corresponds to shifting observations in
the tails of the distribution to specified
percentiles.

The purpose of the winsorization is to avoid
having a few extreme values overly dominate
the aggregation algorithm. We apply winsori-
zation because we believe that such extreme
values are more likely to reflect data quality
problems in the tails of the distribution as
opposed to values closer to the center of the
distribution.

For each variable, the values exceeding the
97.5 percentile are lowered to the 97.5
percentile. Similarly, values smaller than the
2.5 percentile are raised to the 2.5 percentile.

Although we apply the transformation to every
variable, the total number of affected values is
very small. As another quality check on the
imputations, we verified whether variables
with imputed values have a higher degree of
observations in the extreme tails. We observe
a small, significant correlation between the
number of winsorized values and the number
of data points imputed for the 97.5% percen-
tile, indicating that the imputation is more
likely to generate large outliers than small
outliers (see Table A.5).

The ESI could be criticized for using winsori-
zation because it changes the distribution of
the variable and either benefits or penalizes
countries with values outside the center 95%.
But our finding that winsorization affects only
a very small fraction of the data and correlates

Methodology

with the imputations only to a small extent
convinces us believe that its benefits outweigh
this potential drawback. The Uncertainty and
Sensitivity Analysis in Section 3 provides
further support for this methodological
decision.

6. Data Aggregation and Weighting
Aggregation

Composite indices are aggregations of sets of
variables for the purpose of meaningfully
condensing large amounts of information.
Various aggregation methods exist and the
choice of an appropriate method depends on
the purpose of the composite indicator as well
as the nature of the subject being measured.

The most common types of indices used are
weighted sums and weighted geometric means
of sub-components. The ESI belongs

to the first group because it is the equally
weighted sum of the 21 indicators:

» ~
I, = wj.Xj

o i=1..n,

. +th . . iy .
where w is the /" weight given to X, which

corresponds to the z-score of the j” indicator.
Each indicator is itself a weighted sum of the 2
to 12 underlying variables. =~ Within each
indicator the variables are also weighted
equally.

Weighted summations, in the form of aver-
ages, are not necessarily scale invariant. That
means that the resulting index value, ;, for the
i" object depends on the scales of the variables
aggregated in the index.

Table A.5: Correlation between Number of Imputations and Number of Winsorizations.
Number of Imputations

Winsorization

Pearson

Kendall’'s Tau Spearman’s Rho

2.5 Percentile 0.16 0.12 0.18
97.5 Percentile -0.25* -0.20* -0.24*
2.5 and 97.5 Percentile 0.06 0.03 0.04

* Correlation is significant at the 0.05 level (2-tailed).
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Multiplicative expansions from one scale to
another, for example, are abundant in the
environmental domain. Because of this, the
construction of indices based on weighted
summation needs to take into account the
possibility that the index values may change
depending on the scale used.

The aggregation therefore requires that the
(nx p) matrix X of »n countries and p vari-

ables is normalized, i.e., all variables are on
the same scale, in order to avoid distortions
due to variables with very large values or
variances. Most economic indices are built on
a monetary unit of measurement, which
provides a unified framework for comparing
country performance. Environmental data do
not generally have a common scale and
normalization is necessary to remove the scale
effects of different units of measurement
without changing the relative distances
between observations.

The ESI preserves the relative distances
between countries’ values by converting all
variables to z-scores, which are obtained by
subtracting the mean from the observation and
dividing the result by the standard deviation of
the variable. For variables in which high
values correspond to low levels of environ-
mental sustainability, we reverse the order by
subtracting the observation from the mean and
dividing the result by the standard deviation.
In other words, for variables such as “percent-
age of land area under protected status” we
use the conventional z-score, whereas for
variables such as “percentage of mammals
threatened” we produce a z-score in which
higher percentages of threatened mammals
correspond to lower levels of environmental
sustainability.

Although normalization of the variables to z-
scores removes the scale effects, z-scores
depend on observed data statistics. They are
“relative transformations” and change every
time the ESI is updated due to shifts in the
distribution of the variables over time.
Furthermore, if all countries improve their
performance on a given variable by the same
amount between two time periods, the z-scores
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will remain the same even though perform-
ance has improved across the board.

The relationship among the variables and their
individual contribution to the ESI merits
significant attention. Linear weighted summa-
tion implies that the variables are
preferentially independent (Munda and Nardo
2003b). Preferential independence means that
the trade-off ratio between any two variables
in a set, go, of variables is independent of the
values taken on by the variables in ¢ (the
complement of ). Under preferential
independence, the summation of variables in
the ESI corresponds to their marginal contri-
butions to environmental sustainability, and
requires that there are no synergistic or
antagonistic effects among the variables. This
is hardly a realistic assumption for environ-
mental data. Given, for example, the proven
synergistic relationships between several SO,
and NOy in the formation of acid rain, we
cannot realistically assume preferential
independence.

Weighted geometric mean aggregation is a
potential alternative. It is defined as

I, = H; (W‘/X j )%7 I

Ebert and Welsch demonstrate that in the case
of strictly positive, ratio-scale noncomparable
variables, including many environmental
variables, the aggregation by geometric mean
can provide meaningful indices, i.e., indices
with unambiguous orderings (Ebert and
Welsch 2004).  Another, more advanced
approach is the multi-criteria decision method,
which does not allow poor performance on
one variable to be compensated by good
performance on another.

L..

/i

When comparing the properties of the three
different aggregation methods, the trade-offs
become clear. When the objective is to design
the best possible index, considerations of the
most advanced statistical techniques available
are important. On the other hand, if transpar-
ency and easy understanding by non-experts is
equally important, the logical framework of
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the ESI represents a useful and valid alterna-
tive.

In an important expansion of our analysis of
the properties of the ESI, we include in this
Appendix the uncertainty and sensitivity
analysis of the ESI, carried out by the Joint
Research Centre of the European Commission
in Ispra, Italy. The analysis identifies and
quantifies the impact of the different sources
of uncertainty in the ESI data as well as the
effects of the weighting and aggregation
methods on the rankings of the ESI.

Weighting

In composite indices, the choice of weights
can reflect the importance given to the
variables comprising the index or the substitu-
tion rates between them. In other instances,
the weights are used to adjust for unequal
variances of the variables, and hence their
unequal levels of certainty. The specification
of the weights is thus an integral part of index
development and below we discuss our logic
and motivation for choosing equal weights for
the 21 indicators in the ESI.

Different methods to determine weights have
been developed. They include data-dependent
statistical tools as well as judgment-based
expert opinions and budget allocation
schemes.

Relative weights can be derived from least
squares estimation, i.e., the line fitting method
that minimizes the sums of squares of the
relative distances of points from their expected
value. Least squares minimization is the
procedure underlying the linear regression
model. A frequently occurring problem in
least squares is that larger values tend to be
associated with larger standard errors. Large
observations will therefore have a dispropor-
tional influence on the sum of squares
compared to smaller values. A weighted least
squares approach corrects for this effect.

Principal component analysis and factor
analysis are also useful statistical tools for
estimating weights. They build on the relative
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importance of the variables for the principal
components.

Statistically determined weights have the
advantage that they apply a neutral and data-
reliant weighting. However, statistical weights
do not always reflect the priorities of deci-
sionmakers or the budget constraints that limit
free choice among a range of policy options.

Various methods for eliciting subjective
preferences have been developed using
elements ranging from budget allocation
techniques to correspondence analysis.
Regardless of whether the weights are deter-
mined statistically or subjectively, in most
cases there exists no unique set of weights.

The ESI uses equal weights at both the
indicator and the variable level. Our argument
for equal indicator weights is based on the
premise that no objective mechanism exists to
determine the relative importance of the
different aspects of environmental sustainabil-
ity. At the country level, the indicators would
almost certainly be weighted differently, but
we cannot determine a globally applicable,
differential set of weights that would allow a
fair comparison between countries.  As
unsatisfactory as the choice of equal weights
may appear, it is a neutral and justifiable
allocation of importance across the indicators.
Moreover, the principal component analysis in
section 4 demonstrates that, even if the
weights are determined through statistical
means, no indicator stands out as being more
or less important than others.

The variables within each of the 21 indicators
are equally weighted because we think that
each variable contributes roughly proportion-
ately to the indicator to which it is allocated.
In cases in which a country is missing a
variable (and it is not imputed), the variable is
not included in the average.

We note here that an interactive form of the
ESI, that allows the user to set his or her own
weights and to re-calculate an ESI based on
these weights, is under development and will
be made available on our website.
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Data Quality and Coverage

1. Variable Grading

One of the most important conclusions of the
ESI is the need for better data and a policy
commitment to developing the necessary
analytic underpinnings for a more data-driven
approach to environmental decisionmaking.
To further facilitate this process, we evaluated
all ESI data sets with respect to the following
criteria:

Relevancy:

1. The degree to which the variable matches
the issue of interest.

Accuracy:

1. The reliability of the data source.

2. Whether the variable methodology is well
established and widely adopted.
3. The availability of other data for cross-

checking to assess the accuracy of the
variable.

Coverage in space and time:

1. The availability of the most recent data.

2. The frequency with which the variables
are updated.

3. The spatial coverage of the variable.

4. Whether the time series data can be

constructed.

Certain variables are based on more than one
data source, in which case, each data source is
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rated separately. In most cases, there are no
deviations between the ratings of the sources.
In the few instances where they are judged
differently, this has been marked.

The evaluation of the variables was conducted
by team members at the Yale Center for
Environmental Law and Policy and Columbia
University’s Center for International Earth
Science Information Network and combined
into a single rating. The participants of the
2005 ESI Expert Review Meeting in Decem-
ber were also asked to comment on the
preliminary “grades” and evaluations.

The evaluation process is inescapably subjec-
tive and limited by the knowledge base of the
research teams. The goal of this exercise is
not to establish a definitive quality assessment
for each dataset, rather it is to begin a dialogue
about data quality and to encourage further
investments in data collection and methodo-
logical improvements. The grading scale used
for the evaluation rates each variable accord-
ing to its relevancy, accuracy, and coverage in
space and time using grades ranging from A
(Excellent) to F (Unacceptable), or U (Un-
known).

The resulting matrix of variable grades
summarizing our assessment of the relevancy,
accuracy, and coverage of the variables in the
ESI is shown in Table A.6.
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Table A.6: Quality Assessment of ESI Variables
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60 DJSGI E)s)ngéﬁ;‘nes Sustainability Group Index B B c c A A D B
61 ECOVAL Average Innovgst EcoValue rating of firms A- A B A- A A D- B
headquartered in a country
: Number of ISO 14001 certified companies
Private Sector | 62 1SO14 e B B- A A- A A A A
17 Responsiveness per billion doIIalrs GDP (PPP) :
63 WEFPRI World Ecopomu: Forum Surv'ey on private B- B B- D A A c B-
sector environmental innovation
Participation in the Responsible Care,
64 | RESCARE |Program of the Chemical Manufacturers C A D A A A A B
Association
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T ® Science and . . .
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o
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69 | RESEARCH il:ﬁ;;tearn?; researchers per million B B B B A A D B
Number of memberships in environmental
Participation in 70 EIONUM intergovernmental organizations B B P P A A- A B
Internpational Contribution to international and bilateral
19 Collaborative | 71| FUNDING [funding of environmental projects and B A C- B- A B- A B-
2 development aid
= Efforts e - -
2 72| PARTICIP Participation in international environ- B A D A- A A A B-
5 mental agreements
2 Carbon emissions per million US dollars
] - - -
) 20 Greenhouse Gas 73| co2cbp GDP A B+ B+ A A A A A
T Emissions
g 74 CO2PC  |Carbon emissions per capita B+ B+ A- B+ A A- A
0]
Reducing 75| SO2EXP |SO, exports A- B+ B |AD| A |AD| D | AD
Ti bound
21 Err?\?i?or?;r;n?g Import of polluting goods and raw
Pressures 76| POLEXP |materials as percentage of total imports of| B A C A A A B A
goods and services

2. Country Data Review Initiative

One of our main objectives is to advance the
global availability of reliable, timely, and
comparable environmental information for
environmental decisionmaking.

For this purpose, we provided our updated
data for the 2005 ESI to the environmental
ministries and statistical offices of 152
countries, requesting that they review the data
for accuracy and provide, where applicable,
corrections or recent updates.” We also set up
a website through which we were able to
provide regular updates and additional
information on the ongoing data review
process. A total of 62 countries responded to
our request.  Of these, 25 countries sent us
updated and additional data and 14 provided
useful feedback on methodological aspects of
the ESI. Thirty-nine of the countries also sent
us references to reports and websites or
informed us that they had no comments on the

70

data we sent (see Table A.7 for a detailed list
of responses).

We also made it clear in our data review that
we support the established environmental data
collection activities of international institu-
tions, especially the United Nations system of
data collections, and requested that responses
also be submitted to the respective interna-
tional organizations compiling the statistics.

We utilized all information from the responses
that was consistent with our methodology.
Through the metadata provided by countries
and follow-up communication with our
contacts in the countries we were able to
determine the consistency of the data with
those provided by international sources. Table
C.1 in Appendix C — Variable Profiles
provides source information, including
country sources where country data were
incorporated, for all variables.
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Table A.7: Responses by Countries that Provided Data

Reports/ Reports/ ‘

Country [DEIE Websites Commentary  Other Country [DEIE Websites Commentary  Other
Albania + Korea + +
Argentin