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ABSTRACT

During the formation of composite index constructs, some constraints are encountered with respect to considerations such as
the availability or accessibility of indicators, weights of such indicators, sub-indicators or variables to be used for reaching the
indicators, data pertaining to such variables, and the determination of the most convenient method to be used for arranging the data
set. In addition, it is required for the methods to be used to comply with the aim of the index to be formed. Researchers who want to
develop a composite environmental index are required to consider all these considerations. This study aims to indicate and discuss
the composite environmental index formation process through the examination of the EPI, which is a global composite index.
One might argue that it contributes to the explanation of the composite index construction process, which has been examined,
albeit limitedly, in the literature. Eventually, the methods that may be used in the index formation process by the researchers who
want to form a composite index were discussed, and suggestions that may improve the methodological strength of the indices to
be developed by them were presented. Our findings indicate the absence of an established theoretical methodology for composite
sustainability indices. The creation of these indices has depended entirely on the expertise of the involved researchers.
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1. Introduction

We have entered a new era in recent years in terms of data-driven approaches concerning environmental sustainability. The
sustainable development goals were determined, especially in the Millennium Development Goals declared by the United Nations
in 2000 and at the Paris Conference organized in 2015, and the states were asked to explain their attainability of such goals using
quantitative criteria. Thus, it has been ensured that the states adopt a more data-driven and empirical approach to the determined
goals. In the global sense, governments have come together to determine the problems, monitor the tendencies, and measure the
success or failure of the determined policies. In addition, the way has been paved for the development of composite indices that
would ensure the measurement of states’ performances on economic, social, or environmental issues. This process has pioneered
the emergence of numerous indices such as the Human Development Index, Sustainable Development Goals Index, Global Green
Economy Index, Ocean Health, European Innovation Scoreboard, Social Progress Index, and Environmental Quality Index, as
well as the Environmental Performance Index (EPI).

The Environmental Performance Index (EPI), which is the first among these indices and which was published with the name
Environmental Sustainability Index (ESI) before 2006, is published biennially and updated by Yale University and Columbia
University in cooperation with the World Economic Forum and the EU’s Joint Research Centre. The EPI presents a strong policy
instrument supporting the efforts to attain the UN’s Sustainable Development Goals and carry society to a sustainable future (Wolf
et al., 2022). The EPI was published under the name Environmental Sustainability Index (ESI) before the 2006 ESI was aimed at
decision-makers, the public, and analysts wishing to compare the nations’ long-term environmental orbits. ESI tried to determine
the nations’ performances in terms of environmental sustainability. However, in 2006, the EST underwent extensive modifications
and began to be published under the name EPI. The EPI intends to measure sustainability at the global level, determine the
problems, define the goals, follow up on the trends, understand the consequences, and determine effective policy methods (WEF,
2002). In other words, the EPI addresses the environmental dimension of sustainable development more extensively.

The goals and political categories of EPI have been determined to adhere to international policy agreements (Srebotnjak, 2007).
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It can be specified that enabling environmental sustainability (MDG7), among the Millennium Development Goals (MDGs),
caused the formation of EPI. Hence, in the EPI report of 2012, it was specified that EPI was the complementary factor of the
Millennium Development Goals (J.W. Emerson et al., 2012). EPI had two main goals until the year 2020: goals of environmental
health and ecosystem vitality, which covered the political categories concerning long-term public health. In the report published in
2022, the number of main goals was increased to three, with the addition of the climate change goal. During the formation of the
index, performance goals were determined for each indicator based on international agreements, scientific literature, and expert
consultancy.

This study aims to indicate and discuss the composite environmental index structure process through the examination of the
EPI, which is a global composite index. The reason for the preference of the EPI as the index is that it is the first study providing
a measure at an international scale regarding how close the states are to the determined goals and political categories (Hsu et al.,
2013). The present study, it was based on EPI reports, which were published from 2006 to 2022, and the JRC Technical Reports,
published by the Joint Research Centre (JRC) affiliated with the European Commission. The statistical methods that may be used
in the global composite index formation process were defined by the methods used in the EPI. Moreover, it referred to the strengths
and weaknesses of the methods used and the global indices in which such methods were used. Ultimately, recommendations were
made concerning the methods that researchers who want to form a composite index may resort to. The present study may be a
load-star for researchers who form a new composite index or who perform studies concerning these indices. When the literature on
the indices is examined, there are limited sources in which the methodological development of a global index has been indicated.
The present study will also contribute to the literature in this sense.

2. Literature Review

A composite index is a mathematical composition consisting of numerous indicators and representing more than one dimension
of a concept (Saisana and Tarantola, 2002). In another definition, a composite index has been defined as the synthetic index of
numerous independent indicators (Freudenberg, 2003). Today, the indices are used more extensively to facilitate communication
among policy-makers, the public, and scientists (Reisi et al., 2014). Under composite indices, tendencies regarding themes such
as poverty, food safety, humanitarian development, and biological diversity are followed. In other words, composite indices enable
us to observe the multi-dimensional and complex constructs around us.

Environmental indices inform policy-makers and the public regarding the development process of environmental themes (Dobbie
and Dail, 2001). Thus, they encourage the accountability of the states both to each other and to the public regarding the determined
goals. In addition, such indices contribute to the formation of political and media awareness regarding environmental themes
(Fischer et al., 2022). However when such indices are formed insufficiently or poorly, they may hinder the environmental efforts
of policy-makers and the public, and may direct policy messages and decisions incorrectly (Alberti and Parker, 1991).

When the composite environmental performance indices are examined, some categories and sub-groups enable the identification
of the indices (Mendola and Volo, 2017). For instance, the EPI consists of three goals: environmental health, ecosystem vitality,
and climate change. The referred goals consist of eleven sub-groups (air quality, biodiversity and habitat, alleviation of climate
change etc.). The ocean health index (OHI) consists of two goals: current status and possible future status. The referred goals
consist of four dimensions: status, trend, pressures, and resilience. Such dimensions consist of 10 sub-groups within themselves
(Halpern et al., 2012). These sub-groups formed in composite environmental indices try to establish a clear relationship between
the measured structure and the structure of the index. Thus, it becomes easier for the users of the index to understand the index.

In general, three institutions lead the formation of environmental indices with their reports that they have shared with the
public for many years. Since 1990, the OECD has followed more than 50 indicators from 30 member and 17 non-member
states (Lankoski and Lankoski, 2023). The referred indicators addressed by the OECD have focused on individual aspects of
environmental performance instead of a general evaluation of environmental sustainability. The World Bank, which is another
institution that has shared reports with the public for many years, annually publishes its report, which examines the quality of life in
127 world economies under seven themes. Under the seven themes referred to in the report, data is shared regarding 18 dimensions
reflecting how the use of natural resources and activities interfere with nature and environmental growth (Garcia-Sanchez et al.,
2015). The Joint Research Centre (JRC), affiliated with the European Commission, which is another institution, shares the data
regarding EPI in cooperation with Yale University and Columbia University biennially. The primary characteristic of this index is
that it is an integrated model considering the economic, social, demographic, and environmental dimensions. Moreover, another
significant characteristic of this index is that it is also being used by the United Nations. Member states of the UN regularly inform
the data of EPI to the UN Sustainable Development Commission (Garcia-Sanchez et al., 2015).

Another significant characteristic of the EPI is that it is an index that is both use-based and scientific-based. Eyles and Furgal
(2002) divide the index criteria into two groups: scientific-based and use-based. Scientific criteria cover scientific quality themes
such as data usability and compatibility, indicator validity, indicator representation, reliability, and decomposition ability. These
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criteria are accepted in many studies (Edwards et al., 1999; Eylenbosch and Noah, 1988; Eyles et al., 1996; Von Schirnding Y.E.R.,
1997). Considering the use-based criteria, they depend on the goals of the indicators. These goals are applicability, manageability,
balanceability, manipulability, and the ability to serve as a catalyst. When the literature is examined, different variations of these
criteria are found. For instance, such as indicator sensitivity, understandability by policy-makers, cost-effectiveness, minimum
environmental effect to be gained, audience interpretability, and applicability to the population (Barber, 1994; Cairns and Mc-
Cormick, P. V. Niederlehner, 1993; Edwards et al., 1999). When the EPI reports are examined, it is observed that they meet
both the use-based and scientific-based criteria. In this sense, it can be said that the EPI has the quality of being for scientists,
policy-makers, and the public.

3. Method

3.1. Research Design

In this section, the methods that may be used during the formation of the composite index were defined. The first step is the
determination of the goal. These goals are divided in two: use-based and scientific-based (Eyles and Furgal, 2002). Then, concrete
variables regarding the policies for realizing the determined goals are determined. Afterwards, forming and arranging the data
set for such variables to be used in statistical analyses is needed. This stage consists of the steps of missing value imputation to
variables containing missing values and normalization of the data set. Then, the type of correlation to be used for observing the
strength and direction of the relationship among the variables is decided. Afterwards, the type of mean to be used in the index is
determined. The most extensively used mean types are arithmetic mean and geometric mean. Finally, the weights of variables for
the calculation of the index score is decided.

Purpose of Index [ Objectives and Policy ’
I
Adjustment Dataset . l . e I
Missing Value Imputation Normalization
- Regression - Proximity to Target
- Shadow Imputation - Winsorization

- Log-Transformation
- Min-Max

H
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- Pearson
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e

Weighting Methods
- Principal Component Analysis

- Equal Weighting

- Monte Carlo Simulation

Determination of Mean

Weighting Methods

- Multiple Factors (importance of the issue, data
quality timeliness of data, etc.)

Figure 1. Research Design

3.2. Goals and Political Categories

The number and categories of EPI’s indicators differ in each publication period. These indicators are selected through policy
agreements and expert appraisal emerging from the Millennium Development Goals determined by the UN. The first index
published in 2006 consisted of two goals (environmental health and ecosystem vitality), six political categories, and sixteen
indicators. In the report published in 2022, there were three goals (environmental health, ecosystem vitality, and climate change),
eleven political categories, and forty indicators (all the variables are shown in detail in Appendix Table 1).
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In the first EPI report, while the goal of environmental health measured the protection of human health from environmental
damages, the goal of ecosystem vitality measured the protection of ecosystems and resource management. The six political
categories under these goals covered sixteen indicators in total, with at least two and at most five. In the index published in 2008,
the number of indicators under six political categories for the same two goals was increased to 25 from 16 (Esty et al., 2008).
However, the policy category of “sustainable energy” included in 2006 was replaced with the category of “climate change” in
2008. In 2010, the number of indicators in the index remained the same as in the previous index, but the number of political
indicators had changed. The political indicator of “productive natural resources” under the goal of ecosystem vitality was redefined
as three separate policies: “forestry”, “fisheries”, and “agriculture” (J. Emerson et al., 2010). In 2012, the political indicator of
“environmental burden of disease” was replaced with the political indicator of “environmental health”. Moreover, two indicators
were removed from both of the political indicators of “air pollution” and “water”, one indicator was removed from “agriculture”,
and one indicator was added to both of the political indicators of “forestry” and “climate change” (J.W. Emerson et al., 2012).
In 2014, even if the number of indicators was specified as twenty, the index was calculated at nineteen indicators as the states’
electricity score couldn’t be calculated. The political indicator of “water”, included under the goals of environmental health and
ecosystem vitality, was removed from both goal and instead, it was represented in the goal of environmental health with the name
of “water and sanitation”. The change was made in three political goals and included under the goal of environmental health.
Instead, the political indicators of “health impacts”, “water and sanitation”, and “air quality” were added. The number of indicators
included under the goal of ecosystem vitality decreased to 14 from 17 (Hsu et al., 2014).

“Climate change”, which was initially included in 2008 as a political indicator under the goal of ecosystem vitality, was named
“climate change and energy” in the following years, and in 2022, “climate change” was determined as a main goal. Thus, the
number of goals in the EPI was increased to three for the first time since 2006 (Wolf et al., 2022). Another first in 2022 was the
use of this many indicators (40) in the calculation of the EPI score.

3.3. Adjustment of the Data Set

During the adjustment of the data set, the raw data were standardized to make the data comparable (as per population, acreage,
gross domestic product, or other measures) among the states (Hsu, A., and L.A. Johnson, 2013). Additionally, the distance-to-target
method was used. In the EPI, the distance-to-target technique was normalized using all the time series containing data and the
states (Papadimitriou et al., 2020). This method is also used as a weighing method to evaluate the distance from the current status
to the desired status (target) (Castellani et al., 2016). In 2012, the scores of proximities to the annual target were used in a simple
linear regression model to determine the rate of increase or decrease for each indicator. In addition, the time series analysis was
used for a few indicators in 2010. However, in 2012, the availability of time series data for nearly all the indicators enabled an
increase in data quality by allowing the evaluation of trends and disparities. Moreover, for the 2012 EPI and Pilot Trend EPI, all
the time series data was used to determine both the low and high-performance criteria.

Even if the distance-to-target method was used to normalize the data set in EPI, this method is a weighing method extensively
used in the measurement of environmental policies (Bjgrn and Hauschild, 2015; Frischknecht and Biisser Knopfel, 2014; Lin
et al., 2005; Wang et al., 2011). The distance-to-target is measured as the ratio of the current environmental load to the future
environmental target value (Li et al., 2015). his method focuses on to what extent a society or a state is unsuccessful in attaining
environmental standards. This approach has strengths as well as weaknesses. The progress of states towards predetermined targets,
the states’ exhibition of their strengths and weaknesses, the performance of standardization using a common scale, and guidance
constitute the strengths. In case the determined targets and policies are subjective, however, the possibility of the calculation of
distance-to-target causes biases or uncertainties, and in case the data obtained from the states are limited or inconsistent, the
possibility of the data affecting the accuracy of measurement may be indicated as the weaknesses of this method (Valipour et al.,
2015). Moreover, as is known, environmental systems and policies are complex and include dependency. In such cases, measuring
environmental systems by reducing them to a single measure may be deceptive.

In the second step of the adjustment of the data set in the EPI, the skewness of distributions was corrected using a logarithmic
transformation for the raw data of each indicator. As the transformed data was generally substantially skewed, a logarithmic
transformation is required in specific data sets (namely, data sets with left or right skewness). This method has two benefits.
The first is that if there are a large number of states that are very close to the target in an indicator, a logarithmic scale makes a
clearer distinction among the ones exhibiting the best environmental performance. The second is that a logarithmic transformation
facilitates the interpretation of differences among the sub-nation units at the opposite ends of the scale. While the log scale more
accurately reflects the nature of differences in all the performance ranges, it doesn’t exhibit the differences among the states in the
best and worst statuses in a sufficiently distinct manner.

The use of logarithmic transformations can be beneficial in statistical modelling or regression analysis. In cases of a change in
the data’s variance along with the level of the independent variable, the data may exhibit heteroscedasticity. The application of
a logarithmic transformation can make the variable more constant at different levels by fixing the variance (J.H. Curtiss, 1943).
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Moreover, logarithmic transformation is also able to assist in the normalization of skew data distributions (Feng et al., 2014). This
method may reduce the effect of extreme values and converge the data distribution to a normal distribution. Moreover, it may also
be beneficial while applying the statistical techniques assuming normality or while comparing the variables with different scales.

In the third step, during the adjustment of the data set, the Winsorization method was used to prevent the states with extreme
values from forming skewness. Outlier observations were adjusted as per the percentiles of 5%, 95%, and 97%. This method was
used until 2018. In the 2020 and 2022 reports, the regression method was used to prevent and determine the outlier observations.
While the Winsorization method provides advantages such as the providing resilience against outliers, preserving the original
order and sequencing of data, and being a simple method (Jennifer Anne Haley, 2001). Disadvantages include the possibility of
the results being affected due to the subjectivity of changes in extreme values, changes in the distribution and form of data, and
the determination of a threshold (Barnett and Lewis, 1994).

In the report published in 2022, numerous changes were made. One of these is the adjustment of the data set. During the
adjustment of the data set, the data set was normalized using the min.-max. approach as the first step (Smallenbroek et al., 2023).
The purpose here is to ensure the contribution of all the indicators at equal rates. In other words, it was ensured that all the indicators
would contribute to the total score between 0 and 100. The use of the min.-max. approach, among the normalization methods,
ensured the data was both cleared from their units and drawn to a specific range. In other words, it facilitates the interpretation of
results as well as the ease of measurement.

According to the method to be used in the index, it is required to normalize the data set because the variables forming the
data set generally constitute different units. Normalization is applied to draw these variables to a common scale. The most
extensively used normalization methods are standardization, min.-max., categorical scaling, and reference distance (Ruiz et al.,
2020). Standardization is used to transform the data set into a scale with a mean of 0 and a standard deviation of 1. The min.-max.
method is used for the data set to be in a specific range. On the categorical scale, value imputation is performed. The reference
distance method is used to normalize a specific indicator as per its relative position to a reference level.

To overcome the problem of missing values, the regression method and the shadow imputation method were used. The shadow
imputation method was not included in the previous reports. In the preferred method, imputation is made to the point of the
missing value by ignoring the missing value and averaging out the rows or columns. This method was used for some variables.
For instance, it was used in environmental variables that are valid for states that don’t have access to large water bodies. Missing
value imputation was generally performed by estimating with the regression method. Moreover, in the 2020 report, the median
value was used for missing value imputation. In 2022, a penalty was also applied while performing missing value estimation for
states with missing values. In the report, the missing value, the final step of the data set adjustment, was also referred to. When the
variables had an absolute skewness higher than 2.0 and an absolute kurtosis higher than 3.5 at the same time, they were assessed
as outlier observations (Groeneveld and Meeden, 1984).

Hair (2009) classified the data sets containing missing values into three groups. He specified that modelling is not required for
the ones in which the ratio of missing values to the data set is below 10%, or that value imputation may be performed with the
mean. If the data set contains missing values between 10% and 20%, then the hot deck imputation method should be applied for
MCAR values, and the model-based missing value process should be applied for MAR cases. If the data set contains a missing
value above 20% and if imputation is desired, then regression should be applied for MCAR cases and model-based imputation
methods should be applied for MAR cases (Hair, 2009).

When the EPI reports are examined, the meticulous performance of the process of preparation of the data set for the analyses
draws attention. Relying on these many changes in the methods used emphasizes the fact that the method to be used in research is
required to comply with the data set and the purpose of the index. However, the lack transparency regarding the cause of changes
made in the methods used in the reports compared to the previous period indicates the imperfection of the reports.

3.4. Correlation

In the first index published in 2006, the relationship among the variables and the relationship between the variables and the EPI
were not considered. In the interpretation part of the results, the relationship between the GDP and EPI scores of the states was
considered by Pearson’s correlation coefficient. The reports after 2008 examined the relationships among the EPI score, goals,
and political categories. In 2008, the strength of the relationship among the EPI score, two goals, and six political categories was
examined by Spearman’s rank correlation coefficient. In 2010, the relationship among the EPI score, two goals, and ten political
categories was examined by Kendall’s Tau correlation coefficient. In the reports published between 2012 and 2018, the relationship
among the EPI score, goals, and political categories was examined by Pearson’s correlation. In the reports published in 2020 and
2022, Spearman’s rank correlation was used.

In the EPI, the results of the correlation analysis were considered at many points. If a variable contains missing values and
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if it has a high correlation with the other variables, then missing value imputation was performed for that variable. Otherwise,
the value zero, or no data, was entered. A correlation analysis was performed to examine the relationship between the EPI score
and the indicator scores, policy scores, and finally, goal scores. As each of the political categories represents different aspects of
environmental performance, it was observed that they had a high correlation with the EPI while they had a low correlation among
themselves. A low correlation among political categories is a status desired in the development of an index. Moreover, to determine
whether environmental success is sacrificed for economic competitiveness or not, the relationship between the EPI scores and
GDP, the human development index, the global competitiveness index, the voice and accountability index, and the government
effectiveness index was examined by way of correlation.

In different periods of the EPI reports, three different correlation coefficients, namely Pearson’s, Spearman’s, and Kendall’s
Tau correlation coefficients were used. As is known, correlation defines the strength and direction of the relationship among the
variables in the widest sense. Pearson’s correlation coefficient is used to measure the strength and direction of the relationship
for variables having a linear relationship, having a normal distribution, and being in the interval and ratio scale. Spearman’s rank
correlation coefficient and Kendall’s Tau correlation coefficient are used to measure the strength and direction of the relationship
for the variables without a linear relationship, without a normal distribution, ranked, and in the interval and ratio scale (Schober
et al., 2018). While Spearman’s rank correlation coefficient is based on ranking differences, Kendall’s Tau correlation coefficient
is based on the number of compatible and incompatible pairs (Kowalski and Tu, 2008). It is important to decide the type of
correlation to be used as per the type of relationship (linear or non-linear), the type of scale (categorical, ordinal, interval, and
ratio), and the type of distribution (normal or non-normal). Moreover, Spearman’s rank correlation considers the strength of the
monotonous (increase or decrease at the same time) relationship among the variables. In the EPI, as the relationship among ranks
(Spearman’s) is more significant than the relationship among variables (Pearson’s), the use of Spearman’s rank correlation in the
recent two index reports (2020 and 2022) was the right decision.

3.5. Mean

The decision regarding the use of the arithmetic mean or geometric mean is made as per the distribution of the data. For instance,
if the data set exhibits a normal distribution and does not contain outlier observations, and if it is a data set with an interval or
ratio scale, then an arithmetic mean is suggested (Gaddis and Gaddis, 1990). If the data set exhibits a log-normal distribution
and contains multiplicative relationships or outlier observations, then a geometric mean is suggested (Olsen et al., 2003). When
the EPI reports were examined, it was determined that the index had been formed using the arithmetic mean method. During the
adjustment of the data set, missing value imputation was performed, the problem of outlier observations was solved, showing that
the use of the arithmetic mean after observation of the normal distribution of the data set was the right decision.

3.6. Weighting

In the three EPI reports published prior to 2012, two goals were equally weighted (50% - 50%). In 2012, the use of this weighting
method was discontinued. In 2012, it was observed that the EPI score was affected to a high degree by the goal of environmental
health in cases of equal weighting. It was determined that the referred inequality was arising from the variance differences in
the scores of the environmental health and ecosystem vitality goals. The equal weighting caused the formation of a much higher
correlation between the scores of the general EPI and environmental health compared to the score of ecosystem vitality. In other
words, the states exhibiting high performance in the environmental health goal would generally exhibit better performance in the
EPI, independent of the score of the ecosystem vitality goal. To eliminate this statistical imbalance, the environmental health goal
was weighted at 30 percent and the ecosystem vitality goal at 70 percent during the 2012 determination of the total EPI score.
This weighting implies the prioritization of the indicators of ecosystem vitality compared to environmental health. The purpose
is to ensure a balance among the contributions of these policy goals to the general EPI. In the EPI published in 2014, equal
weights were assigned to the goals. In the political categories, if any indicator under a political category is less reliable or less
related compared to other indicators under the same category, then it is weighted with a lower score. In 2016, the goals were again
subjected to equal weighting. In addition, the political categories forming these goals were also subjected to equal weighting. In
2018, this equilibrium was disrupted again, and during the determination of the total EPI score, the goal of environmental health
was weighted at 40 percent and the goal of ecosystem vitality at 60 percent, and the statistical strength of these weights was tested
by way of Monte Carlo simulation (Wendling et al., 2018). However, the weights of the political categories were not as equal as
in the previous year. The same weighting method was also used in 2020 (Wendling, Z.A. et al., 2020). In 2022, the weights of
the political goals were amended again. The weights of political goals were determined using statistical analyses for balancing
the significance of the theme, quality of data, relevance of data, and distribution of scores. Accordingly, ecosystem vitality was
determined at 42%, climate change at 38%, and environmental health at 20%.

In the EPI, the states’ scores were scaled in a manner that gave them a value between 0 and 100. A composite index was formed
with a three-step cumulative model. To combine the indicators into a single composite performance score, the scores of individual
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components were combined into a general score after the assignment of numerical weights. This combination was performed
with a linear combination (combination of weighted normalized indicator scores). When the weights are equal, it is similar to
calculating the simple arithmetic mean. Uncertainty and sensitivity analyses were performed to ensure the validity of the results
of policies obtained from EPI and measure the sensitivity of the index to alternative methodological assumptions. In other words,
the results were examined under different scenarios to determine how the ranks and scores changed when the weights of the index
were differentiated. Moreover, in the reports published in some of the years, clustering analysis was used in the interpretation of
the states’ EPI scores, and interpretations were made on a regional basis.

It can be specified that the weighting process is both a political and a scientific process. To form the EPI score, weights were
assigned to indicators, policy categories, and goals forming the EPI. The EPI was formed considering the experts’ recommendations
on weights, perceived data quality, the significance of indicators and categories in terms of policy-making, and the indicators’
degree of enabling the direct measurement of environmental performance, etc. Moreover, another significant issue considered
while determining the weights is the basic distribution of the indicator’s policy category and purpose scores, or the number of
variations in the data. Principal component analysis (PCA) was used for the determination of the loads of these political categories
forming the goals, the formation of suitable groupings, and the determination of their weights. As a result of PCA, PCA factor
loads were used as weights for these indicators. The indicators without clear references in the PCA results were grouped as per
the literature review and the experts’ opinions.

As the determination of weights has an effect on the results during the formation of the composite index, it is a subject that
must be considered. In many composite indices, equal weights are assigned to all the variables. In cases where equal weights are
not assigned, the methods of PCA, conjoint analysis, and data envelopment analysis are generally used for the determination of
weights (Ruiz et al., 2020). Moreover, the analytic hierarchy process (Saaty, 1977, 1988) or MACBETH (Benito and Romera,
2011) techniques, among multiple-criteria decision-making techniques, are also used. All these methods can affect the strengths
and weaknesses depending on the purposes and goals of the index desired to be formed.

4. Discussion

4.1. Goals and Political Categories

The goals of an effective environmental index should be based on both scientific and practical criteria. The indices should be
quantitative, sensitive to change, sensitive to analyses, and traceable in terms of the determined policies. When the example of
the EPI is examined, it can be said that the goals and policies were formed as per scientific criteria. The EPI consists of three
inclusive environmental goals and a political category for attaining such goals. These goals cover the policies prioritized by the
global environment authorities, the environmental dimension of the Millennium Development Goals, and the net zero greenhouse
gas emission goals of the Glasgow Climate Pack. These goals are based as much as possible on international agreements and
contracts (Moldan et al., 2012). The goals not included in this category were formulated assertively by the ones forming the index,
and they were formed in a manner that will allow improvement for all the states.

4.2. Adjustment of the Data Set

During the formation of the composite index, steps such as identification of the indicators, evaluation of the missing data,
normalization, mean, weighting, summation, uncertainty, and sensitivity analysis should be performed carefully. An examination
of the literature on sustainability reveals a discussion on the normalization method to be used and whether its use is required
or not (Diaz-Balteiro et al., 2018). It is not required to perform normalization before some analysis methods (DEA or multiple
benefit theory) used during the formation of the composite index, because these methods contain normalization. The normalization
technique to be used can uncover different results (Pollesch and Dale, 2016). Which technique would be optimal should depend
on the characteristics of the specific problem analyzed. While the rate of not using normalization in the sustainability indices was
determined to be 70% (Ibafiez-Forés et al., 2014) by the study performed in 2014, it was determined that the relevant rate decreased
to 30% in the study performed in 2017 (Diaz-Balteiro et al., 2017). Moreover, in the context of sustainability, if it is required for
the final solutions to reflect the analyzed truth with the minimum error, it is required for the variables used to be normalized.

The missing value imputation is another significant issue that must be considered. An examination of the literature shows that
the most extensively used missing value imputations have been case deletion, single imputation, or multiple imputations. In single
imputation, mean, median, mode, hot deck and cold deck imputation, unconditional mean imputation, regression imputation, and
expectation-maximization imputation are used. In multiple imputations, the Monte Carlo algorithm is used (Kondyli, 2010). The
benefit of this imputation is its assistance in estimating the missing values in the present data. When the EPI example is examined,
it is not clearly specified how the problem of missing values was solved, in other words, which method was used in the reports
before 2020. The lack of discussion on missing value imputation indicates the deficiency of the reports published until 2020. In
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2020, the referred deficiency was filled, and the median method, among the single imputation methods, was used in missing value
imputation. In 2022, linear regression was used to perform missing value imputation on the data set.

4.3. Mean

Deciding on the type of mean to be used while forming the composite index is a significant step. In general, there are two mean
types in composite indices: arithmetic mean and geometric mean. Which one of these would be used should be determined as
per the distribution of data. For instance, if the data set exhibits a normal distribution and does not contain outliers, and if it is a
data set with an interval or ratio scale, then an arithmetic mean is suggested (Gaddis and Gaddis, 1990). If the data set exhibits
a log-normal distribution and contains multiplicative relationships or outliers, then a geometric mean is suggested (Olsen et al.,
2003). Hence, the question of whether the geometric mean or the arithmetic mean should be used in the calculation of EPI was
discussed in the reports. The mean to be used was determined based on to what extent it would change the states’ EPI scores. It
was observed that the geometric mean had a moderate level of effect on the EPI ranking. In other words, when the geometric mean
was used instead of the arithmetic mean at the level of policy, a remarkable skewness arose in the ranking of states. The use of a
geometric mean caused skewness in the median in the ranking of one-tenth of the states. Consequently, the general environmental
performance index was calculated based on the arithmetic mean of the target scores. Moreover, the arithmetic mean was also used
in the missing value imputation in 2010.

To indicate the states’ performance in the EPI, three policy goals were combined under a single score using a weighted arithmetic
mean. The use of an arithmetic mean instead of a geometric mean to compare the two summing approaches and emphasize the
states with varying profiles was a correct decision, because as is known, the geometric mean tends to penalize the presence of a
very low value in the data set. Easy interpretability of the arithmetic mean can ensure a balance (a high score in one goal may
completely balance the low scores in another goal) among the policy goals in the EPL

4.4. Determination of Weights

During the formation of the composite index, the correct weighting of the goals and policies is as important as the meticulous
determination of such goals and policies by the relevant experts. The weighting methods that may be used by the researchers
are shown in Figure 2. When the globally used composite indices are examined, the most extensively used weighting methods
are equal weighting (Human Development Index, Sustainable Development Goals Index, Global Green Economy Index, Ocean
Health Index, European Innovation Scoreboard) and principal component analysis (Social Progress Index, Environment Quality
Index). The greatest advantage of the equal weighting method is its simplicity. However, this method has disadvantages such
as the consideration of the significance levels of the indicators as equal, double weighting, and the inability to recommend
concrete policies for policy-makers (Hermans et al., 2008). In weighting with PCA, there is the advantage of making individual
interpretations for each factor as the indicators are grouped. However, in the preferred method, there is the risk of having the
weights differing in truth as they are based on correlation. An examination of the EPI reports shows that the most extensively used
weighting methods are those with equal weighting at the level of policies, equal weighting at the level of indicators, and weightings
derived from factor analysis and principal component analysis. These methods were also discussed in different scenarios.

4.5. Uncertainty and Sensitivity

During the formation of the EPI, it is important to have uncertainty and sensitivity analyses performed because uncertainty
and sensitivity analyses increase transparency and determine the strength of the index (Munda and Saisana, 2011; Quadus and
Siddique, 2001; Saisana et al., 2005). Sensitivity analysis is used to calculate the share of uncertainty that the indicators cause in
the composite index (Freudenberg, 2003). In the composite index, it is important to determine the propagation of uncertainty to
input values. The formation of a composite index is performed by including or not including the uncertainty indicators and using
alternative normalization, weighting, and addition schemes (Kwatra et al., 2020). Uncertainty and sensitivity analyses are very
important for checking the strength of global composite indices such as the EPI, by which states’ sustainability is measured and
their performances can be compared.

5. Conclusion

In the present study, the EPI reports published from its initial year of publication in 2006 to its last year of publication in
2022 were methodologically examined. Before moving on to methodological discussion, the change in years of goals and political
categories forming the index was also shown in detail (Table 1). The purpose here was to show that the discussed index’s goal or
policy level can easily adapt to changing conditions. For a composite index to be formed at the global level and gain recognition,
it is required to be able to adapt to changes.
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Figure 2. Weighting Methods

The composite indices have a complex construct. Therefore, it is important to consider that the statistical methods to be used
do not play a dominant role in the index: in other words, they do not directly affect the scores or rankings that will be formed as a
result of the index. For that reason, in the present study, it is very important to decide the methods, correlation types, mean types,
and weighting methods that may be used in the adjustment of the data set. In the present study, the strengths and weaknesses of
the methods and the circumstances in which they have to be used were identified. However, the causes of differentiation as per the
years of the statistical methods used in the EPI reports or the justifications of preference for the methods used were not reported.
This circumstance reveals the weakness of EPI reports. Resorting to these many changes in the statistical sense in the calculation
of EPI may eliminate the ability to compare the index with the score of the previous index. In other words, it may cause the index
to be inconsistent. The composite indices should be consistent and comparable within themselves. However, the differentiation of
the determined goals or political indicators may be explained by the periodicity of such goals and policies. For instance, while
climate change is a political indicator, it has become one of the main goals in 2022. Likewise, the effect of periodicity is observed
in the determination of the goals” weights.

The composite index may give inconsistent messages in the case of its incorrect construction or interpretation or in the case of
ignoring the significant dimensions (Singh et al., 2009). To avoid this circumstance or to strengthen the index, it is required to test
the results with uncertainty analysis and sensitivity analysis. Moreover, deciding only by considering the index’s score may cause
information loss. In other words, the decision-making of the decision-makers only by considering the index’s score may mislead
them. During the formation of the index, the determined goals and the policies formed for attaining such goals or the performances
in sub-indicators should also be considered. Only in this manner can the decision-makers develop the correct policies for their
strengths and weaknesses.

Global composite indices, which will enable the measurement of countries’ performances, are expected to increase gradually over
the years. The creation and availability of consistent and comparable indicators regarding countries’ structures and performances
are important for the analysis of various environmental, economic, and social policy areas. Researchers who will construct a
composite index need to extend the scope of indicators to broader and more flexibly defined conceptual areas. Otherwise, the
failure to calculate the relative contributions of indicators could lead to the formation of misleading index scores. In other words,
if the composite index created is theoretically weak, the index may rely on spurious quantitative degrees, thereby resulting in
erroneous comparisons."

In conclusion, the composite indices formed for measuring sustainability generally enable the decision-makers to assess the
decisions they will make in the future or allow them to raise the awareness of society. As these indices contain quantitative and
temporal goals, they ensure the measurement of the states’ results. Thus, this enables the ranking and comparison of the states. In
addition, it may ensure transparency and accountability and facilitate decision-making on complex issues. However, such indices
do not indicate the sustainable status of a state or a state’s position on a sustainable route. In the sense of attaining the determined
common goals, they give an idea regarding the states’ or regions’ degree of performance. Under the composite index, the general
direction of progress towards the determined goals is determined.
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6. Appendix

Table 1. Methodological change of EPI as per years

Burden of Disease (1) Water (2), Air
Pollution (2)

Ecosystem Vitality (20): Air Pollution (4),
Water (3), Biodiversity and Habitat (3),
Forestry (2), Fisheries (2), Agriculture
(3), Climate Change (3)

Winsorization
PCA

Time Series
Kendall's Tau
Correlation
Coefficient
Logarithmic
Transformation

Year | Objectives and Policy Categories Indicators | Method Difference from the Previous
Index
2006 | Environmental 16 Proximity to Target | -
Health (4) Winsorization
Ecosystem Vitality (12): Air Quality (2), PCA
Water Resources (1), Biodiversity and Sensitivity
Habitat (3), Productive Natural Resources Analyses Pearson’s
(3), Sustainable Energy (3) Correlation
Coefficient (GDP
with EPI)

2008 | Environmental Health (6): Environmental | 25 Proximity to Target | The number of variables was
Burden of Disease (1) Water (2), Air Winsorization increased to 25 from 16.
Pollution (3), Pearson’s Environmental health was
Ecosystem Vitality (19): Air Pollution (2), Correlation divided into three political
Water (2), Biodiversity and Habitat (4), Coefficient categories and covered six
Productive Natural Resources (8), Climate PCA indicators in total. The category
Change (3) K-Means Method of sustainable energy was

Sensitivity removed. The category of
Analyses climate change was added.
2010 | Environmental Health (5): Environmental | 25 Proximity to Target | The number of variables

remained the same, but the
political categories and the
number of variables under such
categories had changed. A
variable (local ozone) under the
political category of “air
pollution”, included under the
environmental health goal, was
removed. When ecosystem
vitality was examined, two
variables (nitrogen oxide
emission and volatile organic
compound emission) were
added under the political
category of air quality. A
variable (the water shortage
index) was added under the
political category of water. Two
variables (protection risk index
and effective protection) were
removed and one variable
(protection of living beings) was
added to the political category
of biodiversity and habitat. The
political category of productive
natural resources was removed,
and instead, the sub-indicators
forming the referred political
category became political
categories. The number of
variables in forestry was
increased by one (growing
stock), and fisheries remained
the same. In agriculture, only
the variable of agricultural
support remained among the
variables of the previous year,
and all the other variables were
removed. Two variables
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Table 1. Continued

(agricultural pesticide
adjustment and agricultural
water density) were added
instead of them. No change had
occurred in the political
category of climate change.

2012 | Environmental Health (5): Environmental | 22 Proximity to Target | The political indicator of
Health (1) Water (2), Air (2), Ecosystem Winsorization environmental disease burden
Vitality (17): Air (2), Water (1), Logarithmic was removed, and the political
Biodiversity and Habitat (3), Forestry (3), Transformation indicator of environmental
Fisheries (2), Agriculture (2), Climate Pearson’s health was added. Two
Change & Energy (4) Correlation indicators were removed from

Coefficient both of the political indicators

Linear Regression | of air pollution and water, and

Sensitivity one indicator was removed from

Analyses agriculture. One indicator was
added to both of the political
indicators of forestry and
climate change.

2014 | Environmental Health (6): Health Impacts | 20 Proximity to Target | Even if the number of indicators
(1) Water ve Sanitation (2), Air Quality Winsorization was specified as 20, the index
3) Logarithmic was calculated with 19
Ecosystem Vitality (14): Water Resources Transformation indicators. The states' electricity
(1), Biodiversity and Habitat (4), Forestry Pearson’s score couldn’t be calculated.
(1), Fisheries (2), Agriculture (2), Climate Correlation The political indicator of water,
Change & Energy (4) Coefficient including the goals of

Linear Regression | environmental health and

Sensitivity ecosystem vitality, was removed

Analyses from both of these goals and
instead, the political indicator of
water quality was added under
the goal of environmental
health. A change was made in
the three political goals included
under the goal of environmental
health, and instead, the political
indicators of health impacts,
water quality, and air quality
were added. The number of
indicators included in the goal
of ecosystem vitality decreased
to 14 from 17.

2016 | Environmental Health (7): Health Impacts | 20 Proximity to Target | Even if the number of indicators
(1) Water and Sanitation (2), Air Quality Winsorization was specified as 20 in the year
4) Logarithmic 2014, the index was calculated
Ecosystem Vitality (14): Water Resources Transformation with 19 indicators. The states'
(1), Biodiversity and Habitat (5), Forestry Pearson’s electricity score couldn’t be
(1), Fisheries (1), Agriculture (2), Climate Correlation calculated. The number of
Change & Energy (2) Coefficient indicators under the political

Linear Regression | category of air quality, included
under the goal of environmental
health, was increased by 1.
While there was no change in
the total number of indicators
under the political categories
included under the goal of
ecosystem vitality, the political
category of water quality was
replaced with the political
category of water resources.
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Table 1. Continued

2018 | Environmental Health (6): Heavy Metals | 24 Proximity to Target | The political category of health
(1) Water and Sanitation (2), Air Quality Winsorization effects, included under the goal
(3) Logarithmic of environmental health, was
Ecosystem Vitality (18): Air Pollution (2), Transformation removed, and instead, the
Water Resources (1), Biodiversity and Pearson’s political category of heavy
Habitat (6), Forestry (1), Fisheries (2), Correlation metals was added. The number
Agriculture (1), Climate Change & Coefficient of political categories under the
Energy (5) Linear Regression | goal of ecosystem vitality was

increased by one. The political
category of air pollution was
added.

2020 | Environmental Health (7): Heavy Metals | 32 Proximity to Target | The political indicator of waste
(1) Sanitation & Drinking Water (2), Air Logarithmic management was added under
Quality (3), Waste Management (1) Transformation the goal of environmental
Ecosystem Vitality (25): Pollution Spearman’s health. The name of the political
Emissions (2), Water Resources (1), Correlation indicator of air pollution,
Biodiversity and Habitat (7), Fisheries (3), Coefficient included under the goal of
Agriculture (1), Climate Change (8), Linear Regression | ecosystem vitality, was
Ecosystem Services (3) amended to pollution emission.

The name of the political
indicator of forestry was
amended, and it was named
ecosystem services. Moreover,
the name of the political
indicator of climate change and
energy was amended to climate
change.

2022 | Environmental Health (13): Heavy Metals | 40 Proximity to Target | The political indicator of
(1) Sanitation & Drinking Water (2), Air Logarithmic climate change, included in the
Quality (7), Waste Management (3) Transformation index in previous years under
Ecosystem Vitality (18): Biodiversity and Spearman’s the goal of ecosystem vitality,
Habitat (7), Ecosystem Services (3), Correlation had become a goal. The number
Fisheries (3), Acid Rain (2), Agriculture Coefficient of goals was increased to three

(2), Water Resources (1)
Climate Change (9): Climate Change
Mitigation (9)

Linear Regression

for the first time, and the EPI
was formed with these many
indicators for the first time.
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