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Abstract: The main objective of this paper is to analyze model settings of the International Energy
Security Risk Index developed by the U.S. Chamber of Commerce. The study was performed using
stepwise regression, principal component analysis, and Promax oblique rotation. The conclusion of
the regression analysis shows that Crude Oil Price and Global Coal Reserves are sufficient to explain
90% of the variance of the Index. However, if a model that explains 100% of the variance of the Index
is chosen and other variables are added, Global Coal Reserves loses importance due to the presence
of other parameters in which it is contained. Regardless of the chosen model of analysis, it is evident
that there is room for revising the Index and removing variables that do not contribute to its precision.
The research showed that the main disadvantage of the variables that make up the Index rests with
the fact that the variables are of different degrees of generality, that is, one parameter is contained
in other parameters (unclear which other). The research covers data for 25 countries over a 26-year
period, with the first year of the research being 1980 and the last 2016 (the latest available report).

Keywords: International Energy Security Risk Index; analysis; stepwise regression; principal
component analysis; Promax oblique rotation

1. Introduction

Energy policy is one of the most complex processes and challenges faced by the modern world,
and energy security, as one of the essential prerequisites for sustainable development, is an objective
pursued by all countries in the world [1]. Management in this area is extremely complex. It has a
significant impact on global geopolitical developments and security as a whole, which is why the
analysis of the situation, forecasting, and decision-making in this area is the subject of numerous studies
and different approaches [2,3]. Furthermore, there is a possibility of manipulating the data and/or
the interpretation of the results. Measured values of energy security can serve as basis for making
important decisions, therefore, reliability of measurement must be subject of additional studies [4].
All decisions in the field of energy security have certain consequences that can be positive, negative,
or neutral (depending on the system they are related to). In terms of coverage, they can be simple
or extremely complex (emerging from the sphere of the energy sector), with implications at national,
regional, or global level [5]. The consequences can also be extremely complex, including tensions in
relations between certain countries, crises in some regions and, in extreme cases, they can also affect the
emergence, duration, and specificities of military and paramilitary conflicts and terrorist activities [6].
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Analyzing and defining the situation in all areas can be a somewhat complex process as it is most
often associated with a large number of ambiguities. The methods and ways in which assessments and
decisions are made can be different: from subjective assessment to multi attribute decision making,
integrating subjective and objective. As a rule, only an objective interpretation of well-selected and
tested data can provide the best possible support in the analysis and decision-making processes [7].

Generally speaking, analysis and modeling are based on the hybrid principle; on the one hand,
only clearly defined, measurable, and exact variables are used in the process and, on the other hand,
there are a number of variables that are alterable, inexact, and often questionable in terms of their
structure [8]. Data processing methods are diverse, their adequacy may be questionable, the reliability
of the selected data processing method is sometimes at the lower limit of acceptability, and the
method of interpreting the results can be ambiguous. However, the need to develop more precise
decision-making tools is becoming increasingly evident, especially in the energy sector, with endeavors
to adapt the tools to global efforts to make the decisions acceptable, feasible, and sustainable [9].

Analyzing the situation and making decisions that affect energy security is further complicated by
the fact that there are no basic prior methodological assumptions. First of all, there has not been a clearly
established and generally accepted definition of energy security so far [10]; moreover, a consensus has
developed over the years that it is not possible to clearly define energy security. Consequently, without
a clear definition of energy security it is not possible to use the regular methodological approach, that
is, to select the indicators to be used to measure energy security. Furthermore, the manner in which the
selected data are processed is not clearly defined. There is no single formula for determining energy
security but, since measurements are necessary, diverse and somewhat complex approaches are used.
In addition, there are methodologies for determining energy security that are not publicly available.
Their analysis is therefore difficult but still possible and very necessary, especially since energy security
is coupled with a high degree of risk, uncertainty, and ambiguity [11].

Furthermore, the analysis of energy security measurement is also aggravated by energy security
split into long-term and short-term ones, whereby certain improvement in short-term energy security
may have a negative impact on long-term energy security or on some of its indicators. In this regard,
it should be noted that there is no clearly defined number of years used to define short-term or
long-term nature of energy security [12].

In general, there are three initial approaches indicating the sole understanding of the essence
of energy security: (1) an approach that takes into account only the technical and technological
parameters, that is, technical stability and resilience of the energy system; (2) an approach that takes
into account solely the question whether and how much energy a country imports (shown through the
Energy Dependence Index); and (3) a complex approach that takes into account a number of variables
(technical, market, economic, environmental, etc.) to assess and forecast energy security. Based on the
third approach, a number of energy security indexes have been developed by various organizations
and individuals. One of them is the International Energy Security Risk Index, developed by the U.S.
Chamber of Commerce. The index is set for 25 OECD countries and the report thereof is published
at two-year intervals [13] and used as a support to assessment of the situation and identification of
changes and trends, in both the field of energy security and in many other fields and different policies
(economic, environmental, social, domestic, foreign, security, military, and the like) at both global and
regional levels [14].

The International Energy Security Risk Index is a complex index, aggregated on the basis of 29
individual variables divided into eight groups. The selection of type, number, and structure of each
individual variable is certainly always questionable [15–18]. The fact that a perfect energy security
index does not exist, but that there are different understandings of the very essence of energy security,
should be accepted [19]. In such a situation, collecting and processing data (various variables) can
be considered an acceptable option for assessments and forecasts. What should be the subject of the
research is to primarily assess accuracy and reliability of already defined energy security indexes,
to assess the capacity of variables that make up the indexes to show the most important characteristics
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of the system under observation, to define and evaluate interrelationship of individual variables that
make up the selected index, and to assess their individual (or combined) capacity to influence, to a
greater or lesser (or variable) extent, the final outcome—the value of the final index showing the degree
of energy security [20].

The main objective of this paper is to analyze the methodological setting of the International
Energy Security Risk Index, i.e., of its structure and of the certain reliability indicators. In this way,
the obtained results will represent additional objectives of this paper. First of all, the realization
of the research will provide exact indicators of the reliability of the Index, which can be taken into
consideration when it comes to the practical application of this Index for various purposes (and above
all, in the decision-making process). Furthermore, the aim of the research is of a theoretical nature as
well, because it points to specific issues in the very methodology used for conceiving this Index and,
in accordance with that, proposes certain improvements for the research.

The contribution to the extant literature is reflected primarily in the fact that there is no significant
coverage of the papers presenting the results of research of this kind. Therefore, this paper provides
information that can be further analyzed and expanded using additional methods, whereby somewhat
opposite opinions could certainly be expected. Specifically, all research related to the assessment of the
structure of certain measurement parameters (especially when it comes to parameters consisting of a
number of variables usually different in nature), as well as research related to the application of data
and their processing, contributes to the corpus of literature in a specific field of study: development of
analysis of the existing methodologies and development of new methodologies for quantification of
tools to support the decision-making process in the field of energy security. The paper is structured in
five Sections. In Section 1, the authors present the main goal of the research, an overview of the results
of previous research in the field of assessment of the International Energy Security Risk Index, as well
as other methods for quantifying energy security for which there are adequate sources. The research
methodology is presented in Section 2: subject of the research, statistical methods applied in the
research model which is applied in this paper. Section 3 presents the research results and Section 4
gives the discussion of the obtained results and comparison with the results from similar research,
based on which the recommendations are given. Finally, Section 5 presents a summary review of the
paper and gives suggestion for further research. At the end of the paper, references are presented.

2. Materials and Methods

The research into the model on which the International Energy Security Risk Index is conceived
was based on a sample of 25 OECD countries that are large energy producers and/or consumers with a
major impact on all developments that affect or may affect energy security in the world. These are
Australia, Brazil, Canada, China, Denmark, France, Germany, India, Indonesia, Italy, Japan, Mexico,
Netherlands, New Zealand, Norway, Poland, Russian Federation, South Africa, South Korea, Spain,
Thailand, Turkey, Ukraine, United Kingdom, and United States of America [21].

Data pertaining to the period 1980–2016 were used for processing. The index is essentially
composite, made up of 29 individual indicators:

• Global fuels: Global oil reserves, Global oil production, Global gas reserves, Global gas production,
Global coal reserves, and Global coal production.

• Fuel imports: Oil import exposure, Gas import exposure, Coal import exposure, Total energy
import exposure, and Fossil fuel import expenditure per GDP.

• Energy expenditures: Energy expenditure intensity, Energy expenditure per capita, Retail electricity
prices, and Crude oil prices.

• Price and market volatility: Crude oil price volatility, Energy expenditure volatility, World oil
refinery usage, and GDP per capita.

• Energy use intensity: Energy consumption per capita, Energy intensity, and Petroleum intensity.
• Electric power sector: Electricity diversity and Non-carbon generation.



Energies 2020, 13, 3234 4 of 15

• Transportation sector: Transport energy per capita and Transport energy intensity.
• Environmental: CO2 emission trend, CO2 per capita, and CO2 GDP intensity.

Based on the methodology presented through annual energy security reports [22], the International
Energy Security Risk Index is generally developed as the sum of the values of variables (criteria)
that are first normalized to be correlated and then multiplied by weighting factors to highlight the
importance of individual variables on an annual basis (Equation (1)):

IIESRy =
n∑

i=1

fnor(Kn) ×wn (1)

where: IIESRy represents the annual International Energy Security Risk Index for a specific country,
fnor is a normalization function, Kn is a specific variable (criterion), and wn is a weighting factor for
that variable. For the sake of transparency, when publishing the International Energy Security Risk
Index the U.S. Chamber of Commerce presents also the methodology used in terms of the description
of variables used and their weighting factors. Due to the lack of scientific basis for introducing new
and/or changing the existing variables, the need to include factors that reflect not only energy security,
but also environmental protection, market, traffic, and the like, is the publisher’s argument for a change
in weighting factors. From the additional analysis of the methodology used by the U.S. EIA (Energy
Information Administration) through NEMS (National Energy Modeling System) it can be concluded
that, according to the number of variables and processing stages, a selected system of mathematical
models was used both for calculating the current values of the International Energy Security Risk Index,
and for predicting the trend of the International Energy Security Risk Index over many decades [23].

For the foregoing reasons, in order to avoid the complexity trap within which not all the variables
can be controlled nor their interdependencies determined, and in order to obtain relevant data on the
impact of individual criteria on the values of the International Energy Security Risk Index based on
available data, the following methods were used:

Stepwise regression analysis. The basic aim of this method is to analyze the selection of variables
that make up a particular set, especially when it comes to a set of multiple variables whose relationship
is complex or insufficiently known, i.e., when theoretical and practical instructions are neither clear
nor unequivocally proven in this respect [24], as is the case with the International Energy Security
Risk Index, which is the subject of this study. In this case, the method was chosen to indicate a set
of independent variables with the most significant impact on the independent variable (the value of
the average OECD International Energy Security Risk Index). The stepwise regression method can be
conducted in two basic ways [25]:

(a) Forward selection starts with no variables in the model, but each variable is subsequently
added and its significance tested, thus retaining the variables that show the highest degree of
significance; or

(b) The analysis starts with a set of all variables and moves backwards; each variable is individually
deleted, and it is checked whether this deletion has a significant impact on the final result.

Principal component analysis (PCA). The main reason for the selection of this method rests
with the very essence of the index that is the subject of analysis, as well as with the set goal of the
research. International Energy Security Risk Index is a composite indicator, and the data set used for
the research is relatively large (29 different variables with data for 37 years.) This method is applied for
dimensionality reduction and data interpretation where the major components explain the variability
of data in the most concise way, showing some hidden data correlations and interrelationships [26].
The main objectives of this method are reduction and analysis of the linear relationship of a number
of mutually correlated variables, distributed in a multivariate manner, in order to obtain fewer
components and new variables mutually non-correlated, with minimal loss of information. The PCA
allows one to determine the extent to which individual indicators are related, which is particularly
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necessary in the case of the International Energy Security Risk Index as it consists of 29 indicators that
can be assumed to be highly related. In some cases, indicators are contained in each other, which is a
methodological shortcoming. Since the main goal of the paper is to analyze the methodological setting,
the selection of PCA can be considered an adequate method that, in combination with other applied
methods, can give a certain picture of the concept of the Index, based on which recommendations for
improvements can be proposed [27].

Promax oblique rotation is a method that represents non-orthogonal rotation and examines the
correlation of variables in a set. By using this method, the orthogonality constraints are relaxed,
and the space is opened for variables to show their correlation more clearly [28]. This analysis was
selected as additional, because the model allows rotation of the axes to fit the actual data points better,
which facilitates and improves interpretation of the results. It was selected precisely with the aim
of providing a more precise picture of the ratio of variables previously determined by applying the
PCA. The selection of this method is also based on the essence of the International Energy Security
Risk Index, which consists of 29 variables, and is compliant with the research goal: determining the
association of variables.

The model applied in the research is shown in Figure 1.
In short, by using stepwise regression the regression model was first adjusted to extract the most

relevant variables that affect the values of the calculated International Energy Security Risk Index.
After the variables were extracted, their processing was performed by using the principal component
analysis to verify the significance of the extracted variables.
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3. Results

3.1. Stepwise Regression Analysis

In order to examine the structure and coherence of the International Energy Security Risk Index,
i.e., the variables that make up the Index, a regression analysis was first performed. Stepwise regression
was used as the method of regression analysis to answer the following questions: which weighting
coefficients were assigned to the variables when determining the Index? Which model contains the



Energies 2020, 13, 3234 6 of 15

smallest prediction error? Is there a room for changing the selected variables? The results of the model
analysis applied to determine the International Energy Security Risk Index are shown in Table 1.

Table 1. International Energy Security Risk Index—stepwise regression analysis (90% of model
variance).

Model R
R

Square
Adjusted R

Square
Std. Error of
the Estimate

Change Statistics

R Square Change F Change df1 df2 Sig. F Change

1 0.823 a 0.677 0.668 43.66791 0.677 73.498 1 35 0.000
2 0.948 b 0.899 0.893 24.82582 0.221 74.289 1 34 0.000
3 0.986 c 0.972 0.970 13.14913 0.074 88.197 1 33 0.000
4 0.996 d 0.992 0.991 7.15074 0.020 79.585 1 32 0.000
5 0.997 e 0.993 0.992 6.71278 0.001 5.312 1 31 0.028
6 0.997 f 0.995 0.994 6.03990 0.001 8.292 1 30 0.007
7 0.998 g 0.996 0.995 5.52016 0.001 6.915 1 29 0.014
8 0.998 h 0.997 0.996 4.87854 0.001 9.130 1 28 0.005
9 0.999 i 0.998 0.997 4.28414 0.001 9.309 1 27 0.005
10 0.999 j 0.999 0.998 3.04324 0.001 27.508 1 26 0.000
11 0.999 k 0.999 0.998 3.00801 0.000 0.378 1 26 0.544
12 1.000 l 0.999 0.999 2.71145 0.000 7.229 1 26 0.012
13 1.000 m 1.000 0.999 1.85113 0.001 30.783 1 25 0.000
14 1.000 n 1.000 1.000 1.64169 0.000 7.785 1 24 0.010
15 1.000 o 1.000 1.000 1.51024 0.000 5.360 1 23 0.030
16 1.000 p 1.000 1.000 1.48003 0.000 0.049 1 23 0.826
17 1.000 q 1.000 1.000 1.46420 0.000 0.468 1 24 0.500

Different combinations of variables were used in the analysis: a. Predictors: (Constant), Crude_Oil_Prices;
b. Predictors: (Constant), Crude_Oil_Prices, Global_Coal_Reserves; c. Predictors: (Constant),
Crude_Oil_Prices, Global_Coal_Reserves, Crude_Oil_Price_Volatility; d. Predictors: (Constant),
Crude_Oil_Prices, Global_Coal_Reserves, Crude_Oil_Price_Volatility, Oil_Import_Exposure; e. Predictors:
(Constant), Crude_Oil_Prices, Global_Coal_Reserves, Crude_Oil_Price_Volatility, Oil_Import_Exposure,
Non_Carbon_Generation; f. Predictors: (Constant), Crude_Oil_Prices, Global_Coal_Reserves,
Crude_Oil_Price_Volatility, Oil_Import_Exposure, Non_Carbon_Generation, Energy_Expenditure_Volatility; g.
Predictors: (Constant), Crude_Oil_Prices, Global_Coal_Reserves, Crude_Oil_Price_Volatility, Oil_Import_Exposure,
Non_Carbon_Generation, Energy_Expenditure_Volatility, Fossil_Fuel_Import_Expenditure_per_GDP; h. Predictors:
(Constant), Crude_Oil_Prices, Global_Coal_Reserves, Crude_Oil_Price_Volatility, Oil_Import_Exposure,
Non_Carbon_Generation, Energy_Expenditure_Volatility, Fossil_Fuel_Import_Expenditure_per_GDP,
Energy_Consumption_per_Capita.; i. Predictors: (Constant), Crude_Oil_Prices, Global_Coal_Reserves,
Crude_Oil_Price_Volatility, Oil_Import_Exposure, Non_Carbon_Generation, Energy_Expenditure_Volatility,
Fossil_Fuel_Import_Expenditure_per_GDP, Energy_Consumption_per_Capita, Coal_Import_Exposure; j.
Predictors: (Constant), Crude_Oil_Prices, Global_Coal_Reserves, Crude_Oil_Price_Volatility, Oil_Import_Exposure,
Non_Carbon_Generation, Energy_Expenditure_Volatility, Fossil_Fuel_Import_Expenditure_per_GDP,
Energy_Consumption_per_Capita, Coal_Import_Exposure, Global_Gas_Production; k.
Predictors: (Constant), Crude_Oil_Prices, Crude_Oil_Price_Volatility, Oil_Import_Exposure,
Non_Carbon_Generation, Energy_Expenditure_Volatility, Fossil_Fuel_Import_Expenditure_per_GDP,
Energy_Consumption_per_Capita, Coal_Import_Exposure, Global_Gas_Production; l. Predictors:
(Constant), Crude_Oil_Prices, Crude_Oil_Price_Volatility, Oil_Import_Exposure, Non_Carbon_Generation,
Energy_Expenditure_Volatility, Fossil_Fuel_Import_Expenditure_per_GDP, Energy_Consumption_per_Capita,
Coal_Import_Exposure, Global_Gas_Production, Transport_Energy_Intensity; m. Predictors: (Constant),
Crude_Oil_Prices, Crude_Oil_Price_Volatility, Oil_Import_Exposure, Non_Carbon_Generation,
Energy_Expenditure_Volatility, Fossil_Fuel_Import_Expenditure_per_GDP, Energy_Consumption_per_Capita,
Coal_Import_Exposure, Global_Gas_Production, Transport_Energy_Intensity, Gas_Import_Exposure;
n. Predictors: (Constant), Crude_Oil_Prices, Crude_Oil_Price_Volatility, Oil_Import_Exposure,
Non_Carbon_Generation, Energy_Expenditure_Volatility, Fossil_Fuel_Import_Expenditure_per_GDP,
Energy_Consumption_per_Capita, Coal_Import_Exposure, Global_Gas_Production, Transport_Energy_Intensity,
Gas_Import_Exposure, Energy_Expenditures_per_Capita; o. Predictors: (Constant), Crude_Oil_Prices,
Crude_Oil_Price_Volatility, Oil_Import_Exposure, Non_Carbon_Generation, Energy_Expenditure_Volatility,
Fossil_Fuel_Import_Expenditure_per_GDP, Energy_Consumption_per_Capita, Coal_Import_Exposure,
Global_Gas_Production, Transport_Energy_Intensity, Gas_Import_Exposure, Energy_Expenditures_per_Capita,
Transport_Energy_per_Capita; p. Predictors: (Constant), Crude_Oil_Prices, Crude_Oil_Price_Volatility,
Oil_Import_Exposure, Energy_Expenditure_Volatility, Fossil_Fuel_Import_Expenditure_per_GDP,
Energy_Consumption_per_Capita, Coal_Import_Exposure, Global_Gas_Production, Transport_Energy_Intensity,
Gas_Import_Exposure, Energy_Expenditures_per_Capita, Transport_Energy_per_Capita; q. Predictors:
(Constant), Crude_Oil_Prices, Crude_Oil_Price_Volatility, Oil_Import_Exposure, Energy_Expenditure_Volatility,
Energy_Consumption_per_Capita, Coal_Import_Exposure, Global_Gas_Production, Transport_Energy_Intensity,
Gas_Import_Exposure, Energy_Expenditures_per_Capita, Transport_Energy_per_Capita.

Stepwise regression analysis in the first iteration provides a model in which Crude Oil Prices
is a variable accounting for 67.7% of the International Energy Security Risk Index. In addition to



Energies 2020, 13, 3234 7 of 15

determining the two most important variables that explain 90% of the variance of the overall Index
(Crude Oil Prices and Global Coal Reserves), the stepwise analysis provided ranking of the remaining
15 (out of 17) models, in which variables from 1 to 13 participate (Table 1). Since the difference
in values of R square (coefficient of determination) and adjusted R square (adjusted coefficient of
determination) is insignificant—in the interval [0–1 × 10−3], the remaining variables that are involved
in the establishment of these models should not be neglected. For this reason, the model analysis
explaining 100% of the variance of the Index was made by adding to the model eight additional
variables (Crude Oil Price Volatility, Oil Import Exposure, Non-carbon generation, Energy Expenditure
Volatility, Fossil Fuel Import Expenditure per GDP, Energy Consumption per capita, Coal Import
Exposure, Global Gas production) that reported lower significance in the first step.

In the second step, the Global Coal Reserves variable was added to the model as the second
most influential variable that contributes to the Index with an additional 22.1%. The review of two
variables that affect almost 90% of the variance in the International Energy Security Risk Index is given
in Figure 2.Energies 2020, 13, x FOR PEER REVIEW 8 of 17 
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Figure 2. Average values for OECD International Energy Security Risk Index, Global Coal Reserves,
and Crude Oil Prices (1980–2016).

Since Crude Oil Price Volatility, Oil Import Exposure, Non-carbon generation, Energy Expenditure
Volatility, Fossil Fuel Import Expenditure per GDP, Energy Consumption per capita, Coal Import
Exposure, Global Gas production are the variables of a completely different nature (in terms of the
phenomena they describe, the ranges of values and units of measurement), the next step included
calculation of a standardized beta coefficient that allows the variables to be compared in order to
establish relative importance of the variable. The results that explain 100% of the model variance are
shown in Table 2.
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Table 2. International Energy Security Risk Index—standardized beta coefficient (100% of model variance).

Variables
Standardized Coefficients

Beta

Crude_Oil_Prices 0.319
Global_Coal_Reserves 0.040

Crude_Oil_Price_Volatility 0.251
Oil_Import_Exposure 0.109

Non_Carbon_Generation −0.080
Energy_Expenditure_Volatility 0.152

Fossil_Fuel_Import_Expenditure_per_GDP 0.299
Energy_Consumption_per_Capita 0.093

Coal_Import_Exposure 0.148
Global_Gas_Production 0.248

3.2. Principal Component Analysis

Principal component analysis (PCA) was used to verify the significance of the variables (criteria)
extracted in stepwise regression analysis. Since this is also a correlation analysis, the unit value (1.0) is
taken as the initial value for communalities for all variables. The iterative PCA procedure resulted in
values for variables of significance (Extraction column). If the value is closer to 1, the variable is more
relevant. The results of the analysis are presented in Table 3.

Table 3. International Energy Security Risk Index—communalities.

Variables Initial Extraction

Global_Oil_Reserves 1.000 0.730
Global_Oil_Production 1.000 0.926
Global_Gas_Reserves 1.000 0.756

Global_Gas_Production 1.000 0.907
Global_Coal_Reserves 1.000 0.934

Global_Coal_Production 1.000 0.957
Oil_Import_Exposure 1.000 0.834
Gas_Import_Exposure 1.000 0.760
Coal_Import_Exposure 1.000 0.934

Total_Energy_Import_Exposure 1.000 0.766
Fossil_Fuel_Import_Expenditure_per_GDP 1.000 0.978

Energy_Expenditure_Intensity 1.000 0.956
Energy_Expenditures_per_Capita 1.000 0.929

Retail_Electricity_Prices 1.000 0.495
Crude_Oil_Prices 1.000 0.887

Crude_Oil_Price_Volatility 1.000 0.642
Energy_Expenditure_Volatility 1.000 0.621

World_Oil_Refinery_Usage 1.000 0.865

Extraction method: principal component analysis.

All 18 items in Table 3 are variables of significance for the International Energy Security Risk
Index, which means that they can be used to determine the Index itself, but their combination is
questionable at the moment. Out of the 18 variables tested, eight variables show a value greater than
0.900, approaching the value of 1, and are defined as very significant. These are Global Oil Production,
Global Gas Production, Global Coal Production, Global Coal Reserves, Coal Import Exposure, Fossil
Fuel Import Expenditure per GDP, Energy Expenditure Intensity, and Energy Expenditures per Capita.
It is noticeable that the greatest significance is given to the group of variables referring to energy
resources (oil, gas, and coal), as well as to the group of indicators showing energy expenditure.
The highest individual degree of significance is recorded in the case of Fossil Fuel Import Expenditure
per GDP (0.978). The lowest degree of significance is recorded by Retail Electricity Prices (0.495). It is
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important to note that the above results are an assessment of the need to use the variables in the Index
itself, and not an assessment of their impact on the variance of the Index itself or an assessment of their
interrelationship, which is the subject of further analysis.

In the next step of the principal component analysis, eigenvalues were calculated to check if there
was a tendency for parameter grouping and to define the required number of factors for factor analysis.
The results are shown in Table 4.

Table 4. International Energy Security Risk Index—eigenvalues and loadings manipulation.

Component
Initial Eigenvalues Extraction Sums of Squared Loadings Rotation Sums of

Squared Loadings

Total % of Variance Cumulative % Total % of Variance Cumulative % Total

1 8.091 44.950 44.950 8.091 44.950 44.950 6.429
2 4.546 25.256 70.206 4.546 25.256 70.206 5.213
3 2.241 12.452 82.659 2.241 12.452 82.659 6.286
4 1.341 7.449 90.108
5 0.666 3.700 93.808
6 0.490 2.725 96.532
7 0.210 1.165 97.698
8 0.175 0.975 98.672
9 0.103 0.573 99.246

10 0.064 0.356 99.601
11 0.035 0.195 99.796
12 0.014 0.080 99.876
13 0.009 0.050 99.926
14 0.005 0.027 99.952
15 0.004 0.023 99.976
16 0.002 0.013 99.988
17 0.002 0.010 99.999
18 0.000 0.001 100.000

Extraction method: principal component analysis. When components are correlated, sums of squared loadings
cannot be added to obtain a total variance.

The proportion of variation explained by each eigenvalue is given for each variable (from 1 to
18). For the first variable, value 44.950 means that 44.950% of total variation is explained by this
first eigenvalue.

In conducting the analysis shown in Table 4, a three-factor analysis was selected in accordance with
the specifics of eigenvectors and their function in the analysis. Specifically, elements of eigenvectors are
the weights of each variable observed, and the stated values are factor loadings. The largest eigenvalue
associated with each of the eigenvectors provides a single indicator of the substantive importance of
each variate (or component). The basic idea is to retain factors with relatively large eigenvalues and to
ignore those with relatively small eigenvalues. A three-factor solution was selected in this particular
case, because it is noticed that the decrease in the value of eigenvalues is the largest after the third one.
It is also evident that 83% of total variance is explained by the three retained variables.

Finally, due to the assumption that there are some overlaps and that certain variables are contained
in others (methodological error in this case), an analysis was performed of the relationship between
standard macroeconomic indicator GDP per capita and seven selected indicators assumed to be
significantly correlated (Crude_Oil_Prices, Crude Oil_Price_Volatility, Energy Expenditure Intensity,
Energy_Expenditures_per_Capita, Energy Expenditure Volatility, Retail Electricity Prices, and World
Oil Refinery Usage). The results are shown in Table 5.

Table 5. Correlation between GDP per capita and selected variables.

Model R R Square Adjusted R Square Std. Error of the Estimate

1 0.994 a 0.989 0.986 9.65230

a. Predictors: (Constant): Crude_Oil_Prices, Crude Oil_Price_Volatility, Energy Expenditure Intensity,
Energy_Expenditures_per_Capita, Energy Expenditure Volatility, Retail Electricity Prices, and World Oil
Refinery Usage.
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Based on the results from Table 5 showing the relationship between the selected economic
parameters, it is noticeable that GDP achieves statistically significant correlations with Crude_Oil_Prices,
Crude Oil_Price_Volatility, World Oil Refinery Usage, Energy Expenditure Intensity, Energy
Expenditure Volatility, Retail Electricity Prices. Moreover, positive direction of correlation indicates
that countries with higher degree of Energy Expenditure Intensity, Energy Expenditure Volatility, and
Retail Electricity Prices have higher GDP per capita, while the direction of correlation with World
Oil Refinery Usage is negative (lower GDP per Capita is correlated with higher values of World Oil
Refinery Usage). The abovementioned points to the need for revising the use of GDP and GDP-related
indicators in this Index.

From the methodological point of view, or when observed through the need to use GDP per capita
in the construction of the observed Index, it is evident that GDP per capita can be comprehensively
explained by other economic parameters. This is also supported by the fact that the percentage of
explained variance of GDP per capita against other mentioned factors is 99%.

3.3. Promax Oblique Rotation

In order to obtain a simpler data structure that the vector of 18 variables extracted by principal
component analysis, factor analysis was performed according to Promax oblique rotation that provides
more uniform distribution of variability and better understanding of the interdependence of variables.
The structure of the results is shown in Table 6.

Table 6. International Energy Security Risk Index—Promax oblique rotation.

Variable
Component

1 2 3

Global_Gas_Production 0.988
Total_Energy_Import_Exposure −0.961

Global_Gas_Reserves 0.911
Global_Coal_Reserves 0.781 0.310
Global_Oil_Production 0.713 0.375

World_Oil_Refinery_Usage −0.615 −0.473
Retail_Electricity_Prices 0.442 0.309
Coal_Import_Exposure 0.320 0.928

Global_Coal_Production −0.316 0.919
Energy_Expenditures_per_Capita 0.824 0.453

Gas_Import_Exposure 0.800 −0.549
Crude_Oil_Prices 0.788 0.465

Global_Oil_Reserves −0.765
Crude_Oil_Price_Volatility 0.743

Fossil_Fuel_Import_Expenditure_per_GDP 1.050
Oil_Import_Exposure 0.947

Energy_Expenditure_Intensity 0.838
Energy_Expenditure_Volatility 0.553

4. Discussion

The most significant regression finding is that the Crude Oil Prices explains 67.7% of the total
variance of the Index tested. In other words, the stepwise method identified this parameter as crucial
when creating the International Energy Security Risk Index. When it stands alone in the model, the
multiple regression coefficient is R = 0.823, p = 0.000. In the next step of stepwise regression, the Global
Coal Reserves variable was added to this most important parameter, thus obtaining the coefficient of
determination R2 = 89.9%. Therefore, the Global Coal Reserves variable contributed with 22.1% to
Index explanation, while the multiple regression coefficient stood at R = 0.948, p = 0.000. It follows
from the above that two variables (Crude Oil Prices and Global Coal Reserves) explain 90% of the
Index. Simply put, when establishing the Index, the Crude Oil Prices has by far the highest weighting
coefficient and is followed by the Global Coal Reserves. This is also evident through their beta weights,
that is, standardized weighting coefficients of 0.0711 and 0.483 in the model with both parameters.
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The entire model, or explanation of the Index variance that stands at 100%, is obtained when
the following is added to the two variables: Crude Oil Price Volatility, Oil Import Exposure,
Non-carbon generation, Energy Expenditure volatility, Fossil Fuel Import Expenditure per GDP,
Energy Consumption per capita, Coal Import Exposure, Global Gas production. When all these
parameters are present in the analysis, a different distribution of weighting coefficients is observed.
Crude Oil Prices retains the highest beta weight, that is, a standardized weighting ratio that reflects its
importance. It is followed by Fossil Fuel Import Expenditure per GDP, Crude Oil Price Volatility and
Global Gas production. As for this model, it is also observed that the Global Coal Reserves variable
has almost insignificant beta weight (0.040). This leads to a complete loss of its importance which can
be explained by the presence of other variables in which this indicator is contained.

In further processing of the stepwise regression analysis results the principal component analysis
was performed to see if there was a tendency of variables to group. The principal component analysis
showed that 17 out of the 29 parameters can be further considered. Communalities, obtained by
using this method show high values (close to 1.0), which indicates that the extracted components
represent the Index properly. Based on the obtained eigenvalues, the principal component analysis
shows that 82.7% of the models are explained by three over-factors. These over-factors were used
as three components in the Promax oblique rotation to confirm the validity of the process used to
extract variables.

There are not a large number of studies aimed at comparison with the results presented in this
paper, because a complete comparison would require the research to be conducted in the same sample
of countries and in the same time period in order to assess the methodological setting of the Index.

Nevertheless, very important conclusions can be drawn from a comprehensive study that includes
63 energy security indices and presents an analysis of the number of indicators, data treatment,
statistical coherence, uncertainty, sensitivity, and robustness analysis. When it comes to the number of
observed variables, in the majority of research analyzed in this study (52%) the number of indicators is
between 5 and 20, whereby the number of variables in this research is 29. In addition, in the analysis of
statistical coherence the author points out that “only rarely is a multivariate analysis studied or at least
reported. If a multivariate analysis is performed, then it usually is an assessment of the correlation and
covariance values between indicators” [29]. Multivariate analysis was performed in only 10 studies,
10 of which were conducted in OECD countries (which is the subject of this study), but none of them
were set so as to be fully compared with the results of this research, whether regarding the research
goal, time frame, geographical coverage, and/or selection of variables.

However, the following results can be mentioned as indirect indicators of comparison between
the results of this and similar research. They observe energy security as a combination of certain
dimensions and, which is much more important for comparison with the results of this research, show
whether and to what extent the said dimensions are related.

Edgard Gnansounou proposed a composite index of energy demand/supply weaknesses as a
proxy of energy vulnerability [30]. The proposed index is based on the application of six individual
indicators (energy intensity, oil and gas import dependency, CO2 content of primary energy supply,
electricity supply weaknesses, and non-diversity in transport fuels), for which PCA was performed
in order to establish the degree of significance of the selected variables. The results of this research
show, in the given combination, that there is no adequate degree of significance of any of the selected
indicators and that they do not significantly describe the given system, because all the obtained values
are below 0.2. In a study that was conducted in the paper presenting an analysis of the International
Energy Security Risk Index, eight variables show a value greater than 0.9, which indicates a high
degree of their relevance and the need to include them in the Index itself. Regardless of the differences
resulting from these two studies it is important to note that there are a large number of variables that
can be used to assess energy security, and that further work is necessary to select them and to assess
their combinations.
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Similar research includes analysis of Energy Trilemma Index, developed by World Energy
Council [31]. This Index consists of four basic dimensions: Country context, Energy equity, Energy
sustainability, and Energy security. The results of the PCA analysis show, in this case, similarities with
the results obtained from the analysis conducted in this paper. Specifically, the analysis of the Energy
Trilemma Index shows, basically, that the four indicators making up this Index are relevant for use,
but that they do not contribute equally to the consistency of the Index. Problems in the structure of
the Index itself are evident in both papers. In the case of the Energy Trilemma Index, which consists
of four variables, two of the variables have a high percentage of participation in variance; Country
context (59.62%) and Energy equity (22.71%). In the case of the International Energy Security Risk
Index, which consists of 29 variables, an almost identical result is obtained in terms of participation in
variance. Specifically, in this case as well, two variables have very similar participation in variance:
Crude Oil Prices (44.95%) and Global Coal Reserves (25.26%). From the above, it can be concluded
that the selection of the number of variables is an important factor in conceiving any index for the
quantification of energy security. In the case of the Index with four variables, as well as in the case of the
index with 29 variables, only two variables explain 67.7% and 70.2% of the index variance, respectively.

In the research conducted for Japan, South Korea, Singapore, and Taiwan, three dimensions of
energy security were used: Vulnerability, Efficiency, and Sustainability. The PCA results show that all
variables are relevant for this index, and that individual variables have different degrees of significance
in individual countries. Thus, Vulnerability is most significant in the case of Singapore (0.66), Efficiency
in the case of Taiwan (0.650), and Sustainability in South Korea (0.880), which is also the highest
registered correlation value [32].

A study conducted in 22 OECD member countries observes energy security through combination
of four dimensions, with the results obtained. First of all, 21% of the variance is explained through the
Environmental stewardship variable. It is followed by Supply availability (with high weights on oil
and natural gas import dependence, as well as on-road fuel intensity), Energy and economic efficiency
(with the largest factor loading on energy intensity and electricity use per capita), and Affordability
(with high loadings on electricity and gasoline prices) [33]. A difference is noticeable in the case of
the International Energy Security Risk Index analysis, because the two indicators (Crude oil prices
and Global coal reserves) explain 90% of the Index variance, which is significantly greater than 21%
explained through the Environmental stewardship. These are groups of indicators that are completely
opposed (environment-related and oil-related). That is not saying much about reliability of the research,
precisely because of the different selection of indicators. The question of the selection of indicators and
their relationship here as well stands out as a question of particular importance for further research.

Finally, the above is followed by the results of research in Indonesia, defining energy security
through five dimensions: Availability, Affordability, Accessibility, Acceptability, and Efficiency [34].
The Availability dimension explains 54% of the index variance. If taking into account that this indicator
refers to the availability of energy resources, it can be said that the result is similar to result obtained in
the International Energy Security Risk Index study, because oil- and coal-related variables contribute
to the greatest extent to explanation of the index variance. The comparison is indirect, but it speaks in
favor of the fact that indicators of the availability of energy resources are certainly the indicators of
high importance.

Based on the results of this and similar research, recommendations can be defined to improve the
methodology of development of indices for measuring energy security, as well as for their application
in practice. First of all, more profound methodological verification of parameters making up the index
is needed, primarily in terms of their essence and reliability. The number of indicators cannot be
precisely determined, so their detailed assessment, and especially the assessment of the degree of
their correlation, is much more desirable. It is further necessary to verify whether and to what extent
individual indicators have an impact on the final result, independently or in certain combinations.
Specifically, it is necessary to define indicators that are already contained in other indicators and to
determine the ones that will be excluded from the index. It is certainly necessary to conduct more
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profound methodological verification and observation of the index by country, because it is possible
that problems with overlapping variables occur only in some countries, and perhaps only in certain
periods of time (geopolitical and other impacts). In addition, it is necessary to analyze the change in
weight coefficients assigned to individual indicators and to solve the problem of multicollinearity.

Theoretically, it would be essential to develop a precise framework to define the phenomenon
being measured (in this case, it is energy security). The problem here rests with impossibility to
provide a unique definition of energy security. Therefore, it can be recommended to develop different
approaches to energy security in certain countries, regions, and in certain periods of time, due to
changing circumstances and priorities. Regardless of whether there will be a unique definition of
energy security or several definitions, it is necessary to establish parameters based on which it can be
measured, in order to assess the situation, predict future trends, and plan certain activities.

Since there is a problem of missing data in the data set in practice, it is necessary to emphasize this
fact and to include the data in an adequate way, because the unresolved nature of this problem may
give rise to misleading results. The selection of weight coefficients for individual indicators is another
problem, which is approached differently (from assigning equal weight coefficients, to a completely
subjective assessment). Reconsideration of weights is a complex task that requires a number of inputs,
but it can be done. Certainly, the possibility that weight coefficients can and should be changed
depending on the country for which they are determined, as well as depending on the specifics of a
certain period of time, should not be dismissed.

Lastly, but most importantly, uncertainty, robustness, and sensitivity analyses need to be conducted
to a greater extent, as these analyses greatly influence the assessment of reliability and build confidence
of decision-makers and the general public in the accuracy of a particular index.

5. Conclusions

The main objective of this paper was to analyze models for quantification of energy security.
The importance of energy security from the point of view of security and the development of every
national economy and the global economy at large is indisputable. Energy security is coupled with
interaction among a wide variety of factors that act differently at different times and in different
places. In addition, the nature of certain factors is such that their significance changes over time and
depends largely on the priorities of the national economy to which it refers at a given time. In order to
achieve energy security, a number of countries are developing certain energy policies which they are
implementing together with many other policies.

The fact that very few countries have energy resources and that energy consumption is constantly
rising further complicates the already complex geopolitical relations, along with the introduction of
sanctions and the existence of tensions of varying intensity, including armed conflicts.

Achieving energy security is largely the reason of and justification for making certain decisions,
most of which have long-term consequences that are by no means limited to the energy sector.
When making decisions, it is certainly advisable to use certain tools and techniques to support
decision-making. Several methods for quantifying energy security have been developed so far and
they are certainly useful for analysis or forecasting. However, they must be subject to methodological
assessment in order to determine the reliability of these methods and to indicate the possibilities for
their improvement.

The subject of this paper was the analysis of the model used to conceptualize the International
Energy Security Risk Index, developed by the U.S. Chamber of Commerce. The analysis was conducted
on the basis of a set of 29 input variables, in a sample of 25 OECD member countries, for the period
1980–2016. The basic stepwise regression results show that only two variables explain 90% of the
variance of the Index: Crude Oil Prices and Global Coal Reserves. If 100% of the variance of the Index
is explained, the Global Coal Reserves variable completely loses significance, which is an important
indication that this variable is contained in other variables. It means that the variables used are of a
general type and often contained in each other, which is methodologically unacceptable.
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In addition, the analysis showed that 18 (out of 29) variables show a satisfactory degree of
grouping, which is not the case for the remaining 12 variables: World Oil Refinery Usage, GDP per
Capita, Energy Consumption per Capita, Energy Intensity, Petroleum Intensity, Electricity Diversity,
Non-Carbon Generation, Transport Energy per Capita, Transport Energy Intensity, CO2 Emissions
Trend, CO2 per Capita, and CO2 GDP Intensity. Thus, it can be said that the participation of these
variables in the Index is questionable. It is noticeable that this set includes GDP and GDP-related
variables, as well as variables related to transportation, electricity, and environmental issues. Based on
all of the above, it can be highlighted that a revision of the International Energy Security Risk Index
is necessary and highly recommended. In addition, research findings can be used in modeling the
systems for forecasting energy security and energy policy in general.
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