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Abstract

This study proposes extensions to the classical sum of the ranking differences (SRD)
method, both in applicability and visualization. Various problems of engineering require
evaluation or decision making. The selection of the best objects becomes increasingly com-
plex with the increase of the variables. Methods based on multi-criteria decision making
were developed to solve them, such is the SRD method that focuses on the similarity
of the rankings of the variables and a ranked reference to determine the relationships
between the variables. The popularity of SRD algorithm is owing to the fact that it is a
straightforward and easily comprehensible method. The gold standard reference can be
either a selected ideal or be generated through aggregation functions. The dataset and
gold standard are ranked, and the Manhattan distance is calculated. The SRD values
reflect the similarity of a variable to the reference. The SRD is sensitive to the transfor-
mation of the data and is limited in terms of aggregation functions. Therefore, I extend
the SRD algorithm using utility functions to transform the data in a problem-specific way.
The aggregation is handled by multi-attribute utility functions requiring transformation
functions to abide by independence laws. Moreover, a novel visualization technique is in-
troduced to the SRD algorithm. The 1D ordering of the SRD values is capable of depicting
the similarity of a high number of variables to the gold standard; the mutual similarities
are not necessarily revealed. Hence, the parallel coordinates visualization technique is
employed with the SRD, where the variables are placed as y-axes at their SRD value, the
rankings of the neighboring variables are connected, and intersections measure correlation.
The deviation angles between the SRD values are determined and placed left or right to
the golden reference. As a use case, I employed the extended SRD to greenhouse gas
emissions and economic data, with 147 countries and 40 variables present. I performed
both criteria analysis and ranked nations based on the Derringer desirability function.
Highly developed countries with fossil fuel-based economies such as Canada and Finland,
as well as nations, namely Greece, Libya and South Africa to whom crises arose in the
last decades are listed at the top of the list.

Keywords: Sum of ranking differences, Greenhouse gas emissions ranking, Data
Transformation and Aggregation, Multi-attribute utility, Multi-criteria decision making,
Derringer Desirability function, Parallel Coordinates; High-dimensionality data; Visual-
ization; MATLAB/Octave Toolbox
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Chapter 1

Introduction

Multi-criteria decision making (MCDM) tools are essential for the thorough analysis of
complex engineering problems.

MCDM tools are frequently employed in engineering. One exact problem is materials
selection, where a database of materials range from hundreds to tens of thousands pos-
sibilities and combination, but the one with the perfect properties have to be selected,
otherwise the cost, durability of other essential aspect of the material may not be opti-
mal [1, 2]. Another example set forth the question of optimal manufacturing processes,
which can be selected with appropriate database and method [3]. An essential use of these
methods are sustainability engineering [4], where sustainable materials [5], energy [6], cli-
mate change [7], supply chain management [8, 9] and transportation [10] are included.

This paper aims to extend the toolset of MCDM by a ranking-based method that can
also be used to explore the hidden connections of the variables.

The proposed technique is based on the sum of ranking differences (SRD) method, a
popular tool for chemometric and statistical problems as well as a support method for
comparing MCDM results [11–13]. An example of its application is that the differences and
similarities have been demonstrated in several machine learning algorithms [14]. Another
example is post-Pareto analysis with swarm optimization, where the best of the Pareto
optimal solutions is selected by the SRD technique [15]. In another paper, SRD as a
supporting method for post-Pareto analysis provided a consensus on the solutions of
eight MCDM algorithms [16]. As of September the first, 2021, Scopus lists 113 research
papers in the field of SRD with an encompassing set of topics that include solutions to
chemometric, agricultural, and data-science problems, however, outside of Scopus, more
than 300 research papers have been published. In a recent one, the SRD and Analysis of
variance (ANOVA) techniques are combined to provide a multi-criteria decision making
method that selects the Pareto-optimal solutions, which are presented in 12 case studies
from the field of food chemistry [17].
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1 Introduction

The SRD technique owes its popularity to being straightforward and efficient; it easily
yields a unique (1D) ordering of variables and reveals grouping patterns. The steps of the
method are depicted in Figure 1.1. The SRD method compares each data point with their
respective reference point, collectively referred to as the gold standard. The steps consist
of creating the reference, which can be an ideal or generated gold standard according
to aggregation functions such as minimum, maximum, sum, arithmetic mean, etc. Then
ranking the variables and the gold standard follows, after which their (City Block, L1-
norm) Manhattan distance is calculated. Visualization is also trivial as the SRD value
can be scaled between zero and a hundred. If the SRD value is close to zero, the criterion
is ranked similarly to the ideal ranking. The maximum of the theoretical distribution
can be calculated using permutations [12], and a probability distribution curve can be
drawn, separating those variables that are ranked similarly to the ideal ranking and those
ranked randomly as well as reversely. Variance can be rendered to individual SRD values
by cross-validation.

The SRD algorithm may include transformation [18,19]. Depending on what transfor-
mation functions are applied, the structure of the data changes accordingly. Although the
types of these functions include linear, nonlinear or discrete, classification based on the
role of the function is another way to approach transformation methods. Functions may
change the range of data by scaling (mostly multiplication/division) as well as alter the
position of the data en masse by centering (mainly addition/subtraction) and transform
the distribution of the data from one type to another (e.g. to a normal distribution).
Transformation functions influence the result of the SRD technique, which provides a
more detailed analysis of the variables. Another critical aspect of the data and the gold
standard is their distribution. The most similar distribution to the standard is deemed
the most accurate. If the distributions are known, the differences between the variables
can be shown using statistical tests [20].

The visualization of data and their relationships are crucial to data science. Due to its
straightforward use and comprehensibility, parallel coordinates is a popular visualization
technique [21,22]. Axes are drafted for each variable, where the data points of each variable
are depicted and connected to the respective neighbouring axis. The method visualizes
the correlation between the variables as the intersection of the lines connecting the axes
may indicate how different the variables are. The rank correlation coefficient (Kendall’s
tau, τ) measures the correlation if intersections are present [23]. If no intersections can
be observed between the lines, the ordering of the two variables is identical, and their
rank correlation is equal to one. To provide comprehensible visualization, the number
of intersections between the axes should be reduced. Therefore, the parallel coordinates
technique requires similar variables to be ordered as the correlation determines the number
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1 Introduction

Figure 1.1: Flowchart of SRD. The steps can be summarized as transformation (op-
tional depending on the generation of the gold standard), generation and ranking followed
by calculating the distance between the data and the gold standard. Additionally, by com-
paring the criteria using randomization tests, a great deal of information can be extracted.
Here, xi,j stands for the raw data and the transformed data is denoted by x′

i,j. The gold
standard is represented by ρi, di,j refers to the distance of the data from the gold standard
and SRD0,i is considered the summed differences of a variable from the gold standard.
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1 Introduction

of intersections.
To provide a comprehensible visualization, the intersections of the lines can be opti-

mized through the careful placement of the variables on the y-axes, which is achieved
by measuring the similarity between the axes [24]. Multi-dimensional scaling curtails the
number of intersections by reducing the variables into 2D coordinates and ordering based
on their proximity to each other [25]. Employing hierarchical clustering and occlusion algo-
rithms enable the number of lines to be reduced, improving the comprehensibility of its the
visualization [26]. Some toolboxes include parallel coordinates for specific research areas
such as the “Dynamics Visualisation based on Parallel Coordinates” (DYVIPAC) toolbox
that was created with biological and mathematical applications in mind [27]. Moreover,
parallel coordinates provide comprehensive visualization for ecological purposes, namely
the effect of the proliferation of invasive species on water quality [28].

Hereinafter the use of the sum of ranking differences (SRD) method is proposed to
provide an ordering based on how similar of the variables to a common reference are.
The SRD values promote either the close proximity of a variable to ideal ranking or the
random or reverse nature of the ranking to provide an unambiguous ordering, which may
further enhance the parallel coordinates visualization technique. For the visualization
of mutually similar variables, two directions namely on the left and right-hand sides on
the x-axis are defined. As the deviation angle between the SRD values of the variables is
another indicator of the consistency of the visualization; I developed an iterative algorithm
that determines the angles between the last variables placed in two directions, and the
selected variable is placed to the left- or right-hand side of the reference based on the
lesser deviation angle. Additionally, the method is compared to simple, multidimensional
scaling and unidirectional SRD-based orderings.

This paper presents SRD as an MCDM algorithm with broader transformation func-
tions and aggregation implementation compared to the classical version. As the selection
of an appropriate gold standard limits the usage of the SRD method, the alleviation of this
limit of aggregation functions enables the reference to be tailored in a problem-specific
way that benefits a broader range. I explore the influence of data transformation on rank-
ings and the SRD algorithm as a whole. I interpret transformation as a utility function,
where a specific function returns utility (preference) values concerning the variables. The
construction of custom utility functions is possible; the key idea is to customize these
functions depending on the properties of the variables. Moreover, I determine that the
generation of the gold standard is the aggregation of utility values. The aggregation
functions can be regarded as multi-attribute utility functions that require transformation
functions to possess properties that enable their use. Therefore, I provide a thorough
interpretation of both the transformation and the aggregation, which are employed to
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1 Introduction

generalize the SRD method.
Employing utility functions is a familiar feat in MCDM. Multi-objective linear problems

are solvable by iteratively updating the approximation of the underlying utility function,
and the weights of the variables may be determined based on pairwise comparisons [29].
Another use of utility functions is the evaluation of decision matrices, which results in
a set of weights of the variables, with which the data can be processed by an MCDM
method [30].

This research proposes a generalized method, the utility function based sum of ranking
differences (uSRD). The utility functions delegate preference values to the variables, which
can be analyzed similarly to the SRD.

In order to introduce the use of the extensions, I employ the uSRD with the classic 1D
ordering to present the original visualization, and apply the parallel coordinates visual-
ization algorithm on the environmental system, to explore the intricate web of emissions
of various greenhouse gases and economic indicators worldwide. The analysis is based
on emissions data from the database of Climate Watch [31–33]. Gross domestic product
(GDP), population, percentage rural population to the total population, GDP growth
and urban population growth rate are requested from the World Bank Database [34]. I
aim to determine the relationships between the indicators and explain why highly ranked
nations attain such dismal performance relative to other nations.

The contributions of this paper are as follows:

• I interpret transformation functions as utility functions that delegate preferences to
the data, and the aggregation is presented as a multi-variate utility function with
restrictions on its use.

• I propose that the selection of such transformation and aggregation functions be
based on the goals and aspirations of the research, reflecting utilities and preferences.

• I introduce a utility function based generalization for the sum of ranking differences
(uSRD) method, where the SRD values can only be influenced by the application
of transformation functions.

• I utilize SRD as the axes of parallel coordinates, providing a thorough visualization
and define two directions for dissimilar variables.

• I introduce a new visualization technique for the sum of ranking differences instead
of the classical unidirectional ordering.

• I extend the parallel coordinates to two direction on the x-axis to provide information
on mutually dissimilar variables.
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1 Introduction

I provide a toolbox for MATLAB and Octave to enhance the visualization of SRD-based
parallel coordinates.
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Chapter 2

Methods

2.1 Generalization of the SRD method

The goal of the present work is the extension of SRD. In this section, I influence the algo-
rithm by applying transformation and aggregation functions. I regard the transformation
functions as unitary utility functions and aggregation functions as multi-attribute utility
functions.

2.1.1 Data transformation

X denotes the decision matrix, of dimensions N and n denoting the objects and vari-
ables, respectively. I can define a criterion, or column vector, as xj = [x1,j, x2,j, . . . , xN,j],
j = 1, 2 . . . n, and an object, or row vector, as xo

i = [xi,1, xi,2, . . . , xi,n], i = 1, 2 . . . N .
Therefore, x′

i,j is introduced as the transformed data and uj(xi,j) represents the trans-
formation function. Transformation functions can center, scale or transform. Centering
shifts the distribution and scaling changes the range of distribution, while the transforma-
tion alters the data distribution. The gold standard is denoted by ρ and 0 as an index in
SRD0,j, which stands for the SRD of j-th variable with the gold standard as the reference.

In Table 2.1, several transformation functions are defined, and each of them is discussed
following the order of the table. Transformation functions are essential for data analysis
as various MCDA methods require the data to be centered, scaled or transformed.

Min-max scaling [18] returns the data as a linearly scaled set between zero and one.
Min-max scaling with different norms is similar but scaled according to the Manhattan
(L1-norm), Euclidean (L2-norm) or generally Lp-norm distances. As the data can be
compared with a chosen reference by scaling as well, a comparison can also be made with
the leader [19]. Level scaling, standardization, and Pareto scaling [18] center and scale the
data, which is essential for providing data within the required range and position. The
table incorporates normalization functions, which reduce a criterion to a standard or a
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2 Methods

norm, hence the name. Normalization to unit length [35] is a scaling method that divides
the data by a unit distance of the variables, stabilizing the data as each scaled criterion
falls within a uniform range and given a particular unit length. Rank transformation
and rank-based normalization [36] is required if the ranking is to be analyzed, albeit
information is lost as the data takes on a rank value and is given a uniform distance
from other points. Customized rank normalization methods frequently appear in gene
expression technology [37]. The Box-Cox transformation [38] is a power transformation
that attempts to force the distribution into a standard normal one, however only non-
negative numbers are allowed. For this reason, the Yeo-Johnson transformation [39] was
designed to accept negative values.

The logarithmic transformation [40] transforms the data in a non-linear way if the data
contains only positive numbers. A similar concept is a logistic function [41] for neural
networks, where the input is transformed so that the neural network learns non-linearly
as if real-world problems were barely linear.

Other functions, such as cumulative distributions can be perceived as transformation
methods as well, along with quantile transformations. These functions are essential to
describe a distribution, as the former returns the area of the probability density function
(the distribution) and the latter returns the position of the data in quantiles.

The direction of the transformation functions can be changed; if the range is between
zero and one, the inverse function may be provided by subtracting the function from one,
multiplying it by minus one, or taking their reciprocal.

I consider transformation functions as a way of projecting the data into utility values.
A utility function delegates numerical values of preference (with an added meaning) to
the input. The outcome is, in many cases, a value between zero and one. Functions such
as Harrington [42] or Derringer [43] desirability functions are examples of such utility
functions.

2.1.2 Aggregation of the variables – the generation of the gold

standard

The selection of an aggregation function depends on the intended goal of the application,
which is immensely beneficial if a purposeful meaning is delegated. In Table 2.2, I compiled
a set of functions for generating the gold standard, along with their properties.

The SRD technique requires a proper gold standard to provide comprehensive results
as all data points are compared to their respective reference values. Without an ideal
reference, the gold standard can be generated from the variables in accordance with
functions such as the arithmetic mean or summation. These aggregation functions are
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2 Methods

Table 2.1: Transformation functions including centering, scaling. The table con-
tains the name, formula, the range and other properties of the functions. x̄ denotes the
arithmetic mean ( 1

N

∑N
k=1 xk,j) of the criterion, while σ̂ represents the estimation of its

standard deviation (
√

1
N−1

∑N
l=1 (xl,j − x̄)2) of the criterion.

Name Formula Range/Property

Min-max scale [18] x′
i,j =

xi,j−min(xj)

max(xj)−min(xj)
x′
i,j ∈ [0, 1]

Min-max scale in p norm x′
i,j =

xi,j−min(xj)
p
√∑N

k=1 (xk,j−min(xj))p
x′
i,j ∈ [0, 1]

Compare with leader [19] x′
i,j =

xi,j

max(xj)
x′
i,j ∈ (−∞, 1] ̸= 0

[1,∞);xi,j ̸= 0

Level scale [18] x′
i,j =

xi,j−x̄

x̄
x′
i,j ∈ (−∞,∞)

Standardization [18] x′
i,j =

xi,j−x̄

σ̂
x′
i,j ∈ (−∞,∞)

Pareto scale [18] x′
i,j =

xi,j−x̄√
σ̂

x′
i,j ∈ (−∞,∞)

Normalization to unit length [35] x′
i,j =

xi,j√∑N
k=1 (xk,j)2

x′
i,j ∈ [0, 1]

Rank transformation x′
i,j = rank(xi,j) x′

i,j ∈ Z
Rank-based normalization [36] x′

i,j =
rank(xi,j)−1

max(rank(xi,j))−1
x′
i,j ∈ [0, 1]

Log transformation [40] x′
i,j = log10 (xi,j)− 1

N

∑N
k=1 log10 (xi,j) x′

i,j ∈ [0, 1]

Box-Cox transformation [38] x′
i,j =

xλ
i,j−1

λ
;λ ̸= 0 xi,j ∈ [0,∞)

x′
i,j ∈ (−∞,∞)
λ = [−5, 5]

Yeo-Johnson transformation [39] x′
i,j =

(xi,j+1)λ−1

λ
;λ ̸= 0 xi,j ≥ 0

x′
i,j = ln(xi,j + 1);λ ̸= 0

x′
i,j = −

(−xi,j+1)2−λ−1

2−λ
;λ ̸= 2 xi,j < 0

x′
i,j = − ln(−y + 1);λ ̸= 2 x′

i,j ∈ (−∞,∞)

Logistic function (sigm) [41] x′
i,j =

1

1+e−xi,j
x′
i,j ∈ [0, 1]

Utility function x′
i,j = uj(xi,j) x′

i,j ∈ [0, 1]

chosen depending on what is considered appropriate for the analysis.
The arithmetic means is a characteristic function used to the determine gold standard,

which is a special case of the summation if the weights of the variables is not symmetric.
The average performance is ranked and used to calculate the SRD, which returns a value
for each criterion. If I use the median as a gold standard, it is indifferent to outliers.
The exceptional or detrimental level of performance is not taken into account due to
the median splitting the distribution into two equal parts, where the best and worst are
in the opposite direction. Aggregating according to the minimum or maximum is also
possible and is perceived as a conjunction (AND) or disjunction (OR) logical operators,
respectively.

Each aggregation method requires properties to be fulfilled by the utility functions.
These functions can be defined as logical or arithmetic functions, where logical functions
are based on fuzzy logic and arithmetic functions are based on the utility-independent
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Table 2.2: Aggregation functions to determine the gold standard. The properties
must be satisfied by the utility functions for the aggregation to be valid. Here, ✓denotes
that a utility function is required to have such a property, × represents that such a
property is not required and ρi stands for the respective aggregated value.
Name Formula Range De Morgan Symmetry Dominance
Conjunction (∧) ρi = min(x′o

i ) × × ✓ ✓
Disjunction (∨) ρi = max(x′o

i ) × × ✓ ✓

Additive ρi =
∑n

j=1wj · x′
i,j ✓ ✓ ✓ ×

Multiplicative 1 + wρi =
∏n

j=1 (1 + ωwjx
′
i,j) ✓ × ✓ ×

Preference ρi = wjmax(x′o
i ) × × ✓ ✓

attributes. The same range, symmetry, De Morgan’s laws and dominance (having a local
extremes, and a variance) are listed in Table 2.2.

Depending on the situation, not all aggregation functions are applicable. The gold
standard is created from the utility values of similar utility functions that have the same
range so that summation and the arithmetic mean may be coherent. However, when the
utility functions differ, the utility values may not be interchangeable. The use of the
same scale for each criterion is required for the application of such an aggregation. As
aggregation may handle various variables, the aggregation function can be perceived as a
multi-attribute utility function constructed from the transformation functions applied to
the variables. In this section, transformation functions are referred to as (unitary) utility
functions.

When the multi-attribute utility function is assessed, the utility functions may be
monotonic. If not, the ranking becomes ambiguous, therefore, the ranking may change.
Determining whether the functions are monotonic can be expressed as:

rank(uj(xj)) = rank(xj),∀j (2.1)

The utility functions have to satisfy either additive, utility or preference indepen-
dence [44–46] to be constructed into multi-attribute utility functions. In the case of
the strongest, the additive independence, the functions have to satisfy the De Morgan’s
laws [47] so that the aggregation functions return coherent reference values. An additional
consequence of De Morgan’s laws is that two distinct utility functions can be replaced
by one. Note that the scaling or centering transformation functions are elementary func-
tions, which only require the same range to be used in additive aggregation, whereas
transformation-type functions may not be additive. For example, an x/y type function is
not additive as y is not a constant.

u(xi,j, xi,m) = uj(xi,j) + um(xi,m) (2.2)
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where ρi = u() denotes a multi-attribute utility function and uj() as well as um() represent
utility functions for different variables.

If the utility functions satisfy Equation 2.2, then the SRD can be extended so that the
gold standard is generated as an additive aggregation with utility functions that satisfy
additive independence:

u(xo
i ) =

n∑
j=1

wj · uj(xi,j) (2.3)

where wj denotes the weight of a criterion and ρ = u(xi,j) represents the multi-attribute
utility function, whereas x′

i,j = uj(xi,j), j = 1, 2 . . . n stands for the (unitary) utility
functions.

When the utility functions are not additive independent, the second, referred to as
utility independence, is to be met. Here, one of the following equations must be satisfied
as utility independence is asymmetric. The symmetric property implies that the order
of grouping of variables transformed by the same utility function is inessential to the
aggregation. The change in the order of the variables does not alter the aggregate. Non-
symmetric utility independence can be expressed as the linear transformations of a utility
function with regard to the other:

u(xi,j, xi,m) = c1(xi,m) + s1(xi,m)u(xi,j, 0) (2.4)

u(xi,j, xi,m) = c2(xi,j) + s2(xi,j)u(0, xi,m) (2.5)

where c1 and c2 denote centering functions and s1 as well as s2 are scaling functions
for one-way utility independence.

If Equations 2.4 and 2.5 are both satisfied, then the utility functions are mutually
independent (symmetric):

u(xi,j, xi,m) = uj(xi,j) + um(xi,m) + ωuj(xi,j)u
m(xi,m) (2.6)

where ω denotes a scaling constant determined by the equation of 1+ω =
∏n

j=1(1+ωwj).
If ω = 0, the utility functions are additive, therefore, additivity implies multiplicativity.

If the multiplicative condition can be satisfied, then the SRD can be extended with
a multiplicative aggregation method, which results in the linear transformation of the
utility function:

1 + ωu(xo
i ) =

n∏
j=1

(1 + ωwju
j(xi,j)) (2.7)

where u(xo
i ) = ρi. If

∑n
j=1wj = 1, then the utility functions are additive as ω = 0.

If neither independence is satisfied, the weakest one, namely the preference indepen-
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dence can be met. A criterion is preferentially independent of the other variables, if the
order of preference is not altered by the change in the other variables.

Preference focuses on the outcome of the utility functions determining, which variables
contain higher utility values. One criterion is preferred to another (≻) as long as:

uj(xi,j) + um(xi,j) > uj(xi,m) + um(xi,j) (2.8)

uj(xi,j) + um(xi,m) > uj(xi,m) + um(xi,m) (2.9)

If both conditions are satisfied, the criterion is preferentially independent of the other.
This aggregation is similar to logical disjunction, but weights are taken into account.

In preferential independence-based aggregation, only the most preferable value of all vari-
ables is selected to be the gold standard.

u(xo
i) = wjuj(xi,j) ≻ wmum(xi,m),m = 1, 2, 3 . . . n, j = 1, 2, 3 . . . n, j ̸= m (2.10)

where uj represents the variables with the strongest preference independence and um

denotes the other variables.
Independence-based aggregation should be applied by taking the data into consider-

ation. If the data cannot be analyzed by the former two independences, preferential
independence can provide the necessary aggregation. If the variables are interchangeable,
additive aggregation is a suitable approach. If the variables are closely related, then it is
better to employ multiplicative aggregation. If additive aggregation is the strongest form
of independence, the use of multiplicative and preference aggregation is possible, however,
if multiplicative is the strongest, preference aggregation can still be employed.

2.1.3 Randomized analysis of the differences between the vari-

ables

To understand the similarities and groups of variables, the visualization test is introduced
to determine the relationship between the variables. Moreover, statements related to the
behavior of the methods and variables are provided. In order to compare the performance
of the variables, their distance from a gold standard must be measured. First, the SRD
values for each transformed variables is calculated:

SRDj,m =
N∑
i=1

|rank(x′
i,j)− rank(x′

i,m)| (2.11)

The criterion that possesses the smallest SRD value is the most similar to the aggregate.
In the classical SRD, the randomization test is implemented by approximating a correct
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asymetric distribution with a normal distribution. A histogram can be drawn from the
SRD values of an immense set of random numbers that can be compared to the original
SRD values. The SRD values are normalized by dividing with the theoretical maximum,
which is calculated as described in Ref. [12]:

SRDmax =

2(N
2
)2 if N is even

2N−1
2

(N−1
2

+ 1) if N is odd
(2.12)

The visualization of the SRD values in form of the randomization test is introduced in
Figure 2.1.

Figure 2.1: Explanation of the randomization test. SRD values are depicted on both
axes, while P(SRD) is drawn to present the probability curve of the randomly distributed
numbers. SRD can range from 0 to 100 on the SRD axes and is assigned a percentage.
The large empty range between zero and the first SRD value shows the possibility to
an eventual improvement finding better indicators of utility function. The values to the
left-hand side to the XX1 bar are the similarly ranked ones to the ideal solution. The
randomly ranked variables are located between XX1 and XX19 bars, while to the right-
hand side of XX19 bar, the reversely ranked variables can be found. The grouping of
variables implies that they are similarly ranked, while sole variables can be perceived
as outliers that are different to neighbouring groups. The area right to the XX19 bar
indicates the probability of the ranking not being reversed is 5 %

In the case of the similarly ranked variables, their SRD values may form clusters.
Outliers can also be observed as a single criterion, far from nearby groups. Here, the
cumulative probability curve is created by Monte Carlo simulations. The positions of the
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variables help to identify which are similarly, randomly and reversely ranked. If the SRD
values are placed well after the 95th percentile of this curve, it is deemed to be reversely
ranked. The randomly ranked variables fall between the two bars, namely XX1 and XX19,
if a 5 % first kind error is allowed on both sides. At the reversely and randomly ranked
areas, it can be concluded that either the data is incomparable to the gold standard, not
transformed correctly or incompatible with the other variables.

2.2 SRD-based ordering of the parallel coordinates

The proposed parallel coordinates algorithm orders the variables according to their re-
spective SRD values, before the angle of deviation is calculated between each variable and
the last axes from each direction so that the intersection are minimized.

In this visualization technique, the positions of the axes are determined by the SRD
value of each variable. Therefore, the distance between the axes is inconsistent, providing
information on how similar the variables from the viewpoint of the golden standard can
be considered to be. The rankings are depicted and the ranks of the objects are connected
to their respective neighbouring ranks for each axis (variable).

2.2.1 SRD-based ordering for the reduction of intersections

Given that the number of intersections can rate how good the variables are, the relation-
ship between two variables with similar SRD values can be appropriately described and
the generated visualization classified by calculating the sum of the intersections. For par-
allel coordinates with N elements (ranks), the number of intersections can be calculated
using the Kendall’s τ , or rank correlation [48]:

cj,m =
(1− τ)(N(N − 1))

4
(2.13)

The visualization ordering can be performed in several ways. As I define the nega-
tive values of the horizontal axis as mutually dissimilar to the positive axis, where the
differences between the neighbouring variables can be visualized. Kendall’s τ [23] can
determine how significantly they differ from each other, as it is a non-parametric measure
of the association between two rankings.

If the number of axes is not two, then the summation of intersections can perfectly
depict how proficient a method of ordering is, which can be divided by the theoretical
maximum number of intersections:

ι =

∑n−2
l=1 cl

(n− 2)N(N − 1)
(2.14)
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where s denotes a percentage of intersections with regard to the maximum number of
intersections, cl represents the intersections in a section and n − 2 is the number of
sections between the axes.

Moreover, if the SRD is calculated based on Eq. 2.11, mutual dissimilarities can
be showed by determining the angles between the variables. If the two respective gold
standard-based SRD and the SRD of the two variables (one is defined as a reference) is
constructed as a triangle, the angle between two SRD values:

cos(γj,m) =
SRD2

0,j + SRD2
0,m − SRD2

j,m

2SRD0,jSRD0,m

; j ̸= m (2.15)

where γj,m denotes the angle between two gold standard-based SRD values, namely
SRD0,j and SRD0,m, while SRDj,m stands for the summed difference between the rank-
ings of the j-th and m-th variables. Figure 2.2 represents the dissimilarity of the variables
between two axes in terms of parallel coordinates visualization by measuring the angles.
The method is described in Algorithm 1. As the mutual similarity between items is not
necessarily revealed by the SRD method, the calculation of the deviation angle between
the SRD values measures the alignment of the values and thus the differences in similar-
ities if the triangle equality is satisfied.

In the proposed algorithm, first, the SRD values of the variables are determined, before
the angles between the SRD values are calculated by Eq. 2.15 and the variables iteratively
compared. On the x-axis, the normalized SRD values between zero and a hundred are
plotted. The gold standard and the variable with the least SRD value are defined as start-
ing reference axes to the left-, and right-hand sides, respectively. The angle of deviation
between the variable and the reference determines on which side the variable should be
placed on. If the angle of deviation with regard to the variable and the reference axis on
the left-hand side is less than the other, the variable is placed to the left-hand side and
selected as the following reference and vice versa.

A third possibility to determine differences between the variables by calculating the dis-
array value using classical multidimensional scaling (MDS) [25] and the rank correlation.
A similarity matrix is required that can be defined by the rank correlation coefficients of
the variables, which is converted into dissimilarity by the equation 1 − τj,m before being
converted into a dissimilarity matrix. Then the data is converted into a one-dimensional
distance matrix with MDS.

2.2.2 MATLAB and Octave source codes

The angle-based visualization of the SRD technique is provided in a script (.m extension).
The functions that build up the visualization technique are also included in the toolbox.
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Figure 2.2: Placement of the axes based on the angle of deviation calculated with the law
of cosines. The angle of deviation between the SRD values (distance from the reference
axis) of one axis and its neighbouring axis can be determined by constructing a triangle
with the SRD value (one angle as a reference) between the two axes as the third side.
The smaller the angle of deviation is, the more mutually similar the variables are.

The scripts are only dependent on ‘tiedrank’ and ‘corr’ functions. The following functions
are included in the toolbox:

• parcoord(args) for the visualization of parallel coordinates (in general);

• SRD(args) for the calculation of the gold standard-based SRD and SRD matrix;

• srd_angle(args) for the calculation of the angle of deviation between the j-th and
m-th variables;

• parcoord_angles(args) for the placement of angle-based SRD in parallel coordi-
nates;

• pc_srd_demo.m for a demo that presents the usage of the functions, creating the
figures presented in this research.

All the functions require the gold standard and matrix of SRD value vectors to be included
separately. The angle-based SRD visualization is also provided a compact function:
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Algorithm 1 SRD-based visualization of parallel coordinates
N ← dim(X, 1);
n← dim(X, 2);
ρ← gen_reference(X);
SRD ← [0, SRD(X, ref)];
lft← 1;
rgh← 2;

for (j = 3 to n+ 1) do aleft← srd_angle(SRD0,j, SRD0,lft, SRDlft,j);
aright← srd_angle(SRD0,j, SRD0,rgh, SRDrgh,j);

if (aleft < aright) then lft = j; place_left(SRD0,j);

else rgh = j; place_right(SRD0,j);

end if

end for

[tau, intersections] = parcoord_srd_angle(data, golden, axesnames,

goldennname);

where ‘data’ is either raw or transformed, ‘golden’ gold standard is either ideal or
generated, the ‘axesnames’ denotes the labels of the variables, and ‘goldenname’ stands
for the label of the gold standard.

The ‘io’ and ‘nan’ packages are required for the demo and the functions to be functional
in Octave.
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Chapter 3

Results

3.1 Application example - analysis of greenhouse gas

indicators

The generalized method is employed on emissions indicators to analyze climate change
and provide helpful remarks on the urgent problem of global warming.

The analysis is based on the Climate Analysis Indicators Tool (CAIT) [31] database
of Climate Watch, which contains the total greenhouse gases (all GHGs), carbon dioxide
(CO2), methane (CH4), nitrous oxide (N2O) and fluorinated greenhouse gases (F -gases).
Sectors emitting harmful gases are elaborated on, including categories such as energy,
industry and transportation. Moreover, the emission data includes the FAOSTAT land-
use, change and forestry indicator provided by the Food and Agriculture Organization of
the United Nations [32], as well as combustion data (other fuel combustion) that originates
from the Organisation for Economic Co-Operation and Development (OECD) [33]. The
economic indicators are requested from the World Bank Database [34], namely, the gross
domestic product (GDP), population, percentage rural population to the total population,
GDP growth and urban population growth rate. The GDP indicator is divided by the
population, therefore in the analysis, it is referred to as GDP per capita. Countries
with less than 500,000 inhabitants are excluded. False entries with inadequate data are
removed. The final database consists of 147 nations and 40 variables from 2018. Table
3.1 contains all emission categories as well as their IDs (k) and codes. All categories
are provided in metric tons of CO2 equivalent divided by the population. An indicator is
presented in the following formula: category code + ‘e’ + emission type, where ‘e’ denotes
the category and emission separator.

In the parallel coordinates visualization, only the all GHGs and the CO2 emissions are
included to reduce the cluttering of the lines for exemplary purposes: First, the categories
characterizing the climate change are reduced: constants (all zeroes) as well as variables
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with low standard deviation are eliminated, and the variables is arranged in alphabetic
order. The total number of nations and categories are 147 and 20 (excluding population),
respectively.

Table 3.1: Category lists. This table contains the ID denoted by k as well as the name
and code of the categories.

ID / k Category name Category Code
1 Agriculture AGR
2 Building BLD
3 Bunker Fuels BNK
4 Electricity/Heat ELH
5 Energy ENG
6 Fugitive Emissions FUE
7 Industrial Processes IND
8 Land-Use, Change and Forestry LUCF
9 Manufacturing/Construction MAN
10 Other Fuel Combustion OFC
11 Total excluding LUCF TOT
12 Transportation TRP
13 Waste WAS

Various researches incorporates parts of the database for the purpose of a thorough
analysis of emissions. The land-use, change and forestry indicator is employed to estimate
the CO2 emissions that are released as a consequence of removing forests, which resulted
in the net forest intake of CO2 to be reduced from 4.0 to 2.9 Gt per year from 1991–2000 to
2011–2015 [49]. Moreover, the methods of assessing emissions datasets are compared and
analyzed to evaluate the emissions of China [50], where it was proposed that China should
increase the frequency and accuracy of its emissions data. The Climate Watch system
is managed by the nonprofit organization World Resources Institute that has partnered
with more than 50 companies to provide solutions to sustainable development focusing
on seven different areas: food, forests, water, energy, cities, climate and oceans.

I demonstrate the emissions per capita presented in Figure 3.1 to determine which
countries are required to change their lifestyle the most. The Figure includes more than
147 nations as their total emissions per capita indicators have been published by Climate
Watch [31]. Even though micronations seem significant in terms of emissions per capita,
they are not of statistical significance due to the magnitude of their distinctive emissions
and populations, therefore, were omitted in both the ranking and the criteria analysis.
The average emissions is calculated as 6.26 tons per capita.
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Figure 3.1: Map of the total emissions per capita. Although the range of emissions
is between 0.32 and 70 tons per capita, each country with emissions of more than 30 is
assigned the same color. The average emissions is 6.26 tons per capita.

3.1.1 Total emissions as the gold standard

I employed the SRD algorithm to analyze the relationship between the variables. Figure
3.2 presents the SRD against the total emissions per capita as the gold standard.

As is illustrated in Figure 3.2, the majority of the indicators are ranked similarly to the
total emissions (TOT), including the indicator GDP per capita. The ‘all GHG’ and CO2

energy (ENG) category as well as the CO2 total emissions (TOT) are ranked the most
similarly to the total ‘all GHG’ emissions. According to the database, about 78 % of the
total emissions is energy-related. The GDP per capita indicator is located in the vicinity
of the fields of electricity (ELH), transportation (TRP) as well as manufacturing/con-
struction (MAN). Industry (IND) and building (BLS) energy can be found on the other
side of the GDP per capita, indicating that higher and more advanced production lines
lead to more value creation and proposes that the positive-sum game is played. However,
sustainability must not be neglected. The closeness of industry (INDeCO2, INDeN2O)
and waste (WASeAllGHG) indicators propose a connection.

Waste is a by-product of human life such as from packaging, household, biological
and industrial waste which are integral to everyday life. Wastewater treatment and safe
processing of excrement are primary sources of N2O, whose magnitude depends solely
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Figure 3.2: Depiction of the SRD to represent the relationship between the
emissions categories in tons per capita and the all greenhouse gases emissions
as the gold standard. Most categories are located in the similarly ranked area. The
energy category of ‘all GHG’ and CO2 is the most similar to the total emissions. Agricul-
tural CH4, and GDP growth rate are ranked randomly, while the LUCF, urban growth
and rural population indicators are ranked in reverse order.

on the population and water treatment technology. The fugitive emissions indicator is
in the vicinity of the N2O waste (WAS) indicator. Various wastewater treatment plants
use fossil fuels for on-site sludge disposal [51], and the unwanted waste can be burnt or
disposed of in landfills. The centralized wastewater management is incredibly efficient
compared to local wastewater management [52], therefore the investment in researches
that cost-effectively eliminates all forms of pollution from water and the by-product N2O

in water treatment plants is essential to tackle the greenhouse gases that result from the
incorrect handling of some waste particles.

GDP growth rate and agricultural (AGR) methane are placed in the randomly ranked
area. As the most polluting category of agricultural methane is cattle and cattle-related
manure management [53], it is crucial to focus on the reduction of the by-product emissions
of enteric fermentation, due to the digestion process in herbivorous animals. Meat is one
of the staple foods in the West and it would be most reasonable to innovate the production
of meat and milk. Such example is cultured meat that is produced by tissue engineering
processes. The environmental impact of such meat was examined in 2012 [54] which
concluded that in vitro meat production produces 78–96 % less greenhouse gas emissions
along with reduced land use. Research suggests that the increase in meat consumption and
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GDP growth are connected [55], as low-income nations export meat cheaply moreover, the
farming techniques systems are obsolete in developing nations. In contrast, in developed
nations the income levels from the production of lamb and poultry are not as preferable,
therefore, the levels of production of pork and beef are sustained, resulting in heavier
pollution.

In the reversely ranked area, the rural population (RuralPop), urban growth rate (Ur-
banGrowth), land-use, change and forestry (LUCF) indicators as well as CH4 from other
fuel combustion (OFC) are placed. The deforestation and change in land use pollute clean
water and reduce biodiversity as well as healthy soils. Land reclamation of wetlands is
also significant for emitting greenhouse gases as the removal results in the emissions of an
immense CO2. Wetlands store CO2 [56], and emit some amount of methane and nitrous
oxide in exchange. Therefore the destruction of wetlands is a natural source of CO2, but
the regrowth of forests and wetlands is becoming a hot topic. A possible explanation for
the reverse nature of urban growth and rural population indicators may be the environ-
mental Kuznets curve [57], according to which the GDP per capita and environmental
deterioration are non-linearly correlated. Higher GDP per capita reduces emission due
to the shift from the industrial to the service sector. Emissions are rarely significant in
a developing country, where the population lives off agriculture and can barely afford
electricity.

3.1.2 Percentile transformation

Next, I transformed the data into percentiles. This transformation presents which nations
are placed in the upper, more problematic percentiles. The total ‘all GHG’ emissions
category is also included in the analysis as well. I employed the SRD technique with
the data transformed by an empirical distribution function to convert the values to the
respective percentiles, while the arithmetic means and the maximum were employed as
gold standards. Figures 3.3 and 3.4 are assessed to present the relationship between the
variables.

The order of the variables is similar to Figure 3.2 to the point that no significant change
can be mentioned. Even though the range of the SRD values is smaller than that recorded
by the first approach, the algorithm does not differ significantly in distinctiveness. The
distances between the variables of the groups variables are more substantial and therefore
more distinguishable. In Figure 3.4 I analyzed the percentiles by also using the maximum
as the gold standard.

The analysis of Figure 3.4 suffers from a small range and excessive similarity; the SRD
values range from 48.32 to 68.57. The variables are lumped together, and many take on
values in the vicinity of other categories. Employing the maximum as the aggregate is
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Figure 3.3: Depiction of SRD based on percentile transformation and the arith-
metic mean as the aggregate. Although the order of the categories is similar to that
found in Figure 3.2, here the arithmetic mean of the categories is the aggregate. The total
‘all GHG’ indicator is also included.

Figure 3.4: Depiction of SRD based on percentile transformation with maxi-
mum as the aggregate. This aggregation functions is not as efficient as the other two,
as the categories are not as distinctive. Many categories are in the close vicinity of each
other; therefore, these are considered similar.
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not preferable due to the capped range and fixed transformation of the data, unless the
aim is to determine close similarity.

3.1.3 Derringer desirability function for climate change

As utilities imply preference values, I rank based on “Is it preferable?". I regard it essential
to analyse climate change using the generalized SRD algorithm, as various connections
and insights may prove helpful to the world as far as mitigating the disasters and helping
humanity develop a sustainable industry. Therefore, the defined transformation functions
are only sensitive in a determined range. The functions are based on the Derringer
desirability function [43], where the values of each criterion are based on a proportion.
These proportional classes are determined based on the ABC analysis [58], which follows
the 50/30/20 % ratio. Three classes of nations are determined, where the emissions per
capita values are insignificant or acceptable (C - 50 %), another should focus more on the
reduction (B - 30 %), and in the last, the emissions rates are imperative to reduce (A -
20 %). Therefore, the most preferential class falls within the first 50th percentile (C).

uj(xi,j) =


1 if xi,j > lb

0 if xi,j < ub

(
xi,j−lb

ub−lb
)s if lb <= xi,j <= ub

(3.1)

where lb denotes the emissions per capita of the 50th percentile, before which only
one is assigned, while ub represents the limit value denoted by the 80 % mark percentile.
The parameter s is determined as one so that the transitional values remain linear, where
a value between zero and one is returned. Zero is assigned to all values contained in
the 80th and 100th percentile. The cumulative empirical distribution and the Derringer
desirability function of the total of the ‘all GHG’ emissions category is presented in Figure
3.5. In terms of the determined Derringer desirability function, the first border (50 %) is
designated at five tons per capita, while the second border (80 %) is located at 9.8 tons
per capita.

The economic indicators are similarly transformed. The direction of growth indicators
are inverted; an additional ‘i’ is added to the name of the categories to demonstrate that
these indicators obtained a reversed meaning. The limits are defined in a similar way to
the emissions indicators. Data aggregation is performed using additive aggregation, where
the weights of emission categories are determined as the ratio of the worldwide emissions
of a category to the value of the worldwide total ‘all GHG’ emissions. The weight of the
economic indicators is designated as one. The weights of emissions are calculated as in
Eq. 3.2:
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Figure 3.5: Depiction of the cumulative empirical distribution and Derringer
desirability function of the total ‘all GHG’ emissions indicator. Half of the
countries (73) whose emissions per capita are less than about 5 tons per capita are assigned
a preferable value of one, while the transition area is determined between 5 and about 9.8
tons per capita. Zero is assigned to every nation that produces more than 9.8 tons per
capita.

wk =
xworld,k

xworld,total

(3.2)

where k is the index of a category.
The SRD-based evaluation of the variables is presented in Figure 3.6, where the vari-

ables are transformed by the Derringer desirability function determined for each criterion.
Additive aggregation is performed to generate the gold standard.

In the area where the variables are similarly ranked to the gold reference, the starting
order strongly resembles that found in Figure 3.2. The total ‘all GHG’ emissions resembles
most closely to the sum of desirability due to the weights assigned. Four indicators can
be perceived: ‘all GHG’ and CO2 version of total emissions and energy categories. From
the single gas type categories, CO2 is the most frequent, indicating that I should be the
wariest of is CO2 that is the most abundant gas emitted. Such indicators are electricity,
transport and manufacturing, which are grouped. Fluorinated gases are placed in between
the manufacturing and industry indicators. The total industry category is in the vicinity
of emissions from bunker fuels indicators as shipping the manufactured goods can be
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Figure 3.6: Depiction of the Derringer desirability function-based SRD with
additive aggregation as the aggregate. The variables are distinguishable and operate
over a wide range. The starting order of the variables is similar to the classical SRD.

considered as a connection.
The building category may be grouped with the latter indicators, as on-site construc-

tion and building maintenance (BLD) requires immense energy that can be provided with
combustion from fuels such as bunker (BNK) fuels, petrol, coal or other fuel combustion
(OFC). Industry (IND) requires building for operating production lines. Another expla-
nation is that the larger the number of buildings are maintained in urban areas, the more
significant a city becomes, leading the establishment of ports and maritime industries
such as transport, or vice versa, which may be the cause of correlation in these indicators.
A real-life example is Singapore, where due to the strategical location, the city flourishes.
Even though emissions from burning bunker fuel is not as significant as those from the
energy sector, the reduction of pollutants is of utmost importance to the local population
as it decreases the chances of developing lung cancer and asthma [59].

The fugitive (FUE) emissions of CH4, waste (WAS) CH4 and ‘all GHG’, CO2 from
industry as well as the GDP per capita indicators are grouped. Fugitive emissions are
regarded as a consequence of the inefficient handling of methane [60], similarly, in waste
management, the a lack of funding and obsolete technology to treat of organic waste may
further damage the environment. Even though landfills are now widespread throughout
the world, Sweden burns its solid waste [61] to generate electricity and decrease emissions
from inefficient handling. In landfills, CH4 emissions produced by local microorganisms
are rarely captured and become significant greenhouse gas emissions in developing coun-
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tries [62], suggesting the inefficient handling of the gas similarly to fugitive emissions.
One solution to this problem is the mitigation of CH4 with controlled microbial oxidation
processes [63]. The inverse of GDP growth is located in the vicinity of such indicators
due to the fact that in some countries, burning biomass might be cheaper than importing
natural gas; therefore, when the growth decreases and the population starts to struggle
earning a preferable income, they turn to alternatives.

The total CH4 indicators and the agricultural N2O indicators are grouped as some
plants may rupture the soil releasing the confined methane. Additionally, due to manure
management, methane and nitrous oxide is released during the processing phase [64]. The
agricultural all greenhouse gas emissions stands alone between the GDP growth and rural
population. A possible explanation is that agriculture in developing countries has been
sustained by slash and burn agriculture and burning forests to fertilize the local soil. One
specific action is the incineration of oil palms where CO2 and CH4 are emitted even after
the fire [65]. On the contrary, in developed nations, improper management of fertilizers
may increase N2O gas emissions [66].

N2O waste emissions, the rural population, and agricultural CH4 may be connected. In
developing countries, a high proportion of the population lives off subsistence agriculture,
where the production margin does not resemble that of a specialized company but the
amount to satisfy a family. If cities are incapable of sustaining their inhabitants, then
the migration to the countryside may cause an increase in agricultural activities. In
developing countries, the techniques for grain farming are often similarly inefficient as
modern equipment as well as resources are not affordable. Moreover, developing countries
may not be able to afford the efficient treatment of human waste and have barely been
urbanized. In Asian countries, rice cultivation is a backbone of agriculture, which is
responsible for 10 % of its methane emissions [67].

The indicators of slow or decreasing urban growth, LUCF, methane originating from
other fuel sources are randomly ranked. Wetlands [56], and tundra [68] release CH4 and
N2O as well that is somewhat independent of human activities and rather a function of
overtime accumulation, thus are placed in the randomly ranked area. Countries with
more negligible emissions footprint maybe those that are not developed or significant in
terms of emissions per capita enough as urbanization has not destroyed natural habitats.
Additionally, if the urban areas do not grow, the wetlands and arable lands may not be
removed or built upon.

Although the GDP per capita seems to have attained a rank close to the randomly
ranked area, it is essential to note that the GDP per capita of a nation is closely tied to
their direct emissions even if this correlation is not linear, e.g. the environmental Kuznets
curve [57].
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3.1.4 Parallel Coordinates Visualization of Greenhouse gas emis-

sions

Regarding the visualization of parallel coordinates, the red axis is considered to be the
gold standard or origin axis. The quantiles (25% - yellow, 50% - magenta, 75% - blue,
100% - green) and the first decile (10% - red) of the ranks are colored to distinguish
between their positions. The rank numbers for each variable are plotted on the y-axes,
and the x-axis depend on the input data. In the case of Figure 3.7, the indicators are pro-
vided in alphabetical order for the purpose of visualization. The neighbouring indicators
are in an arbitrary ordering without regard to their relationship to each other; there-
fore, the minimization of the total crossings is not probable. This method yields 76,509
intersections for a ranking of 147 members in terms of CO2 and ‘all GHGs’ emissions.

Figure 3.7: Ranked climate indices in alphabetical order in a parallel coordinate system.
The legend presents the color of the first decile (D1) and the quantiles (Q1-Q4) for the
ranks. The total number of intersections is 76,509.

The MDS-based analysis yielded 53,591 intersections, and both negative and positive
dissimilarities. In Figure 3.8, the total of all greenhouse gas emissions categories axis
is denoted with red so that the gold standard is quickly identifiable. On the left-hand
side, various categories are placed in the vicinity of each other, creating a cluster whose
quantiles remain in a similar position, reducing the number of intersections. As the figure
proceeds towards the positive limits of the x-axis, the intersections between the categories

29



3 Results

become more and more convoluted. The distance between the categories is either minute
or enormous. The MDS based ordering is depicted in 3.8.

Figure 3.8: Ranked climate indices based on the dissimilarity metrics of MDS in a
parallel coordinate system. Color codes are explained in Figure 3.7. The total number of
intersections is 53,591.

To depict the SRD-based parallel coordinates, I performed SRD with the total of
all GHGs emissions category as the gold standard, before sorting the categories based
on the SRD value and drafting Figure 3.9. The correlations gradually diminish as the
normalized SRD values increase. Above 35, the number of intersections in the rankings of
the variables escalate. The proximity of the axes shows the close degree of similarity based
on their distance from the ideal ranking, although they may not be mutually similar. The
total number of intersections is 53,591. Beginning from the left-hand side, the number
of intersections rapidly increases, while on the right-hand side, the quantiles are swapped
in terms of position, although there are exceptions as the SRD values are not hundred
(not perfectly inverse). Given that the total emissions indicator acts as the reference, it
is placed at the zero SRD value mark. The following indicators are the total greenhouse
gas emitted by the energy sector, as well as the CO2 emissions of total and energy sector.
Electricity, transportation and manufacturing are grouped, expressing a connection to the
GDP indicator. The industry, building and bunker fuels are grouped as well. CO2 emitted
from industrial activity and waste are connected as well. Other fuel sources, agriculture
and GDP growth are considered as outliers. The land use, change and forestry indicators,
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urban growth, and rural population are ranked in reverse order to the gold standard.

Figure 3.9: Ranked climate indices based on the SRD in a parallel coordinate system.
Color codes are explained in Figure 3.7. The total number of intersections is 52,200.

In Figure 3.10, the angle-based ordering of the SRD values is depicted. On the left-
hand side, the position of the quantiles is reversed, indicating that the left-hand side
of the figure contains reversely ranked categories, whereas, on the right-hand side, the
quantiles remain within the same range, with a neglectable degree of fluctuation. It is
only reasonable that the randomly and reversely ranked categories are placed in the reverse
direction as if one side is filled with similarly correlating variables, the angles between the
remaining non-correlating variables may be less to each other than to the other side. The
total crossings can be further reduced (to 52200) if the asymmetric distances are plotted
to the right and the left from the gold standard, whose SRD value is 0. The total number
of intersections is determined as 52,200, 24,309 less than in the alphabet-based approach.

Here, all greenhouse gas emitted by the energy sector, CO2 emissions of transportation,
manufacturing, GDP per capita, industry, bunker fuels and waste are mutually similar,
which implicitly suggests the significant contribution of the heavy industry to the total
emissions. Because of that, the economic models of nation should be shifted towards
circular sustainable economies as circular economies may provide benefits as mitigation,
reduced costs of manufacturing, recycling and efficient waste management [69–71]. On
the left-hand side, the total CO2 and CO2 emitted by energy and electricity are similar
variables. However, from the CO2 emissions of buildings category, the correlation steeply
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decreases. The left-hand side consists of indicators that may provide useful in determining
either the service or agricultural sector, but not essential to the industry sector. For
example, the maintenance cost in terms of environmental footprint of office buildings has
been reduced [72]. Passive houses have appeared that are under strict regulation of heat
insulation and electricity consumption [73] although the actual manufacturing emissions of
the required materials for the buildings may be overlooked [74]. Industry is a requirement
for the service sector, and agriculture is boosted with manufactured machines. The GDP
growth is reversely ranked along with agriculture, yet it is clear that the two barely
correlates. In many developing countries, the agriculture is based on subsistence farming,
and a high proportion of the population may only feed themselves and their families and
live below the poverty line and cannot contribute to the economy [75]. The figure contains
50,252 intersections, 1,948 less than the classical SRD-based ordering.

Figure 3.10: Ranked climate indices based on the angles between neighbouring SRD
values in a parallel coordinate system. Color codes are explained in Figure 3.7. Number
of total crossings are 50252.

Ranking of countries

As the funding towards and awareness of this topic increases, the question arises that
which nations should change policies or develop more dynamically for the sake of human-
ity. The methods include different approaches. Therefore, a ranking for each approach
was established in Table 3.2.
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Table 3.2: Ranking of nations based on their total emissions per capita in 2018,
the arithmetic mean, maximum percentiles as well as desirability. The emissions
per capita ranking consists of nations with oil and mineral extraction as well as processing
capabilities. The mean percentile ranking selects the nations that are responsible for a
significant amount of emissions per capita in most categories. The maximum percentile-
based ranking is invalid. The last ranking is based on the desirability of a country. The
nations that are ranked high are the worst 20 % in terms of emissions and economic
indicators performance in the ABC classes.

Country Emissions per Capita [tCO2e/cap] Country Mean Percentile
Qatar 35.88 Australia 0.83

Bahrain 31.19 Canada 0.82
United Arab Em. 27.33 United States 0.73

Kuwait 27.30 Argentina 0.68
Australia 24.63 Qatar 0.67

Turkmenistan 21.37 New Zealand 0.66
Canada 19.55 Poland 0.66

Saudi Arabia 18.93 United Arab Emi. 0.64
United States 18.43 Kazakhstan 0.64

Oman 17.04 Malaysia 0.64
Country Max Percentile Country Desirability

United Arab Emi. 0.99 Finland 1.73
Uganda 0.99 Malaysia 2.15

Turkmenistan 0.99 Canada 2.27
Solomon Islands 0.99 South Africa 2.60

Singapore 0.99 Bahrain 2.66
Qatar 0.99 Greece 2.75
Oman 0.99 Libya 2.83

New Zealand 0.99 Estonia 2.89
Montenegro 0.99 Czech Republic 2.97
Mongolia 0.99 Australia 3.04
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The order of the nations differs for each approach. According to the emissions per
capita-based analysis in Figure 3.2, the countries that are ranked high possess an im-
mense amount of natural resources such as oil, iron, bauxite and gold as well as have an
industry to extract and process these minerals. Their emissions are enormous per capita
if compared to the global average. The first five countries are generally small develop-
ing nations, whose economy is based heavily on the oil and petroleum industries, which
explains its unusually high emission per capita. The petroleum and oil industries are
significant contributors to the economy of a country, providing a more prosperous and
better quality of life if performed profitably [76]. It is important to note that a nation
is required to have a developed economy for the purpose of funding mitigation technolo-
gies to reduce emission per capita [57]. The problem appears when the acquired riches
are not invested in a sustainable future are used to momentarily satisfy the citizens or a
group of citizens who are only concerned with selfish gains. The other countries possess a
significant amount of natural resources, including gold, diamond, iron, coal and bauxite,
the mining and processing of which emit an incredible amount of greenhouse gases [77,78]
and cause air pollution [79]. The use of petroleum and oil is one of the driving forces of
greenhouse gas production, although without which countries can hardly be developed.
One of the most crucial categories of present-day economics, namely electricity genera-
tion, makes up about 32 % of the global emissions per capita in all greenhouse gases. 17
% of the global per capita is derived from transportation and fuel combustion in vehicles,
while agriculture contributes 12 %. Figure 3.2 depicts the relationship between the emis-
sions categories based on the classical approach of SRD and the total ‘all GHG’ emissions
indicator which is regarded as the ideal reference, and here, what the ranking is based on.

In Figure 3.3, where the mean percentile is employed as a gold standard, the highest
mean percentile proposes that a nation is frequently placed in the most emissions. The
top-ten countries are highly developed or have developed intensely over recent decades.
Most nations possess a considerable amount of purchasing power and a service-based
economy along with an adequate financial sector. Australia and Canada are particularly
problematic as they are placed higher with at least 0.1 more in the average percentile.
The energy sector of Canada is mainly comprised of oil, and petrol [80], while Australia
has an extensive resource extraction-based industry. Profits from these natural resources
were invested back into the development of the countries, resulting in highly developed
economies, however not enough has been invested in emission-reducing technologies.

If the maximum is employed as an aggregation function, as in Figure 3.4, the ranking is
incorrect as the percentiles are calculated based on the relative position of a value with a
capped range of one and not on measurable amounts. Countries are selected depending on
whether it was placed in the highest percentile in a category. As no weights are assigned,
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the highest percentile from energy, ‘all GHG’ and F-Gases industry may have the same
value. These categories are far from equal in terms of environmental degradation, which
might be an explanation for why the maximum performed so poorly as a gold standard
as well.

In the last ranking, the weighted sum of the desirability values of a nation determines
its rank, where the most negligible value of desirability is the ‘worst.’ The direction of
GDP per capita and growth indicators is inverted so that the nations that emit the most
per capita and have insignificant GDP per capita as well as slow economic and negative
urban growth are listed as of low desirability (refer to Figure 3.5: the less, the better;
thus I changed the direction of some indicators). Countries with low GDP per capita,
slow or negative growth indicators and a high percentage of the rural population are
delegated zero score. Moreover, the worst in the ranking are those, which emit the most
in total or energy-related emissions. Two categories can be observed in the rankings:
mostly those who produce minerals and petroleum and those where crises occurred in
the recent decades. Finland, Australia and Canada are generally developed countries
rich in minerals and petrol. Greece have gone bankrupt, South Africa bears unrest due
to inequality and racial segregation. In Lybia, two civil wars have been waged. The
instability of a nation can be measured by the economic indicators that may modify the
greenhouse gas emissions.
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Chapter 4

Discussion and Conclusion

4.1 Discussion

I generalized the SRD method for ranking-based multi-criteria decision-making (MCDM)
tools. The gold standard can be determined as an aggregated utility value and the main
message is to check whether the condition of additive independence is valid. If the ag-
gregation function has already been decided, the analyst may only influence the SRD
through the careful selection of the transformation function, similarly to the Derringer
desirability-based transformation of the emission categories. If not, I propose new ap-
proaches for aggregation, namely multiplicative aggregation or the preference aggregation.
Table 4.1 summarizes the properties of the generalized method.

As mentioned above, the ordering of the variables is a major factor that reduces the
number of intersections. It is not recommended to visualize the parallel coordinates based
on an arbitrary ordering, such as the alphabet, as the number of intersections in this exact
example is 76,509. Each ordering method reduced the number of intersections significantly
(each by about 25,000), proving that the ordering is a requirement to a good visualization.

Although the angle-based ordering algorithm reduced the number of intersections
slightly more than the MDS-based method. However, the hierarchical ordering-based
MDS has not been compared to SRD. The importance of the ordering was realized be-
fore the employment of the SRD. I compared to a similar rank correlation-based MDS
technique, which performs slightly worse. The y-axes of the MDS should be employed
with a unit length from each other, as the method provided enormous or minute distances
between the axes. It is important to note that even though another analysis may not yield
such characteristics. By dropping the fixed-position of the axes, the MDS-based method
may reduce the resemblance of the figure and provides information on the relationship
between the axes.

The inclusion of the SRD method in the visualization of the parallel coordinates pro-
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Table 4.1: The main steps of the generalized method and its properties.
Any transformation can be considered as a utility function
and it should be based on the interpretation of the variables
Transformation functions are interpreted as utility functions,
so the transformation can be specified for each
variable/criterion and can express preferences.
A transformation may change the distribution of the variables/criteria.
Monotonous transformations do not influence the ranking.
Aggregation – Generation of the “gold standard"
The aggregation function should be selected based on the intended goal of the analysis.
The aggregated variables are called “gold standard” and can be considered as
multi-attribute utility functions.
The transformation of the variables influences the SRD values through the aggregation step.
The transformation and interpretation of the transformed variables determine
the applicability of the aggregation functions
– the assumptions are employed in utility aggregation:
Additive, Utility and Preference-independence.
Criteria analysis – Distances to gold standard
The SRD technique represents the dissimilarities between the criteria/variables
and the aggregated utility (gold standard).
The difference in the ranking does not necessarily reflect the utility differences
as ranking causes information loss.
The SRD values reflect the consistency of the decision problem that can be influenced
by the tuning of the transformation/utility functions
and the selection of the aggregation function.

vided a satisfactory reduction in the number of intersections, which has been reduced
and compared to multi-dimensional scaling. “Dynamics Visualisation based on Parallel
Coordinates” (DYVIPAC) focuses on a set of problems and not on general use. However,
the SRD angle method-based visualization alone is not capable of complex biological nor
mathematical problems and dynamics analysis. It is rather a technique that focuses on
the correlation and relationship between the variables.

The parallel coordinates technique is widely used, e.g. in ecology where a complete
framework was created to ease the visualization and clarification of water quality as well
as invasive species proliferation. The visualization is interactive and the framework pro-
vides features such as line coloring, data filtering, highlighting as well as tables. In the
SRD-based parallel coordinates visualization toolbox, I only provide a general SRD-based
visualization with angle-based ordering that can be further extended in MATLAB or
Octave depending on the requirements of the analyst.
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4.2 Summary and Conclusion

The case study for the generalized method was the analysis of greenhouse gas emissions
indicators. The emissions indicators provide comprehensible information on the emissions
under ordinary consequences as the data originates from before the COVID-19 pandemic.
The ranking based on desirability proposes that nations change their ways drastically or
begin to finance sustainable or renewable energies, as the highest emissions category is
based on the energy sector. In the energy sector, most electricity is supplied by fossil fuels,
moreover the availability of cheap local coal, oil, petroleum and natural gas may encourage
the population as well as companies to use dirt-cheap fossil fuels instead of funding large-
scale innovative renewable energy. Moreover, it should be emphasized that struggling
nations should be provided as much help as possible so that the financial situation enable
them to fund innovative technologies and their application. The connection between
the variables is also established. A developing country with high proportion of rural
population may not be capable handling the methane and nitrous oxide emissions caused
by agriculture and human waste, or the equipment may be too obsolete to do so. Low
GDP growth may correlate with ‘all GHGs’ waste and N2O from agriculture as during a
recession people may be required to find jobs in simpler and stable jobs such as farming.
The analysis also incorporates the connection between the methane and nitrous oxide from
land use, change and forestry and slow urban growth as wetlands and arable land are left
untouched. It might be preferable to propose that nations reduce imports of energy and
goods as well as attempt to become more sustainable, green and autonomous to reduce
the usage of fossil fuels and emissions from shipping. Moreover, various technologies are
available or in prototype phase to reduce the emissions per capita. What is important
is the funding and the hastened application for commercially viable products, such as in
vitro meat production.

The visualization of parallel coordinates in itself and as the representation of the sum
of ranking differences (SRD) is extended, where the order and distribution of the variables
are calculated by the SRD method. The SRD and the parallel coordinates technique were
modified by placing the variables not only on the right-hand side of the gold standard
but on the left-hand side, as well, thereby increasing the consistency of the visualized
relationship system (i.e., showing that variables adjacent to each other are similar). I
developed a method for classifying the arrangement according to SRD based on the prop-
erties of SRD as a distance norm for triangular inequality (and the cosine theorem). The
variables are iteratively placed based on the angle of deviation between the selected side
reference variables on left- and right-hand side. The developed method is suitable for par-
allel coordinate-based visualization with a small number of intersections, as it significantly
reduces the quantity of the intersections in the figure.
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4 Discussion and Conclusion

In this work, I presented that the generalized method has a wide range of applications
if the transformation and aggregation functions are selected with an intended goal. The
method is capable of exploring the relationship between the variables for multi-criteria
decision problems. Moreover, instead of the 1D ordering of the SRD, the parallel visual-
ization technique can be used for more informative visualizations in terms of correlation.

Software and data availability

Generalization of the SRD

Both the MATLAB codes (preproc_main.m, plot_srd.m, derringer.m, a_ecdf.m) and the
database (climate_data.xlsx) is accessible at https://github.com/abonyilab/Preproc_
SRD, written by János Abonyi and Ádám Ipkovich, 2021.10.10.

Parallel coordinates visualization

Both the MATLAB/Octave codes described in subsection 2.2.2 and the database (co2_-
data.xlsx) is accessible at https://github.com/abonyilab/, written by János Abonyi and
Ádám Ipkovich, 2021.10.10.
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