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INTRODUCTION

In the digitalized world, due to scientific and techno-
logical developments, every transaction we do in our daily
life and even every step we take appears as data. According
to Statista’s research and forecasts, by 2025, the volume of
data/information created, captured, copied, and consumed
will be more than 180 zettabytes [1]. This vast amount and
variety of data consist of bits of information that are mean-
ingless on their own. The scientific discipline that includes
the processes and methods of transforming data into infor-
mation is data mining. As a general definition,” Data min-
ing is the process of discovering interesting patterns and
knowledge from large amounts of data” [2]. The main
purpose of cluster analysis is to discover the natural groups
in the data set by collecting the closest observations in the
same cluster. However, sometimes these natural groups or
clusters can be difficult to observe due to the noise of out-
liers and unrelated features in the dataset. This is especially
true for high-dimensional datasets. Dimension reduc-
tion techniques are used to reduce the number of unnec-
essary features in the data set and to perform operations
with fewer variables more easily in matters such as noisy
data and outliers. Principal Component Analysis (PCA) is
the most widely used dimension reduction method, espe-
cially in cluster analysis. PCA reveals the basic pattern and
characteristic information in the dataset by compressing
the data according to the variance values.PCA uses three
different approaches to determine the number of compo-
nents and it is possible to obtain different results with these
approaches.

PCA and clustering have been used in some agricul-
tural studies to assess species variation or product quality
[3-7]. Some studies used clustering and PCA methods to
classify and evaluate data from different sectors [8-11,12].
Carried out customer segmentation using PCA, hierarchi-
cal clustering, and k-means clustering in his study. On the
other hand, [13] compared the dimension reduction effect
of PCA and non-negative matrix factorization methods on
clustering. In another study that proposes a new method for
graph-based dimensionality reduction, a hybrid method
that is a combination of NPE and PCA linear dimension-
ality reduction methods is presented. The presented hybrid
method produces a transformation matrix for the general-
ized eigenvalue problem. According to the analysis results
of the study, the hybrid method showed the best perfor-
mance among PCA, NPE and the presented hybrid method
(HDR) [14]. In another study conducted by the same
authors, according to the results obtained through empir-
ical analysis using graphic data sets, in linear methods, the
principal component analysis, singular value decomposi-
tion, and neighborhood preserving embedding methods
have been showed better performance than other methods
of the statistical information category, dictionary meth-
ods, and embedding methods, respectively [15]. In a study,
the effectiveness of PCA dimension reduction and SVM

classification techniques was examined for anomaly detec-
tion over network data. In the study, the positive results of
the dimensionality reduction effect of PCA on classifica-
tion quality and processing time are shown [16]. In another
study, PCA and LTP methods and the BAT algorithm were
used to reduce the difficulties and processing time in face
recognition systems. The dimensionality reduction effects
of PCA and LTP were comparatively examined by inte-
grating them with the feature selection function of the Bat
algorithm [17]. In another study, the prediction perfor-
mance of machine learning methods was investigated using
multidimensional data obtained in cancer cases. In the
research, the effect of PCA and Kernel PCA’s dimensional-
ity reduction function on the prediction performance was
evaluated comparatively [18]. In the study, which focuses
on improving automatic intrusion detection with the aim
of minimum fault and correct classification, the system per-
formance was evaluated with the dimensionality reduction
effect of random projection and PCA techniques. The effect
of the two methods on the results and their accuracy rates
were compared [19]. In a study conducted in the field of
fluid mechanics, the performances of linear and nonlinear
dimension reduction techniques were compared. The meth-
ods examined in the study; PCA, Independent Component
Analysis, Isometric Mapping and Local Linear Embedding
dimensionality reduction techniques. The performance of
each method and their suitability according to the charac-
teristics of the flow fields were evaluated separately [20].
PCA is a very effective technique that can be used for many
different purposes such as clustering, data reduction and
dimensionality reduction. We encounter the use of PCA
in different ways in the literature, but the dimensionality
reduction ability of PCA has never been examined in detail
before. In this study, the dimensionality reduction ability of
PCA is investigated and demonstrated in detail with graph-
ics and numerical analysis using high-dimensional data
sets. Despite the outlier and noise problems of high-dimen-
sional datasets, the facilitating role of PCA in clustering
analysis is searched.

The rest of the study; in section 2, hierarchical cluster-
ing methods and their properties are examined in detail.
In section 3, PCA and the approaches used to determine
the number of components are handled. In section 4, some
coefficients used for comparing hierarchical clustering
results are given with formulas. In section 5, the datasets
and the methodology used in the study are explained in
detail. Section 6 consists of the evaluations of the results
for each dataset separately. In the conclusion section, the
outputs of the study are interpreted in a general framework.

HIERARCHICAL CLUSTERING

Hierarchical clustering methods are the methods that
perform clustering operations by following a hierarchical
structure. These methods form clusters by grouping the
objects in the data set according to their similarities, and as
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a result of the operations, a tree-like hierarchical structure
form emerges [2] Hierarchical methods reveal natural clus-
ters in the dataset without the need to specify the number
of cluster. This is known as one of the important advantages
of hierarchical methods [21]. One of the weaknesses of the
hierarchical methods is that they have high computational
complexity. The time complexity of hierarchical methods is
expressed by O(n?) and they are not suitable for large data-
sets [22]. In hierarchical methods, the tree-shaped diagram
that presents the clustering results of the data in a hierar-
chical structure is called a dendrogram [23]. A dendrogram
is a clear representation form that is easy to interpret and
understand. The vertical axis of the dendrogram shows the
distance values between clusters and data points, while the
horizontal axis shows the data points [24]. In hierarchical
clustering, the cutting point of the dendrogram has a signif-
icant role in determining the clusters. A different number
of various cluster combinations can be obtained by cut-
ting the dendrogram at different points [22]. Hierarchical
clustering methods are divided into two groups in terms
of the strategic way they follow. These two groups oper-
ate in opposite directions, bottom-up (agglomerative) and
top-down (divisive) [25]. The method in which clusters
are brought together using the lines and distance matrix
based on attribute vectors and distance criteria is called the
linkage technique [26]. There are many different linkage
methods according to different distance preferences such
as minimum, maximum, average, median, centroid and
minimum variance [27].

Single Linkage

In the single linkage method, also called the nearest
neighbour, the minimum distance between two clusters is
accepted as the criterion for merging [21,25,28]. In each
iteration, the two closest clusters are merged and the opera-
tions are repeated until the clustering is complete [29]. This
method is faster than other hierarchical techniques but,
because of its local behaviour, it is sensitive to noises and
outliers [30, 31]. For example, the clusters which are not
closest in real can be merged for the closest objects in the
clusters, and this fault also affects the following iterations
of the process [26,30]. This case is known as the chaining

effect.

Complete Linkage

In the complete linkage method, unlike the single link-
age method, the merging criterion is the furthest distance
between two clusters [27]. Due to its non-local behaviour,
smaller and tighter clusters are obtained [33]. However,
also in this method, the presence of outliers can have neg-
ative effects on clustering because of its sensitivity to noise
and outliers [26,30,31].

Average Linkage

In the average linkage method, the merging criterion is
the average distances of all the pairs of points of the clus-
ters [21-23]. In each iteration, the procedure is repeated

according to this criterion until the clustering process is
completed. This method has the advantage of outlier insen-
sitivity and is difficult to use for categorical data, but also a
very effective method for numerical data [2].

Centroid Linkage

This method performs the merging operation accord-
ing to the proximity between the centroids of the clusters
[21, 32, 33]. Here centroid denotes the center point of the
cluster.

Median Linkage

In the merge of two clusters with different sizes, the
median value is used to prevent the centroid of the newly
formed cluster from shifting predominantly towards the
larger cluster [25, 23]. The median value is the midpoint
of the distance between the two centroids. It is designed to
overcome the disadvantage of the centroid method.

Ward’s Criterion Linkage

The main purpose of Ward’s criterion linkage method
is to obtain homogeneous clusters by keeping the sum of
squares of the error of the distances within the cluster min-
imum [22,25,34]. Contrary to some methods, cluster size
is effective on this method. There are two versions of this
method; wardl and ward2. The main difference between
these two versions is; Squared Euclidean distance is used in
ward]1, while Euclidean distance is used in ward2 [35,36].
Significant fomulas used for Hierarchical clustering are
shown in Table 1 and Table 2.

Table 1. The time complexity functions of the hierarchical
methods for dataset with n objects

Divisive o2 Average linkage ~ O(n*log n)
Agglomerative O(n?) Centroid linkage O(n*log n)
Single linkage o(n?) Median linkage  O(n*log n)
Complete linkage  O(n*log n) Ward’s linkage O(n?)

Principal Component Analysis

PCA, also known as Karhunen Loeve expansion or
the Hotelling transformation, is one of the oldest multi-
variate methods frequently used in many scientific fields.
Although its history back to Pearson (1901), the form used
today is defined by Hotelling in 1933 [37]. PCA is the pro-
cess of creating new variables, called the principal compo-
nents, to obtain important information by looking at the
spread of observation values over variables. These new
orthogonal and uncorrelated variables are the linear combi-
nations of the original variables in the data set. PCA is a fast
running and computationally easy method. The areas and
applications where PCA is used are; pattern recognition,
dimension reduction, computer vision, image compres-
sion, signal processing, video surveillance, face recognition,
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Table 2. The merging criteria formulas of the hierarchical linkage methods

Single linkage D(A,B) = min{d(yi,yj), for y; inA and y; inB}
Complete linkage D(A, B) = max{d(y;,y;), for y; inA and y; inB}

1 nyp np
Average linkage D(A,B) = T ZZ A, y;)

Allp =1 £
Centroid linkage D(A,B) =d(v,,y5)
Median linkage |

Myp = E(yA + ¥B)

Wardss linkage SSEy = S04y — V) 0i = ¥a)s SSEp = Si2,(vi — ¥8)' Vi — Vs

SSExp = Y122 (yi — Yap)' (Vi — Yap); Iap = SSEap — (SSE, + SSEp)

latent semantic indexing, ranking, and collaborative filter-
ing [38,39]. In PCA, the first principal component (PC1)
is the linear combination of the observations which have
maximum variance and the second principal component
(PC2) is the linear combination of the observations which
have maximum variance as orthogonal to the first principal

component (PC1). y, ¥, ...... , ¥, are the observation vec-
tors in p dimensinoal space, and y is the mean vector of the
observation vectors. y;, ¥,, ...... » ¥, are the swarm of points

for the variables. The first operation in PCA is the transfor-
mation. In the transformation operation, the origin of each
y, are translated to y and in certain cases the transformation
of y,— y is applied. But it is generally assumed that each y; is
centralized. The main purpose of this procedure is finding
the optimal axes for the points. The second important pro-
cedure of the PCA is rotation. In the rotation phase, each of
y; is multiplied with the orthogonal matrix A and the new
variables (PCs) z,, z,, ...... » 2, are obtained.The orthogonal
matrix transforms each point y; into a point z; that is the
same distance from the origin, and these new variables are
uncorrelated.

A=\ i |;
P

zi=Axy;, i=1,.....,p

zi=ay, z,=ad5y, ... ,z, = a'py — Principal Components

z1=a;1y1 + Ay, + o+ apdy — PCI1.
Z;=anY1 + Yy, + .. + ayyy — PC2.
Zp= Ap1Y1 t Ap2Y2 + .. T AppYp — PCp.

If we handle the other details of PCA; the sample cova-
riance matrix of z (S,) is calculated by using the orthogonal
matrix (A) and the sample covariance matrix of y, ¥, ...... ,
Vn (S).

5221 e 0
2
0 SZp
Here SZ = Ajand A, i =1, ..., p are the eigenvalues of

S which equals to variance values of the principal compo-
nents. In PCA, the variance values of the components have
an arrangement as A, > A, > ... > .. Therefore, PC1. has the
largest variance value and PCp. has the smallest variance
value respectively. The fact that the variance value of the
first principal component is the largest is since it represents
most of the variables proportionally. How to decide the
number of the principal components?

1. Starting from the first component, the components
whose sum of the explained variance percentages
exceed %80 are selected [40].

2. Starting from the first component, the number of
components whose A value is greater than the average
A= ¥P_ A /pvalueis selected.

3. In the graph in which the A values of the components
are included (Scree graph), the number of components
can be decided by looking at the point where the natural
break (Elbow test) between the large and small values
occurs [25, 37].

4. If the correlation between variables in the data set is high,
the k value (number of components selected) will be much
smaller than the p value. But otherwise, if the correlation
between variables is low, the value of k will be close to p.
This case will reduce the effectiveness of the principal
component analysis in terms of dimension reduction [25].

THE INDEXES FOR COMPARING HIERARCHICAL
CLUSTERING

CPCC (Cophenetic Correlation Coefficient)
CPCC is expressed as the correlation value between the
cophenetic matrix created according to the height values in
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dendrogram and similarity matrix [41-43]. CPCC takes the
value in the range of [-1,1]. The high values of the coeffi-
cient express the high similarities between the cophenetic
matrix and the distance matrix, while the low values close
to zero express the low similarities. CPCC aims to measure
how well hierarchical clustering is performed [44-46].

FM-Index (Fowlkes and Mallows Index)

FM_index (Fowlkes and Mallows index) measures the
similarity between the clustering results [43]. It uses the
number of cluster as the parameter in the calculations.
Therefore, different results are obtained with different clus-
ter number input. FM_index takes the value between the
range of [0,1] [47]. The values close to 1 express the high
similarity and the values close to 0 express the low similar-
ity between the clustering results.

Baker’s Gamma Coefficient (Goodman and Kruskal’s
Gamma Coefficient)

The Goodman and Kruskal’s Gamma Coefficient was
proposed in 1954 by Goodman & Kruskal to measure the
relationship depending on the probabilities 1. and 1, [48].
In generally y coefficient is used for ordinal variables and it
takes the values between the range of [-1,1] [48, 49]. Here
is the values close to 0 express the low relationship and the
values close to -1 and 1 express the negative and pozitive
relationship respectively. The formulations of the indexes
are given in Table 3.

MATERIALS AND METHODS

In this study, hierarchical linkage techniques (Single,
Complete, Average, Centroid, Median and Ward’s
Criterion) are used as clustering methods and clustering
processes are applied to the high dimensional data sets
separately for each method. The most important factor in

choosing hierarchical clustering methods in this study is
that natural groups in the dataset spontaneously emerge
with the application of the technique. That is, there is no
need to determine the number of clusters with this tech-
nique. Clustering operations are performed both with PCA
and without PCA.The main purpose here is to evaluate the
effects of PCA on the hierarchical clustering process and its
results. FM_index, CPCC, and Baker’s gamma coefficient
metrics are used to measure similarities between dendro-
grams and to evaluate the results. In addition, to observe
the change in dendrograms, tanglegrams are used for each
method. Tanglegrams are plots that show two hierarchical
clustering or two dendrograms comparatively. The data sets
used in the analysis are compiled from the United Nations
data platform [50]. The missing observation values in the
data sets are completed from the relevant international data
platforms [51, 52, 53, 54]. While the objects of the data-
sets are created from the relevant countries, the variables
in the datasets are created from the relevant indicator vari-
ables. The indicators and the variables used for the data-
sets are given in the appendices in the relevant tables. All
the methods and stages used in the analysis are applied to
each dataset in the same way. All the phases of the analysis
are carried out in R programming, and the Cluster package
and Denextend package are used for the clustering analysis
procedure.

Datasets

Dataset1 consists of 22 variables (dimension), 54 objects
and a total of 1188 observations. The variables of the data
set consist of the general information (GI) as Pop. density
(per km2, 2020), sex ratio(male/female) and surface area
variables and the economic indicator (EI) as growth rates,
sectoral employment rates and international trade data
variables of the countries and the objects of the data set
consist of Africa countries. To evaluate the correlation level

Table 3. The indexes for comparing hierarchical clustering methods

CPCC (Cophenetic Correlation

Zi<j(dij — a) (d}kj — a*) d;; distance between the pairs (i,j)

Coefficient)

dij, cophenetic distance between the pairs

\/Zi<j(dij —d)? Di<j(dy — d~)?

(i)

d; average distance for similarity matrix

d* average distance for cophenetic matrix

FM-INDEX (Fowlkes and Mallows

Index) TP

TP

TP : The count of pairs which are in the
same cluster both in C, and C,.

TP+ FP TP+ FN

FP : The count of pairs which are in the
same cluster in C, but not in C,.

FN : The count of pairs which are in the
same cluster in C, but not in C;.

Baker’s Gamma Coefficient (Goodman

and Kruskal’s Gamma Coefficient) Mo—IIg

Hc+nd

11,: The probability of concordant pairs of
observations.

11, The probability of disconcordant pairs
of observations.
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Figure 1. Colored correlation matrix of the variables for

datasetl.
between the variables in the data set, the colored correla-

tion matrix for the variables of the datasetl is given below
in Figure 1.

The mean absolute correlation between variables for the
datasetl is calculated as 0.2426. Due to the low level of cor-
relation between the variables in the data set, it is seen that
light colors are dominant in the colored correlation matrix.
Below is a scatterplot showing how African countries are
distributed according to the economic indicator variables.

When the distribution of the normalized data in the graph
is examined, it can be seen that there are so many outliers
in the data set. Some of these outliers are labeled on the
scatterplot in Figure 2.

Outliers in the data set, depending on their number,
directly affect the correlation between variables negatively.
Correlation shows the strength and direction of the rela-
tionship between two variables. More deterministic meth-
ods other than scatterplot should be used to express the
high values of the objects on the variables as outliers. One
of the most robust ways to identify outliers in a data set is
to plot a Box and Whisker plot for each variable. Potential
outlier values are determined based on the quartiles and
median values in the boxplot in Figure 3.

Dataset2 consists of 38 variables (dimension), 39 objects
and a total of 1482 observations. The variables of the data
set consist of the general information (GI) variables, the
economic indicator (EI) variables and the social indicator
(SI) as population growth rate, international migration
stock, education and health data variables of the countries
and the objects of the data set consist of Europe countries.

The mean absolute correlation between variables for the
dataset2 is calculated as 0.2346. Due to the low level of cor-
relation between the variables in the data set, it is seen that
light colors are dominant in the colored correlation matrix
in Figure 4.
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Figure 2. Scatterplot of the normalized dataset] for the economic indicator variables.
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Figure 4. Colored correlation matrix of the variables for
dataset2.

Figure 5 is a scatterplot showing how Europe countries
are distributed according to the economic indicator and the
social indicator variables. It seems to be so many outliers
here as in the first dataset. The existence of many outliers
can be seen clearly in the boxplots for dataset2 in Figure
6. Several situations cause outliers to exist; measurement
errors, data entry errors, or the actual value of the data.
Since the observation values in the data set are real values,
it is not possible and accurate to clear outliers. However, it
is a fact that this situation will negatively affect the analysis
process and results.

Dataset3 consists of 46 variables (dimension), 48 objects
and a total of 2208 observations. The variables of the data
set consist of the general information (GI) variables, the
economic indicator (EI) variables, the social indicator (SI)
variables and the environmental and infrastructural indica-
tor (EII) as individual internet use, CO2 emission estimates
and energy production amounts variables of the countries
and the objects of the data set consist of Asia countries.
Colored correlation matrix for Dataset3 is shown in Figure
7 and the scatterplot is shown in Figure 8.

Figure 9 is a scatterplot showing how Asia countries are
distributed according to economic indicator, social indica-
tor and, environment and infrastructure indicator variables.
When the distribution of the normalized data in the graph
is examined, it can be seen that there are so many outli-
ers in the data set as the first and second datasets. Object
China, for many variables, has extreme values compared
to other countries. The boxplots plotted with normalized
values show that there are many outlier values in almost all
variables in a way that supports the scatterplot.

RESULTS AND DISCUSSION

In this section, before clustering analysis results and
dendrogram comparisons, principal component analy-
sis results are evaluated in terms of dimension reduction.
Afterward, clustering analysis results are comparatively
evaluated for each method.

Results for Dataset 1
In principal component analysis, three approaches can
be used to decide the number of components. For the elbow
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Figure 7. Colored correlation matrix of the variables for
dataset3.

test, which is one of these approaches, when the scree plot
which includes the variance values of the principal com-
ponents given in Figure 10 is examined, it is seen that the
natural breakpoint in the graph coincides with the 3rd prin-
cipal component.

According toTable 4 and Table 5, it is seen that the first
3 components can explain only %51.11 of the total variance
in the dataset. This ratio is not sufficient to represent the
entire data set.

Another approach that can be used to decide on the
number of components is to select components with

variance above the mean-variance value. For datasetl, the
mean-variance value (1) of the principal components is
calculated as 0.9815 and the variance values of the first 7
principal components are above this value. The first 7 com-
ponents can explain %76.35 of the total variance in the data
set, as seen in table 4.

The third approach is to select components whose sum
of variance explained percentages exceeds the 80% specific
ratio. The first 8 principal components should be selected
to achieve this specific ratio because the first 8 components
can explain %80.81 of the total variance in the data set. As
a result, the number of components for a robust analysis
process is determined as 8.

The CPCC (dend1) values show the fit and the similar-
ity ratio of the cophenetic matrix and the distance matrix of
the dendrogram obtained without the PCA method. Also,
the CPCC (dend2) values show the fit and the similarity
ratio of the cophenetic matrix and the distance matrix of
the dendrogram obtained after applying the PCA method.
According to the CPCC values in the Table 6, it is obvi-
ous that the results of PCA applied clustering analysis
have higher similarity with the distance matrix in almost
all methods. For CPCC(dend1l) and CPCC(dend2), while
the best clustering results belong to PCA+average and
PCA+centroid methods, the worst clustering belongs to
the variance-based Ward’s method due to the outliers and
low correlation in the dataset. Unlike the CPCC (dend1 and
dend2), the CPCC (tanglegram) shows the fit and the sim-
ilarity ratio between the cophenetic matrices of these two
dendrograms. Consistent with the tanglegrams, the high-
est similarity rate belongs to average linkage and centroid
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Figure 10. Scree plot of the variance values of the principal components for dataset1.
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Table 4. The variance values of the principal components for datasetl

comp.1 comp.2 comp.3 comp.4 comp.5 comp.6 comp.7 comp.8 comp.9
5,44E+0 3,64E+0 1,97E+0 1,79E+00 1,34E+00 1,20E+00 1,15E+00 9,63E-01 8,28E-01
Table 5. The variance explained percentages of the principal components for datasetl
comp.1 comp.2 comp.3 comp.4 comp.5 comp.6 comp.7 comp.8 comp.9
2,52E+01 1,68E+01 9,11E+0 8,28E+0 6,22E+0 5,55E+0 5,34E+00 4,46E+00 3,83E+00
Table 6. Coefficient and index results used to measure the similarity of dendrograms for dataset1
Methods CPCC CPCC CPCC BGCC FM_index
(dend 1) (dend 2) (tanglegram)
Data set 1. single 0.8519 0.8704 0.7465474 0.9856606 0.9425261
complete 0.7724 0.7261 0.9655519 0.9867451 1
average 0.9089 0.9211 0.9710973 0.9809861 0.9201198
centroid 0.8977 0.9102 0.994414 0.3989163 1
median 0.7948 0.8365 0.9269909 0.428965 1
ward.D2 0.5129 0.4961 0.921376 0.95822 0.95849

linkage methods. BGCC (Baker’s gamma correlation coef-
ficient) measures the similarity of dendrograms using
the odds ratios of concordant and disconcordant pairs of
objects. However, when evaluated together with the tang-
legrams in Figure 11, it is seen that this coefficient gives
inconsistent results for the centroid and median methods.
The FM_index determines the similarity ratio of the den-
drograms by comparing the cluster contents. Unlike the
other coefficients, FM_index uses the number of clusters as
a parameter in the calculations. In this study, the number of
clusters parameter is determined as 3 for all data sets. If the
cluster contents of the two compared dendrograms are the
same, the FM_index value will be equal to 1. By evaluating
the graphics and all the calculated coefficients together, it
is observed that the best clustering result belonged to the
PCA+Centroid method, and the cluster contents for the 3
clusters are given below.

Cluster 1: Algeria, Angola, Benin, Botswana, Burkina
Faso, Burundi, Cabo Verde, Cameroon, Central African
Republic, Chad, Comoros, Congo, Cote d’lvoire, Dem.
Rep. Of the Congo, Djbouti, Egypt, Equatorial Guinea,
Eritrea, Eswatini, Ethiopia, Gabon, Gambia, Ghana,
Guinea, Guinea-Bissau, Kenya, Lesotho, Liberia, Libya,
Madagascar, Malawi, Mali, Mauritania, Mauritius,
Morocco, Mozambique, Namibia, Niger, Rwanda, Sao Tome
and Principe, Senegal, Seychelles, Sierra Leone, Somalia,
South Sudan, Sudan, Togo, Tunisia, Uganda, United Rep.

Of Tanzania, Zambia, Zimbabwe Cluster 2: Nigeria Cluster
3: South Africa

Results for Dataset 2

The variance values of the principal components for
dataset2 are given in Figure 12 and Table 7. For the elbow
test, the natural breakpoint in the graph coincides with the
3rd principal component. But the first 3 components could
explain only %46.44 of the total variance in the dataset
according to Table 8.

For the second approach, the mean-variance value (1)
of the principal components is calculated as 0.9743 for data-
set2. It is observed that the variance values of the first 10
principal components are above this value, and can explain
%80.50 of the total variance in the data set.

For the 80% specific ratio, the first 10 principal compo-
nents should be selected to achieve this specific ratio, and
can explain %80.50 of the total variance in the data set.

According to the CPCC (dendl and dend2) values in
Table 9, itis obvious that the results of PCA applied clustering
analysis show higher similarity with the distance matrix in
almost all methods. For CPCC(dendl) and CPCC(dend2),
while the best clustering results belong to PCA+average and
PCA+centroid methods, the worst clustering belongs to the
variance-based Ward’s method due to the outliers and low
correlation in the dataset. Consistent with the tanglegrams,
the highest similarity rates for the CPCC (tanglegram)
belong to the single linkage, centroid linkage and ward’s
criterion linkage methods. When evaluated together with
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Figure 11. Scree plot of the variance values of the principal components for dataset2.

the tanglegrams in Figure 13, it is seen that BGCC (Baker’s
gamma correlation coefficient) gives inconsistent results
for the centroid and median methods as well in dataset2.
The FM_indexes in the table are equal to 1 for all methods.
This means that in each method, the contents of the clusters
formed as a result of clustering analysis with and without
PCA are mutually identical. By evaluating the graphics and
all the calculated coefficients together, it is observed that
the best clustering result belonged to the PCA+Centroid
method, and the cluster contents for the 3 number of clus-
ters are given below.

Cluster 1: Albania, Austria, Belarus, Belgium, Bosnia
and Herzegovina, Bulgaria, Croatia, Czechia, Denmark,
Estonia, Finland, France, Greece, Hungary, Iceland, Ireland,
Italy, Latvia, Lithuania, Luxembourg, Malta, Montenegro,

Netherlands, North Macedonia, Norway, Poland, Portugal,
Republic of Moldova, Romania, Serbia, Slovakia, Slovenia,
Spain, Sweden, Switzerland, Ukraine, United Kingdom
Cluster 2: Germany Cluster 3: Russian Federation

Results for Dataset 3

The variance values of the principal components for
dataset3 are given in Table 10 and Table 11. For the elbow
test, when the scree plot which includes the variance values
of the principal components given in Figure 12 is exam-
ined, it is seen that the natural breakpoint in the graph
coincides with the 6th principal component. But the first 6
components can explain only %66.68 of the total variance
in the dataset. This ratio is not sufficient to represent the
entire data set.

Table 7. The variance values of the principal components for dataset2

comp.1 comp.2 comp.3 comp.4 comp.5 comp.6
8,54E+00 5,58E+00 3,05E+00 2,82E+00 2,24E+00 1,96E+00
comp.7 comp.8 comp.9 comp.10 comp.11 comp.12
1,66E+00 1,59E+00 1,23E+00 1,11E+00 9,27E-01 8,87E-01
Table 8. The variance explained percentages of the principal components for dataset2

comp.1 comp.2 comp.3 comp.4 comp.5 comp.6
2,31E+01 1,51E+01 8,24E+00 7,61E+00 6,04E+00 5,29E+00
comp.7 comp.8 comp.9 comp.10 comp.11 comp.12
4,49E+00 4,31E+00 3,32E+00 3,00E+00 2,50E+00 2,40E+00
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Table 9. Coefficient and index results used to measure the similarity of dendrograms for dataset2

Methods CPCC CPCC CPCC BGCC FM_index
(dend 1) (dend 2) (tanglegram)
Data set 2. single 0.8013 0.8092 0.9959106 0.9813049 1
complete 0.7480 0.7351 0.8459703 0.8403557 1
average 0.8588 0.8662 0.509475 0.8847822 1
centroid 0.8370 0.8491 0.9947938 0.3375059 1
median 0.7814 0.8022 0.9027062 0.4272787 1
ward.D2 0.4782 0.4646 0.9947947 0.9996194 1
[=]
Le \O
o -
(7]
Lih]
(&)
=
(1)
= a
> < \
[s)
5
[e]
N
o™ [s)
“ o]
[s)
o g oo
Poogg o
o OOOOOOOOooooooooooooooooooo
N |
Comp1 Comp6 Comp.12 Comp.18 Comp24 Comp.30 Comp36 Compd42

Figure 12. Scree plot of the variance values of the principal components for dataset3.

For the second approach, the mean-variance value (1)
of the principal components is calculated as 0.9791 for
dataset3, and it is observed that the variance values of the
first 12 principal components are above this value. The first
12 components can explain %84.29 of the total variance in
the data set.

For the 80% specific ratio, the first 11 principal compo-
nents should be selected to achieve this specific ratio. The
first 11 components can explain %82.00 of the total vari-
ance in the data set.

If the results of these three approaches are evaluated,
it is clear that the mean-variance and 80% specific ratio
approaches give very close results. As a result of all these
evaluations, the number of components to be selected for a
robust analysis process is determined as 11.

According to the CPCC (dendl and dend2) values in
Table 12, different from the results of dataset1 and dataset2,
for dataset3, the results of PCA applied clustering analysis
have close or lower similarity rates with the distance matrix
in almost all methods except centroid linkage method. For

Table 10. The variance values of the principal components for dataset3

comp.1 comp.2 comp.3 comp.4 comp.5 comp.6

9,53E+00 7,86E+00 4,51E+00 3,45E+00 2,68E+00 2,02E+00
comp.7 comp.8 comp.9 comp.10 comp.11 comp.12
1,72E+00 1,43E+00 1,35E+00 1,25E+00 1,15E+00 1,03E+00
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Table 11. The variance explained percentages of the principal components for dataset3

comp.1 comp.2 comp.3 comp.4 comp.5 comp.6
2,12E+01 1,74E+01 1,00E+01 7,66E+00 5,94E+00 4,48E+00
comp.7 comp.8 comp.9 comp.10 comp.11 comp.12
3,82E+00 3,18E+00 3,00E+00 2,78E+00 2,54E+00 2,29E+00
Table 12. Coefficient and index results used to measure the similarity of dendrograms for dataset3

Methods CPCC CPCC CPCC BGCC FM_index

(dend 1) (dend 2) (tanglegram)

Data set 3 single 0.8718 0.8681 0.9959265 0.9962016 1

complete 0.8458 0.7562 0.5993731 0.7446837 0.7299865

average 0.9129 0.9108 0.9060994 0.9764306 1

centroid 0.8714 0.8709 0.9939731 0.5969392 1

median 0.8325 0.8174 0.9428428 0.430804 1

ward. D2 0.5453 0.5148 0.8058044 0.7859016 0.7952145
CPCC(dend1) and CPCC(dend2), while the best clustering CONCLUSION

results belong to PCA+centroid and PCA+average meth-
ods, the worst clustering belongs to the variance-based
Ward’s method due to the outliers and low correlation in
the dataset similar to datasetl and dataset2. Consistent
with the tanglegrams, the highest similarity rate belongs to
single linkage and centroid linkage methods for the CPCC
(tanglegram). When evaluated together with the tangle-
grams above, it is seen that BGCC (Baker’s gamma correla-
tion coefficient) gives inconsistent results for the centroid
and median methods as well in dataset3, and the highest
value belongs to single linkage method. The FM_indexes
in t table 12 are equal to 1 for all methods except complete
linkage and ward’s criterion linkage method. This means
that in each method except for complete and ward’s linkage,
the contents of the clusters formed as a result of cluster-
ing analysis with and without PCA are mutually identical.
By evaluating the graphics and all the calculated coefti-
cients together, it is observed that the best clustering result
belonged to the PCA+Centroid method and the cluster
contents for the 3 number of clusters are given below.

Cluster 1: Afghanistan, Armenia, Azerbaijan, Bahrain,
Bangladesh, Bhutan, Brunei Darussalam, Cambodia,
Cyprus, Georgia, Hong Kong SAR, Indonesia, Iran, Iraq,
Israel, Japan, Jordan, Kazakhstan, Kuwait, Kyrgyzstan,
Lao People’s Dem. Rep., Lebanon, Malaysia, Maldives,
Mongolia, Myanmar, Nepal, Oman, Pakistan, Philippines,
Qatar, Republic of Korea, Saudi Arabia, Singapore, Sri
Lanka, State of Palestine, Syrian Arab Republic, Tajikistan,
Thailand, Timor-Leste, Turkey, Turkmenistan, United Arab
Emirates, Uzbekistan, Viet Nam, Yemen Cluster 2: India
Cluster 3: China

PCA is one of the most important and frequently used
methods to perform dimension reduction and to cope
with the difficulties such as the increase in the amount and
dimension of the data in the data pre-processing stages.
The main purpose of this study is to examine the effect of
PCA on hierarchical methods in dimension reduction for
high-dimensional datasets. In the light of the observed
results, it is seen that, while the Elbow method, which is
one of the approaches used in PCA, gave misleading and
insufficient results, the mean-variance and 80% specific
rate approach gave consistent and reliable results. Low cor-
relation between variables reduces the dimension reduction
efficiency of PCA [26]. Despite the outliers and low correla-
tion in the datasets, effective results are obtained in terms
of dimension reduction performance, especially in the 2nd
and 3rd datasets. For datasetl, the mean absolute correla-
tion value is 0.2426, and dimension reduction with PCA is
decreased 22 variables to 8 variables. For dataset2, the mean
absolute correlation value is 0.2346, and dimension reduc-
tion with PCA is decreased 38 variables to 10 variables. For
dataset3 the mean absolute correlation value is 0.2265 and
dimension reduction with PCA is decreased 46 variables to
11 variables. When the CPCC values of the dendrograms
are examined, it is noteworthy that the values of the Ward
method are quite low for three datasets. The main reason
explaining this situation is that the Ward method includes
a completely variance-oriented merging process and the
datasets in our study contain many outliers affecting the
total variance. Considering the coefficient values, the best
clustering results for all datasets belong to Average linkage
and Centroid linkage methods in terms of CPCC (dend1)
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and CPCC (dend2) values. Both methods have low outlier
sensitivity. For these methods, it is seen that the FM_index
values are equal to 1. Therefore, the clustering results are
the same and the number of clusters is three except for
average and average+PCA in datasetl. Baker’s Gamma
Correlation Coefficients of centroid linkage and median
linkage methods, shown in red in the table 6, table 9 and,
table 12 are given misleading results, incompatible with
tanglegrams and other coefficients. For each dataset, all
tanglegrams are carefully examined and it is observed that
almost all the dendrograms obtained after the use of PCA
formed a much more ordered hierarchical structure. The
reason for this more ordered hierarchical structure can be
thought of as the reduction of the negative effects of out-
liers in the dataset when PCA is used. When the CPCC
(tanglegram) values, which measure the similarity of the
cophenetic matrices of the dendrograms, are examined,
it is clearly observed that the highest for all three datasets
belong to Centroid and centroid+PCA, in concordance
with the graphical results. This situation can be considered
as clear proof that the Centroid linkage method is the most
compatible with PCA and gives the most robust results. The
coefficients and graphs used in the study enabled us to con-
sider the results from three different perspectives; the com-
patibility probability of the merged object pairs, the branch
heights changing according to the merging criteria (cophe-
netic matrix), and the contents of the clusters created. As
an evaluation of all coefficients and graphs, for all three
datasets, the Centroid+PCA method with the highest coef-
ficients and congruent graphical results is more robust and
reliable compared to other methods. Despite the low cor-
relation and outlier disadvantages of datasets, it is observed
that PCA allows hierarchical methods to work more com-
fortably in less dimensional space and with less negative
variance effect. High-dimensional data are data types used
in analysis in many fields or sectors today. Working with
high-dimensional data is quite difficult and has disadvan-
tages such as longer processing times and lower quality of
results. However, the general result of this study showed
that the use of the PCA dimensionality reduction method
together with clustering has a positive effect on the analy-
sis process and results. As stated in the introduction of the
study, there are many studies in the literature that support
the results obtained. For example, it has been shown that
PCA positively affects classification time and performance
in the Support vector machine method [16]. Likewise, the
positive effects of different dimension reduction techniques
along with PCA have been shown in the analysis processes
carried out in facial recognition systems and automatic
intrusion detection systems [17, 19]. In addition, the posi-
tive effect of PCA in prediction with high-dimensional can-
cer data has been stated, and similarly, the positive effects of
linear and non-linear dimension reduction methods have
been evaluated in the study on fluid mechanics [18, 20]. In
this study, the dimensionality reduction ability of PCA was
evaluated only through hierarchical clustering techniques.

Three different high-dimensional datasets were used in the
study, but all three are low-correlation datasets. Positive
and beneficial results were obtained in the study carried
out under these restrictions. As suggestions for future stud-
ies, the dimensionality reduction performance of PCA can
be investigated by using different clustering techniques or
classification techniques. Additionally, the dimensionality
reduction effect of PCA can also be investigated on deep
learning methods. Another study that may be useful is to
evaluate the performance of PCA on different correlated
data sets. All parameters contained in the datasets and tan-
glegrams comparing the tanglegrams are included in the
appendix section as Table A1, Figure A1, Figure A2, Figure
A3.
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APPENDICES

Table Al. The variables used in datasets

General Information = (GI) Social Indicators = (SI)

1. Population (000, 2020) 23. Population growth rate (average annual %)

2. Pop. density (per km2, 2020) 24. Urban population (% of total population)

3. Surface area (km2) 25. Fertility rate, total (live births per woman)

4. Sex ratio (m per 100 f) 26. Life expectancy at birth (females/males, years)

5. Exchange rate (per US$) 27. Population age distribution (0-14/60+ years old, %)
Economic Indicators = (EI) 28. International migrant stock (000/% of total pop.)

6. GDP: Gross domestic product (million current US$) 29. Refugees and others of concern to UNHCR (000)

7. GDP growth rate (annual %, const. 2015 prices) 30. Infant mortality rate (per 1 000 live births)

8. GDP per capita (current US$) 31. Health: Current expenditure (% of GDP)

9. Economy: Agriculture (% of Gross Value Added) 32. Health: Physicians (per 1 000 pop.)

10. Economy: Industry (% of Gross Value Added) 33. Education: Government expenditure (% of GDP)

11. Economy: Services and other activity (% of GVA) 34. Education: Primary gross enrol. ratio (f/m per 100 pop.)
12. Employment in agriculture (% of employed) 35. Education: Secondary gross enrol. ratio (f/m per 100 pop.)
13. Employment in industry (% of employed) 36. Education: Tertiary gross enrol. ratio (f/m per 100 pop.)
14. Employment in services (% employed) 37. Intentional homicide rate (per 100 000 pop.)

15. Unemployment (% of labour force) 38. Seats held by women in national parliaments (%)

16. Labour force participation rate (female/male pop. %) Environment and Infrastructure Indicators = (ENI)
17. CPI: Consumer Price Index (2010=100) 39. Individuals using the Internet (per 100 inhabitants)

18. Agricultural production index (2004-2006=100) 40. Threatened species (number)

19. International trade: exports (million current US$) 41. Forested area (% of land area)

20. International trade: imports (million current US$) 42. CO2 emission estimates (million tons/tons per capita)
21. International trade: balance (million current US$) 43. Energy production, primary (Petajoules)

22. Balance of payments, current account (million US$) 44. Energy supply per capita (Gigajoules)

45, Tourist/visitor arrivals at national borders (000)

46. Important sites for terrestrial biodiversity protected (%)
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Figure Al. The tanglegrams for datasetl.
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Figure A2. The tanglegrams for dataset2.
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Figure A3. The tanglegrams for dataset3.



