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ARTICLE INFO ABSTRACT

In the field of data science, there are a variety of datasets that suffer from the high-dimensional,
low-sample-size (HDLSS) problem; however, only a few dimensionality reduction methods exist that
are applicable to address this type of problem, and there is no nonparametric solution to date. The
purpose of this work is to develop a novel network-based (nonparametric) dimensionality reduction
analysis (NDA) method, that can be effectively applied to HDLSS data. First, with the NDA method, the
correlation graph of variables is specified. With a modularity-based community detection method, the
set of modules is specified. Then, the linear combination of variables weighted by their eigenvector
centralities (EVCs), defined as LVs, is determined. In the optional phase of variable selection, variables
with low EVCs and low communality are ignored. Then, the set of LVs and the set of indicators
belonging to the LVs are specified using the NDA method. NDA is applied to publicly available databases
and compared with principal factoring with community analysis (PFA) methods. The results show that
NDA can be effectively applied to HDLSS datasets as it outperforms the existing methods in terms
of interpretability. In addition, the application of NDA is easier, since there is no need to specify the
number of latent variables due to its nonparametric nature.
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1. Introduction

In high-dimensional data, the number of variables is usually
much larger than the sample size. Since in such a dataset,’
many dimensions are irrelevant or redundant, dimensionality
reduction has become an essential element of the engineering
approach to mathematical modeling [1,2]. Many model reduction
methods have been developed and successfully implemented in
applications, such as approximation by manifolds, graphs, and
complexes [3,4]; low-rank tensor network decompositions [5,
6]; deep generative models, such as the variational autoencoder
(VAE) [7-9]; ensemble learning methods, such as boost [10], ran-
dom forest [11], forest of extreme learning machines with rule-
base transferring (FELM-RT) [12], ensemble of radial basis func-
tion neural networks in decision tree structure with knowledge
transferring (ERDK) [13], and forest of decision trees with radial

* Corresponding author at: Department of Quantitative Methods, University
of Pannonia, Egyetem Street 10, Veszprém, H-8200, Hungary.
E-mail address: kosztyan.zsolt@gtk.uni-pannon.hu (Z.T. Kosztyan).
1 These are often termed high-dimensional, low-sample-size (HDLSS)
datasets.
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basis function networks and knowledge transferring (FRDK) [14],
as well as various versions of factor analysis (FA) [15,16] and
principal component analysis (PCA) [17-20].2

Note that while both PCA and PFA are widely used methods
of dimensionality reduction, they have a major disadvantage. In
these methods, it is assumed that data are linearly separable.
However, the linear model is not always reliable in capturing
nonlinear relationships in real-world problems, especially with
limited samples [7,22]. To solve this problem, Schélkopf et al.
[23,24] proposed kernel PCA (KPCA), which is a non-linear exten-
sion of PCA that uses kernel methods. The application of KPCA
in the field of HDLSS data analysis is an active research area.
For instance, Liu et al. [25] and Reverter et al. [26] applied this
method for the analysis of HDLSS gene expression data, while
in their recent paper, Nakayama et al. [20] tested clustering
performance on HDLSS microarray datasets.

An additional difficulty in applying ordinary PCA is that prin-
cipal components are usually linear combinations of all input

2 Furthermore, the combination of multiple feature selection methods is a
widely used approach. The performance of various parallel and serial combi-
nation techniques using HDLSS data was examined and compared by Tsai and
Sung [21].
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variables, which makes it difficult to interpret the results, espe-
cially in the case of HDLSS datasets (see, e.g., [27]). To address this
problem, Zou et al. [28] proposed sparse PCA (SPCA), which aims
at producing easily interpreted models through sparse loadings;
i.e., the principal components are linear combinations of a subset
of the original variables [29]. Moreover, Jiang et al. [30] proposed
the approximated gradient flow (AgFlow) method to lower the
computation complexity of the aforementioned problem under
HDLSS settings. In contrast to PCA, there is an iterative feature
(i.e., variable) selection step in PFA called communality analysis,
in which irrelevant indicators (for which the square correlation’
between an LV and the indicator is below a certain threshold),
and after factor rotation, common indicators (where the commu-
nality values for different LVs are similar) can be ignored. The
interpretation of a factor depends on which group of variables
is correlated with it. In other words, the interpretation of a
factor reveals which indicators belong to the factor. Therefore, it
must be clearly determined to which factor a variable belongs.
Otherwise, the factors will be difficult to interpret [31]. For this
reason, common variables should also be ignored. In this study,
we show that this variable selection approach can be adapted
to the proposed network-based (nonparametric) dimensionality
reduction analysis (NDA).

Explanatory FA (EFA) [32] and PCA are statistical methods that
are widely applied to simplify complex sets of data and to de-
scribe the covariance relationships among variables. While both
the EFA and PCA methods seek to approximate the covariance
matrix, the EFA model is more complex, as its major question is
whether the data are consistent with a prescribed structure. The
two methods are used to reduce a large number of variables to a
smaller number of factors called latent variables (LVs). Common
FA (CFA) [33], also called principal FA (PFA) [34] or principal
factoring, can be considered a combination of FA and PCA. PFA
also seeks the fewest factors that can account for the common
variance (correlation) of a set of variables. PCA can be defined
as follows: Z = FL, where Z is the standardized original data
matrix (denoted as D), F is the standardized factor score matrix,
and L is a factor multiplied by the variable weight matrix (factor
x variable weight matrix) [35]. The columns of L are multiplied
by the square root of the corresponding eigenvalues, that is, the
eigenvectors are scaled up by the variances. It is assumed that
Z represents the variance of a variable, F represents a variance
of common factors (or a common variance among Z and other
variables in the analysis), and L represents coefficients showing
how F and Z are related [34]. The PFA equation is Z = FL + U.
The difference between the two equations is the last component
(i.e, U). uy; € U is the unique variance of a variable j. U contains
both the unreliable variance of the measurement error and the
reliable variance, which does not overlap with the common vari-
ance [36]. PCA assumes that the communality (h} = Z}; pizj),

i.e., the common variance, becomes maximized and that there is
no unique variance in each variable. In contrast, PFA assumes that
there is a substantial amount of unique variance (y; = 1 — hiz)
and reliable common variance [34]. PCA condenses the original
variables into a smaller number of components, thus performing
a model or dimensionality reduction. PFA finds a factor model
(factor structure) that best reproduces the observed correlation
and thus is aimed at explaining the correlation between vari-
ables [34]. Since PFA specifies variables, this method usually
involves variable selection, where multicollinear and irrelevant
variables must be ignored.

Despite the widespread use of PCA- and FA-related methods,
they have several shortcomings, which have to be improved:

3 This is referred to as the communality value.
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1. Both EFA and PFA assume that the number of observations
should be at least 10 times the number of variables [37]. It
has also been reported that the use of PCA in the analysis of
the HDLSS dataset did not yield satisfactory results [38,39].
Unlike SPCA, these methods cannot be used if the number
of observations is equal to or lower than the number of
variables.

2. PFA handles only scale variables. Despite the fact that sev-
eral methods, such as confirmatory FA (CoFA) [40], are
already able to handle nonscale variables such as ordinal
variables [41], arbitrary (e.g., nonlinear, ordinal-scale) in-
terdependencies between indicators cannot be addressed.

3. Although an explanation of the total variance of LVs and
eigenvalues can help us to determine the maximal num-
ber of LVs, there is no exact method to specify the num-
ber of LVs, which is problematic because the number of
LVs should be specified before performing FA. PCA and its
extensions are also typically parametric methods.

The proposed method fills these gaps.

1. First, the correlation graph between indicators is spec-
ified. A modularity-based community detection method,
such as the Louvain [42] or Leiden [43] method, specifies
modules in the correlation graph. These modules specify
the set of indicators, where the interdependencies within
a module are higher than those between modules. This
modularity-based community detection method can be ap-
plied to large-scale correlation graphs, where the nodes are
variables and the arcs between nodes are the correlations
between variables.

2. By specifying the correlation graph through communality
analysis to specify the factor loadings and factor scores,
instead of Pearson’s correlation, the Kendall and Spearman
correlations can be used if ordinal variables need to be
addressed. However, in the case of arbitrary detection, such
as the detection of nonlinear interdependencies, the dis-
tance correlation (DC) [44] can also be used in the proposed
method. The advantage of applying the DC is that its value
is zero if and only if there is no dependency between
variables.

3. After carrying out modularity-based community detection,
the number of modules specifies the number of LVs. The
linear combination of the eigenvector centrality (EVC) and
indicators specifies the LV in a module. The optional itera-
tive feature selection phase refines the LVs while ignoring
indicators with low EVC and/or low communality.

In other words, the contribution of this paper is the develop-
ment of an NDA method that can be applied to HDLSS data and
has the following properties:

. Non-parametric;

. Robust (scaleable);

. Handles non-linear measures;

. Supports geometric representations;
. Includes embedded feature selection.

U WN =

This paper is organized as follows. Section 2 introduces the
data utilized in this study and the methodology. Section 3 details
the calculation process. Section 4 presents and discusses the
results of the NDA method, and also compares the results of the
NDA method with the results of the PFA, PCA, and SPCA methods.
Finally, Section 5 provides the summary and conclusions of this
work and, proposes future research directions.
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2. Materials and methods
2.1. Data employed

Two publicly available data sources are employed. The first
is the CWTS Leiden Ranking 2020 database, which includes 42
indicators and 1176 universities from all around the world.* The
Leiden Ranking offers a multidimensional perspective on univer-
sity performance. The Leiden Ranking provides indicators of sci-
entific impact, collaboration, open-access publishing, and gender
diversity. Size matters when comparing universities: performance
can be viewed from an absolute or a relative perspective (e.g., the
number versus the percentage of highly cited publications). Thus,
size-dependent and size-independent indicators are consistently
presented together in the Leiden Ranking. Hence, both types of in-
dicators need to be taken into account. The CWTS Leiden Ranking
2020 provides statistics not only at the level of science as a whole
but also at the level of the following five main fields of science:
(1) Biomedical and health sciences, (2) Life and earth sciences,
(3) Mathematics and computer science, (4) Physical sciences and
engineering, (5) Social sciences and humanities. The Leiden Rank-
ing is based on publications in the Web of Science database
produced by Clarivate Analytics. The most up-to-date statistics
made available in the Leiden Ranking are based on publications in
the period 2015-2018, but statistics are also provided for earlier
periods. Since, the number of observations (i.e., universities) is
more than ten times greater than the number of variables, PFA
and the proposed NDA can be compared. The CWTS Leiden 2020
university ranking database (herein, the CWTS'2020 database)
contains several time periods and scientific fields. We consider
only the latest (2015-2018) time period and include all scientific
fields. To calculate the impact indicators, we perform fractional
counting.” The list of applied indicators are in Appendix A.

The second database is a joint dataset of official COVID-19 re-
ports and the governance, trade and competitiveness indicators of
World Bank Group platforms [45]. This cross-section includes the
governmental, trade, and competitiveness relationships among
official COVID-19 reports. It contains 18 COVID-19 variables gen-
erated based on the official reports of 138 countries, as well as
an additional 2160 governance, trade, and competitiveness indi-
cators from the World Bank Group’s GovData360 and TCdata360
platforms.5 With the exception of the 18 COVID-19 indicators, all
indicators are used from this database. The list of indicators can
be found in Appendix B. In both cases, the original values of the
given indicators of these two datasets are used without any data
cleaning or data manipulation. This database includes 2160 gov-
ernance, trade, and competitiveness indicators (herein, GovDB’20)
are used for the 138 countries, the number of indicators is ten
times greater than the number of observations. Therefore, PCA
and PFA cannot be used.

2.2. Methods employed

2.2.1. Applied correlation coefficients

The first step of the proposed NDA method is to specify the
bivariate correlation graph between indicators. Several bivariate
correlation coefficients exists. One of the most widely used is

4 The database can be downloaded for free from https://www.leidenranking.
com/ranking/2020/list (retrieved: May 14, 2021).

5 The fractional counting method gives less weight to collaborative
publications than to noncollaborative ones.

6 More information about the GovData360 and TCdata360 platforms can
be found at https://govdata360.worldbank.org/ (retrieved: May 14, 2021) and
https://tcdata360.worldbank.org/ (retrieved: May 14, 2021).
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Pearson’s correlation coefficient (see Eq. (1)), which measures the
linear correlation between two variables (v;, vj).
E[(vi — My )(vj - /'ij)]

pv,:,uj- = oo ) (1)
v;Ov;

where E(v;) = p,, is the mean value and o,, is the standard
deviation of variable v;.

Pearson’s correlation coefficient measures only the linear cor-
relation between metric (i.e., continuous) variables. The Spear-
man correlation coefficient is defined as the Pearson correlation
coefficient between ordinal variables. The Kendall correlation is
defined as:

Tojp = m[nc(viv v;), na(vi, vj)l, (2)
where n¢(v;, v;) is the number of concordant pairs and nq(v;, v;)
is the number of discordant pairs.’

The Spearman and Kendall correlation coefficients are suitable
for ordinal values but can also be used on metric values; in this
way, not only linear but also monotonic relationships between
variables can be measured.

The distance correlation [44,46] is a measure of the associa-
tion strength between nonlinear random variables. It surpasses
Pearson’s correlation because it can be used to discern other
associations in addition to linear ones and can work multidimen-
sionally. The distance correlation ranges from O to 1, where 0
implies independence between variables v; and v; and 1 implies
that the linear subspaces of v; and v; are equal. Define X = v; and
Y = v;. The distance correlation is specified as:

dCov(X, Y)

dCor(v;, vj) = dCor(X,Y) = TVar() - aVar s’ (3)
where dVar(X) = dCov(X, X), and
1 N N
dCov*(X,Y) = T > AxBx, (4)
J=1 K=1

where N is the number of observations. Here,

Ak =g — @ —dg —a. (5)
Bjx = byx —by. — by — b.., (6)

where a; x = [|X;—Xk|l, by = 1Y, = Yl.J, K =1,2,...,N; ||l is
the distance measure; and @;. = %Zzzl ax, dx = + 27:1 ag g,
anda. =53 ax.

The distance correlation is also an extension of Pearson’s cor-
relation and the Spearman correlation; however, Székely and
Rizzo [46] stated that the distance correlation is 0 if and only if
X =v; and Y = vj are independent.

NDA can apply all the above correlation coefficients; however,
when analyzing the nonlinear relationship between variables, the
distance correlation is recommended. Furthermore, the square
correlation between variable v; and variable v; is denoted as r;;.

2.2.2. Modularity-based community detection

After the correlation graph is determined from the variables,
a modularity-based community detection method can be used to
specify the group of highly intercorrelated variables.

In this study, we use the modularity measure introduced
by Newman [47], represented in Eq. (7), to uncover modules and

7 Any pair of observations (x;,y;) and (x;,y;), where i < j, are said to be
concordant if the sort order of (x;, x;) and (y;, y;) agrees, that is, if either both
X; > x; and y; > y; hold or both x; < x; and y; < y; hold; otherwise, they are
said to be discordant.
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to set up the modular structure of the network. A network mod-
ule is a subgraph whose vertices are more likely to be connected
(i.e., variables are more likely to be correlated) than those outside
the subgraph.

1 .
M=) (ry = viiy) (G, ), 4

y

where M is the modularity value; r;; is the edge weight between
node i and node j; f;; is the expected weight between node i and
node j (the so-called null model); L is the total number of weights
in the network; y is a constant (default value is 1); and the
Kronecker § is 1 if the community of variable i and the community
of variable j are the same and O otherwise. In the correlation
graph, the nodes represent variables and the edges represent the
bivariate square correlations between variables. As a null model,
we use Newman'’s [47] configuration model, which here is 17; =
%, where r; and r; are the outdegree and indegree of nodes i
and j, respectively. In addition, fi; = =2 > > iy Tij and
fij = 'min are allowed.

Modularity reflects the extent of expected edge weights rela-
tive to the random configuration network (where the edge weight
is 7; ;). The modularity maximization algorithm organizes the ver-
tices into groups such that the edge weights within the modules
are as large as possible compared to the configuration model. We
used both the Louvain [42] and Leiden [43] algorithms. The Leiden
algorithm takes more time but outperforms the popular Louvain
algorithm [43].

2.2.3. Calculating the latent variables with eigenvector centralities

In network science, EVC is a measure of the influence of a node
in a network [48]. Relative scores are assigned to all nodes in the
network based on the concept that connections to high-scoring
nodes contribute more to the score of the node in question than
equal connections to low-scoring nodes. A high eigenvector score
means that a node is connected to many nodes who themselves
have high scores. The EVC for variable v; (i.e., for node i) can be
calculated as follows:

1
G=ry Z TiiCj, (8)
j

where R is a constant and r;; is the edge weight (i.e., square cor-
relation) between nodes (i.e., variables). The centrality measure
has several important properties: the score value is independent
from the node properties, and it depends only on the network
structure. Nodes with low centrality values are called peripheral
nodes, while nodes with high centrality values are called core
nodes.

The EVC has additional important properties, e.g., anonymity,3
symmetry,” positive homogeneity,'® and robustness.!!

The LV for the module C; is calculated as follows:

Dieq, CiZi
Zieq ¢

where LV, is the LV for module C;; ¢; is the EVC of variable v; and
zi = (Vi — Uy;)/0y, is the standardized variable of variable v;.

LV, = 9)

8 The scores of nodes are unaffected by the way in which they are labeled.

9 Symmetric nodes receive the same score.
10 This means homogeneity for all positive values.
11 This indicates invariance after adding an average node.
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3. Calculation

The calculation is performed as follows. Steps 1-3 of the cal-
culation specify the LVs. These steps are mandatory. In contrast,
steps 4-5 are supplementary steps. These steps are good for the
variable selection process and the refinement of the LV. While
steps 4-5 are optional, they help us to satisfy the following
assumptions:

Assumption 1. The minimal centrality value or minimal commu-
nality value of variables must be greater than a certain threshold.

This assumption ensures that the LV describes the variables in
a module and that indicators in a module belong to its LV.

Assumption 2. There are no common variables.

This assumption ensures that there is no indicator that belongs
to more than one LV.

Denote the set of variables as {vy,..., vy} =V.vq,...,v, €
R™, where m is the number of observations and n is the number
of variables.

Step 1: Specification of the correlation graph

Denote G(NV, A, W) as the undirected weighted graph of the
correlation graph, where A is the set of nodes. The node i repre-
sents the variable i, i =1, 2,...,n. Ais the set of arcs, and W is
the set of arc weights. The weight of an arc is a square correlation
(denoted as r;; = w;; € W) between two variables. The minimal
square correlation i, can be specified to make the graph sparse
and to ignore low correlations. Formally, a;; € A <= i,j e N
and wij = rij > TI'min.i # j. In this graph, we neglect loops
(a;; & A).

The layout applied for visualization of the correlation graph
was the Force Atlas II (FA2) algorithm [40]. This algorithm has
a force-directed layout: it simulates a physical system to spa-
tialize a network. Noack [49] showed that force-directed lay-
outs optimize the modularity measure. Communities appear as
groups of nodes. FA2 implementation of the adaptive local and
global speeds gives good performances for networks of fewer
than 100,000 nodes [49].

Step 2: Community detection

Modularity-based community detection algorithms minimize
Eq. (7). The result of community detection is a partition of the
graph. Isolated nodes and variables with low correlation are clas-
sified in a small community; therefore, the minimal number of a
variables within a community (n{ ;) is specified. The result of the
modularity-based community detection is N modules. Modules
are subgraphs of the correlation graph. Formally, C1, C3, ..., Cy €
G.GNG=01,]e{l,...,N},UN_ C € G, which is true for all
Cl(-/\/h AI7W1) e = |-/\/I| > n¢

min*®
Step 3: Specification of the latent variables

LV, is specified within module I as a linear combination of the
centrality variable and the standardized variable v; (see Eq. (9)).
The authors suggested the EVC because of its beneficial prop-
erty (see Section 2.2.3), but any other centrality measure can be
applied.

Step 4 (optional and iterative): Ignore variables with low cen-
trality values

This iterative step involves multiple feature selections. Vari-
ables with low centrality values have low weights for specifying
the LV; therefore, they can be ignored if their centrality value is
lower than a specified cpi, value. Ignoring low-centrality-value
variables is an iterative process because, in every step, the LV will
be modified. Therefore, in one iteration, only the variable with
the lowest centrality is ignored. This iterative process ends if the
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minimal centrality value for variables within a module is greater
than Cpin.

Step 5 (optional and iterative): Communality analysis

The alternative step of variable selection is to ignore variables
based on communality analysis. This communality analysis fol-
lows that of PFA [31]. Similar to PCA, EFA and PFA, the factor
loading L;; is the correlation between the LV LV; and the variable
v;i (Li; = cor(LV}, v;)). The communality value of variable v; is
h; = max Lf,. Similar to step 4, a variable can be ignored if
its communality value is lower than a threshold (hp;,). However,
the elimination process is an iterative process, which means that
only the variable with the minimal communality value is ignored
because, in every cycle, the LV should be recalculated for the
remaining variables. This iteration ends if h; > hy,, is satisfied
for all remaining variables.

Modularity-based community detection methods define dis-
tinct communities, where the correlation between communities
is much more lower than the correlation within a community; as
a result, the correlation between LVs has to be low, and common
indicators can exist. To ensure completeness, for the variable (v;),
suppose that |Lj¢| > |Li2| > --- > |Lin| is satisfied. v; is not a
common indicator if either |L; 1| > |L; 2|+ Cnin O |L; 1| > 2|L,-’2|]2;
otherwise, it is a common indicator. In an iteration, that common
indicator, which has the lowest communality value, is ignored.
This iteration ends if there are no more common indicators.

While the assumptions are not satisfied, the iteration returns
to step 3 to recalculate the LVs.

At the end of these steps, N LVs are specified (see steps 1-3).
Moreover, the assumptions are satisfied. Similar to PFA, the factor
loading, factor scores, and communality values can be calculated.
These LVs can also be rotated via different kinds of rotation
techniques.

Additional applied measures

The sets of indicators were compared by using Jaccard’s dis-
tance, which is defined as follows:

ANB
AUB’

where A, B are the sets of indicators.!>

dj(A. B) = (10)

4. Results and discussion
4.1. Comparison of NDA with PCA and PFA on non-HDLSS data

The proposed NDA is compared to PFA and PCA on the
CWTS'2020 database. Fig. 1(a) shows a scree plot of the indicators.
The scree plot suggests that the first two components explain
the most indicators; however, in the case of PCA, there are 6
components, while in the case of FA, there are 4 LVs.

The biplots and 3D plots show the correlations between the
indicators and the components. The indicators are expected to be
grouped and/or fitted into a latent variable. Common indicators
correlate more than one LV, and therefore, they do not fit any
LV. The biplot of PCA (Fig. 1(b)) shows that in the case of 2
LVs, 2 kinds of groups can be distinguished; however, these
components are very mixed. For example, all the open-access
(e.g., gold, bronze, hybrid and green) indicators, gender issues,

12 Cmin < 0.25 is a constant.

13 I this paper, d;(A, B) € [0, 1] was used only for the comparison of the sets
of indicators; however, this measure can also be used instead of the correlations
if it is more interpretable than the correlations between indicators.
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collaborations (collab) and publication output indicators are dif-
fused into these two components. In addition, there are several
common indicators, which do not fit with any component (LV).

Similar to PCA, when specifying two latent factors with PFA
(see Fig. 2(a)), the set of indicators is diffused within the two
factors. The LVs are very difficult to interpret.

In the case of gender issues (PA_F, PA_F_MF, PA_M_MF)4
Appendix A., the absolute indicators and relative indicators are
mostly divided into separate LVs (see Fig. 2(b)). Nevertheless, the
absolute and relative indicators are moderately correlated with
each other; therefore, several indicators, such as proportional and
absolute open-access indicators, belong to the same LV.

In contrast to PFA and PCA, the proposed NDA specifies the
number of LVs, which is three in this case. LV; corresponds to
relative and normalized values, while LV, corresponds to abso-
lute values of the publication and collaboration performances of
the universities. LV3 specifies the authorship gender rate (see
Fig. 3). The relative or proportional and the absolute indicators
are clearly separated into different LVs.

4.2. Comparison of NDA with SPCA on HDLSS data

The real benefit of the proposed algorithm appears when the
number of observations is lower than the number of indicators.
Since the number of indicators in GovDB’20 is 2160 and the
number of observations (i.e.,, countries) is only 138, PCA and
PFA cannot be used. Therefore, in the analysis of the GovDB’20
dataset, NDA is compared to SPCA. Note that although KPCA
is also a popular method for analyzing HDLSS datasets, due to
the kernel trick it applies, interpretation of the latent variables
(principal components) determined by this method is almost
impossible.

In the case of SPCA, the number of extracted components
(latent variables) was set to four as the input parameter. Fig. 4
shows the 3D representation of the variable loadings.

As Fig. 4 shows, due to the sparse structure of the result-
ing loadings, the original variables are separated well by the
latent variables. Interpretation becomes difficult in the case of
more than one hundred variables. Therefore, to interpret the
LVs, text mining is applied to the variable names within each
LV. The text-mining process involves lowercase transformation,
special character removal, part-of-speech (POS) tagging, lemma-
tization, stop-word removal and tokenization. To visualize the
most frequent terms per factor, word clouds are drawn.

In the applied database, each variable is assigned to a specific
dataset. To achieve better interpretation, we also analyze the
composition of the factors from the dataset perspective. For each
term in the word clouds, the relative number of occurrences of
the word within the variables of each dataset is calculated. Each
term is assigned to the dataset in which its relative occurrence is
maximal. Fig. 5 shows the most frequent words and the dataset
contribution for each latent variable.

As Fig. 5(a) shows, LV; contains infrastructure and business-
related variables, LV, corresponds to freedom and democracy
indicators, and LV3 is associated with trade and development. LV,
is associated with indicators from mixed topics. Based on the
dataset ratios (Fig. 5(b)), LV, and LV3; have dominance that can
be interpreted well in terms of contributing datasets, but LV; and
LV,4 show small differences, as is also reflected by the wordclouds.
In what follows, NDA is tested on the GovDB’20 dataset.

As a first step of NDA, the (square) correlation graph'® is
specified (step 1), where the minimal correlation is specified to
be between 0.4 and 0.9 (see Fig. 6). The FA2 layout also shows
the potential communities.

14 The definitions of these variables can be found in.

15 The correlation graph of Leiden’'s CWTS indicators can be found in
Appendix C in Fig. 12.
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Principal Component Analysis
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(b) Biplot of PCA

Fig. 1. Scree plot and biplot of PCA.
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Fig. 2. Indicators of PFA (hpin := 0.2, Cpin := 0.1).
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Fig. 3. Biplots of NDA (hpin := 0.2, Cipin := 0.1, Cin = 0.05, n¢

Fig. 6 shows a comparison of correlation graphs with differ-
ent thresholds (rmin). These thresholds are applied only for the
visualization because a higher threshold produces more isolated
points in the correlation graph. In addition, the increase of the
correlation threshold ry;, can produce more communities. Since
the distance correlation between two indicators is 0 if and only if
they are independent of each other, we applied the DC; however,

Latent variable 2

=2, I'min = 0).

'min

this required more than one hundred times the computational
time required to calculate Pearson’s or Spearman’s correlation.
Therefore, applying the Spearman correlation may be more prac-
ticable for a large-scale dataset. The Spearman correlation can
also handle nonlinear and monotonous relationships between in-
dicators. Fig. 7 shows the modules for the correlation graphs. For
every correlation graph, both the Leiden and Louvain algorithms
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Fig. 4. 3D plots of the selected GovDB’20 variables given by the SPCA.
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Fig. 5. Representation of the latent GovDB'20 variables given by the SPCA.

specify 4 communities. For a better interpretation, only those
correlations that exceed the threshold (7, ) are represented (see
Fig. 7).

The results of Leiden’s and Louvain’s modularities are very
similar (compare Fig. 7(a-b) and (c-d)). The mean Jaccard dis-
tance between the adequate Leiden and Louvain modules is 0.98,
while the mean Jaccard distance of adequate modules on the
Spearman and distance correlation graphs is still 0.85. Because
of the beneficial properties of the distance correlation and Lei-
den’s modularity algorithm, in this example, these algorithms are
applied.

The remaining hyperparameters (Cmin, Amin, Cmin) do not in-
fluence the number of communities (i.e., the number of latent
variables), but they increase interpretability by satisfying As-
sumptions 1-2. Fig. 8 shows the effects of feature selection.

By increasing the minimum EVC (cp,,), peripheral indicators
are excluded (see Fig. 8(a-e)). Nevertheless, this feature selection

alone does not ensure better interpretability of the LVs. Table 1
shows that an increase in the minimal centrality value (Cmin
does not affect the minimal communality value (min(h)). The low
communality value indicates that there are indicators that are not
correlated with any LV.

Table 2 shows the effect of increasing the minimal communal-
ity constraints. Increasing the minimal communality constraint
ensures that all indicators correlate with at least one LV. Never-
theless, in this case, both core and peripheral indicators may be
excluded (see Fig. 8(f-j)). Therefore, the minimal EVC is low (see
Table 2).

An increase in both the minimal communality and minimal
centrality constraint can ensure the satisfaction of Assumption 1.
Hence, LVs are the core indicators, which are correlated to the
adequate LV. The correlation of LVs can be high (see max; [Ty
columns in Tables 1-2). Therefore, the common communality
constraint (Cp,) must be increased to improve the separation of
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Pearson’s correlation (a-f)
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Spearman’s correlation (g-1)

(&) rmin:=0.4 (h) ruin:=0.5 (i) rmin:=0.6

(.]) Tmin:=0.7 (k) Tmin:=0.8 (1) Tmin:=0.9

Kendall’s correlation (m-r)
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Distance correlation (s-x)
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Fig. 6. Correlation graphs (FA2 layout).

Table 1 Table 2

The effect of the centrality constraint (Cpin)- The effect of the communality constraint (hpy;p).
Crmin Rmin n ny ns3 ny min(c) min(h)  max; |rLij | Crin Rmin n n, ns3 ng min(c) min(h) maxij |er,] |
000 O 592 680 328 558 0.0002 0.0016 0.9961 0 000 592 680 328 558 0.0002 0.0016 0.9961
001 O 578 662 312 390 0.0099 0.0021 0.9981 0 0.05 283 307 187 241 0.0047 0.0501 0.9967
002 0 529 558 266 250 0.0197 0.0015 0.9270 0 0.10 148 141 137 123 0.0116 0.1008 0.9964
0.03 0 458 410 234 205 0.0298 0.0008 0.9984 0 0.15 72 61 101 77 0.0054 0.1702 0.9942
004 O 351 257 197 187 0.0401 0.0010 0.9885 0 020 51 43 74 63 0.0035 0.1994 0.9938
005 0 110 146 155 154 0.0501 0.0025 0.9980 0 025 32 33 53 55 0.0028 0.2468  0.9936

Notations: cy,i,: minimal centrality constraint; hpi,: minimal communality con-
straint; n;: number of indicators in module i; min(c): minimal centrality value;
min(h): minimal communality value; maxij(rLVi].): maximal absolute correlation
value between latent variables.

LVs. The orthogonal rotation methods can also be used to separate
factors; however, if the unrotated LV matrix is highly correlated,
the variables cannot be separated, and as a result, the LVs will
be difficult to interpret. Therefore, all constraints, such as the
minimal centrality constraint (Cnj,), the minimal communality
constraint (hyi,) and the common communality constraint (Cpin),
should be specified to decrease the maximal correlation values
between LVs max; (71,1 and increase the minimal communality
value min(h) and minimal centrality value min(c). Fig. 9 shows

Notations: cp,: minimal centrality constraint; hp;,: minimal communality con-
straint; n;: number of indicators in module i; min(c): minimal centrality value;
min(h): minimal communality value; max;(ryy,): maximal absolute correlation
value between latent variables.

a 3D plot of the selected variables, the minimal centrality (com-
munality) of the variables and the maximal correlation between
LVs.

The results show that all assumptions are satisfied. In addition,
the indicators can be separated. However, Fig. 9 involves only four
group indicators; the already introduced text-mining approach is
applied (see also Fig. 5) to interpret the LVs. Fig. 10 presents the
results of NDA without performing feature selection.



Z.T. Kosztydn, M.T. Kurbucz and A.l Katona Knowledge-Based Systems 251 (2022) 109180

Spearman’s correlation graphs (a-b)
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(a) Louvain’s modules (b) Leiden’s modules

Distance correlation graphs (c-d)

(¢) Louvain’s modules (d) Leiden’s modules

Fig. 7. Correlation graphs obtained with modularity-based community detection algorithms (ry, := 0.6).

Application of the eigenvector centrality constraint (cpi; a-e)

(a) emin :=0.01 (b) ¢min :=0.02 (¢) cmin :=0.03 (d) cmin :=0.04 (&) cmin := 0.05

Application of the communality constraint (Ami,; £-)

(f) Cmin == 0.05 (8) Cmin :=0.10  (h) Cmin :=0.15 (i) cmin :=0.20  (j) Cmin := 0.25

Fig. 8. Characteristics of feature selection.
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Fig. 9. 3D plots of selected variables, with ny = 146, n, = 190, n3 = 36, n4 = 51, min(c) = 0.1031, min(h) = 0.0661, max; lerul = 0.1205.
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Table 3
Correlation matrix of the latent variables (LVs)
LV] LVZ LV3 LV4
LV; 1.0000 0.0024 —0.0236 —0.0548
LV, 0.0024 1.0000 —0.0106 0.1107
LV —0.0236 0.0106 1.0000 0.1205
LV, —0.0548 0.1107 0.1205 1.0000

Fig. 10 shows that the four groups are very mixed. Several
words, such as import, trade, etc., are included in every group. De-
spite the variables being different, variable selection is required
to filter out any irrelevant and common variables.

The variable selection saves the most relevant variables (n; =
146,n, = 190,n3 = 36,n4 = 51); nevertheless, it increases
the communality and centrality values while keeping the LVs as
uncorrelated as possible (min(c) = 0.1031, min(h) 0.0661,
max; |1y, | = 0.1205). Table 3 shows the correlation factor matrix
of the LVs.

10

World Integrated Trade Solution
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10. Representation of the latent variables without selection.

Similar to Fig. 10, the results obtained after variable selection
are shown in Fig. 11.

Fig. 11 helps us to interpret the LVs. Starting the interpretation
from the last LV, LV, corresponds to the freedom and democracy
indicators. Most of these indicators come from the Global State of
Democracy database. The third LV (LV3) corresponds to the global
trade and development indicators, such as the import, export,
GDP and trade indicators. Most of these variables come from the
World Development Indicators and United Conference on Trade
and Development statistics. The second LV (LV,) corresponds
mainly to indicators related to business and investment. Most of
these indicators come from the World Economic Forum, Global
Innovation Index and Doing Business datasets. The first LV (LV;)
corresponds mainly to the research and economy indicators. These
indicators come mostly from the World Economic Forum dataset.
Two out of the four resulting topics are also observable in the re-
sults of SPCA; however, the latent variables are easier to interpret,
and NDA reveals two additional distinguishable topics, research
and economy and business and investment (see Figs. 5 and 11).
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B: Ratio of variables from a specific
dataset per factor

t

0 01 02 03 04 05 06 07 08 09 1

Dataset ratio
Legend:
- ==World Economic Forum = Worldwide Governance Indicators
Global Competitiveness Index — Worldwide Exclusion Indicators
=Global Innavation Index World Integrated Trade Solution
‘Global State of Democracy World Bank Group's Fragile, Conflict and
=World Development Indicators Violence Group Harmonized List of
—United Nations Conference on Trade and arod
Development Statistics Fragile Situations
Doing Business — Freedom House
==WEF: Global Information Technology Report == Failed States Index
World Travel & Tourism Council == WEF GCI Most Problematic Factors
==World Justice Project - Rule of Law World Economic Forum Global
Polity IV Gender Gap Report

== United Nations Conference on
Trade and Development
Heritage Index of Economic Freedom

Fig. 11. Representation of the resulting latent variables after variable selection. LV; = Research & Economy, LV, = Business & Investment, LV3 = Trade & Development,

LV, = Freedom & Democracy.

Settings of NDA. The NDA is a nonparametric data reduction
method. The term nonparametric means that the number of LVs
is the result of dimensionality reduction; however, it can be
controlled by several constraints, such as the minimal variables in
a community and the minimal variable correlation. The increase
in the minimal correlation (rny;,) separates the communities in
the correlation graphs; therefore, it can increase the number of
LVs (see Fig. 6). However, after community detection, none of the
hyperparameters influence the number of LVs, only their contents
via feature selection. The applied modularity-based community
detection methods group highly correlated variables into a mod-
ule, and within a module, an LV can be specified as a linear
combination of the variables and their EVCs. If constraints are
neglected (formally: Cmin = hmin = Cmin = 0), feature selection is
not provided. However, the increase in the centrality (cpin) and
communality constraints (hpi,) can reduce irrelevant indicators,
while the increase in the common communality constraint (Cp;p)
can reduce the set of common indicators; in this way, it can
reduce the correlations between LVs to promote the interpretabil-
ity of LVs. After variable selection, independent LVs and their
indicators can be specified even if there are few observations.
As we introduced the usage of NDA, at first, it should be used
without feature selection (Cpmin = hmin = Cmin = 0) in order
to specify the number of communities. If the modules are stable,
similarly to any clustering algorithm, the hyperparameters should
be increased one by one to achieve the specified thresholds to
satisfy Assumptions 1-2.

5. Summary and conclusions

This study proposes a nonparametric network-based dimen-
sionality reduction method (NDA). The proposed NDA method
is ideal for HDLSS datasets, where the number of variables is
much larger than the number of observations, and furthermore
its application shows several advantages compared to the existing
methods.

First, it can be effectively applied to any datasets due to the
built-in feature selection module. Second, NDA shows better in-
terpretability then the results given by SPCA. Third, its application
is easier since there is no need to specify the expected number of
latent variables due to its nonparametric characteristics.
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The NDA is implemented in both R and MATLAB. The authors
will provide freely available packages for both R and MATLAB. In
the next paper, we will show how to extend this algorithm to
handle topic mining problems. In the case of topic mining when
segmenting the so-called document term matrix, we have to face
a similar problem. The number of topics also has to be predefined,
and NDA provides the number of topics. In addition to feature
selection, the frequency of common terms can be reduced. This
method will be described in the next paper.
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Table 4
Indicators of the CWTS Leiden Ranking 2020 database.
Variable Definition
P Total number of publications of a university.

P(top 1%)
P(top 5%)
P(top 10%)

P(top 50%)

The number of a university’s publications that, compared with other publications in the same field and in the
same year, belong to the top 1% most frequently cited.

The number of a university’s publications that, compared with other publications in the same field and in the
same year, belong to the top 5% most frequently cited.

The number of a university’s publications that, compared with other publications in the same field and in the
same year, belong to the top 10% most frequently cited.

The number of a university’s publications that, compared with other publications in the same field and in the
same year, belong to the top 50% most frequently cited.

% PP(top 1%) The proportion of a university’s publications that, compared with other publications in the same field and in the
] same year, belong to the top 1% most frequently cited.
5 PP(top 5%) The proportion of a university’s publications that, compared with other publications in the same field and in the
g same year, belong to the top 5% most frequently cited.
.E PP(top 10%) The proportion of a university’s publications that, compared with other publications in the same field and in the
& same year, belong to the top 10% most frequently cited.
PP(top 50%) The proportion of a university’s publications that, compared with other publications in the same field and in the
same year, belong to the top 5% most frequently cited.
TCS The total number of citations of the publications of a university.
MCS The average number of citations of the publications of a university.
TNCS The total number of citations of the publications of a university, normalized for field and publication year.
MNCS The average number of citations of the publications of a university, normalized for field and publication year.
P(collab) The number of a university’s publications that have been coauthored with one or more other organizations.
PP(collab) The proportion of a university’s publications that have been coauthored with one or more other organizations.
= P(int collab) The number of a university’s publications that have been coauthored by two or more countries.
S PP(int collab) The proportion of a university’s publications that have been coauthored by two or more countries.
g P(industry) The number of a university’s publications that have been coauthored with one or more industrial organizations.
2 PP(industry) The proportion of a university’s publications that have been coauthored with one or more industrial
3 organizations.
o P(100 km) The number of a university’s publications with a geographical collaboration distance of less than 100 km.
PP(100 km) The proportion of a university’s publications with a geographical collaboration distance of less than 100 km.
P(5000 km) The number of a university’s publications with a geographical collaboration distance of more than 5000 km.
PP(5000 km) The proportion of a university's publications with a geographical collaboration distance of more than 5000 km.
P(OA) The number of open-access publications of a university.
PP(OA) The proportion of open-access publications of a university.
P(gold OA) The number of gold open-access publications of a university.
- PP(gold OA) The proportion of gold open-access publications of a university.
9 P(hybrid OA) The number of hybrid open-access publications of a university.
§ PP(hybrid OA) The proportion of hybrid open-access publications of a university.
s P(bronze OA) The number of bronze open-access publications of a university.
& PP(bronze OA) The proportion of bronze open-access publications of a university.
P(green OA) The number of green open-access publications of a university.
PP(green OA) The proportion of green open-access publications of a university.
P(unknown OA) The number of a university’s publications for which the open-access status is unknown.
PP(unknown OA) The proportion of a university’s publications for which the open-access status is unknown.
A The total number of authorships of a university.
A(MF) The number of male and female authorships of a university, that is, a university’s number of authorships for
which the gender is known.
- A(unknown) The number of authorships of a university for which the gender is unknown.
3 PA(unknown) The number of authorships for which the gender is unknown as a proportion of a university’s total number of
5 authorships.
© A(M) The number of male authorships of a university.
PA(M) The number of male authorships as a proportion of a university’s total number of authorships.
PA(M|MF) The number of male authorships as a proportion of a university’s number of male and female authorships.
A(F) The number of female authorships of a university.
PA(F) The number of female authorships as a proportion of a university’s total number of authorships.
PA(F|MF) The number of female authorships as a proportion of a university’s number of male and female authorships.
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Table 5
GovDB'20 dataset.
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Source dataset

Source platform Number of variables

Africa Development Indicators
Corruption Perceptions Index

Doing Business

Education Statistics

ESCAP

Failed States Index

Freedom House

Global Innovation Index

Global State of Democracy

Heritage Index of Economic Freedom

Inter-Parliamentary Union - Parline Database, Women in Politics Database

I-TIP Goods

Polity IV

Poverty and Equity Data

Press Freedom Index by Reporters without Borders
Statistical Capacity

United Nations Conference on Trade and Development

United Nations Conference on Trade and Development Statistics

Universal Postal Union
WEF GCI Most Problematic Factors
WEEF: Global Information Technology Report

World Bank Group’s Fragile, Conflict and Violence Group Harmonized

List of Fragile Situations

World Development Indicators

World Economic Forum Global Competitiveness Index
World Economic Forum Global Gender Gap Report
World Economic Outlook

World Integrated Trade Solution

World Justice Project - Rule of Law

World Travel & Tourism Council

Worldwide Exclusion Indicators

Worldwide Governance Indicators

TCdata360 1
GovData360 2
GovData360, TCdata360 164, 5
TCdata360 1
TCdata360 3
GovData360 7
GovData360 4
TCdata360 274
GovData360 121
TCdata360 13
GovData360 3
TCdata360 4
GovData360 13
GovData360 1
GovData360 2
GovData360 26
TCdata360 2
TCdata360 153
TCdata360 1
TCdata360 15
TCdata360 132
TCdata360 4
TCdata360 132
GovData360, TCdata360 1, 267
GovData360, TCdata360 648, 76
TCdata360 10
TCdata360 16
TCdata360 21
GovData360 33
TCdata360 66
GovData360 38
GovData360 36

The whole dataset is publicly available at [50]. Details of the GovDB'20 variables employed in this paper can be found at

data.mendeley.com/datasets/hzdnxph8vg/6 (retrieved: May 14, 2021).
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Fig. 12. Modules of the correlation graph of the CWTS indicators and their modification after the feature selection (1, = 0.5).

Appendix B. GovDB’20 dataset

See Table 5.

Appendix C. Correlation graphs of CWTS indicators

See Fig. 12.
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