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Preface

In contemporary industries, the utilization of extensive datasets has become customary
and is on the rise. This surge is attributed to the integration of new sensors, more
intricate systems, and the imperative to enhance system reliability, availability,

and safety. The Internet of Things (IoT) serves as another significant data source,
furnishing a vast array of varied data.

Principal Component Analysis (PCA) is experiencing heightened adoption and
advancements, either independently or in conjunction with other methodologies, for
analyzing these datasets. PCA primarily functions by altering the dataset through a
linear transformation, reducing the coordinate system. This transformation generates
anew set of coordinates termed “principal components,” derived based on variance,
with the first principal component representing the highest variance.

The fundamental aim of PCA is to condense the size of a dataset into a smaller
transformed space governed by the eigenvectors associated with the original dataset’s
covariances. These eigenvectors are ranked based on their maximum variability, and
thus, are termed principal components. Essentially, this method reshapes the initial
dataset into a new p-dimensional set of Cartesian coordinates, a projection onto the

principal component vector, with direction guided by the P matrix, where “a” denotes
the largest eigenvalue and its columns represent the retained eigenvectors.

PCA can also be linked to other algorithms, such as factor analysis, non-negative
matrix factorization, correspondence analysis, and K-means clustering, among others.
Moreover, PCA has evolved, giving rise to alternative algorithms that address certain
limitations, like Sparse Principal Component Analysis, Robust Principal Component
Analysis, or Nonlinear Principal Component Analysis. Furthermore, PCA has demon-
strated efficacy when combined with other algorithms, as previously mentioned.

This book features contributions from various authors, consolidating analytical prin-
ciples with business applications. It explores the relationship between core disciplines
like technology, engineering, and organizational abilities, showcasing PCA’ applica-
tions. It also encompasses diverse specialties like finance, risk analysis, marketing,
and economics. The book elucidates practical case studies across multiple industries
employing PCA, ranging from straightforward to highly complex problem-solving
scenarios, encompassing static, dynamic, and large-scale problems.

Fausto Pedro Garcia Marquez
Ingenium Research Group,
University of Castilla-La Mancha,
Ciudad Real, Spain



XIvV

Mayorkinos Papaelias
University of Birmingham,
Birmingham, United Kingdom

René-Vinicio Sanchez Loja

Research and Development Group in Industrial Technologies,
Salesian Polytechnic University,

Cuenca, Ecuador



Chapter 1

Acoustic Emission Signal
Processing Method and Modern
Modeling Technology

Ximing Chen

Abstract

Using acoustic emission signal as the detection medium for particle characteristic
parameters has the advantages of real-time, non-destructive, safe, and non-invasive
flow field. In order to extract the rich information contained in the acoustic emission
signal and establish the quantitative relationship between the acoustic emission signal
and the particle characteristic parameters, it is necessary to carry out a series of
mathematical processes on the acoustic emission signal in order to extract valuable
features from it, and then take these features as the model variables and, through
modern modeling methods, establish the quantitative relationship between the acous-
tic emission signal mode characteristics and the particle characteristic parameters.
This chapter first introduces the application status and research progress of acoustic
emission technology in chemical processes, then introduces the processing methods of
acoustic emission signals, and finally focuses on the basic principles of wavelet
(packet) analysis, the types of wavelet (packet) functions, the Mallat algorithm, signal
wavelet (packet) noise reduction, and other basic theories, as well as the research
progress of particle detection based on modern modeling technology of acoustic
emission signals.

Keywords: Fourier transformation, wavelet, wavelet packet, chemical production,
acoustic emission signal

1. Introduction

Fourier analysis can only provide the frequency of the signal in the whole time
domain, but it cannot provide the frequency information of the signal in a certain time
period. Short-time Fourier transform divides the whole time domain into some small,
equal time intervals, and then, Fourier analysis is used in each time period. It contains
time and frequency information to a certain extent, but because the time interval
cannot be adjusted, it is difficult to detect the short duration, the time when a pulse
signal with high frequency occurs [1].

Wavelet are mathematical tools for analyzing time series or images [2].

The concept of wavelet transform was proposed first by J. Morlet, a French engi-
neer engaged in petroleum signal processing, in 1974, but was not recognized by
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mathematicians at that time. In 1986, the famous mathematician Y. Meyer
accidentally constructed a true wavelet basis and collaborated with S. Mallat to
establish a unified method for constructing wavelet bases with multi-scale
analysis [3, 4]. After that, wavelet analysis began to flourish. Among them, the
Belgian female mathematician I. Daubechies’ “Ten Lessons on Wavelets” played an
important role in promoting the popularization of wavelets [5]. Compared with the
Fourier transform and window Fourier transform (Gabor transform), it is a local
transform of time and frequency that can effectively extract information from signals.
Through operational functions such as scaling and translation, it performs multi-scale
analysis on functions or signals, solving many difficult problems that cannot be
solved by the Fourier transform. Therefore, wavelet transform is known as the
“mathematical microscope.” It is a milestone in the development history of harmonic
analysis.

This section focuses on the basic theory of wavelet analysis and the method of
signal time-frequency multiscale decomposition.

2. The basic principles of wavelet analysis L?(R) space

The function space mainly discussed in wavelet analysis is a real function space
composed of square-integrable function L*(R). That is, f(¢) € L*(R)< [[f (¢) Pdt < + oo,
it is an infinite dimensional vector space. One of the main problems in wavelet analysis
research is how to represent functions in space L*(R) using the dyadic contraction and
translation of a basic wavelet function, thatis:f () = >, . ,bn¢,(t).

2.1 Continue wavelet transform

Expanding the function f(t) in any space L*(R) on a wavelet basis is called a
continuous wavelet transform of the function f'(z.)

Definition 1.1

Assume that the function f(t) € L*(R), w(t) € L*(R), and w(¢) satisfies the
permissibility condition:

0o | A 2
%:J*wwnm<+m 0

e @]

where /(o) is the Fourier transform of the function w(z), that is, ¥ (@) =
[T=w(t)e>***dt. The continuous wavelet transform of f(t) is defined as:

WT,(a,b) = = e (E22)a 0 2
@) = <Fvas> = | fow (L )an azo @

In the formula (2), “*” represents taking conjugation to a complex number,
where

1 -b
Wap = ﬁW(%)ﬂ #0 (3)
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For the wavelet generating function y (¢), it can be seen from condition (1), y(0) =
0 is necessarily (if (0) # 0, then C,, = oo, admissibility condition cannot be satis-
fied), so it follows that:

—+o00

w(0) = J w(t)dt =0 (4)

—o0

That is, the algebraic sum of (¢) and the area enclosed by the entire horizontal
axis is zero, having bandpass properties. Its graph appears as an alternating positive
and negative oscillating waveform on the horizontal axis, hence it is called “wavelet.”

Any linear transformation used for signal reconstruction should meet the require-
ment of complete reconstruction, and the same applies to wavelet transform. The
reconstruction formula for wavelet transforms that meet the allowable conditions is:

0= "] Wm0 S (5)

e |a)?

Continuous wavelets have the following properties [6]:

1.Linearity: the wavelet transform of a multi-component signal is equal to the sum
of the wavelet transforms of each component, which can be expressed as follows
by the formula:

£0)= 31,00
f(t) & WT.,f,(t) — WT;
then: WT =", WT;
2.translation invariance (timeshift covariation):
iff (t) & WTy(a,b),thenf (t — 70) < WTx(a,b —10)

3.Time scale theorem (dilation covariance):

if f(£)«—>WTx(a,b), thenf(ct)<—>\/iEWTx(ca,b), c>0

4.Self-similarity:

CWT (Continuous wavelet transform) transforms one-dimensional signals into
two-dimensional space f'(¢) «++ WTy. Therefore, there is redundant information in
wavelet transform called redundancy. The continuous wavelet transforms
corresponding to different scale parameters a and different translation parameters b
are self-similarity. There is redundancy in information representation in continuous
wavelet transform.

That is to say, the inverse transformation of wavelet transform is not
unique. y, ), = \/ia—u/(%) is a family of super complete basis functions, they are
linearly correlated. The measure of redundancy is called the regenerative kernel
I((ﬂo, bo, a, l’))

3
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1 1 t—b t—bo
ab (O, 5 (E)dt = —J . < > . < )dt
Jl// b( Wobo() C \/‘W b Vaobo a9 (6)

Wah (8)s Way (1))

(“0>b0,a b

G|HQ|._\

C, < o is needed in order to achieve the complete refactoring. This is also the
permissibility condition mentioned in Eq. (1), also known as the complete recon-
struction condition.

As the implementation of signal reconstruction is numerically stable, in addition to
the complete reconstruction condition, it also requires the Fourier transform of
wavelet y(t) satisfies the following “stability condition.”

+o0
A< Y |w(270)[*<B )

Jj=—o0

0<A<B<oo.
Definition 2.2
If wavelet y(¢) satisfy the stability Condition (7), define a “Dual wavelet” y(¢). Its

Fourier transform y(t) is defined as:

i (0)
X |i(@27o)’

j:—oo

(w) = (8)

¥ (w) is a conjugate function of y(w).
2.2 Wavelet transform and adaptive time frequency window

Wavelet transform is similar to short-time Fourier transform. The difference is
that the wavelet function is used as a window function. Define the time domain
window radius of the mother wavelet function () of is At. The center of the window
is t*, and the frequency domain window radius Aw. The center of the frequency
domain window is @*, set the time domain window center of y, _(¢) tot; .. The center
of the time domain window of v, . (¢) is ¢, .. The time domain window radius is Az, .
The center of the frequency domain window is @), .. The frequency domain window
radius is Aw,,;. The center and radius of the time-frequency window of y, . (¢) and w (t)
have the following relationship expression:

t,, =at" + 1,4, = alt,
1 *
W, =-0,Aw,; =—-Aw
Toa a
It can be seen that the center and width of the time-frequency window of a
continuous wavelet y, ,(t) will expand and contract with the change of scale a.
Wavelet transform uses a time-frequency window to show the time-frequency
localization ability of wavelet transform, which is different from short-time Fourier
transform. With the change of scale parameter a, the position of the wavelet transform
time-frequency window on the phase plane is not only changing but also the shape of
the window is changing, as shown in Figure 1. Figure 1(a) shows that as a time-
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YL Y(w) frequency & b e window withth
2w
a=1 1 —_—— I band withth
a4=—
Fa FaN > > 2
\Jl V 4 &J* @ {I,l*
t W(2a) 10 —
Fe a=1
" EE EE
*
@
\ AN e
o e y 4= 2 =
£ a'fo @ 3 2 : time
time domain frequency domain time-frequency phase plane of wavelet transform
(@) ()
Figure 1.

Schematic diagram of wavelet transform time-frequency window.

frequency window function, when the wavelet function is widened (a increases) in the
time domain, its frequency window width is narrowed, and the center of the frequency
window is also smaller. Figure 1(b) shows that for the same time window center, as the
frequency window center (frequency band center) moves up (at which point a
decreases), the frequency window width (bandwidth) is widened and the time window
width is compressed. Therefore, the shape of the wavelet transform time-frequency
window varies with the scale parameter a, which can be analyzed based on the fre-
quency of the signal ®. Adaptive adjustment: At low frequencies, the time resolution of
wavelet transform is lower, while the frequency resolution is higher. At high frequen-
cies, the time resolution of wavelet transform is higher, while the frequency resolution is
lower. This adaptive characteristic of wavelet transform time-frequency window is also
called “auto zoom function,” so it is convenient to realize multi-resolution time-
frequency analysis for non-stationary signals by using wavelet transform.

Although the center and width of the time window and frequency window of v, _(¢)
vary with a and 7, the area (i.e., window) formed by the time-frequency window on the
time-frequency phase plane does not vary with the parameters:

1
Aty Aw,, = alt - —Aw = AtAw
a

The area of the time-frequency window of the short-time Fourier transform also
has similar properties. This property is called the Heisenberg Uncertainty Theorem,
which means the size of At and Aw is mutually constrained, and both cannot be
arbitrarily small, so the resolution in both the time and frequency domains cannot be
improved without limitation at the same time.

2.3 Typical wavelets

Compared with the standard Fourier transform, the wavelet functions used in
wavelet analysis are non-unique, that is, there are various wavelet functions y(t) we
can apply [6]. The diversity of wavelet analysis is a crucial issue in engineering
applications, as selecting the optimal wavelet basis can yield different results when
analyzing the same problem using different wavelet bases. At present, the quality of
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wavelet bases is mainly determined by the error between the results of signal
processing using wavelet analysis methods and the theoretical results, thereby deter-
mining the quality of wavelet bases.

1.Haar wavelet

1 0<t<1/2
wyt) =4 -1 1/2<t<1 (C)]
0 else

wy () is not only orthogonal to yy (27) |je ,, but also orthogonal to its own

integer displacement, that is,:

Jy/H(t)y/H (2t)dt = Jl//H(t)l//H(t —n)dt=0,j€Z,neZ (10)

2.Daubechies (DbN) wavelet

Daubechies wavelet is a wavelet function constructed by the world-renowned
wavelet analyst Inrid Daubechies. It can generally be abbreviated as Db, where
N is the order of the wavelet.

The support region in wavelets y/(t) and scaling functions ¢(t) is 2 N-1, and the
vanishing moment of y () is N. (Iffﬂ’y/(t)dt =0,p=0,1,--,N—1,N>1and
[tNw(t)dt # ¢, the vanishing moment is called N.) Except for N = 1, DbN does
not exhibit symmetry (i.e., nonlinear phase). There is no explicit expression
except for N = 1.

The goal of Daubechies wavelets is to construct compactly supported orthogonal
wavelets with high-order vanishing moments. The vanishing moment plays an
important role in compression, denoising, and singularity detection. When
there are singular points (mutation points) in the signal, under high-resolution
conditions, the wavelet coefficient at the smooth point is very small, while at the
singular point, the wavelet coefficient is large, making it possible to quickly
determine the position of the singular point.

3.Symlet (symN) wavelets

4.Morlet wavelets

5.Meyer wavelets

6.Mexican hat(mexh) wavelets

7.Coiflet (coif N) wavelets

8.Biorthogonal (biorNr.Nd) wavelets

9.Reverse Bior wavelets

10.Dmeyer wavelets
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11. Gaussian wavelets

12. Complex Gaussian wavelets

13. Complex Morlet wavelets

14. Complex Frequency B-Spline wavelets

15. Complex Shannon wavelets

3. The integrated technology of wavelet analysis and neural network for
detecting the average particle size of fluidized bed

The acoustic measurement method for detecting the average particle size of mate-
rials in a fluidized bed has the advantages of non-invasive flow field and real-time
online detection [7, 8]. However, the acoustic emission signal is a series of time series
data. The data is difficult to associate with the chemical parameters in the fluidized
bed [9, 10]. Considering that acoustic emission signals are emitted by a large number
of particles colliding with each other, or particles colliding with the wall of a fluidized
bed, they contain rich multi-scale information. Therefore, the acoustic emission signal
can be decomposed at multiple scales, and then, features can be extracted from the
information at each scale to form a pattern. Finally, it is associated with the detected
object, that is, a certain chemical parameter, to form a soft sensing model for that
parameter. There are several issues that need to be addressed. First, decomposition
scales of acoustic emission signal, and then how to select and construct mode variables
from the information of each scale. Second is how to extract features from these
variables when there is a complex correlation between them, and third is how to locate
the quantitative relationship between pattern features and the tested object when they
are associated. To detect the average particle size of fluidized bed particles by acoustic
emission signals, the following methods are proposed in this chapter.

First, multi-scale decomposition of acoustic emission signals is performed using
wavelets or wavelet packets to obtain high-frequency and low-frequency detailed
signals, energy patterns are constructed based on these signals. Next, principal com-
ponent analysis (PCA) on the pattern variables to select suitable principal components
as feature variables. Finally, establish a neural network model for detecting the aver-
age particle size of materials in a fluidized bed.

This chapter eliminates the complex collinearity between variables through multi-
scale decomposition of acoustic emission signals and combining PCA screening mode
features. When the neural network model is used to detect the average particle size of
materials in a cold-model fluidized bed, the detection achieves high accuracy and good
stability.

3.1 Artificial neural networks

Artificial neural networks are widely used in fields such as fitting, classification,
clustering, feature mining, modeling of control and dynamic systems, and pattern
recognition. The feedforward network is the most commonly used and common
neural network to date.

7
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People have proposed hundreds of artificial neural network models from different
research perspectives, and there are three main types of existing neural networks:
namely feedforward neural networks (FFNN), feedback networks (Feedback NN),
and self-organizing neural networks (SOMs). In recent years, fuzzy neural networks
have also developed rapidly. Fuzzy neural networks organically combine fuzzy tech-
nology with neural network technology, and combine the advantages of neural net-
work and fuzzy theory, integrating learning, association, recognition, adaptation, and
fuzzy information processing. Fuzzy neural networks have proposed various models
and achieved fruitful application results to date. There are mainly feedforward fuzzy
neural networks, T-S model fuzzy neural networks, fuzzy maximum minimum neural
networks, fuzzy associative memory networks, etc.

3.2 RBF networks and algorithms

The radial basis function neural network (RBFN) was proposed by Powell in 1985
and is essentially a radial basis function method for multivariate interpolation [11, 12].
It is an artificial neural network with simple structure, simple training, wide applica-
tion, and good generalization ability. It has been widely applied in many fields,
especially in the practical applications of function approximation and pattern classifi-
cation. In terms of structure and operation, RBF networks also belong to feedforward
networks, but their neurons have specific settings and learning methods, which make
them have specific performance. RBF networks outperform feedforward networks in
terms of approximation ability, classification ability, and learning speed. Its advantage
lies in using linear learning algorithms to complete the work done by previous
nonlinear learning algorithms while maintaining the high accuracy and other charac-
teristics of nonlinear algorithms. Therefore, it is an artificial neural network that has
both the fast convergence characteristics of linear algorithms and the high accuracy
characteristics of nonlinear algorithms.

Compared with ordinary feedforward networks, RBF networks perform RBF
transformations on the input data at the hidden layer. It has been proven mathemat-
ically that through RBF transformation, nonlinear separable sample points in one
space can be transformed into linearly separable sample points in another space. This
is the theoretical basis for the superior performance of RBF networks over ordinary
feedforward networks. There are two variants of radial basis neural networks: gener-
alized regression networks (GRNN) and probabilistic neural networks (PNN). The
former can be used for function approximation, while the latter can be used for
classification.

3.2.1 The structure of RBF networks

The topology of RBF neural networks is a three-layer feedforward network, and
the input layer does not perform any transformation on the input information. It only
serves the purpose of transmitting data. The kernel function (action function) of
hidden layer neurons is a Gaussian function that performs spatial mapping transfor-
mation on input information. The third layer is the output layer, which responds to
the input mode. The action function of the output layer neurons is a linear function,
and the output information of the hidden layer neurons is linearly weighted and
output as the output result of the entire neural network. The topology structure of the
RBF neural network based on the Gaussian kernel is shown in Figure 2. The transfer
function of a radial basis function network is based on the distance between the input

8
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input layer hidden layer output layer

Figure 2.
Topological structure of RBF neural network based on Gaussian kernel.

vector and the threshold vector as the independent variable. When the first input
vector is passed to the hidden layer node, the output after processing is:

oy = exp(—|lgy —xi[[/?) an

where ¢; is the center vector of the Gaussian node of the neuron, and ¢; is the width
parameter (spread).

The output layer linearly weights the outputs of each node in the hidden layer as
the output of RBFNN, that is, its activation function y = x is a linear function, and the
calculated output y, corresponding to the kth input vector x;, is:

m
P = Wio + _ wig0; (12)
=1

where wy, is the connection weight, wy is the bias, and 7 is the number of nodes in
the hidden layer.

3.2.2 Method for selecting RBF neural network centers

The key issue in the learning algorithm of RBF neural networks is the reasonable
determination of the central parameters of hidden layer neurons. In existing learning
algorithms, the central parameter (or initial value of the central parameter) is either
directly selected from a given training sample set using a certain method or deter-
mined by clustering methods. Common methods include direct calculation (randomly
selecting RBF centers), self-organized learning (selecting RBF centers), supervised
learning (selecting RBF centers), and orthogonal least squares (selecting RBF centers).

K-means clustering is a clustering method that clusters according to the minimum
distance. The idea of clustering is that for a p-dimensional input vector pattern, it can
be seen as points in a p-dimensional Euclidean space. If the vectors representing each
point are geometrically very close, they can be classified into the same class. Using
Euclidean distance to measure their proximity:

? 1/2
e —cll = [z (i — )] (13)

i=1

where x and ¢ are p-dimensional pattern vector
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The main steps for determining the RBF center by the k-means clustering method
are given by

® Initialize, set the number of categories k,,, assign initial values to the clustering
centers of each category.

@ Individual division: Calculate the distance between each individual and each
cluster center according to Eq. (13), and divide each individual into different catego-
ries based on the principle of minimum distance.

® Calculate new cluster centers: For the new classes established in step @, their
new center positions can be calculated as

G(l+1) Nzx(,es D 1<j<k, (14)

where I is the number of iterations, ¢;({) is the clustering center value of the [-th

class j, x¥) is i-th input individual, S;(I) is the entire class j at [-th iteration, N is the
number of individuals belonging to class S;j(l) in step @.

Check convergence: If there is no further change in the clustering center in step @,

convergence has been reached, which satisfies the formula ¢;(I + 1) = ¢;(0), else,
back to step @.

After determining the centers of each cluster, the centers of each radial basis
function can be obtained. The extension constant can be set to

spread = Amin ||¢; — ¢;| (15)

where 4 is the overlap coefficient.

3.2.3 Calculation of BRF network weight parameters

After obtaining the extension constants of each radial basis function center by the
K-means clustering algorithm, the second step in the learning process is to use a
supervised learning algorithm to obtain the weight of the output layer, the gradient
descent method is often adopted.

Define an objective function as:

1 P
E=2> ¢ (16)

where P is the number of individuals for training samples; ¢; is the error signal
when inputting the ith individual, defined as:

6 =Y;—Y; =) — Wio — Zwij exp(—”cj _xin/sz) (17)
=1

where y; is the expected output corresponding to the ith input vector x;, it is a
mentor signal.

To minimize the objective function, the correction of each parameter is propor-
tional to its negative gradient, that is,

ok
Acj = —n— (18)
ac;

10
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oE
Ac; = —np— 1
% =15, (19)
oE
Aw; = —p— 20
" ﬂdwj ( )

where (18), (19), (20), # is learning rate.

3.2.4 Learning algorithm of regularized RBF networks

For regularized RBF networks, the number of hidden layer nodes is equal to the
number of input-training individuals. All training input individuals are at the center
of the radial basis function. Each radial basis function has a uniform width distribu-
tion constant. The weight of the output layer is often calculated using the least mean
square (LMS) algorithm. The input vector of the LMS algorithm is the output vector
of the hidden node. The weight value can be initialized to any value.

3.3 Soft measurement of average particle size in fluidized beds by Sym8
WLA-PCA-MLFN

The multiphase reaction in gas-solid fluidized bed reactors is a typical spatiotem-
poral and multiscale problem. In order to obtain real, effective, and real-time infor-
mation on the operation of the bed at the micro-scale, and to control the production
process at the macro-scale, it is necessary to establish a correlation mechanism
between the micro-system and the macro-system, so that changes in material perfor-
mance parameters at the micro-scale can be reflected in a timely manner at the macro-
scale. It is an important means of establishing such correlations by multi-scale
methods. In the production of polyethylene, organic silicon monomer, and granular
sodium percarbonate, the particle size and distribution of materials have a certain
impact on the reaction rate and product properties. The particle size of materials is
also related to reaction time, feeding speed, process parameters, etc., and is often a
dynamic and complex process. For example, when conducting the synthesis reaction
of dimethyl dichlorosilane in a fluidized bed, it is necessary to timely supplement the
raw material with silicon powder and copper powder catalyst. Feeding at the appro-
priate time can avoid severe fluctuations in the bed temperature, making the process
easy to control. The particle size and distribution of the material should be kept
stable. If the particle size distribution is not reasonable, it may affect the reaction
effect. It is difficult to conduct real-time online detection of material particle size in
fluidized beds. As a new measurement method, acoustic measurement has the char-
acteristic of real-time response to changes in reactor material particle size or concen-
tration. It can be considered to use acoustic emission signals for online detection of
material characteristics in the reactor. Acoustic emission signal detection has under-
gone rapid development since its application in the 1980s. But acoustic emission
signals are a type of wave, often recorded as a series of temporal data points, and have
sudden transients, often mixed with interference noise. How to effectively extract
correlation mode information from acoustic emission signals is an urgent problem to
be solved. The acoustic emission signal is related to various factors such as bed height,
material composition, temperature, and empty bed gas velocity. For a stable fluidized
bed, the acoustic emission signal is mainly influenced by the particle size and distri-
bution of the material. Spectrum analysis, wavelet analysis, wavelet packet analysis,

11



New Insights on Principal Component Analysis

fractal feature analysis, or complexity analysis can all be used to analyze acoustic
emission signals. Among them, wavelet analysis decomposes acoustic emission
signals into low-frequency overview signals and high-frequency detail signals,

which have significant advantages for analyzing nonlinear, non-stationary pulsating
signals. Previous literature often focused on the spectrum of acoustic emission signals,
which is relatively complex. The models established using this method are generally
only suitable for qualitative analysis. Lack of quantitative indicators: In the construc-
tion of association patterns and feature selection, more concise methods can be con-
sidered.

The methods used in this section are as follows: First, wavelet analysis (WLA) is
performed on the collected acoustic emission signals. Calculate the energy mode of the
acoustic emission signal from the decomposed low-frequency profile signal and high-
frequency detail signal. In order to eliminate the multicollinearity between variables,
principal component analysis (PCA) was performed on the energy pattern, and prin-
cipal components were extracted from the energy pattern. Then, using the principal
component as the input and the average particle size in the fluidized bed as the
output, a multi-layer feed-forward neural network (MLFN) is constructed to establish
the quantitative relationship between the principal component of the acoustic emis-
sion signal energy mode and the average particle size. The experimental results show
that when using this method to predict the average particle size of materials in the
bed, the computational cost is not large and the accuracy is high.

3.3.1 The relationship between acoustic emission signals and fluidized bed particle size

There is a large amount of collision and friction between particles in the fluidized
bed, as well as between particles and the container wall. The impact force generated
by particles of different particle sizes when impacting the container wall or colliding
with each other is significantly different, which will generate strong or weak acoustic
emission signals with different frequencies and transmit them outward through the
container wall and air in the form of elastic waves. Under the same other process
conditions, the acoustic emission signals generated by particle groups of different
particle sizes are different. Thus, acoustic emission signals can be used to detect the
particle size and distribution of the fluidized bed.

For n rigid spherical particles with particle size d, and mass m, the force generated
by impact on the wall surface with area AA is given as [13]:

F() = Zn: 2mu;6(t —t;) (21)
i=1

where ¢ is time, §(¢) is Dirac delta function related to time ¢, ¢; is the time for the i-
th particle to reach the wall, %; is the velocity at which the u-th particle vertically
impacts the wall surface. There aref - T impacts between particles and the wall
surface within time T, f, is the average arrival rate of particles on the area A4, that is,
the frequency of particles hitting the wall. Therefore, the average force per unit time
of these particles is:

T T n
J F(t)dt 2muJ S5t —t;)de
_Jo . 0 i=1

12
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where u is the average velocity of particles impacting the wall vertically,
foT > 16t —t)dt =f,T, therefore:

F() = 2mufp (23)

The resulting acoustic emission pressure is:

_n F@)

Pa AA

(24)

In the equation, 7 is the efficiency of converting impact pressure into sound
pressure. Assuming that the concentration of particles colliding with the wall near the
wall is C (pieces/m?), which is inversely proportional to the square of the projected
diameter of the particles d; on the wall, that is:

C=¢/d; (25)

in the equation, ¢ is the proportional coefficient, and the frequency of particle
impact on the wall is:

AA
fp:C-A—AU:C-u (26)

Thus, the average AE flux of particles with particle size 4, and mass m impacting
the wall surface per unit of time is

J = PAAu = 2enmu’ /d] (27)

The AE energy of particles with particle size d, and mass m colliding with the wall
at duration T is

T T P
E= J Jdt = J = Enpaud,dt (28)
0 0 3

It can be seen that AE energy is a function of particle size 4,,, material density p;, and
duration T. Since particles with different particle sizes have different AE energy, within
a certain duration T, while keeping other parameters constant, changes in the average
particle size and its distribution can be understood through acoustic emission signals,

In a fluidized bed reactor, the average particle size often changes continuously
with the progress of the reaction process. The system maintains a dynamic balance. In
the normal state, the characteristic mode of the acoustic emission signal will not
undergo significant fluctuations. Once the balance of the system is disrupted, such as
by fluctuations in particle size, agglomeration of materials in the reactor, the acoustic
emission signal will also change accordingly.

Assuming that there are J types of different particle sizes acting together on
the wall, the percentage of particles with particle size d,; is x;. According to the
principle of linear superposition of acoustic energy, the relationship between the
acoustic energy E; generated by particles with particle size d,,; and the total sound
energy is:

13
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N E(dy,
> é?”)xj:1 (29)

j=1

where, Epix = ZJI\LIE (dyp)x)s

That is to say, the AE signals generated by mixed particle sizes can be seen as the
sum of various acoustic emission signals with different particle sizes. Therefore, based
on the AE signals, the average particle size and particle size distribution of particle
groups under microscale conditions can be predicted.

3.3.2 Multi-scale decomposition of acoustic emission signals

The raw acoustic emission signals collected under specific process conditions can
be regarded as a wide, stationary random time series. A complete description requires
analysis from three aspects: amplitude domain, time domain, and frequency domain
to extract features. This chapter first performs multi-scale decomposition of acoustic
emission signals, then calculates the total energy of each detail signal, and extracts
principal components as pattern features.

Assuming there is an acoustic emission signal sequence: {c’l, Chs 5 Cypy }, where

the superscript j represents the observation scale, and the subscript represents the
serial number, when j = 0 it represents the original acoustic signal. At resolution
27(j € Z, the discrete approximation of the signal can be represented as:

fi0) = Zj,k <75 (0) (30)
;x(¢) is the scale function series under the resolution of a condition 27
According to the theory of wavelet decomposition, signals can be decomposed at

multiple scales to calculate their approximate A;,1f and detailed information D;4f

under higher resolution conditions:

£,0) = Apaf +Diof =D & w100 + > A w00 0) (31)

where d],:l is wavelet coefficients on thej + 1 scale, y(t) is wavelet function, A, D is
an operator for calculating low-frequency detail signals and high-frequency detail
signals. Because of translational invariability and the orthogonality of expansion and
contraction of ¢ and y, it can be calculated that

&= Z%(fﬁj,n’ Piy1p) = chn 02k (32)
Similarly,
d];jl = Zd,(@,n#’jﬂ,k) = chng;,ye (33)

«€x

Egs. (32) and (33) are decomposition algorithms for wavelets. Where “*” repre-
sents the conjugation of complex numbers, {/}, .. It is the sequence of filter coeffi-
cients corresponding to the two scale equations of the orthogonal scaling function,
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which can be regarded as a low-pass filter, {g, } ez can be regarded as a high-pass
filter. From the wavelet coefficients and scale coefficients at the j + 1 scale, the scale
coefficients at the j scale can be obtained through reconstruction algorithms:

| , .
D AR e S S A (A !
+1 +1
chjﬂJr hnfzk + an]” Ek—2n

The amplitude of the acoustic emission signal can also be regarded as energy, and
when other process conditions are constant, it is mainly influenced by the particle
size. Therefore, the energy value of the detail signal can reflect the size of the particle.
For mixed-particle systems with different particle sizes, this difference can be
reflected in detailed information through multi-scale decomposition of acoustic emis-
sion signals. The energy of the low-frequency profile and high-frequency detail signal
after wavelet decomposition of the acoustic emission signal at the defined fs resolution
can be represented by the following equation:

Ei;—l _ Zk
57;1 _ Zk ‘d]]‘:l‘ (36)

It can be seen from the multi-resolution that the sum of the scale coefficients of
low-frequency signals and the absolute values of wavelet coefficients of high-
frequency detail signals can be calculated as the energy mode of acoustic emission
signals.

(34)

+1
%

(35)

fj =f]»+1 +dj+1 :fj+2 +dj+2 +dj+1 = - pr +dp +dp71 + - +dj+1

When the decomposition scale of the acoustic emission signal is p, a p + 1 dimen-
sional energy mode can be obtained: (EZ, 8‘11, efi, - 85)

A certain quantitative relationship can be established between the average particle
size and the energy mode of acoustic emission signals as follows:

y=y(¢) =y(, ey, €5, &) (37)

In the equation above, the subscript a represents low frequency and the subscript d
represents high frequency. P represents the maximum scale of discrete signal decom-
position with a length of 2", and p <7 — 1. The sample data matrix composed of the
energy mode of the m observation of the acoustic emission signals generated by
particles in a certain interval in a fluidized bed is:

d,1
1

2

(38)

P P
Eam  Em Tt Cam mx(p+1)

Considering the significant differences in signal energy among different details, it
is usually necessary to standardize the standard deviation of the above energy mode
matrix before use.
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After p-scale decomposition of acoustic emission signals, the energy mode has a
total of p + 1 components, and there is often a complex collinearity between them.
The energy mode is directly associated with the detection object, which not only has a
large number of independent variables but may also cause interference with each
other. To eliminate multicollinearity, methods such as principal component analysis
can be used. At present, many data processing in process control and monitoring also
follow this model, showing good application prospects.

3.4 Experiment and discussion
3.4.1 Collection of fluidized bed acoustic emission signals

The fluidized bed acoustic emission signal and data acquisition and analysis system
(UNIAE2003) was developed by Professor Yang Yongrong’s research group at the
Joint Chemical Reaction Engineering Research Institute of Zhejiang University. The
data acquisition and analysis system includes acoustic sensors (AE sensors), ampli-
fiers, A/D conversion cards, and computers, which can achieve multi-channel data
acquisition. The device process is shown in Figure 3, and the sensors are tightly
attached to the outer wall of the cold model fluidized bed, which can basically ignore
other external noise. The sampling frequency of the data collection system is 500 kHz.
To avoid interference and reduce the impact of external noise, hardware filters were
used for sampling signals for differential filtering preprocessing.

The material used in the fluidized bed is granular polyethylene with different
particle sizes. The operating gas speed is 0.6 m/s. The particles are divided into five
particle size intervals: 1 ~ 0.90, 0.90 ~ 0.60, 0.60 ~ 0.45, 0.45 ~ 0.22, and 0.22 ~
0.180 mm. Twenty sampling observations are conducted on the acoustic emission
signals of each particle size interval, and the length of the data recording points
obtained from each observation is 16,384. This is the number of data points recorded
by the recorder. Acoustic emission signals can also be collected under different bed
heights, materials, and temperature conditions by this experimental equipment.

Figure 3.

Schematic diagram of fluidized bed acoustic emission signal data processing system. 1-blower, 2-gas flow meter, 3-
fluidized. Bed, 4-acoustic emission signal sensor, 5-signal amplifier, 6-signal processor, 7-computer host, 8-
monitor.
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Multi-scale decomposition of the acoustic emission signal recorded by the instru-
ment is used to construct the energy mode of the acoustic emission signal, and the
wavelet types and decomposition scales should be screened. Perform principal com-
ponent analysis on the energy mode components and select several principal compo-
nents. Strive for good detection results.

3.4.2 Energy mode and principal component analysis of acoustic emission signals

The original acoustic emission signal sequence is processed according to the fol-
lowing steps:

3.4.2.1 Select decomposition wavelet

Many wavelets or wavelet packets that can be selected to decompose AE signals so
as to obtain energy patterns. There is no clear regulation on which wavelet is more
suitable for decomposing them. When selecting wavelet types, the minimum error
generated by signal decomposition reconstruction can be taken as the indicator. The
best decomposed wavelet (or wavelet packet) should have the minimum reconstruc-
tion error.

The original acoustic emission signal with a length of 16,384 is decomposed at 6
scales using different wavelets, and then reconstructed using the same wavelet. The
absolute error sum is used as the judgment indicator, as shown in Eq. (39):

Err, = Z‘C? — C,| (39)
=1

where n = 16384, C? is the original sequence of acoustic emission signals, C; is a
reconstructed sequence of acoustic emission signals. The subscript i represents the
serial number of the acoustic emission signal. Examine the Haar wavelet, Daubechies
wavelet series, and Sym wavelet series. It was found that the reconstruction error of
Sym8 wavelet is the smallest. Therefore, Sym8 wavelet is chosen as the wavelet for
decomposing acoustic emission signals.

3.4.2.2 Energy mode construction and preprocessing

A 9-dimensional energy pattern was obtained by Sym8 wavelet 8-scale decompo-
sition on the acoustic emission signal. Table 1 shows the energy patterns obtained at
five different particle sizes (partial). From the data in the table, it can be seen that the
energy of high-frequency detail signals is much greater than that of low-frequency
detail signals, with a difference of one order of magnitude. At this point, logarithms
can be taken for the energy mode data so that the data is on the same order of
magnitude.

Due to the fact that both high-frequency and low-frequency detail signals are
decomposed from the original acoustic emission signal, there exists a strong multicol-
linearity. Principal component analysis of the data is required.

The purpose of principal component analysis is to convert multiple existing indi-
cators into fewer linearly unrelated comprehensive indicators. For a p-dimensional
random vector x = (xl,xz, ---,xp), if there is a complex correlation between its vari-
ables, they can be summarized by mk(mk <p) “comprehensive variables” or “princi-
pal components,” which are linear combinations of the original p variables.
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Z|dy|  Edy|  E|ds|  E[de]  E|ds]  E|de|  Z|d;]  Z|dg]  Zfas|

1~ 0.90 mm 12271 11938 11605 11500 11003 0.6694 0.1671 0.0471 0.0471

12926 12603 1.2318 1.2209 1.1588 0.7235 0.2219 0.0885 0.0885

090 ~0.60mm 1.0690 1.0516 1.0250 1.0090 0.9508 0.6064 0.2298 0.0602 0.0602

11206 1.0988 1.0695 1.0542 1.0058 0.6553 0.2370 0.0634 0.0634

0.60 ~ 0.45mm 14479 12481 0.8552 0.6495 0.4915 0.3104 0.1160 0.0505 0.0505

15587 13527 09110 0.6915 0.4862 0.2869 0.1199 0.0544 0.0544

0.45~0.22m 0.2171  0.2007 0.1788 0.1535 0.1083 0.0555 0.0483 0.0488 0.0488

0.2218 0.2040 0.1771 0.1444 0.1061 0.0549 0.0477 0.0481 0.0481

022~ 0.180 mm 0.1487 0.1267 0.1179 0.1126 0.1026 0.0453 0.0404 0.0402 0.0402

0.1398 0.1182 0.1078 0.1014 0.0902 0.0514 0.0440 0.0435 0.0435

Table 1.
Energy patterns obtained from 8-scale decomposition of acoustic emission signals(x1.0 e 3).

Under the principle of less loss of useful information, replace more original
multidimensional variables with fewer comprehensive variables to achieve dimen-
sionality reduction of high-dimensional data. The principle of selecting the number of
principal components usually ensures that the sum of the variance contribution ratio
(SVCR) reaches or exceeds 90%, as shown in Eq. (40). SVCR expresses the amount of
information that mk principal components account for all features of x1,x2, -+, .
Table 2 lists the results of principal component analysis of the energy mode of
acoustic emission signals after 8-scale decomposition. The variance occupied by the
following three principal components is 0.0017%, so it is not listed.

mk P mk

SVCR =Y 4/> k= k/p (40)
i=1 i=1 i=1

In the equation, /; is the eigenvalues of the sample covariance matrix,
MZlp2- 2420

3.4.2.3 Determine decomposition scale

Acoustic emission signals of different size particles were multi-scale decomposed
by Sym8 wavelet, and then, the energy of the corresponding scale acoustic emission
signals was obtained. After range normalization processing and principal component
analysis, the variance of each principal component is shown in Table 3. It can be seen
that the ratio of the maximum variance to the minimum variance of the principal
components is quite large, indicating that multicollinearity is very serious. Consider-
ing that the excessively high decomposition scale leads to an increase in computational
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Particle size/principal component f1 fa f3 fs fe
1~0.90 mm -17612 -13737 -13862 —0.5974 —0.0494 0.0086
—3.8690 1.0179 0.3630  —0.1481 0.0058  —0.0074
0.90 ~ 0.60 mm —1.9344 -0.2136 —0.9412 0.2943 0.0443  —0.0063
—2.3201 —0.0994 -—0.8812 0.2670 —0.0128 0.0113
0.60 ~ 0.45 mm —0.2694 —-1.4987  0.3921 0.1166 —0.0365 0.0284
—0.5988 —1.4909  0.7059 0.1738 0.0594  —0.0148
0.45~0.22m 2.9133 0.5259 0.1801 0.0004 0.0319 —0.0333
2.9517 0.4738 0.1563 0.0036 0.0229  —-0.0244
0.22 ~ 0.18 mm 3.4536 0.1576 ~ —0.2595 —0.0546  0.0078 0.0263
3.3436 0.3753 -0.1152 -0.0024 -0.0217 0.0232
Table 2.
Principal components of energy patterns obtained from scale decomposition (partial).
Decomposition scale 3 4 5 6 7 8
M 3.8709 4.7243 5.55 6.4723 7.2595 7.7735
A 0.12901  0.27542 0.44917 0.51595 0.59732 0.83072
A3 8.05le-5 0.0001945 0.000689  0.011085 0.13799 0.29968
A4 1.87e-35  5.054e-5 0.000117  0.0005371  0.0045857 0.090915
A5 3.85e-35 4.817e-5 0.0001136  0.00049631  0.0045248
6 3.59e-36 4.4803e-5  0.000111 0.0004932
A7 1.046e-34  4.3571e-5 0.0001101
Ag 5.4742e-32 4.269e-5
A9 1.475e-31
Table 3.

Variance of principal components under different decomposition scales.

time. The decomposition scale is too small, and it is difficult to grasp the rich infor-
mation contained in each detail. Therefore, the decomposition scale is determined to
be 6, resulting in a 7-dimensional energy pattern. Among the seven principal compo-
nents, the first three principal components account for 99.99% of the total variance,
which is sufficient to extract all information. Therefore, the first three principal
components are selected as inputs for the neural network.
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3.4.2.4 Construction of neural network model

During each experiment, among 100 individuals, 18 individuals were selected
from samples of each granularity (calculated principal components) as training
sample data, 1 as validation data, and 1 as data for the test network. A total of
90 individuals were used for training, 5 for validation, and 5 for testing. Adopting a
cross-over approach. The purpose of validation is to prevent the network from being
overtrained (overfitting). During the experiment, the three principal components
extracted were used as inputs to the network, and the average particle size was used as
the output of the network. The number of output neurons is 1, and the number of
input neurons is 3. The network has three layers, and the hidden layer transfer
function is “tansig,” which is a hyperbolic tangent type transfer function. The output
layer transfer function is “purelin,” which is a linear transformation function. The
L-M (Levenberg Marquardt) algorithm is used for network training, with the aim that
the L-M algorithm does not need to calculate the Hessian matrix and has a fast
convergence speed. The target error during training is set to 10 . According to the
principle that the number of hidden layer nodes is roughly twice the number of input
layer nodes [14], this chapter determines that the number of hidden layer nodes is 6,
so the network structure is 3-6-1. The stopping condition for training is that the
training error is less than the set target value.

The error function used for validation is specified as follows:

As for acoustic emission signals generated at specific particle sizes, compare the
predicted particle size j; calculated by the network with the actual average particle
size y, for the acoustic emission signals generated at specific particle sizes. Calculate
the mean square error

1 .
RMSE = \/N S 0-5) (41)

N is the number of individuals used for validation.

4, Results and discussion

Fitting error refers to randomly selecting five individuals (one for each
granularity) from the training sample, using the trained network for prediction,
and calculating the absolute value of relative error. Prediction error is the absolute
value of the relative error obtained when using a trained network to predict test
samples. Each particle size has 20 individuals, and 20 fitting and prediction
experiments are conducted. The results are listed in Table 4. From Table 4, it can be
seen that for larger particles, the fitting and prediction accuracy are relatively high
when predicting particle size based on principal component analysis. However,
for small particles, the prediction accuracy is relatively low. It is possible that the
signal-to-noise ratio of small particles is slightly lower than that of large particles.
The average prediction accuracy of all acoustic emission signal samples is 94.25%,
and the average fitting accuracy is 97.7%. This situation indicates that in actual
production processes, the average particle size of materials in the bed can be

analyzed and predicted online from the acoustic emission signals emitted by the
fluidized bed.

20



//dx.doi.org/10.5772/intechopen.1003862

: http:

Acoustic Emission Signal Processing Method and Modern Modeling Technology
DOl

0215 2101w d 40 NLTTIN-VOd-VIM-8WAS Jo Aowansow uorporpasd puv Suipnf ayJ,

¥ JqeL

¥/2006°0 V//Yv/[6°0 €€T106°0 GG8/6°0 09%26°0 6S//6°0 765460 1S76/6'0 76£096°0 €08/6'0 onfea ueswr
8€C06°0 L¥T06°0 £6£06°0 9960 ¥956°0 86L6°0 €5046°0 ¥€9.6°0 ££06°0 G€9/6'0 0c¢
+¥9106°0 L1160 G8+06°0 91860 GC8L6°0 65926°0 99896'0 G9986°0 G8656'0 785960 61
1£06°0 158460 €68°0 6£/86'0 95/6'0 66960 +1896°0 €/86'0 §C/96°0 ¥/886°0 81
£ST06°0 /€86°0 €7106°0 8/86°0 e860 €L116°0 12460 800660 678L6'0 9066°0 JA»
/1668°0 660 GG206°0 950%6°0 609/60 ¥€8/6°0 9TTL60 1+886°0 780860 /5860 91
875060 8/9/6'0 9¥06°0 61¥86°0 €Iv/6'0 804460 620860 9860 S/¥/6°0 1¥886°0 St
G/206°0 6/886°0 ¥¥106°0 5066°0 L6€L6°0 £€86°0 8/186°0 €/586°0 781160 6£v86'0 V1
11968°0 +186°0 /¥006°0 65L6°0 16226°0 869/6'0 6/686°0 979/6'0 1/68°0 889960 €1
86/06°0 +¥0986°0 99/68°0 786680 £9€/6'0 6///6°0 95¥96°0 v/86°0 w60 209860 4
S2006°0 19860 15806°0 €EEL6'0 876L6°0 90860 67860 /9860 619860 S0486'0 11
£006°0 6/L6'0 1CT68°0 8T186°0 16//6°0 £€8/6°0 +1186°0 /9860 €1eL6°0 S08.6°0 01
£9€06°0 96786'0 796680 £0€86°0 Y2/L6'0 889/60 w60 ££SS6°0 £€€986°0 GGG86°0 6
8/£68°0 S6186°0 6668°0 L1/16°0 1996°0 860 /87860 €1686°0 8/¥86°0 GE9E6°0 8
986680 £T€86°0 £€006°0 £9€86°0 TE1L6°0 /116°0 £0TL6°0 7S626'0 908/6'0 198860 L
81/68°0 T1€L6°0 £0£68°0 G€686°0 819/6'0 79960 6/S/6°0 97686'0 9E¥/6°0 181160 9
8/568°0 €€°L6°0 £8568°0 G6/16°0 T1+96°0 88//6'0 00860 $5596°0 6£1€6°0 89886°0 S
1+006°0 G/086°0 68£06°0 ££186°0 ¥S2L6°0 €8526°0 1046°0 655560 156/6°0 9/596°0 14
£€9668°0 £¥986°0 Cr1S06°0 96¥86°0 ¥/186°0 10/£6°0 16C86°0 11/86°0 £89/60 £/986°0 €
€€T68°0 G9886°0 [¥€68°0 660860 Tt¥86'0 96S.6°0 $56/6°0 116860 £6906°0 S69¥6°0 4

182680 £€86°0 6C16°0 701860 S6/26°0 8660 966960 +€986°0 9¥0.6°0 G€986°0 1 Koemdoe uondrpaid pue Sumig

uonorpaid Sumy uonorpaid Sumy uonorpaid Sumy uonporpaid Sumy uonorpaid Sumy roqumu ofdureg

ww 081°0 ~ ¢C°0 ww g0 ~ S0 wu G0 ~ 09°0 wuw 09°0 ~ 06°0 wuw 06°0 ~ T wrwy a3ues 2z1s dpnIeg

21



New Insights on Principal Component Analysis

Author details

Ximing Chen
Chemistry and Material Science College, Huaibei Normal University, Anhui, China

*Address all correspondence to: chenxm@chnu.edu.cn

IntechOpen

© 2024 The Author(s). Licensee IntechOpen. This chapter is distributed under the terms of
the Creative Commons Attribution License (http://creativecommons.org/licenses/by/3.0),
which permits unrestricted use, distribution, and reproduction in any medium, provided

the original work is properly cited.

22



Acoustic Emission Signal Processing Method and Modern Modeling Technology

DOT: http://dx.doi.org/10.5772 /intechopen.1003862

References

[1] Sun Y. Wavelet Analysis and
Application. Beijing, China: China
Machine Press; 2005

[2] Burke B. The mathematical
microscope: Waves, wavelets, and
beyond. In: Bartusiak M, et al., editor.
Apositron Named Priscilla, Scientific
Discovery at the Frontier, Chapter 7.
Washington DC: National Academy
Press; 1994. pp. 196-235

[3] Akansu AN, Smith MJT. Subband and
Wavelet Transforms, Design and
Applications. Boston: Kluwer Academic
Publishers; 1996

[4] Beylkin G, Coifman RR, Rokhlin V.
Fast wavelet transforms and numerical
algoritms I. Communications on Pure
and Applied Mathematics. 1991;44:141-
183

[5] Ten DI. Ten Lectures on Wavelets.
Philadelphia, PA: SIAM; 1992

[6] Feisi Technology Product Research
and Development Center. Wavelet
Analysis Theory and Matlab 7
Implementation. Beijing, China:
Publishing House of Electronics
Industry; 2005

[7] Belchamber RM, Betteridge D,
Collihs MP, et al. Quantitative study of
acoustic emission from a model chemical
process. Analytical Chemistry. 1986;58:
7873-7877

[8] Wade AP, Sibbal DB, Bailey MN, et
al. An analyticla perspective on acoustic
emission. Analytical Chemistry. 1991;63
(9):497-507

[9] Wentzell PD, Wade AP. Chemical
acoustic emission analysis in the
frequency domain. Analytical
Chemistry. 1989;61(23):2638-2642

23

[10] Hansmann H. Application of
acoustic emission analysis on adhesion
and structural problems of organic and
metallic coatings. Industrial &
Engineering Chemistry Product
Research and Development. 1985;24(2):
252-257

[11] Powell MJD. Radial basis functions
for multivariable interpolation: A
review. In: Mason JC, Cox MG, editors.
Algorithms for Approximation. Oxford;
1987. pp. 143-167

[12] Powell MJD. Radial basis function
approximations to polynomials. In:
Proceedings of the 12th Biennial
Numerical Analysis Conference,
Dundee. 1987. pp. 223-241

[13] Linxi H. Research on multiscale
structures of acoustic measurement and
fluidized bed polymerization reactors,
Doctoral Dissertation of Zhejiang
University. Hangzhou, China: Zhejiang
University

[14] Berger J, Coifman RR, Goldberg MJ.
Removing noise from music using local
trigonometric bases and wavelet packets.
Journal of the Audio Engineering
Society. 1994;42(10):808-817






Chapter 2

An Optimization Approach to
Supervised Principal Component
Analysis

Anthony O. Smith and Anand Rangarajan

Abstract

Supervised dimensionality reduction has become an important theme in the last
two decades. Despite the plethora of models and formulations, there is a lack of a
simple model that aims to project the set of patterns into a space defined by the
classes (or categories). We set up a model where each class is represented as a 1D
subspace of the vector space formed by the features. Assuming the set of classes
does not exceed the cardinality of the features, the model results in multi-class
supervised learning in which the features of each class are projected into the class
subspace. Class discrimination is guaranteed via the imposition of the orthogonality of
the 1D class sub-spaces. The resulting optimization problem—formulated as the min-
imization of a sum of quadratic functions on a Stiefel manifold—while being non-
convex (due to the constraints), has a structure for which we can identify when we
have reached a global minimum. After formulating a version with standard inner
products, we extend the formulation to a reproducing kernel Hilbert space and simi-
larly to the kernel version. Comparisons with the multi-class Fisher discriminants and
principal component analysis showcase the relative merits toward dimensionality
reduction.

Keywords: dimensionality reduction, optimization, classification, supervised
learning, Stiefel manifold, category space, Fisher discriminants, principal component
analysis, multi-class

1. Introduction

Dimensionality reduction and supervised learning have long been active tropes in
machine learning. For example, principal component analysis (PCA) and the support
vector machine (SVM) are standard bearers for dimensionality reduction and super-
vised learning. Even now, machine learning researchers are accustomed to performing
PCA when seeking a simple dimensionality reduction technique, even though it is an
unsupervised learning approach. In the past decade, there has been considerable
interest in including supervision (expert label information) in dimensionality reduc-
tion techniques. Beginning with the well-known EigenFaces versus FisherFaces debate
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[1], considerable activity has centered around using Fisher linear discriminants (FLD)
and other supervised learning approaches in dimensionality reduction. Since the
Fisher linear discriminant has a multi-class extension, it is natural to begin there.
However, asking if this is the only possible approach is also natural. In this work, with
a fundamental goal, we design a category space approach using multi-class informa-
tion to reduce dimensionality.

The venerable Fisher discriminant is a supervised dimensionality reduction tech-
nique wherein a maximally discriminative one-dimensional subspace is estimated
from the data. The criterion used for discrimination is the ratio between the squared
distance of the projected class means and a weighted sum of the projected variances.
This criterion has a closed-form solution yielding the best 1D subspace. The Fisher
discriminant also has an extension to the multi-class case. Here, the criterion used is
more complex and highly unusual: the squared distance ratio between each class’s
projected mean compared to the total projected mean and the sum of the projected
variances. This, too, results in a closed-form solution but with the subspace dimension
cardinality being one less than the number of classes.

The above description of the multi-class FLD sets the stage for our approach. We
assume the set of categories (classes) is a subspace of the original feature space
(similar to FLD). However, we add the restriction that the category bases are mutually
orthogonal with the origin of the vector space belonging to no category. Given this
restriction, the multi-class category space dimensionality reduction criterion is quite
straightforward. We maximize the square of the inner product between each pattern
and its category axis to discover the category space via this process. (Setting the origin
is a highly technical issue and, therefore, not described here.) The result is a sum of
quadratic objective functions on a Stiefel manifold—the category space of orthonor-
mal basis vectors. This very interesting objective function has coincidentally
received quite a bit of treatment recently [2-5]. Furthermore, there is no need to
restrict ourselves to sums of quadratic objective functions provided we are willing to
forego useful analysis of this base case. The unusual aspect of the objective function
comprising sums of quadratic objective functions is that we can formulate a criterion
that guarantees that we have reached a global minimum if the achieved solution
satisfies it.

While numerous alternatives exist to the FLD (such as canonical correlation anal-
ysis [6, 7]) and while there are many nonlinear unsupervised dimensionality reduc-
tion techniques (such as local linear embedding [8-10], ISOMAP [11, 12] and
Laplacian Eigenmaps [13-15]), we have not encountered a simple dimensionality
reduction technique which is based on projecting the data into a space spanned by the
categories. Unfortunately, no algorithm at present can a priori guarantee satisfaction
of this criterion; hence, we can only check on a case-by-case basis. Despite this, our
experimental results show that we get efficient solutions, competitive with those
obtained from other dimensionality reduction algorithms.

2. Related work

Traditional dimensionality reduction techniques like principal component analysis
(PCA) [16-18] and supervised algorithms such as Fisher linear discriminant analysis
[19] seek to retain significant features while removing insignificant, redundant, or
noisy features. Many real-world problems have been solved using these algorithms as
preprocessing steps before applying a classification algorithm. A limitation of most
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methods is that there is no specific connection between the dimensionality reduction
technique and the supervised learning-driven classifier. Dimensionality reduction
techniques such as canonical correlation analysis (CCA) [20], and partial least squares
(PLS) [21, 22] on the one hand and classification algorithms such as support vector
machines (SVM) [23] on the other seek to optimize different criteria. In contrast, in
this paper, we analyze dimensionality reduction from the perspective of multi-class
classification. Using a category vector space (with dimension equal to class cardinal-
ity) is an integral aspect of this approach.

In supervised learning, it is customary for classification methodologies to regard
classes as nominal labels without having any internal structure. This remains true
regardless of whether a discriminant or classifier is sought. Discriminants are
designed by attempting to separate patterns into opposing classes [24-26]. When
generalization to a multi-class classifier is required, many oppositional discriminants
are combined, with the final classifier being a winner-take-all (or voting-based)
decision w.r.t. the set of nominal labels. Convex objective functions based on
misclassification error minimization (or approximation) are not that different either.
Least-squares or logistic regression methods set up convex objective functions with
nominal labels converted to binary outputs [27, 28]. When extensions to multi-class
are sought, the binary labels are extended to one of K encoding, with K being the
number of classes.

Support vector machines (SVMs) were inherently designed for two-class discrim-
ination, and all formulations of multi-class SVMs extend this oppositional framework
using one-versus-one or one-versus-all schemes. Below, we begin by describing the
different approaches to the multi-class problem. This is not meant to be exhaustive
but provides an overview of some popular methods and approaches researched in
classification and dimensionality reduction. Folley and Sammon [29, 30] studied the
two class problems and feature selection and focused on criteria with the greatest
potential to discriminate. Feature selection aims to find a set of features with the best
discrimination properties. To identify the best feature vectors, they chose the gener-
alized Fisher optimality criterion proposed by [31]. The selected directions maximize
the Fisher criterion, which has attractive discrimination properties. Principal compo-
nents analysis (PCA) permits the reduction of dimensions of high dimensional data
without losing significant information [16, 20, 32]. Principal components identify
patterns or significant features without considering discriminative considerations
[33]. Supervised PCA (SPCA), derived from PCA, is a method for obtaining useful
sub-spaces when the labels are considered. This technique was first described in [34]
under the title “supervised clustering.” The idea behind SPCA is to perform selective
dimensionality reduction using carefully chosen subsets of labeled samples. This is
used to build a prediction model [35]. Unfortunately, despite the superficial similarity
to our work, SPCA does not carefully reformulate supervised dimensionality reduc-
tion as an optimization problem (as we do) and develop an algorithm that projects
vectors into the space of categories- the present work’s goal. While we have addressed
the most popular techniques in dimensionality reduction and multi-class classifica-
tion, this is not an exhaustive study of the literature. We focus primarily on discrim-
inative dimensionality reduction methods that improve multi-class classification
performance. The closest we have seen in relation to our work on category spaces is
the work in [36, 37]. They mention the importance and usefulness of modeling
categories as vector spaces for document retrieval and explain how unrelated items
should have an orthogonal relationship. This is to say that they should have no
features in common. The structured SVM in [38] is another effort at going beyond
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nominal classes. Here, classes can have internal structures in the form of strings, trees,
etc. However, explicitly modeling classes as vector spaces is not carried out.

From the above, the modest goal of the present work should be clear. We seek to
project the input feature vectors to a category space—, a subspace formed by category
basis vectors. The multi-class FLD falls short of this goal since the number of projected
dimensions is one less than the number of classes. The multi-class (and more recently
multi-label) SVM [39] literature is fragmented due to a lack of agreement regarding
the core issue of multi-class discrimination. The varieties of supervised PCA do not
begin by clearly formulating a criterion for category space projection. Variants such as
CCA [40, 41], PLS [42, 43], and structured SVM’s [38] while attempting to add
structure to the categories do not go as far as the present work in attempting to fit a
category subspace. Kernel variants of the above also do not touch the basic issue
addressed in the present work. Nonlinear (and manifold learning-based)
dimensionality reduction techniques [8, 11, 13, 44, 45] are unsupervised and
therefore do not qualify.

3. Dimensionality reduction using a category space formulation
3.1 Maximizing the square of the inner product

The principal goal is a new form of supervised dimensionality reduction. Specifi-
cally, when we seek to marry principal component analysis with supervised learning,
the simplest synthesis is category space dimensionality reduction with orthogonal
class vectors. Assume the existence of a feature space with each feature vector x; €RP.
We aim to perform supervised dimensionality reduction by reducing the number of
feature dimensions from D to K where K < D. Here K is the number of classes, and the
first simplifying assumption made in this work is that we will represent the category
space using K orthonormal basis vectors {w; } together with an origin xo € R”. The
second assumption we make is that each feature vector x; should have a large magni-
tude inner product with its assigned class. From the orthonormality constraint above,
this automatically implies a small magnitude inner product with all other weight
vectors. A candidate objective function and constraints following the above consider-
ations are

BW) = =33 3 [ s~ o) @

k=1 i, €Cy,
and
1, k=I
wiw, = { (2)
0, k#l

respectively. In Eq. (1), W = [w1,w, ...,wk]. Note that we have referred to this as
a candidate objective function for two reasons. First, the origin x is still unspecified,
and obviously, we cannot minimize Eq. (1) w.r.t. x¢ as the minimum value is not
bounded from below. Second, it is unclear why we cannot use the inner product’s
absolute value or other symmetric functions. Both these issues are addressed later in
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this work. We currently resolve the origin issue by setting x to the centroid of all the
feature vectors (with this choice getting a principled justification below).

The objective function in Eq. (1) is the negative of a quadratic function. Since the
function —x? is concave, it admits a Legendre transform-based majorization [46]
using the tangent of the function. That is, we propose to replace objective functions of
the form —1x? with min, — xy + 3y* which can quickly be checked to be valid for an
unconstrained auxiliary variable y. Note that this transformation yields a linear objec-
tive function w.r.t. x, which is to be expected from the geometric interpretation of a
tangent.

Consider the following Legendre transformation of the objective function in
Eq. (1). The new objective function is

K

1

Eqaa(W,2) =) Y {Zkik (—wixi, +wixo) + 52, 3)
k=1 i, €C,

where Z = {z;, |k € {1, ...,K},ir €{1, ..., |Ci|} }. Consider this an objective func-
tion over x¢ as well. We require additional constraints to avoid minima at negative
infinity (i.e., for the objective function to be coercive). One such constraint (and

perhaps not the only one) is of the form ), ¢, 2k, = 0, Vk. When this constraint is

imposed, we obtain a new objective function,

1
Equa(W,Z) = 2:2:{%M¢M+§%k 4)

=14, €C

to be minimized subject to the constraints

>z, = 0,Vk ©)

i, €Cp

which are in addition to the orthonormal constraints in Eq. (2). This objective
function yields a Z, which removes the class-specific centroid of C;, for all classes.

3.2 Maximizing the absolute value of the inner product

We have justified our choice of centroid removal mentioned above indirectly
obtained via constraints imposed on Legendre transform auxiliary variables. The
above objective function can be suitably modified using different forms (absolute
inner product, etc.). To see this, consider the following objective function, which
minimizes the negative of the magnitude of the inner product:

EW Z > lwg (xi, —x0) |- (6)

=1 1, €Cp

Since —|x]| is also a concave function, it too can be majorized. Consider first
replacing the non-differentiable objective function —|x| with —v/x2 + € (also concave)
where € can be chosen to be a suitably small value. Now consider replacing —vx? + ¢
with min, —xy — e,/1 — »2 which can again quickly checked to be valid for a
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constrained auxiliary variable y € [—1, 1]. The constraint is somewhat less relevant
since the minimum w.r.t. y occurs aty = T which lies within the constraint

interval. Note that this transformation yields a linear objective function w.r.t. x. As
before, we introduce a new objective function

E.s(W,Z) Z Z [ —Z3, Wi Xy, — €4/1 —zﬁik} @)
=1 1, €Cy

to be minimized subject to the constraints ) }; ¢ 2x;, = 0,Vk and z;, € [-1,1]
which are the same as in Eq. (5) in addition to the orthonormal constraints in Eq. (2).

3.3 Extension to RKHS kernels

The generalization to RKHS kernels is surprisingly straightforward. First, we fol-
low standard kernel PCA and write the weight vector in terms of the RKHS projected
patterns ¢(x;) to get

N
we =Y au(xi). (8)
i=1

Note that the expansion of the weight vector is in overall patterns rather than just
the class-specific ones. This assumes that the weight vector for each class lives in the
subspace (potentially infinite dimensional) spanned by the RKHS projected patterns
—the same assumption as in standard kernel PCA. The orthogonality constraint
between weight vectors becomes

wk’wl <Zak1 xz Zalz xz>

i (P (i), p () ) 9)

=z

M= }Mz

Z akiaij (xi, Xj)

—
j=1

Il
N

which is equal to one if £ = [ and zero otherwise. In matrix form, the
orthonormality constraints become

AGAT = Iy (10)

where [A]}; = ay; and [G]; = K (x;, ;) is the well-known Gram matrix of pairwise

RKHS inner products between the patterns.
The corresponding squared inner product and the absolute value of the inner
product objective functions are

1
EKquad (A,2) Z Z sz,kak]K(x],xlk) + zzk1k (11)

=1 i, €Cy

and
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Exans(A,Z) Z Z Z zklkak]K(x],x,k) —ey/1 —zﬁikl (12)

=1 3, €C

respectively. These have to be minimized w.r.t. the orthonormal constraints in
Eq. (10) and the origin constraints in Eq. (5). Note that the objective functions are
identical w.r.t. the matrix A. The parameter ¢ can be set to a very small but
positive value.

4. An algorithm for supervised dimensionality reduction

We now return to the objective functions and constraints in Egs. (4) and (7) prior
to tackling the corresponding kernel versions in Egs. (11) and (12) respectively. It
turns out that the approach for minimizing the former can be readily generalized to
the latter, with the former being easier to analyze. Note that the objective functions in
Egs. (4) and (7) are identical w.r.t. W. Consequently, we dispense with the optimiza-
tion problems w.r.t. Z, which are straightforward and focus on the optimization
problem w.r.t. W.

4.1 Weight matrix estimation with orthogonality constraints

The objective function and constraints on W can be written as

Eequw Z Z Zkzkwk Xi, (13)

=1 i, €Cy
and
1, k=1
Twy =47 . 14
Wkt {o, k1 (14)

Note that the set Z is not included in this objective function despite its presence in
the larger objective functions of Egs. (4) and (7). The orthonormal constraints can be
expressed using a Lagrange parameter matrix to obtain the following Lagrangian:

L(W,A) Z >z wyxi, + trace{A(WTW —I) }. (15)
k=1 i, €Cp,

Setting the gradient of L w.r.t. W to zero, we obtain
VwL(W,A)=-Y+W(A+AT)=0 (16)

where the matrix Y of size D x K is defined as

szxil, ey szikxik . (17)

i1€Cy i, €Cy
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Using the constraint W/ W = I, we get
(A+AT) =Wy, (18)

Since (A + AT) is symmetric, this immediately implies that W'Y is symmetric.
From Eq. (16), we also get

(A+AT)WTW(A+AT) = (A+ A7) = YTY. (19)

Expanding Y using its singular value decomposition (SVD) as Y = UXV7, the
above relations can be simplified to

Y =UzvT = uvT(VvEVT) = W(A + AT) (20)
giving
(A+AT) =vzvT (21)
and
w=uv" (22)

We have shown that the optimal solution for W is the polar decomposition of Y,
namely W = UV™. Since Z has been held fixed during the estimation of W, in the
subsequent step, we can hold W fixed and solve for Z and repeat. We obtain an
alternating algorithm that iterates between estimating W and Z until a convergence
criterion is met.

4.2 Estimation of the auxiliary variable Z

The objective function and constraints on Z depend on whether we use objective
functions based on the square or absolute value of the inner product. We separately
consider the two cases. The inner product squared effective objective function

K
1
Equadeff(Z) = Z Z [_Zkiszxik +§Ziik:| (23)

k=1 i, €Cy,

is minimized w.r.t. Z subject to the constraints ) _; ¢ 2k, = 0, Vk. The straight-
forward solution obtained via standard minimization is

1
S T,.
Zpi, = WpXi, Ca] E ikeckwkx’k

1
k |Ck| i, € Cp k

The absolute value effective objective function

(24)

K

Eabseff(Z) - Z Z [7zkikwl’£xik - E\/ 1 72/%1‘1@ (25)

k=1 i, €Cp
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is also minimized w.r.t. Z subject to the constraints ) _; ¢ 2k, = 0, Vk. A heuristic
solution obtained (eschewing standard minimization) is

T
wkx,k 1 Wy, Xj,

Zpi, = (26)

(Wl )* + €2 1G] el (Wl )’ + €2
which has to be checked to be valid. The heuristic solution acts as an initial
condition for constraint satisfaction (which can be efficiently obtained via 1D line

minimization). The first order Karush-Kuhn-Tucker (KKT) conditions obtained from
the Lagrangian

Labseff(Za M) - Z Z [_zkikwlzxik - 6\/ 1- Z/%ik Z Hi Z Zki, (27)

k=1 i, €Cp i, €Cy

are

P S—— R (28)

from which we obtain

T
Wy, Xiy, + Hy

\/(ngik + ,le)z + €2

Zpi, = (29)

We see that the constraint z;;, € [—1, 1] is also satisfied. For each category Cp, there
exists a solution to the Lagrange parameter y, such that ) _; z;;, = 0. This can be
obtained via any efficient 1D search procedure like golden section [47].

4.3 Extension to the kernel setting

The objective function and constraints on the weight matrix A in the kernel
setting are

EI(equlv Z Z szueak]I( x]’xzk) (30)

i ey o
with the constraints
AGAT =1Ix (31)
where [A],; = a,; and [G];; = K (x;,%;) is the N x N kernel Gram matrix. The con-

straints can be expressed using a Lagrange parameter matrix to obtain the following
Lagrangian,

Lier(A, A) Z > sz,kak]K(x],xlk) + trace{ Arer (AGAT —Ix)}.  (32)
k=1 i, €C, j=
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Setting the gradient of Ly, w.r.t. A to zero, we obtain
_Yker + (Aker + Ager)AG =0 (33)
where the matrix Yy, of size K x N is defined as

[Yker]k]‘ = Z ZkikI( (‘x]’ xik) . (34)

i, €Cp
Using the constraint AGAT = Iy, we obtain
2 _
(Aker + Al{er)AGAT (Aker + AlZer) = (Aker + Aljger) = YkerG 1Yljger' (35)

Expanding YierG 2 using its singular value decomposition as
YkerG_% = U, kerSkerV]rfer’ the above relations can be simplified to

(Aker + Alqger) = UkerSkerUiZ:er (36)
and
AG = Uy VI, = A = U, VI, G2, (37)

We have shown that the optimal solution for A is related to the polar decomposi-

tion of YkerGf%, namely A = UkeererGf%. Since Z has been held fixed during the
estimation of A, in the subsequent step, we can hold A fixed and solve for Z and
repeat. We thereby obtain an alternating algorithm that iterates between estimating
A and Z until a convergence criterion is met. This is analogous to the non-kernel
version above.

The solutions for Z in this setting are very straightforward to obtain. We eschew
the derivation and merely state that

N 1 N
By = Zj:lakj K (g xi,) - |C—k| Zik €C ijlakiK (o673,

N 1 (38)
— Zj:lakj (K(xj, xik) - |C_k| Zik eCkK(xj,x,-k)>
for the squared inner product kernel objective and
ij\ilaij (xjy xik) i Zjl\ilakj1<<xj’xik) (39)

Ziyy, = -
2 |Cr . 2
\/ (S gk (1,) )+ €2 O (DK (y,x,) )+ €2

for the absolute valued kernel objective. This heuristic solution acts as an initial
condition for constraint satisfaction (which can be efficiently obtained via 1D line
minimization). Following the line of Egs. (27)-(29) above, the solution can be written as

Z}iﬂl}q[( (x]', xik) +

Zki, = 3 . (40)
\/(Z]Nlaij(xj,xik) + /tk) + €2
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For each category Cp, as before, there exists a solution to the Lagrange parameter
Hy, such that 3, z;;, = 0. Once again, this can be obtained via any efficient 1D search

procedure like golden section [47].

4.4 Analysis
4.4.1 Euclidean setting

The simplest objective function in the above sequence, analyzed in the literature, is
based on the squared inner product. Below, we summarize this work by closely
following the treatment in [2, 48]. First, to bring our work in sync with the literature,
we eliminate the auxiliary variable Z from the squared inner product objective func-
tion (treated as a function of both W and Z here):

1
Equadeff W Z Z Z |: Zkikw]?;xik +§Z]3ik:|- (41)

=1 i, €Cp

Setting zj;, = w] (xik - IC_lk\ >, ECkxik) which is the optimum solution for Z, we get

2
1
Equaa(W) = 722 Wy, TRy, = f—z Z lwk (xlk - m Zx,)] (42)

k=1 i, €Cy ieCy

where Ry, is the class-specific covariance matrix:

Re= Y (xik—ﬁZxJ (x G > (43)

i, €Cy ieCy ieCy

We seek to minimize Eq. (42) w.r.t. W under the orthonormality constraints
WI'W = Ix.

A set of K orthonormal vectors {wk eRP ke {1, ..., K}} in a D-dimensional
Euclidean space is a point on the well-known Stiefel manifold, denoted here by Mp k
with K <D. The problem in Eq. (42) is equivalent to the maximization of the sum
of heterogeneous quadratic functions on a Stiefel manifold. The functions are
heterogeneous in our case since the class-specific covariance matrices R, are not
identical in general. The Lagrangian corresponding to this problem (with Z removed
via direct minimization) is

Lquaa(W,A) = —= Z wj Rewy, + trace[AT(WTW — Ix)]. (44)

Setting the gradient of the above Lagrangian w.r.t. W to zero, we obtain
[Riw1, Ryw, ..., Rxwi] = W(A + AT). (45)

Noting that A + AT is symmetric and using the Stiefel orthonormality constraint
wiw = Ik, we get
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(A +AT) = WTRyw1, Ryws, ..., Rkwk]. (46)
The above can be considerably simplified. First we introduce a new vector
w € Mp x defined as w = [wlT, wl, .., wIT(] T and then rewrite Eq. (45) in vector form
to get
Rw = S(w)w (47)
where
Ry 0Og - O
Ok R, - O
r= |9 R K (48)
Ox - = Ok
Ok -+ - Rg

is a KD x KD matrix and

1 -
w{Rll/UlII( i (w{leK + wIERle)IK
1 (wTRﬂ,Uz + wTszl)IK 1 (wTszK + wTRsz)IK
Sw)= |21 2 2172 K (49)
> (wlTleK + w1T<R1<w1)IK wrRxwi Ik

a KD x KD symmetric matrix. The reason S(w) can be made symmetric is because it
is closely related to the solution to (A + A)T, which has to be symmetric. The first and
second order necessary conditions for a vector wg € Mp x to be a local minimum
(feasible point) for the problem in Eq. (42) are as follows:

RW() = S(Wo)W() (50)

and

(R = 8(Wo)) | ram(wo) (51)

is negative semi-definite. In Eq. (51), TM(wy) is the tangent space of the Stiefel
manifold at wg. In a tour de force proof, Rapcsak further shows in [2] that if the matrix
(R — S(wy)) is negative semi-definite, then a feasible point wy is a global minimum.
This is an important result since it adds a sufficient condition for a global minimum
for the problem of minimizing a heterogeneous sum of quadratic forms on a Stiefel
manifold.!

' Note that this problem is fundamentally different from and cannot be reduced to the minimization of
trace (AWTBW) subject to WTW = Ix which has a closed form solution.
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4.4.2 The RKHS setting

We can readily extend the above analysis to the kernel version of the squared inner
product. The complete objective function w.r.t. both the coefficients A and the auxil-
iary variable Z is

N
1
EI(equlv A Z Z Z [ Z zk,-kaij(xj,xik) + izﬁik .

—1i,eC | j=1

(52)

Setting z3;, = ZJIL K (xj,xik) which is the optimum solution for Z, we get

1K N 1 2
Etgual®) = <330 Y, e | Sy (K05050) = 7 2 e o))

1

35l G

(53)

where [ak]j =y, A = [a, a0, ... ,aK]T (and)

[Gk]jm = Z (K(xj’xlk - ZK Xj> Xi ) : (I((xm’xlk | Cr| ZK Xm > Xi )

i, €Cp l eCy i€C,
(54)
The constraints on A can be written as
T
AGAT = Iy = (G%AT) (G%AT) — Ix. (55)

. . 1 . I
Introducing a new variable B = GZA”, we may rewrite the kernel objective func-
tion and constraints as

1 K 1 K . .
Exquanew(B) = =53 BiHB = =5 LG GG B, (56)
k=1 k=1

(where B = [,5,, -..,Bk]) and
B'B=1Ig (57)

respectively. This is now in the same form as the objective function and constraints
in Section 4.4.1, and therefore, the Rapcsdk analysis of that section can be directly
applied here. The above change of variables is predicated on the positive definiteness
of G. If this is invalid, principal component analysis has to be applied to G, resulting in
a positive definite matrix in a reduced space, after which the above approach can be
applied.

In addition to providing necessary conditions for global minima, the authors in [4]
developed an iterative procedure as a method for a solution. We have adapted this to
suit our purposes. A block coordinate descent algorithm which successively updates
W and Z is presented in Algorithm 1.
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Algorithm 1. Iterative process for minimization of the sum of squares of inner prod-
ucts objective function.

* Input: A set of labeled patterns {x;, }l'kcilp Vke{l, ..,K}.
* Initialize:
o Convergence threshold 6.
o Arbitrary orthonormal system W),
* Repeat
o Calculate the sequence {W<1>, wa, . wm }. Assume W is constructed
form = 0,1,2, ...

o Update the auxiliary variable Z"*V satisfying > i, e Zki, = O
*Z<m+1) _ (w(m))T

T
ki & Xie _ﬁzik €C, (w(m))kxik'

o Perform the SVD decomposition on [Zil eclzg?f“)xil, D eckzz(ezH)xik} to

m+1

o

get UMt gm+) (V(’”+1))T where SV is K x K.
o Wit — yim+1) (V(’”“))T, the polar decomposition.
* Loop until [W™) — w™|| _<s.
* Output: W

5. Experimental results
5.1 Quantitative results for linear and kernel dimensionality reduction

In practice, dimensionality reduction is used in conjunction with a classification
algorithm. By definition, the purpose of dimensionality reduction, as it relates to
classification, is to reduce the complexity of the data while retaining discriminating
information. Thus, we utilize a popular classification algorithm to analyze the
performance of our proposed dimensionality reduction technique. In this section, we
report the results of several experiments with dimensionality reduction combined
with SVM classification. In the multi-class setting, we compare against other state-
of-the-art algorithms that perform dimensionality reduction and then evaluate the
performance using the multi-class one-vs-all linear SVM scheme. The classification
technique uses the traditional training and testing phases, outputting the class it
considers the best prediction for a given test sample. We measure the accuracy of
these predictions averaged over all test sets. In Table 1, we demonstrate the effec-
tiveness of both the sum of quadratic and absolute value functions, denoted as cate-
gory quadratic space (CQS) and category absolute value space (CAS), respectively.
Then, we benchmark their overall classification accuracy against several classical
dimensionality reduction techniques, namely, least squares linear discriminant analy-
sis (LS-LDA) [27], Fisher linear discriminant (MC-FLD) [19], principal component
analysis (PCA) [33] and their multi-class and kernel counterparts (when applicable).
In each experiment, we chose two-thirds of the data for training, and the remaining
third of the samples were used for testing. The results are shown in Table 1.

Databases: To illustrate the performance of the methods proposed in Section 3, we
conducted experiments using different publicly available data sets taken from the UCI
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machine learning data repository [49]. We have chosen a variety of data sets that vary
in terms of class cardinality (K), samples (IV), and number of features (D) to demon-
strate the versatility of our approach. For a direct comparison of results, we chose the
same data sets: Vehicle, Wine, Iris, Seeds, Thyroid, Satellite, Segmentation, and Ver-
tebral Silhouettes recognition databases. More details about the individual sets are
available at the respective repository sites.

We divide the results into the linear and kernel groups (as is normal practice).
Table 1 shows the results for linear dimensionality reduction with SVM linear classi-
fication. All dimensionality reduction algorithms were implemented and configured
with a linear SVM classifier for optimal classification results (via cross-validation). It
can be seen that the category space projection scheme consistently provides a good
projection for standard classification algorithms to be executed. Several of the data
sets comprise only three classes, and it can be seen that the proposed method is
competitive in performance and, in some instances, performs slightly better.

Also, for comparison, Table 2 reports the performance of the proposed kernel
formulations followed by a linear SVM classifier. These proposed methods also
achieve accuracy rates similar to their kernel counterparts with angle classification
shown in Table 3.

The iterative approach in Algorithm (1) was applied to obtain an optimal ortho-
normal basis W (which is D x K) for the category space, where D dimensional input

Name (#Classes) CQS CAS LS-LDA PCA MC-FLD
Vehicle (4) 53.91 53.05 76.56 55.36 76.82
Wine (3) 96.07 96.82 95.51 77.19 97.28
Iris (3) 97.55 96.88 96.11 96.77 96.77
Seeds (3) 90.39 90.79 95.15 92.53 95.79
thyroid (3) 94.02 94.08 94.02 92.57 93.92
Satellite (6) 85.30 85.20 86.38 85.45 86.52
Segmentation (7) 93.14 93.44 94.62 94.40 94.43
Vertebral (3) 84.13 82.79 81.45 80.05 81.18
Table 1.

Linear dimensionality reduction w/SVM classification.

Name (# Classes) K-CQS K-CAS K-PCA K-MC-FLD
Vehicle (4) 40.27 40.92 44.81 74.35
Wine (3) 92.95 95.63 95.95 96.88
Iris (3) 95.55 93.33 95.55 94.44
Seeds (3) 90.21 90.47 91.53 93.65
thyroid (3) 41.97 40.24 43.08 72.34
Satellite (6) 81.54 86.23 89.69 90.61
Segmentation (7) 72.96 77.24 83.01 92.43
Vertebral (3) 70.96 69.53 70.96 82.25
Table 2.

Kernel dimensionality veduction w/SVM classification.
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Name (# Classes) K-CQS-A K-CAS-A
Vehicle (4) 67.96 68.24
Wine (3) 95.32 95.32
Iris (3) 95.55 95.18
Seeds (3) 91.79 91.79
thyroid (3) 67.90 66.79
Satellite (6) 83.33 76.29
Segmentation (7) 50.21 48.94
Vertebral (3) 77.59 77.77
Table 3.

Kernel dimensionality veduction w/angle classification.

patterns can be projected to the smaller K dimensional category space if D > K. We
start with a set of N labeled, input vectors x; € R® drawn randomly from multiple
classes Ci,k € {1, ..., K}. The optimization technique searches over Steifel manifold
elements, as explained above. The algorithm is terminated when the Frobenius norm
difference between iterations, [|[W"™Y — W) ||, <5 (with 5§ = 10~®). Once we have
determined the optimal W, the patterns are mapped to the category space by the
transformation y; = Wx; to obtain the corresponding set of N samples y, € RX, where
K is the reduced dimensional space.

The results above show that our proposed methods lead to classification rates that
can be compared to classical approaches. However, the main focus of this work is to
provide an algorithm that retains important classification information while intro-
ducing a geometry (category vector subspace) with attractive semantic and visualiza-
tion properties. The results suggest that our classification results are competitive with
other techniques while learning a category space.

5.2 Visualization of kernel dimensionality reduction

Another valuable aspect of this research can be seen in the kernel formulation,
which demonstrates the warping of the projected patterns toward their respective
category axes. This suggests a geometric approach to classification, i.e., we could
consider the angle of deviation of a test set pattern from each category axis to measure
class membership. Within the category space, a base category is represented by the
bases (axes) that define the category space. Class membership is, therefore, inversely
proportional to the angle between the pattern and the respective category axis.
Figures 1 through 3 illustrate the warped space for various three class problems, for a
variation in the width parameter (o) of a Gaussian radial basis function kernel in the
range ¢ = [0.1,0.8]. Note the improved visualization semantics of the category space
approach when compared to the other dimensionality reduction techniques.

6. Conclusions

In this work, we presented a new approach to supervised dimensionality
reduction—that attempts to learn orthogonal category axes during training. The
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Figure 1.
Reduced dimensionality projection for a medium o value: From top to bottom: Row 1: Vertebral, Row 2: Thyroid,
Row 3: Wine, Row 4: Iris, Row 5: Seeds.

motivation for this work stems from the observation that the semantics of the multi-
class Fisher linear discriminant are unclear, especially w.r.t. defining a space for the
categories (classes). Beginning with this observation, we designed an objective function
comprising sums of quadratic and absolute value functions (aimed at maximizing the
inner product between each training set pattern and its class axes) with Stiefel manifold
constraints (since the category axes are orthonormal). It turns out that recent work has
characterized such problems and provided sufficient conditions for the detection of
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global minima (despite the presence of non-convex constraints). The availability of a
straightforward Stiefel manifold optimization algorithm tailored to this problem (which
has no step size parameters to estimate) is an attractive by-product of this formulation.
The extension to the kernel setting is entirely straightforward. Since the kernel dimen-
sionality reduction approach warps the patterns toward orthogonal category axes, this
raises the possibility of using the angle between each pattern and the category axes as a
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Figure 3.
Reduced dimensionality projection for a lavge o value. From top to bottom: Row 1: Vertebral, Row 2: Thyroid, Row
3: Wine, Row 4: Iris, Row 5: Seeds.

classification measure. We conducted experiments in the kernel setting and demon-
strated reasonable performance for the angle-based classifier, suggesting a new avenue
for future research. Finally, visualization of dimensionality reduction for three classes
showcases the category space geometry with clear semantic advantages over standard
principal components and multi-class Fisher.

Several opportunities exist for future research. We notice a clustering of patterns
near the origin of the category space, clearly calling for an origin margin (as in support
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vector machines) [43]. At the same time, we can also remove the orthogonality
assumption (in the linear case) while continuing to pursue multi-class discrimination.
Finally, extensions to the multi-label case [42] are warranted and suggest interesting
opportunities for future work.

Nomenclature

Name Description

PCA principal component analysis

SVM support vector machine

FLD Fisher linear discriminant

CCA canonical correlation analysis

PLS partial least squares

SPCA supervised PCA

RKHS reproducing Kernel Hilbert space

KKT Karush-Kuhn-Tucker

CQsS category quadratic space

CAS category absolute value space

LS-LDA least squares linear discriminant analysis
MC-FLD multi-class Fisher linear discriminant
K-CQS kernel category quadratic space

K-CAS kernel category absolute value space
K-PCA kernel principal component analysis
K-MC-FLD kernel multi-class Fisher linear discriminant
K-CQS-A kernel CQS w/angle classification
K-CAS-A kernel CAS w/angle classification

Additional information

An earlier version of this chapter was previously published as a preprint in: 1.
Smith AO, Rangarajan A. A Category Space Approach to Supervised Dimensionality
Reduction [Internet]. arXiv.org. 2016 [cited 2023 Sep 5]. Available from: https://arxiv.
org/abs/1610.08838
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Chapter 3

Application of Complex Hilbert
Principal Component Analysis to
the Economic Phenomena

Wataru Souma

Abstract

Conventional principal component analysis operates using a correlation matrix
that is defined in the space of real numbers. This study introduces a novel method—
complex Hilbert principal component analysis—which analyzes data using a correla-
tion matrix defined in the space of complex numbers. As a practical application, we
examine 10 major categories from the Japanese Family Income and Expenditure
Survey for the period between January 1, 2000 and June 30, 2023, paying special
attention to the time periods preceding and following the onset of the novel corona-
virus disease 2019 pandemic. By analyzing the mode signal’s peaks, we identify spe-
cific days that exhibit characteristics that are consistent with the events occurring
before and after the pandemic.

Keywords: principal component analysis (PCA), complex numbers, Hilbert
transformation, novel coronavirus disease 2019 (COVID-19), mode signal

1. Introduction

The analysis of big data may reveal novel aspects of nature and of our society.
However, the significance of datasets is often obscured by noise, so distinguishing
meaningful signals from such noise is an essential task. Principal component analysis
(PCA) is a valuable tool for understanding the characteristics of a dataset by reducing
its dimensionality to fewer dimensions than exist in the original dataset. PCA has long
been exploited in various fields of study ranging from natural science to the social
sciences and was recently used with machine learning as a dimensionality reduction
method.

A pioneering economic study that used PCA by Connor and Korajczyk [1] to derive
factors from a large set of stock returns, which led to PCA’s application in various
areas of economics from microeconomics to macroeconomics (e.g., [2-7]).

PCA’s key point is to distinguish between significant and random components. The
Scree criterion for factor retention introduced by Cattell [8] is useful for visually
identifying the separation point. In statistical physics, the distribution of eigenvalues
[9] and of components of corresponding eigenvectors [10] were derived analytically
in research on random matrix theory (RMT). The authors from references [11-13]
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developed an RMT-based “null hypothesis” test that explicitly compares the proper-
ties of empirical equal-time cross-correlation matrices to those of random matrices.
Any deviations from the properties of a random matrix were considered indicators of
meaningful information. The RMT method has been applied to the equal-time cross-
correlation matrix of assets [14-19].

Plerou et al. [13] constructed a “filtered” cross-correlation matrix using eigen-
values and eigenvectors outside of the bounds of a random matrix and applied it to
Markowitz’s portfolio optimization [20]. Their results showed that predicted risk is
more closely aligned with realized risk when using a cross-correlation matrix than
when using traditional portfolio optimization methods. The authors from references
[21, 22] applied Markowitz’s portfolio optimization technique to stocks listed in the
first division of the Tokyo Stock Exchange and demonstrated that the performance of
portfolios constructed using this method generally outperformed market indices such
as the Tokyo Price Index (TOPIX).

RMT is a robust technique for isolating the meaningful components from back-
ground noise in financial time-series data. The null hypothesis used in this method
assumes both cross-correlation and autocorrelation randomness. However,
autocorrelation in stock returns is generally not random, as evidenced by studies
such as in Ref. [23]. Therefore, a new method that maintains autocorrelation
while randomizing cross-correlation is required. To address this need, the authors
from references [24, 25] introduced Rotational Random Shuffling (RRS), a method
in which empirical time-series data are rotationally shuffled along the time axis,
subject to periodic boundary conditions. Equal-time cross-correlation matrices
generated from RRS time-series data preserve most of the autocorrelation while
effectively randomizing the cross-correlation. A comparison between the eigenvalue
distribution of the RRS-generated cross-correlation matrix and that of the empirical
matrix enables one to effectively differentiate between meaningful components
and noise.

Extending the application of RMT to cross-correlation matrices that consider dif-
ferent time frames was a natural development. Arai et al. [26] introduced complex
Hilbert principal component analysis (CHPCA), in which the cross-correlation matrix
is formulated in complex space, and the components of the eigenvectors are distrib-
uted across the complex plane, allowing for the identification of lead-lag relationships
between components using angular differences. The authors from references [27, 28]
applied CHPCA to a time-series dataset of assets in the S&P 500. Vodenska et al. [29]
employed CHPCA to explore foreign exchange and stock market data from 48 coun-
tries for the 1990-2012 period and revealed significant lead-lag relationships between
these markets. Souma et al. [30] used CHPCA to analyze a time-series dataset for
assets listed on the New York Stock Exchange from 2005 to 2014, illuminating lead-
lag relationships between stocks, investment trusts, real estate investment trusts, and
exchange-traded funds. The authors from references [31, 32] applied CHPCA to the
early warning indicators for a financial crisis proposed by the Bank of Japan to
investigate shifts in the lead-lag relationships between indices before and after a
financial crisis.

When applying CHPCA to time-series data, explicitly extracting the lead-lag rela-
tionships between the different time series is essential. The authors from references
[33-35] employed the Helmholtz-Hodge decomposition (HHD) to identify circular
and gradient flows within complex networks. Iyetomi [36] used CHPCA and HHD on
monthly time-series data for 57 U.S. Macroeconomic indicators and five trade/money
indices and statistically confirmed significant co-movement among these time series,
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pinpointing significant economic events. Iyetomi et al. [37] summarized CHPCA,
RRS, and HHD and applied these methodologies to economic time-series data.

Souma et al. [38] investigated the complex interdependencies between the eco-
nomic policy uncertainty (EPU) and geopolitical risk (GPR) indices across 31 coun-
tries by using CHPCA to identify key events that prompted significant changes in EPU
and GPR index values for the 1997-2020 period and examining the leading and
lagging relationships between countries to determine whether one country’s EPU or
GPR index could influence those of another’s. This study demonstrated that CHPCA
enables a weighted and directed network to be constructed from the correlation
matrix and concluded that the most impactful event of this period was the September
11, 2001 terrorist attacks, followed by the COVID-19 pandemic in 2020 and the global
financial crisis in 2008.

The objective of this chapter is to apply CHPCA to the Japanese Family Income and
Expenditure Survey (FIES), which is conducted by the Statistics Bureau of Japan [39],
and to clarify the characteristics of consumption before and after the COVID-19
pandemic. In Section 2, we describe the characteristics of the FIES data, which con-
sists of daily consumption records extending from January 1, 2000 through June 30,
2023. We remove trends, seasonality, and weekly effects from this dataset. In Section
3, we outline the CHPCA methodology and discuss random shuffling (RS), RRS, and
mode signals. In Section 4, we present our findings, demonstrating that CHPCA is
able to successfully extract the characteristics of typical events occurring before and
after the COVID-19 pandemic using consumption as the mode signal. Finally, Section
5 presents a summary and discussion.

2. Data

This chapter investigates the FIES conducted by the Statistics Bureau of Japan [39].
The FIES is a sample survey that includes households, excluding single-person student
households. The 2015 Population Census covered 51.57 million households and
represented 96.5% of all Japanese households. Sample households for the FIES are
chosen using statistical methodologies that ensure that the FIES data may represent all
households in the country. Approximately 9000 households were selected using a
three-stage sampling method. Each sampled family household recorded its income
and expenditure in a family account ledger for 6 months and for 3 months single-
person households.

The FIES comprises multi-person households (i.e., those with two or more per-
sons) and single-person households. Of the approximately 9000 households surveyed,
about 85.7% are multi-person households, while approximately 14.3% are single-
person households.

Although the proportion of single-person households has recently been increasing,
this chapter focuses on data for multi-person households, as they remain the predomi-
nant type of Japanese household. The FIES began in September 1950, and census data
starting in January 2000 can be downloaded from reference [40]. The number of
disclosed items exceeds 150. There are 10 major consumption expenditure categories as
follows: 1. Food, 2. Housing, 3. Fuel, light & water charges, 4. Furniture & household
utensils, 5. Clothing & footwear, 6. Medical care, 7. Transportation & communication,
8. Education, 9. Culture & recreation, and 10. Other Consumption Expenditures.

While FIES reports and statistical tables are published monthly, they feature daily
data, so this section delves into the characteristics of the daily data associated with the
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10 primary consumption items. The dataset includes six leap years. To standardize
each year to 365 days for this analysis, we compute the average consumption expen-
ditures for February 28 and 29 and then assign this average to February 28. Then, we
exclude February 29. We denote the consumption expenditure of the 7-th item in year
yondaydas X, .

Figure 1 portrays the daily fluctuations of these 10 primary consumption items
from January 1, 2000, to June 30, 2023. In this figure, each white line represents the
one-year moving average, highlighting the existence of a trend. To remove the trend
from each time series, we calculate the change relative to the corresponding day in the
previous year using the following equation:

Xn da
Ruya = 2. (1)
> Xn,y—l,d

Hereafter, we will denote R, 4 as R,,;.The results of this transformation are illus-
trated in Figure 2. In this figure, each white line represents a one-year moving average
of R,;, which highlights the existence of a trend denoted G,,.
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Figure 1.
Original data for 10 categories of the Japanese family income and expenditure survey. Source: The statistics Bureau
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Figure 2.
Change in 10 categories of the Japanese family income and expenditure survey from the same day the previous year.
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In addition to the trend G, , the time series R,, contains seasonality S, ;. To
remove these components, we obtain the following equation:

Yn,t = Rn,t - Gn,t - Sn,t~ (2)

However, Y, is still subject to day-of-the-week effects, D,,;, defined as follows:

1
Dus = - > Yus 3)

ted

where N, represents the number of days in a week. Therefore, after removing D,
from Y,,;, we obtain the following:

Tnt = Yn,t - Dn,d- (4)

The resulting time series passes both the Augmented Dickey-Fuller test and the
Kwiatkowski-Phillips-Schmidt-Shin tests.

3. Methods and materials

In this section, we explain how CHPCA is used to explore the correlation structure
of 7.

3.1 Complex correlation matrix

The mean value of 7, is defined as follows:

T
(rn) = %Zw. (5)
t=1

The variance is given by the following:

T
Z (Tne — <Vn>)2~ (6)

t=1

N =

2 __
o, =

To standardize 7,;, as defined in Eq. (4), to have a mean of zero and a variance of
one, we use the following:

Woy = M 7)

On

The Fourier transform of Eq. (7) is given as follows:
T
Way = Y _[an(wr) cos(ant) + by (wy) sin(wit)), (8)
k=0

where w;, = 27k /T > 0.
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The Hilbert transform of Eq. (8) is given by the following:

T

Way = _[bu(wr) cos(ant) — ay (o) sin(wyt)]. 9)
k=0

Eq. (9) corresponds to Eq. (8) shifted to the phase z/2. Therefore, Egs. (8) and (9)
are orthogonal to each other. Now, using Egs. (8) and (9), we define the complex time
series as follows:

T
wn,t = Wy + iwn,t = ch (Cl)k)e—lmkt’ (10)
k=0

where i is an imaginary unit defined by i* = —1, and ¢, (@) = a,(wg) + iby (@)

The right-hand side of Eq. (10) indicates that w,; rotates in a clockwise direction
over time. The matrix with the components specified by Eq. (10) is known as the
complex Wishart matrix, and it can be expressed as follows:

W = i), (11)

Consequently, the complex correlation matrix is defined by the following:
1 =t
C= TWW , (12)

where W' denotes the adjoint matrix of W (i.e., the transpose and complex
conjugate).
The components of the complex correlation matrix can be expressed as follows:

Cpn = Re(Cppy) +iIm(C,pp), (13)
= |Cpunle ™, (14)

where ¢,,, represents the correlation in phase space. The leading or lagging behav-
ior of each component is determined using ¢,,,,,.

3.2 Random shuffling and rotational random shuffling

We can generate a random complex correlation matrix devoid of both autocorre-
lation and cross-correlation by employing a randomly shuffled Wishart matrix as
follows:

Wnit — Wy rand[1,T)> (15)

where rand [1, T] denotes a random integer between 1 to T selected without
repetition. This procedure is referred to as RS.

Many economic time series display autocorrelation, so a method that retains auto-
correlation while randomizing cross-correlation is helpful. To achieve this, we create a
random complex correlation matrix that preserves autocorrelation but eliminates
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cross-correlation, which can be accomplished by using a rotationally and randomly
shuffled Wishart matrix, defined as follows:

Wnt — Wy,mod[t+1,T]> (16)

where 7€ [0, T — 1] is a pseudo-random integer unique to each z. This procedure is
referred to as RRS. It should be noted, however, that the imposition of a periodic
boundary condition disrupts autocorrelation at that point.

3.3 Decomposition of the complex correlation matrix

When PCA is applied to the complex correlation matrix, C, it yields the eigenvalue
/; and its corresponding eigenvector v;, where j denotes the ranking of the eigenvalues
and their corresponding eigenvectors. By employing PCA, if we determine the num-
ber of principal components as 7,, we may decompose the complex correlation matrix
into its meaningful and noisy parts as follows:

N Np N
C= Z/ljvjvf = Zﬂjvjvj’f + Z Zjvjvj =P+R, (17)
j=1 j=1

j=np+1

where v;r represents the adjoint vector of v;, which is its transformation and

complex conjugate. In Eq. (17), P and R denote the principal and noisy components of
the complex correlation matrix, respectively. Thus, examining P is a logical means for
uncovering the characteristics of the correlation.

3.4 Mode signal

A mode signal, denoted aj, is a vector the number of components of which is equal
to the length of the time series, T It is defined by the product of »; and W as follows:

@ =v/W. (18)

The mode signal serves as a useful tool for identifying the sympathetic structure of
the time series.

4, Results

In Section 2, we discussed 10 major categories of consumption expenditure. How-
ever, the categories of Housing, Fuel, Light & Water Charges, and Education primar-
ily consist of monthly payment items and therefore do not accurately represent daily
consumption patterns. Therefore, we excluded these three categories and focused on
the remaining seven major consumption expenditure categories. We applied the
methodology outlined in Section 3 to the FIES data, specifically targeting the following
seven categories: 1. Food, 4. Furniture & household utensils, 5. Clothing & footwear,
6. Medical care, 7. Transportation & communication, 9. Culture & recreation, and 10.
Other Consumption Expenditures.
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Figure 3.
Distribution of eigenvalues.

4.1 Eigenvalues

Figure 3 presents the scree graph for the eigenvalues where the abscissa represents
the ranking, j, of each eigenvalue, while the ordinate indicates the magnitude of each
eigenvalue /;.

The black line marked with filled circles corresponds to the distribution of eigen-
values obtained from the complex correlation matrix constructed from the data. The
black dotted line marked with crosses and accompanied by error bars represents the
distribution of the eigenvalues sourced from the complex correlation matrix generated
using RS. The red line marked with open circles and error bars depicts the distribution
of eigenvalues derived from the complex correlation matrix generated using RRS. We
conducted 50 simulations for RS and RRS to determine their respective mean values
and standard deviations. In this graph, the error bars represent three times the stan-
dard deviation.

By comparing these results, we confirm that the first eigenvalue is evidently the
principal component, that is, 7, = 1.

4.2 Principal eigenvector

Figure 4 illustrates the distribution of the eigenvector that corresponds to the first
eigenvalue. In this figure, the abscissa represents the real axis, while the ordinate
represents the imaginary axis. Unlike the components in a real correlation matrix, the
components of this eigenvector are distributed on a complex plane. To account for the
nature of the eigenvectors in this figure, we imposed a constraint that sets the imag-
inary part of “10. Other Consumption Expenditures” to zero.

In this context, two key quantities are the absolute value and the argument of each
complex component. The absolute value signifies the strength of each component in
the eigenvector. Therefore, “10. Other Consumption Expenditures” emerges as the
most dominant factor, followed by “1. Food.”
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Distribution of components of principal eigenvector.

The argument of the complex number indicates the leading and lagging relation-
ships between the factors. As demonstrated in Eq. (10), each index rotates in a
clockwise manner as time progresses. Nevertheless, Figure 4 reveals no typical lead-
ing or lagging relationships. Instead, the figure identifies three distinct groups: one
consisting of “10. Other Consumption Expenditures” and “1. Food”; another com-
prising “4. Furniture & Household Utensils,” “6. Medical Care,” and “7. Transporta-
tion & Communication”; and a final group containing “5. Clothing & Footwear” and
“9. Culture & Recreation.”

4.3 Mode signals

We consider the squared values of the mode signals defined by using the following
expression:

|0‘t‘2 = Z’aj,t’z, (19)

j€J

where J = {1,4,5,6,7,9,10} represents the numbers corresponding to the various
categories from the included in our analysis. We square the mode signals because their
components consist of complex numbers. Figure 5 displays the mode signal as it is
defined in Eq. (19).

In this figure, the abscissa represents the days, and the ordinate represents
the squared values of the mode signals. Here, we focus on the peaks occurring
after 2019. The top five peaks are summarized in Table 1, ordered according to
time. The most significant peak occurred on September 30, 2019. This is the day
before Japan’s consumption tax was increased from 8% to 10%, October 1, 2019.
The second peak falls on October 12, 2020, coinciding with the Japanese
government’s “Go To Campaign” to stimulate the economy after the COVID-19
pandemic, which had decreased consumption. The third peak is observed on
April 24, 2021, when Japan was in the midst of the fourth wave of its COVID-19
pandemic; a state of emergency was declared in four prefectures in the Tokyo
metropolitan area on April 25, 2021. The fourth peak occurs on May 6, 2021 and
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Figure 5.
The sum of mode signals |a|* for the Japanese family income and expenditure survey data.

Data Ranking of mode signal Relating events

2019-09-30 1 Sales tax rate increases from 8-10% (October 1, 2019)

2020-10-12 2 Economic stimulus package for the COVID-19 pandemic

2021-04-18 5 State of emergency declared in four prefectures

2021-04-24 3 State of emergency declared in four prefectures (April 25, 2021)

2021-05-06 4 State of emergency declared in nine prefectures (May 12, 2021)
Table 1.

Five peaks of the sum of mode signals |a;|* after 2019 and the occurrence of related events.

laes,of?

2004 2008 2m2 2016 2020 2024

Days

Figure 6.
The first mode signal |a,;|* for the Japanese family income and expenditure survey data.

Data Ranking of mode signal Relating events
2019-09-30 5 Sales tax rate increases from 8-10% (October 1, 2019)
2020-10-12 2 Economic stimulus package for the COVID-19 pandemic
2021-04-26 3 State of emergency declared in four prefectures (April 25, 2021)
2021-05-06 1 State of emergency declared in nine prefectures (May 12, 2021)
2021-09-24 4 All emergency declarations lifted (September 30, 2021)

Table 2.

Five peaks of the first mode signal |a,;|* after 2019 and relating events.

corresponds to the declaration of a state of emergency for nine prefectures on May 12,
2021. Finally, the fifth peak occurs on April 18, 2021 and is attributed to the same
factors as the third peak.
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Next, we focus on the first mode signal |a;,|*. Figure 6 displays the mode signal of
|a1,t|2. In this figure, the abscissa represents the days, and the ordinate represents

|a1,|*. Here, we once again focus on the peaks occurring after 2019. The top five peaks
are summarized in Table 2, Unlike the data in Table 1, the most prominent peak for
this mode signal is May 6, 2021 when Japan was in the midst of the fourth wave of its
COVID-19 pandemic: A state of emergency had been declared for four prefectures in
the Tokyo metropolitan area on April 25, 2021 and was extended to nine prefectures
on May 12, 2021. The second peak falls on October 12, 2020, coinciding with the
Japanese government’s “Go To Campaign” aimed at stimulating the economy due to
the decline in consumption precipitated by the pandemic. The third peak is observed
on April 26, 2021, 1 day after a state of emergency was declared for four prefectures in
the Tokyo metropolitan area on April 25, 2021. The fourth peak occurs on September
24,2021, a date not exhibited in Table 1, corresponding to the lifting of all emergency
declarations on September 30, 2021. It should be noted that people had more oppor-
tunities to go out around this time, leading to increased consumption. Finally, the fifth
peak occurs on September 30, 2019, the day before Japan’s consumption tax was
increased from 8-10%, October 1, 2019, as explained in Table 1.

5. Conclusion

This chapter reviewed the methodology of CHPCA and examined the top 10
categories from the Japanese FIES for the January 1, 2000-June 30, 2023 period as a
practical example, specifically delving into the periods preceding and following
the COVID-19 pandemic. We identified characteristic days based on mode signal
peaks and explored their relationship to the events occurring before and after the
pandemic.

The most prominent peak in the sum of mode signals occurred on September 30,
2019, and the day before Japan’s consumption tax was increased from 8-10%, October
1, 2019. Other peaks were associated with the spread of COVID-19 and government
stimulus measures. Interestingly, the mode signal for the principal component,
which accounted predominantly for the spread of COVID-19 and government inter-
ventions during the pandemic, ranked fifth, following the peak associated with the tax
increase.

The Japanese government initiated a special fixed benefit of 100,000 yen for all
citizens in June 2020 as part of the economic stimulus measures implemented during
the COVID-19 pandemic. This benefit was claimed by 99% of the population by
September 2020. However, this paper’s CHPCA analysis did not detect that this
measure had any significant impact. One explanation for this fact could be that the
fixed benefit was spent gradually over several months and therefore did not cause an
immediate spike in consumption. Another possibility is that the effect of the fixed
benefit was too subtle to be captured by the FIES household survey.
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Abstract

To measure life skills, tools have been developed for this purpose, and these tools
were forms to measure these variables under study and research, and through this
study we would like to confirm the life skills scale through the use of confirmatory
factor analysis, which is used in testing assumptions that necessarily assume the
existence of patterns or special factors of relationships in the data on the basis of
which variables can be classified. The individual builds a model that supposedly
describes and interprets empirical data in light of relatively few parameters, which
gives us a model that is more likely to measure the variables under study.

Keywords: confirmatory, factor analysis, life skills, measurement tool, university
students

1. Introduction

The topic of measuring life skills is one of the topics that researchers have
addressed a lot, relying on its definitions and the foundations of its construction. Life
skills are considered an end in themselves that must be available in people with whom
you communicate and constantly continue life, and they actively contribute to the
individual’s acquisition of a set of basic skills, which enable him to interact and deal
with the environmental difficulties surrounding him and ensure his ability to think
and make the right decision positively throughout his life, and does not stop at a
certain period or at a certain age, but is constantly evolving during the stages of life
and its changes, whether environmental or social. It is capable of giving the individual
the privacy of positive adaptation to the situations and problems that he faces during
his daily life and with which he deals positively with him and other people and
situations. Thus, he is able to possess self-learning skills that enable him to learn at all
times and longevity inside and outside the study place. Life skills are of particular
importance, as they help in shaping and refining the personality of an individual,
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preparing him to face the issues of the Times and the problems of everyday life, to be a
creative, productive and active person locally and globally, capable of development,
development, change and local and international competition.

Hayek stated about Teo [1] in this context” that the possession of life skills pro-
vides an individual with the weapon of coexistence, adaptation, success, the ability to
achieve effective communication with others and transfer what he has learned beyond
the classroom [2].

Many researchers have been interested in studying and measuring the degree of
acquisition of life skills among university students, i.e., higher education outputs, includ-
ing the study of Sobhi Lulu and Qishta [3], Obeidat and Saada [4], Hartmann [5]. Longi-
tudinal study on the quality of life and adjustment strategies of breast cancer patients and
their “companion-referent.” Magdy [6], the effectiveness of using information technolo-
gies in achieving the dimensions of quality of life among samples of Omani students,
Proceedings of the Psychology and Wellbeing Symposium; Gatab et al. [7], Students' life
quality prediction based on life skills, and studies aimed at finding out the positive impact
of some programs on the development of life skills, such as the study of Omar [8],
Al-Hayek [9]; Ayyad and Al-Din [10], Slav [11], Al-Ajmi [12]; Quality of life and its
relationship to the future orientation among students of the Faculty of Graduate Studies at
Naif Arab University for Security Sciences "Factor Study", El-Sherbiny and Walid [13],
Hala [14]; Life Skills for People with Mental Inertia from Students of the Faculty of Arts at
Al-Qadisiyah University Uruk for Humanities Somaya and Dalia [15], Muhammad [16],
Mohammadi [17], Amna [2]; these studies dealt with aspects and various fields have
emphasized the importance of life skills in education for the student coming to gradua-
tion, in which the educational attitude based on life skills programs is the basis in the
formation, and in this regard, the Ministry of education emphasizes the importance of
learning based on life skills in” as it seeks to develop the abilities of students and develop
them to adapt to real life situations, and develop their thinking skills before any work or
task performance to ensure a useful life, and achieve sound and positive results” [18], as
Kothar kujak stressed “the need to pay attention to life skills, and provide each learner
with them, so that he can face the modern changes and challenges that characterize this
era, and at the same time be able to perform the work required of him to the fullest, these
skills bring him successful coexistence, adaptation, flexibility and success in his work and
personal life, and these skills are multiple and varied, covering all areas of life” [19, 20].

Several studies have focused on measuring life skills and have developed tools for
this purpose, and these tools were forms to measure these variables under study and
research, and through this study we would like to confirm the measure of life skills,
and this through a psychometric study of the life skills measurement tool. Emphasis
has been placed on university training. On this basis, we put forward the following:
What is the factor structure of the components of the life skills measurement tool for
university students using confirmatory factor analysis.

1.1 Objectives

Identify the factor structure of the components of the life skills measurement tool
for university students using confirmatory factor analysis.

1.2 Hypotheses

The factor structure of the components of the life skills measurement tool for univer-
sity students using confirmatory factor analysis corresponds to the proposed tool structure.
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2. Terminology
2.1 Life skills

In the language you know the skill, the dexterity of the thing, and you have
(mastered) the thing - stared at it [21]. And Ambhara is opening too ([22], p. 561). It is
also defined by a term as “the ability to perform mental, emotional, motor activity or
both, and its learning or acquisition requires ease, accuracy and time economy in its
performance” ([23], p. 15) and ([24], p. 240), and is also defined in the dictionary of
sociology as “a complex organization of behavior developed through the learning
process and the direction towards a specific goal or focus on a specific activity” ([25],
p. 116). Pedagogues defined it as “a series of movements that can be observed both
directly and indirectly, performed by a certain person or a number of people in the
course of pursuing a goal or performing a task” ([26], p. 25). Namely, the ease and
accuracy in conducting work and grow as a result of the education process.

Namely, to carry out a certain process with a degree of speed and mastery with
economy in the effort expended [27]. Ahmed Zaki Saleh defined it as “ease and
accuracy in performing a work with a degree of speed and mastery with economy of
effort and with the least possible time by understanding” ([28], p. 123). As defined by
the World Health Organization (WHO),“the ability to adopt an adaptive and positive
behavior that enables to deal effectively with the demands and challenges of everyday
life” ([29], p. 03). It was reported It is defined by UNICEF as psychological, social,
interpersonal skills, exchange skills, scientific and professional skills that an individual
needs in facilitating communication with others, negotiating with them appropriately,
critical thinking and problem solving skills” [30]. It is also expressed as a set of
behaviors acquired by the student that help him adapt to different and changing life
requirements and face everyday problems, and is expressed in this study in the results
shown by the study tool from all the above, we can conclude that skill is the ability to
carry out an activity or a set of life activities, including emotional, intellectual, motor
or physical, easily, masterfully and accurately in the least time, and this is to reach the
desired end.

2.2 University students

They are all students who have studied for 5 years at the University and are about
to obtain a master’s degree in branch specialties at various universities in the National
country.

2.3 Factorial analysis

Factorial analysis is a statistical technique aimed at interpreting the coefficients of
positive correlations that have statistical significance between various variables. Or it
is a mathematical process aimed at simplifying the correlations between the various
variables involved in the analysis down to the common factors that describe the
relationship between these variables and their interpretation. Therefore, factor analy-
sis is a statistical method for analyzing multiple data that are related to each other with
different degrees of correlation in the form of independent classifications based on
qualitative bases of classification [31]. Factor analysis begins by calculating the corre-
lation coefficients between a number of variables, and then we will get a matrix of
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correlations between these variables in the research sample on which the measure-
ment was performed, and then this correlation matrix is followed by a factor analysis
to reach the minimum possible number of axes or factors that enable us to express the
greatest amount of variation between these variables.

2.4 Exploratory factor analysis

This type is used in cases where the relationships between the variables and the
underlying factors are unknown and therefore the factorial analysis is aimed at dis-
covering the factors to which the variables are described.

2.5 Confirmatory factor analysis (CFA)

It is used in testing hypotheses that necessarily assume the presence of special
patterns or factors of relationships in the data on the basis of which variables can be
classified. The individual builds a model that supposedly describes and interprets
empirical data in light of relatively few parameters.

3. Actions
3.1 Method

The descriptive method was used in a survey style to suit the nature of the study.

3.2 Community

The research community is university students in various disciplines. We relied on
(20) universities from different Algerian national countries, chosen randomly.

3.2.1 Study sample

We selected a random sample of 471 second-year master’s students. Their results
were analyzed in confirmatory factorial analysis.

3.2.2 Life skills tool

After reviewing a number of studies that dealt with the topic of life skills, espe-
cially the study of Imran Taghreed and others life skills, 2001, as well as Hamad
Hassan and Dua [32], Fahim [33] and UNICEF [34], WHO classification 1993, adding
the classification of the Center for the development of curricula and educational
materials of the Ministry of education in Egypt 2000, the Ministry of education of the
kingdom of Saudi Arabia Ghanem Ghanem, Saad and others. The Palestinian Ministry
of education and higher education in 2003, Fouad Ayad Ismail and Hedi Bassam Saad
al-Din, Amor Omar in 2008, Nayef Mufti Nahar al-Jabour in 2012, Nidal Ahmed
Ismail al-Ghafri in 2012, and Tutti Hayat study in 2014, as well as another study in
2018 [27].

These studies categorized life skills into dimensions, and each dimension contains a
set of questions that measure each specific life skill. We have collected a set of
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Always Often Sometimes Rarely Never
05 points 04 points 03 points 02 points 01 points
Table 1.

Point of response to the question.

questions in this context that represent life skills among university students and have
developed an assessment scale for them as follows:
A Table 1 representing the answer keys to the questions of the tool.

3.2.2.1 Study limitations

Spatial limitations: The study and its instrument were applied to a sample of
university students on a national level, encompassing 20 universities from the east,
west, north, and south.

Human limitations: The questions were administered to a sample of 1080 students
on a national level, randomly selected from master’s level students.

Temporal limitations: The research was conducted during the academic year 2019/
2020.

3.2.2.2 Presentation of results and discussion

A Table 2 showing the labels for the extracted factors and the number of expres-
sions within each.

3.2.2.3 Study results the tool by researchers

At the beginning of the exploratory factor analysis for the life skills assessment
tool, and after completing the initial process for the core components of the factors
that make up the tool, we wanted to know if these results from the exploratory factor
analysis would apply to the confirmatory factor analysis using a different sample than
the one used initially.

After conducting the statistical analysis, we have found the following:

Number of expression Factors Number
12 Thinking and problem solving 01
8 Patriotism and Identity 02
7 Planning and time management 03
7 Psychological and self-awareness 04
6 Language control 05
7 Scientific and technological 06
5 Communication 07
5 Social and working with the group 08
Table 2.

Tool axes and number of questions.
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We notice a deviation in the distribution of scores from the normal distribution
(multivariate distribution) in the parallel table. The Maximum Likelihood (ML)
method retains its accuracy (parameter estimation) in the presence of a moderate
level of deviation in the distribution of scores from the normal distribution (multi-
variate distribution) (Table 3).”

Variable Min Max Skew cr. Kurtosis cr.

Q57 1000 5000 —1602 —14,490 2547 11,522
Q50 1000 5000 —1501 —13,577 2360 10,673
Q51 1000 5000 —2182 —19,736 4449 20,124
Q52 1000 5000 —1980 —17,913 3572 16,155
Q53 1000 5000 —1650 —14,930 2310 10,448
Q54 1000 5000 —2390 —21,618 5835 26,393
Q55 1000 5000 —2675 —24,202 7733 34,978
Q56 1000 5000 —1089 —9854 ,983 4447
Q42 1000 5000 —,417 —3772 —,767 —3471
Q37 1000 5000 —,786 —7113 ,007 ,030

Q38 1000 5000 —,467 —4224 —,601 —2719
Q39 1000 5000 —,554 —5010 —,240 —1087
Q40 1000 5000 —1546 —13,988 1853 8383

Q41 1000 5000 —,860 7779 ,192 ,867

Q43 1000 5000 —,454 —4108 —,167 —,755
Q44 1000 5000 —,725 —6561 ,068 ,308

Q45 1000 5000 —,881 —7973 ,240 1084
Q46 1000 5000 —,995 —8998 ,318 1436

Q47 1000 5000 —,249 —2250 —,410 —1855
Q48 1000 5000 —1046 —9467 ,759 3434

Q49 1000 5000 —1250 —11,303 1248 5643

Q8 1000 5000 —1337 —12,097 2008 9083

Q9 1000 5000 —,758 —6861 —,124 —,562
Q10 1000 5000 —,180 —1631 —,179 —,808
Q11 1000 5000 —,604 —5466 —,198 —,896
Q12 2000 5000 —,654 —5914 —,340 —1537
Q13 1000 5000 —,439 —3971 —,252 —1138
Q14 1000 5000 —,732 —6621 —,048 —,218
Q15 2000 5000 —,298 —2699 —,709 —3208
Q16 1000 5000 —,658 —5952 ~,002 —,011
Q17 1000 5000 —,800 —7240 ,450 2037

Q5 1000 5000 —,179 —1623 —,420 —1898
Q1 1000 5000 ,025 ,226 —,535 —2419
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Variable Min Max Skew cr. Kurtosis c.r.

Q2 1000 5000 —,501 —4534 —,394 —1784
Q3 1000 5000 —,740 —6698 —,091 —,413
Q4 1000 5000 —,938 —8482 ,234 1057

Q6 1000 5000 —,068 —,614 —,509 —2301
Q7 1000 5000 —,915 —8273 ,654 2957

Q18 1000 5000 —,154 —1393 —,683 -3091
Q19 1000 5000 —,714 —6459 ,027 ,124

Q20 1000 5000 —,872 —7889 ,090 ,406

Q21 1000 5000 —,386 —3489 —,664 —3006
Q22 1000 5000 —,383 —3464 —,676 —3060
Q23 1000 5000 —,319 —2882 —,632 —2861
Q24 1000 5000 —,427 —3865 —,681 -3079
Q25 1000 5000 -,162 1468 —124 —,563
Q26 1000 5000 —,097 —,880 —,612 —2768
Q36 1000 5000 —,377 —3414 —,542 —2452
Q35 1000 5000 —,182 —1643 —,336 —1520
Q27 1000 5000 ,044 ,396 —,618 —2794
Q32 1000 5000 —,117 —1055 —,859 —3884
Q28 1000 5000 —,265 —2400 —,630 —2849
Q29 1000 5000 —,027 —,243 —,692 —3132
Q30 2000 5000 —,289 —2610 —,814 —3680
Q31 1000 5000 —,050 —,448 —,735 —3323
Q33 1000 5000 —,318 —2874 —,541 —2445
Q34 1000 5000 —,684 —6186 —,101 —,459
Multivariate 389,522 52,622

Results of factor analysis SPSS version 24 assessment of normality.

Table 3.
Assessment of normality (Group number 1).

The ability of the model to estimate its parameters, or the designation of the model
Identification Model:

It comes after the stage of building the model and determining it by the modeling
method (Table 4 and Figure 1).

Number of distinct sample moments: 1653
Number of distinct parameters to be estimated: 122
Degrees of freedom (1653-122) 1531

Confirmatory factor analysis Amos version 23.

Table 4.
Computation of degrees of freedom (Default model).
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Figure 1.

Computation of degrees of freedom (Default model) [25].

Through the table and through a purely mathematical expression, we can express
the first number 1653 as the units of information in the data:

Units of information in the data * 57 x (57 + 1) /2 = 1653 Sub-subsections can also
be used throughout the manuscript.

While the number 125 expresses the needs of the model or unrestricted free
parameters that need to be estimated:

1.the number of variations of independent variables, whether measured or latent:
66 (independent variables in this model are latent variables)

2.the number of correlations or variations between factors, latent variables or
measurement errors (number of deleted arrows): 0 we mean by this the model
from which we will initially proceed and which, through the results that will be
sorted at its level, enables us to modify this model.

3.number of tracks (straight and unidirectional arrows) unrestricted: 56 Thus the
needs of the model are: (66 + 0 + 56 = 122). Degree of freedom” (1653—
122 = 1531).

Therefore, the model is specific and therefore its parameters can be estimated.
Secondly, the study model’s outputs and quality indicators:
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Figure 2.

Planning factor on life skills.

A.Estimation of the model’s free parameters:

In this stage, we will attempt to estimate the standardized and non-standardized
regression coefficients, covariances, and variations for the study model, which is
essentially a measurement model. We will rely on the maximum likelihood (ML)
method.

* The initial confirmatory model shows all the factors involved in the study:

See (Figure 2).

The confirmatory prototype shows all the factors involved in the study:

Confirmatory factor analysis Amos version 23.

By the graph of the modular solution of the model under study, and by observing
the standard regression coefficients, it is clear that all questions.

The saturation of the axes that you interpret has exceeded 40%, What is striking is
the lack of saturation of the planning factor on life skills in the form sufficient -, 032
where there is almost no amount of information that is interpreted in this The axis.

3.2.2.4 Unstandardized regression coefficients or raw scores

See (Table 5).
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Estimate S.E. C.R. P

Planning <——- Lifeskills -,043 ,076 —,567 ,571
Communication <——- Lifeskills ,741 ,086 8668 o
patriotism <——- Lifeskills ,643 ,087 7375 o
Social <——- Lifeskills ,705 ,085 8265 e
Psychological <——- Lifeskills ,910 ,096 9494 o
Scientific <——- Lifeskills ,865 ,095 9071 o
Thinking <——- Lifeskills 1000

Languagecontrol <——- Lifeskills ,866 ,099 8735 o
Q31 <——- Thinking ,915 ,066 13,760 o
Q21 <——- Scientific ,809 ,068 11,868 e
Q24 <——- Scientific ,736 ,072 10,228 o
Q19 <——- Scientific ,864 ,062 13,871 o
Q22 <——- Scientific 1000

Q23 <——- Scientific ,909 ,063 14,385 o
Q18 <——- Scientific ,802 ,063 12,651 o
Q20 <——- Scientific ,854 ,060 14,235 e
Q29 <——- Thinking ,776 ,061 12,821 e
Q30 <——- Thinking ,782 ,061 12,771 o
Q32 < Thinking 1000

Q28 <——- Thinking ,942 ,063 14,889 e
Q27 <——- Thinking ,868 ,062 13,976 o
Q34 <——- Thinking ,679 ,058 11,619 o
Q35 <——- Thinking ,901 ,065 13,879 o
Q26 <——- Thinking ,832 ,059 14,175 o
Q25 <——- Thinking ,619 ,059 10,465 X
Q36 <——- Thinking ,883 ,065 13,668 o
Q33 <——- Thinking ,842 ,067 12,587 o
Q4 <——- Planning 757 ,075 10,070 o
Q2 <——- Planning ,976 ,084 11,566 o
Q3 <——- Planning 1000

Q5 <——- Planning ,850 ,082 10,408 X
Q1 <——- Planning ,846 ,074 11,459 X
Q7 <——- Planning ,551 ,058 9424 o
Q6 <——- Planning ,696 ,077 9077 e
Q15 <——- Social 1000

Q13 <——- Social ,784 ,088 8957 o
Q16 <——- Social ,869 ,094 9283 o
Q17 <——- Social ,992 ,092 10,790 o
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Estimate S.E. C.R. P

Q14 <——- Social ,863 ,089 9662 e
Q10 <——- Communication ,669 ,086 7758 o
Qs <——- Communication ,823 ,079 10,409 o
Q11 <——- Communication ,934 ,088 10,567 ex
Q12 <——- Communication ,798 ,077 10,324 xx
Q9 <——- Communication 1000

Q46 <——- Psychological ,959 ,066 14,617 xex
Q49 <——- Psychological ,986 ,062 15,786 o
Q44 <——- Psychological ,637 ,069 9297 e
Q47 <——- Psychological ,748 ,061 12,169 ex
Q48 <——- Psychological ,854 ,060 14,217 o
Q43 <——- Psychological ,649 ,057 11,294 o
Q45 <——- Psychological 1000

Q39 <——- Languagecontrol ,963 ,045 21,250 o
Q37 <——- Languagecontrol ,736 ,040 18,485 o
Q40 <——- Languagecontrol ,581 ,048 11,988 e
Q41 <——- Languagecontrol ,631 ,048 13,233 o
Q38 <——- Languagecontrol 1000

Q42 <——- Languagecontrol ,803 ,049 16,369 e
Q53 <——- Patriotism 1000

Q56 <——- Patriotism ,668 ,045 14,699 o
Q51 <——- Patriotism ,882 ,037 23,897 o
Q54 <——- Patriotism ,871 ,035 25,004 o
Q55 <——- Patriotism ,719 ,035 20,469 o
Q50 <——- Patriotism 727 ,040 18,139 o
Q52 <——- Patriotism ,906 ,038 23,891 e
Q57 <——- Patriotism ,689 ,043 16,024 X

Confirmatory factor analysis Amos version 23.

Table 5.
Regression weights: (Group number 1 - Default model).

By the table of non-standard regression coefficients, i.e. saturation of questions on
the axes that you interpret all came up as a function statistically (P is less than5%),
and it is striking the lack of saturation of the planning factor on life skills.

Where his non-standard regression coefficient came non-statistically d,5710
(P greater than 5%) (Table 6).

Through both tables, standardized and unstandardized regression coefficients, and
the graphical representation, it is evident that all the questions are significantly asso-
ciated with the axes they are meant to explain, with substantial saturations exceeding
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Estimate
Planning <——- Lifeskills -,032
Communication <——- Lifeskills ,662
patriotism <——- Lifeskills ,431
Social <——- Lifeskills ,625
Psychological <——- Lifeskills ,704
Scientific <——- Lifeskills ,644
Thinking <——- Lifeskills ,766
Languagecontrol <——- Lifeskills ,542
Q31 <——- Thinking ,671
Q21 <——- Scientific ,584
Q24 <——- Scientific ,502
Q19 <——- Scientific ,686
Q2 < Scientific 723
Q23 <——- Scientific ,713
Q18 <——- Scientific ,623
Q20 <——- Scientific ,705
Q29 <——- Thinking ,623
Q30 <——- Thinking ,620
Q32 <——- Thinking ,693
Q28 <——- Thinking ,730
Q27 <——- Thinking ,682
Q34 <——- Thinking ,562
Q35 <——- Thinking ,677
Q26 <——- Thinking ,693
Q25 <——- Thinking ,504
Q36 <——- Thinking ,666
Q33 <——- Thinking ,611
Q4 <——- Planning ,551
Q2 <——- Planning ,656
Q3 <——- Planning ,668
Q5 <——- Planning ,574
Q1 <——- Planning ,648
Q7 <——- Planning ,510
Q6 <——- Planning ,489
Q15 <——- Social ,674
Q13 <——- Social ,504
Q16 <——- Social ,527
Q17 <——- Social ,647
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Estimate
Q14 <——- Social ,554
Q10 <——- Communication ,419
Q8 <——- Communication ,593
Q11 <——- Communication ,605
Q12 <——- Communication ,586
Q9 <——- Communication ,690
Q46 <——- Psychological 724
Q49 <——- Psychological ,789
Q44 <——- Psychological ,454
Q47 <——- Psychological ,597
Q48 <——- Psychological ,703
Q43 <——- Psychological ,553
Q45 <——- Psychological ,713
Q39 <——- Languagecontrol ,803
Q37 <——- Languagecontrol ,729
Q40 <——- Languagecontrol ,523
Q41 <——- Languagecontrol ,567
Q38 <——- Languagecontrol ,889
Q42 <——- Languagecontrol ,667
Q53 <——- Patriotism ,868
Q56 <——- Patriotism ,604
Q51 <——- Patriotism ,836
Q54 <——- Patriotism ,859
Q55 <——- Patriotism ,766
Q50 <——- Patriotism ,703
Q52 <——- Patriotism ,836
Q57 <——- Patriotism ,644

Confirmatory factor analysis Amos version 23.

Table 6.
Standavrdized regression weights: (Group number 1 - Default mode).

40%. In this regard, all unstandardized regression coefficients are statistically signifi-
cant (P < 5%). Notably, it’s interesting to observe the lack of saturation of the
planning factor on life skills, with a coefficient of —0.032. This implies that there is
minimal information explained by this factor. The unstandardized regression coeffi-
cient for this factor is also not statistically significant at 0.5710 (P > 5%).

3.2.2.5 The variations (common variance) and covariances

See (Tables 7 and 8).
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Estimate S.E. C.R. P Label
e56 <——> e57 ,263 ,025 10,382 o
e41 <——> e40 ,220 ,032 6851 o
e55 <——> e54 ,068 ,012 5633 o

Confirmatory factor analysis Amos version 23.

Table 7.
Covariances: (Group number 1 - Default model).

Estimate
e56 <——> e57 ,575
e41 <——> e40 ,350
e55 <——> e54 ,342

Confirmatory factor analysis Amos version 23.

Table 8.
Correlations: (Group number 1 - Default model).

These variations and Covariances in the two tables were obtained after modifying
the model. This was done using adjustment indicators to achieve the maximum con-
vergence or match between the model and the data. This results in a better interpre-
tation of information by the factors, leading to an overall improvement in the quality
of the fit.

Model testing, or testing the quality of model fit:

Through various types of fit indices, we obtain a general or overall assessment of
how well the model matches the data. We will review the results of widely used fit
indices together.

It is carried out through conformity indicators of various types and they provide us
with a general or aggregate about the conformity of the model to the data, and we will
review together the results of widely used or used conformity indicators (Table 9).

We notice from the table that the first line is specific to our model, in the second line
which is the saturated model while the last line is the independent model independent
Model or the null model, which is based on the assumption that the variances of the
observed variables on the level of society is equal to zero or zero and only the values of
the variance of these variables remain (the model with independent variables).

Degree of Freedom = 1528, the value was 2499,040 = CMIN, which is a function
statistically, 1635 = CMIN/DF, which is less than 3, it is good for these two indicators
within the matching indicators absolute fit indices and indicate to what extent the

Model NPAR CMIN DF P CMIN/DF
Default model 125 2499,040 1528 ,000 1635
Saturated model 1653 ,000 0

Independence model 57 12,911,951 1596 ,000 8090

Confirmatory factor analysis Amos version 23.

Table 9.
CMIN.
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Model RMR GFI AGFI PGFI
Default model ,041 ,850 ,837 ,785
Saturated model ,000 1000

Independence model ,176 ,272 ,246 ,263

Confirmatory factor analysis Amos version 23.

Table 10.
RMR, GFI.

information derived from the model is represented Presumably the information
contained in the data of the research sample (Table 10).

We observe from the table that:

The value,850 = GFI, which is inappropriate is less than 0.90 within the absolute
conformity indicators.

Absolute fit indices (Table 11).

We note through the table that the value of, 910 = TLI and the value of, 910 = CFI
which are acceptable values for the two indices are bounded between 0.90 and 0.95
within the comparative or incremental Comparative fit matching indicators indices/fit
indices incremental (Table 12).

We note from the table that: the value of ,036 = RMSEA, which is a good indicator
among the indicators of correcting the lack of economy or economic indicators cor-
rection indices parsimony (Table 13).

We note from the table that:

The economic indicators AICO BCC and BIC of the study model reached lower
values compared to the saturated model They are a good indicator of the economy;
these indicators are among the indicators of correcting the lack of economy or eco-
nomic indicators correction indices parsimony (Table 14).

Through the table.

Model NFI Deltal RFI rhol IFI Delta2 TLI rho2 CFI
Default model ,806 ,798 ,915 ,910 ,914
Saturated model 1000 1000 1000
Independence model ,000 ,000 ,000 ,000 ,000

Confirmatory factor analysis Amos version 23.

Table 11.
Baseline comparisons.

Model RMSEA LO 90 HI 90 PCLOSE
Default model ,036 ,033 ,039 1000
Independence model , 120 ,118 ,122 ,000

Confirmatory factor analysis Amos version 23.

Table 12.
RMSEA.
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Model AIC BCC BIC CAIC

Default model 2749,040 2782,605 3273,596 3398,596
Saturated model 3306,000 3749,861 10,242,722 11,895,722
Independence model 13,025,951 13,041,257 13,265,149 13,322,149

Confirmatory factor analysis Amos version 23.

Table 13.

AIC.
Model ECVI LO 90 HI 90 MECVI
Default model 5610 5339 5898 5679
Saturated model 6747 6747 6747 7653
Independence model 26,584 25,851 27,329 26,615

Confirmatory factor analysis Amos version 23.

Table 14.
ECVI

The ECVI economic index of the study model reached a lower value compared to
the saturated model and the independent model, namely A good indicator of the
economy, these indicators are among the indicators of correcting the lack of economy
or economic indicators correction indices parsimony.

SRMR = 0.048.

The value of SRMR = 0.048 was a good indicator for the economy among the
indicators for correcting the lack of economy or economic indicators correction indi-
ces parsimony (Table 15).

Based on the matching indicators results shown in the table, it appears that
they are appropriate. This is confirmed by the results obtained from the
confirmatory factor analysis, where the model demonstrated a good fit for the study
sample data.

Bollen-Stine Bootstrap (Default model)

The model fit better in 9999 bootstrap samples.

It fit about equally well in 0 bootstrap samples.

Match Indicators Standard Value Judgment

CMIN (y*) Non-significant 2060.40 Non-significant

D¢ Degree of freedom 1165 (p = 0.00)

N. Good (1-3) (3-5) Acceptable 1.76 Good

SRMR Good (0-0.05) (0.05-0.08) 0.05 Good
Acceptable

GFI (Goodness of Fit Index) 0.9-0.95, (Acceptable) 0.95-1 .86 Not suitable

TLI (Tucker-Lewis Index) (Good) 0.91  Acceptable

CFI (Comparative Fit Index) 0.92

CFI (Comparative Fit Index) 0.92
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Match Indicators Standard Value Judgment
RMSEA (Root Mean Square Error of Good (0-0.05) (0.05-0.08) 0.04 Good
Approximation) Acceptable

Confirmatory factor analysis Amos version 23.

Table 15.
A Fit indices for the initial model after modification.

It fit worse or failed to fit in 1 bootstrap samples.

Testing the null hypothesis that the model is correct, Bollen-Stine bootstrap
p =,000.

The same results that we obtained previously indicate that the number of samples
used for bootstrapping the matching indicators was 9999 out of 10,000 samples, with
only one sample showing an inappropriate model-data fit.

Hypothesis Testing: Based on these results, the statistical difference is significant
(p = 0.000), which is less than 0.05 (the significance level). Therefore, we reject the
null hypothesis, indicating statistically significant differences in favor of the model’s
quality and suitability. It demonstrated good data fit for the vast majority.

From the results obtained through the confirmatory factor analysis of the proposed
model for estimating free parameters and the goodness of fit test, it is evident that the
model is suitable for measuring life skills, pending the comparison between the two
models.

4. The ability of the model to estimate its parameters, or the designation
of the model identification model

It comes after the stage of building the model and determining it by the modeling
method Units of information in the data * 50 x (50 + 1)/2 = 1275.

The number 107 expresses the needs of the model or unrestricted free parameters
that need to be estimated: 1-the number of variations of independent variables,
whether measured or latent: 58 (independent variables in this model are latent vari-
ables) 2-the number of correlations or variations between factors, latent variables or
measurement errors (number of deleted arrows): 0 3. number of tracks (straight and
unidirectional arrows) unrestricted: 49 Thus the needs of the model are: (58+
0 + 49 =107).

Degree of freedom” (1275-107 = 1168) Therefore, the model is specific and there-
fore its parameters can be estimated.

It is worth mentioning and what we should draw attention to is that the appoint-
ment of the model is before the researcher goes into collecting the results, otherwise
he will get into trouble, he may finish collecting the results of the research, which will
cost time, and then he comes to test his model, which he can find is not assigned (in
case of absence of appointment) (Figure 3).

The study model after the exclusion of the planning axis.

Confirmatory factor analysis Amos version 23.

Computation of degrees of freedom (Default model).

Number of distinct sample moments: 1275

Number of distinct parameters to be estimated: 107

Degrees of freedom (1275-107): 1168
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Figure 3.
A-modeling estimation of free pavameters (Parameter estimation).

4.1 Outputs and indicators of the quality of the study model
4.1.1 A-modeling estimation of free parameters (Parameter estimation)

At this stage, we will try to estimate: standard and non-standard regression
coefficients, correlations and variations of the study model, which is actually
a measurement model, where we will rely on the maximum probability
method (ML).

4.1.1.1 Outputs and indicators

Modified confirmatory factor model after exclusion of planning (Figure 4).

Confirmatory factor analysis Amos version 23.

By the graph of the modular solution of the model without the diagram under
consideration, and by observing the standard regression coefficients, clearly shows
that all questions are saturated on the interlocutor that you interpret saturations.

Considering that she exceeded 40%, which is the same for all axes on her parent
worker life skills above 40%.

Standard and non-standard regression coefficients (Table 16).

Through the table the non-standard regression coefficients i.e. the saturations the
rough grades of the questions on the axes that you interpret came all of them are
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Figure 4.
Standardized regression weights.
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Estimate S.E. C.R. P

Social <——- Life skills ,705 ,085 8268 o
Psychological <——- Life skills ,910 ,096 9497 R
Scientific <——- Life skills ,864 ,095 9067 o
Thinking <——- Life skills 1000

Language control <——- Life skills ,865 ,099 8732 ek
Communication <——- Life skills 741 ,086 8668 o
Patriotism <——- Life skills ,643 ,087 7375 o
Q31 <——- Thinking ,915 ,066 13,760 X
Q21 <——- Scientific ,809 ,068 11,868 X
Q24 <——- Scientific ,736 ,072 10,226 X
Q19 <——- Scientific ,864 ,062 13,870 X
Q22 <——- Scientific 1000

Q23 <——- Scientific ,909 ,063 14,387 o
Q18 <——- Scientific ,802 ,063 12,652 X
Q20 <——- Scientific ,854 ,060 14,234 e
Q29 <——- Thinking ,776 ,061 12,822 X
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Estimate S.E. C.R. P

Q30 < Thinking 781 ,061 12,770
Q32 <——- Thinking 1000

Q28 <——- Thinking ,942 ,063 14,891 X
Q27 <——- Thinking ,868 ,062 13,977 e
Q34 <——- Thinking ,679 ,058 11,619 o
Q35 <——- Thinking ,901 ,065 13,878 o
Q26 < Thinking 832 ,059 14,175
Q25 <——- Thinking ,619 ,059 10,466 X
Q36 <——- Thinking ,883 ,065 13,668 o
Q33 < Thinking ,842 ,067 12,586
Q15 <——- Social 1000

Q13 <——- Social ,784 ,088 8957 o
Q16 <——- Social ,869 ,094 9285 e
Q17 <——- Social ,992 ,092 10,792 e
Q14 <——- Social ,863 ,089 9661 o
Q10 <——- Communication ,670 ,086 7758 ok
Q8 <——- Communication ,823 ,079 10,409 e
Q11 <——- Communication ,934 ,088 10,565 o
Q12 <——- Communication ,798 ,077 10,325 o
Q9 <——- Communication 1000

Q46 <——- Psychological ,959 ,066 14,616 ok
Q49 <——- Psychological ,986 ,062 15,784 Hox
Q44 <——- Psychological ,637 ,069 9299 ex
Q47 <——- Psychological ,748 ,061 12,171 ok
Q48 <——- Psychological ,854 ,060 14,216 Hoex
Q43 <——- Psychological ,649 ,057 11,295 xx
Q45 <——- Psychological 1000

Q39 <——- Language control ,962 ,045 21,249 o
Q37 <——- Language control ,736 ,040 18,486 o
Q40 <——- Language control ,581 ,048 11,988 ok
Q41 <——- Language control ,630 ,048 13,232 Rk
Q38 <——- Language control 1000

Q42 <——- Language control ,803 ,049 16,369 o
Q53 <——- patriotism 1000

Q56 <——- patriotism ,668 ,045 14,699 oex
Q51 <——- patriotism ,882 ,037 23,897 o
Q54 <——- patriotism ,871 ,035 25,003 o
Q55 <——- patriotism ,719 ,035 20,469 ex
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Estimate S.E. C.R. P
Q50 <——- patriotism 727 ,040 18,139 e
Q52 <——- patriotism ,906 ,038 23,891 o
Q57 <——- patriotism ,689 ,043 16,024 ok

Confirmatory factor analysis Amos version 23.

Table 16.
Regression weights: (Group number 1 - Default model).

statistically a function (P is less than 5%), the same for all regressions that form
between the axes involved in the study on the worker the mother or the basic axis (life
skills) where the other regression coefficient her standard came statistically D (P less
than 5%).

4.1.1.2 Standardized regression weights

See (Table 17).

Through the tables, the standard and non-standard regression coefficients and the
graph clearly show that all the questions were saturated on the axes interpreted by
significant saturations that exceeded 40%, so that the non- standard regression
coefficients all came statistically (P less than 5%), we also note the saturations of
factors or axes on their basic factor (life skills) all came at the level where they all
exceeded 0.40.

Where all of its non-standard regression coefficients came up as a function
statistically (P less than 5%).

Estimate
Social <——- Life skills ,625
Psychological <——- Life skills ,704
Scientific <——- Life skills ,643
Thinking <——- Life skills ,767
Language control <——- Life skills ,542
Communication <——- Life skills ,662
patriotism <——- Life skills ,431
Q31 <——- Thinking ,671
Q21 <——- Scientific ,584
Q24 <——- Scientific ,502
Q19 <——- Scientific ,686
Q22 <——- Scientific ,723
Q23 <——- Scientific ,713
Q18 <——- Scientific ,623
Q20 <——- Scientific ,705
Q29 <——- Thinking ,623
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Estimate
Q30 <——- Thinking ,620
Q32 <——- Thinking ,693
Q28 <——- Thinking ,730
Q27 <——- Thinking ,682
Q34 <——- Thinking ,562
Q35 <——- Thinking ,677
Q26 <——- Thinking ,693
Q25 <——- Thinking ,504
Q36 <——- Thinking ,666
Q33 <——- Thinking ,611
Q15 <——- Social ,674
Q13 <——- Social ,504
Q16 <——- Social ,527
Q17 <——- Social ,647
Q14 <——- Social ,554
Q10 <——- Communication ,419
Q8 <——- Communication ,593
Q11 <——- Communication ,604
Q12 <——- Communication ,586
Q9 <——- Communication ,690
Q46 <——- Psychological ,724
Q49 <——- Psychological ,789
Q44 <——- Psychological ,454
Q47 <——- Psychological ,598
Q48 <——- Psychological ,703
Q43 <——- Psychological ,553
Q45 <——- Psychological ,713
Q39 <——- Language control ,803
Q37 <——- Language control ,729
Q40 <——- Language control ,523
Q41 <——- Language control ,567
Q38 <——- Language control ,889
Q42 <——- Language control ,667
Q53 <——- Patriotism ,868
Q56 <——- Patriotism 604
Q51 <——- Patriotism ,836
Q54 <——- Patriotism ,859
Q55 <——- Patriotism ,766
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Estimate
Q50 <——- Patriotism ,703
Q52 <——- Patriotism ,836
Q57 <——- Patriotism ,644

Confirmatory factor analysis Amos version 23.

Table 17.
Standardized regression weights:(Groupnumberi-efaultmodel).

4.1.1.2.1 Covariances (covariance) and correlations

See (Table 18).

These variances by the table were obtained after modifying the model and this is
through the modification indices modification indicators, which is a function statisti-
cally (P is less than 5%) this is in order to achieve maximum convergence or congruence
between the model and the data, which leads to a better interpretation of the informa-
tion by the factors thus improve the quality of the match in general (Table 19).

The correlations in the table as well were obtained after modifying the model and
this through the indicators of modification indices modification where it was the
correlations of these errors in the level leading to a better explanation for information
by factors to improve correlations among themselves, which leads to improve the
quality of matching (Table 20).

We notice from the table that the first line is for our no-planning study form in
the second line is the ideal saturated model while the last line is the independent
model or null model null model which is based on the assumption that the variances of
variables.

The observation at the community level is equal to zero or zero and only the values
of the variance of these variables remain (The model with independent variables).

Estimate S.E.C.R.P Label

e56—-e57 ,263,02510,382***
e41-e40 ,220,0326,852***
e55-e54 ,068,0125,633***

Confirmatory factor analysis Amos version 23.

Table 18.
Covariances: (Groupnumberi-Defaultmodel).

Estimate
e56—-e57 575
e41-e40 ,350
e55-e54 ,342

Confirmatory factor analysis Amos version 23.

Table 19.
Correlations:(Groupnumber1-Defaultmodel).
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Model NPAR CMIN DF P CMIN/DF
Default model 110 2060,401 1165 ,000 1769
Saturated model 1275 ,000 0

Independence model 50 11,762,350 1225 ,000 9602

Confirmatory factor analysis Amos version 23.

Table 20.
CMIN.

Degree of Freedom = 1165, the value was 2060,401 = CMIN, which is a function
statistically.

1769 = CMIN/DF, which is less than 3, so these two indicators are good within the
matching indicators absolute fit indices and indicate to what extent the information
derived from the model is represented presumably the information contained in the
data of the research sample (Table 21).

We note through a table within the outputs of the study model without a planning
axis.

The value ,850 = GFI, which is inappropriate is less than 0.90 within the absolute
conformity indicators.

Absolute fit indices.

The ability of the model to estimate its parameters, or the designation of the model
Identification Model (Table 22).

We note through the table within the outputs of the study model without the
planning axis reached a value of, 910 = TLI and reached a value of, 910 = CFI, which
are acceptable values for indicators limited between0.90 and 0.95 within the compar-
ative or incremental Comparative fit matching indicators indices/fit indices incre-
mental (Table 23).

Model RMR GFI AGFI PGFI
Default model ,041 ,856 ,842 ,782
Saturated model ,000 1000

Independence model ,195 ,255 ,225 ,245

Confirmatory factor analysis Amos version 23.

Table 21.

RMR, GFI.
Model NFI deltal RFI rhol IFI delta2 TLI rho2 CFI
Default model ,825,816 ,916 ,911 ,915
Saturated model 1000 1000 1000
Independence model ,000 ,000 ,000 ,000 ,000

Confirmatory factor analysis Amos version 23.

Table 22.
Baseline comparisons.
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Model RMSEA LO 90 HI 90 PCLOSE
Default model ,040 ,037 ,042 1000
Independence model ,132 ,130 ,135 ,000

Confirmatory factor analysis Amos version 23.

Table 23.
RMSEA.

Through the table: within the outputs of the study model without the planning
axis a value of ,040 = RMSEA, which is a good indicator among the indicators of
correcting the lack of economy or economic indicators correction indices parsimony
(Table 24).

Through a table within the outputs of the study model without a planning axis the
economic indicators AICO BCC and BIC of the study model without planning reached
lower values compared to the saturated model is a good indicator of the economy,
these indicators are among the indicators of correcting the lack of economy or
economic indicators correction indices parsimony (Table 25).

Through a table within: the outputs of the study model without a planning
axis.

The ECVI economic index of the study model without planning reached a lower
value compared to the saturated model and the model the Independent is a good
indicator of the economy, these indicators are among the indicators of correcting the
lack of economy or economic indicators correction indices parsimony.

SRMR value was = 0.05, which is a good indicator for the economy among the
indicators for correcting the lack of economy or economic indicators correction
indices parsimony.

Model AIC BCC BIC CAIC

Default model 2280,401 2305,959 2742,010 2852,010
Saturated model 2550,000 2846,241 7900,466 9175,466
Independence model 11,862,350 11,873,967 12,072,172 12,122,172

Confirmatory factor analysis Amos version 23.

Table 24.

AIC.
Model ECVI LO 90 HI 90 MECVI
Default model 4654 4404 4920 4706
Saturated model 5204 5204 5204 5809
Independence model 24,209 23,507 24,924 24,233

Confirmatory factor analysis Amos version 23.

Table 25.
ECVL
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Conformity Indicators The standard Value Judgment
CMIN,2 Not signified 2060,40 Signified p = 0.00
Df Degree of freedom 1165
Nc 1-3 1,76 Good
Good 3-5
Acceptable
SRMR 0-0.05 0.05 Good
Good 0.08-0.05
Acceptable
GFI 0.9-0.95 ,86 Not suitable
Acceptable
TLI 0.95-1 0.91 Acceptable
Good
CFI 0.95-1 0.92 Acceptable
Good
RMSEA 0-0.05 0.04 Good
Good 0.05-0.08
Acceptable

Confirmatory factor analysis Amos version 23.

Table 26.
ECVL

Table represent conformity indicators in favor of the study model after the exclu-
sion of planning and after adjustment (Table 26).

Through the results of the conformity indicators shown in the table, it appears that
they are appropriate, and this is confirmed by these results obtained by confirmatory
factor analysis, where the model showed a good match for the data of the study
sample.

The same results as we got earlier: according to which the number of Bootstrap
samples in which the matching indicators worked or were good at their level is 9999
out of 10,000 samples, while one sample in which the model matching of the data was
inappropriate.

Testing the null hypothesis: through these results, the difference is statistically
D p =, 000, which is less than 0.05 (the level of significance), and therefore we reject
the null hypothesis, and therefore there are significant differences in favor of the
quality and validity of the model, as it showed quality in matching the data at the
overwhelming majority.

Through the results we have reached through the confirmatory factor analysis
of the proposed model in estimating the modeling of free parameters, as well as
testing the quality of the model’s data matching, it is evident that it is suitable for
measuring life skills, waiting for the results of the comparison between the two
models.

4.1.1.2.2 Make a comparison between the two models

The initial study model that includes all the factors used in factor analysis a c p, the
study model without a factor or planning axis (Table 27).
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Conformity The standard Model (1) study Model (2) study without factor or
indicators without factor or planning axis
planning axis

Value Judgment value judgment
CMIN 2 Not signified 2499.04 P=0.00 2060.4 P =0.00 signified
omifi -

Df Degree of freedom 158 Sgmified o6

AIC Used to compare models: 2749 2280 Matching the second form to
BCC the model WIth. the 2782 2305 the sal:nple dat:';l is better than

- smallestvalueisthebest _ "~ """ matching the first form

BIC 3273 2742

ECVI 5.61 4.65

Confirmatory factor analysis Amos version 23.

Table 27.
The study model without a factor or planning axis.

By comparing the first and second models using the economic conformity
indicators that are used to compare the models, we conclude that the second model
without the planning axis is the most appropriate to measure life skills because
these conformity indicators are at its best, where they have the smallest value, and
this confirms the results we obtained in the factor analysis, where the
planning axis is not saturated with the rest of the factors within the factor that
combines them.

Through all the above, we can point out that the model using confirmatory
factor analysis came to confirm what we get in exploratory factor analysis.

Therefore, we can adopt the model in measuring life skills among university
students. As follows:

The ability of the model to estimate its parameters, or the designation of the model
Identification Model (Table 28).

Factors

Thinking and problem solving

Have sound critical thinking

I have the ability to identify problems specific to my field of specialization

The ability to propose appropriate solutions to each problem.

I have the ability to organize thoughts in a logical way

I have the ability to find alternatives to the problem

I have the ability to think independently.

I have the ability to analyze.

I have the ability to research and experiment.

I can relate educational situations to similar life situations.

I can sense the problem.

I have the ability to accurately identify the problem.

I can collect information about the subject and its parent.
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Density skills and patriotism and Identity Respect national symbols.

I defend and protect my homeland.

I work hard to serve my country.

I enjoy the love of the Fatherland.

I am proud to belong to my homeland.

Apply general rules and regulations

I respect the National Law.

I act with the credibility of a national trend.

Psychological skills and self-awareness Psychological and self-awareness

I can control the situations that confront me.

I am often proud of what I do.

I have high self-confidence.

I have the ability to adjust my feelings .

I have the ability to detect other people’s feelings.

I predict the expected situations.

I have the ability of self-reliance.

Language control skills Language control

I understand the meanings of the English language,

I have the ability to discuss in a sound language and present research that is prepared by me in front of the
professor and colleagues.

I can translate the basic terms of the specialty from Arabic to French.

I have the ability to express in proper Arabic.

I can intervene in discussions in proper Arabic.

I acquire the skill of translation into multiple languages.

Scientific and technological scientific and technological skills. I can use the computer skillfully.

I keep abreast of modern scientific and technical developments.

I have the ability to use modern technological means.

I adhere to the basics of scientific research and its ethics.

I use different sources to obtain information and knowledge in order to serve the cognitive outcome.

I acquire a diverse knowledge culture.

Gain the skill of using the internet.

Communication and communication //communication skills It’s better to listen to others.

Improve verbal communication.

I express my thoughts clearly.

I use the appropriate vocabulary when talking to others.

Listen attentively to the words of others.

Social skills and working with the group Social and working with the group

I treat others on the basis of tolerance.

I accept and respect another point of view.

92



Confirmatory Factor Analysis of the Life Skills Measurement Tool for University Students
DOI: http://dx.doi.org/10.5772/intechopen.1002984

I live with other people’s problems.

I have the ability to put the interest of the group over the interest of the individual.

I have the ability to build bonds of trust with others.

Table 28.
Parameters (Questions), or the designation of the model Identification Model.

5. Conclusion

The construction of metrics is one of the important things that have become used
today in scientific research and through which credible results are obtained.

The construction of the life skills scale has passed through two important stages,
the first stage was represented by the two exploratory factors and the second stage
was represented by the confirmatory factor analysis, through which we reached the
construction of two models using economic conformity indicators that are used to
compare the models, where we concluded that the second model without the planning
axis is the most appropriate to measure life skills because these conformity indicators
in its efficiency where it has the smallest value.

From the foregoing, we can point out that the model using confirmatory factor
analysis came to confirm what we get in exploratory factor analysis. Therefore, we can
adopt the model in measuring the life skills of university students.

Abbreviations

SRMR Standardized Root Mean squared Residual

DF Degree of freedom

S.E Standard Error human serum

CR Critical Ratio

NPAR Number of Parameters for each model
RMS Root mean square residual

GFI Goodness of Fit Index

AGFI Adjusted Good ness of Fit Index
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Chapter 5

Multivariate Analysis in the

Characterization and Classification
of Soils

Oswaldo Eduardo Ramos Ramos and Leonardo Guzmdn Alegria

Abstract

Soil is a fundamental natural resource in the balance for the ecosystems as well as
for agriculture, food, and housing. The soil is very susceptible to changes in its
structure due to contamination or degradation of anthropogenic origin. Therefore, its
evaluation, whether for environmental purposes or as an agricultural or housing
resource, must be carried out in depth. This evaluation comprises the analysis of
multiple physical, physicochemical and chemical-biological parameters. However,
due to these multiple parameters, the use of multivariate statistical methods becomes
necessary. In this chapter, the soil data analysis was performed by the method of
Principal Components Analysis for a reduction of dimensions and, to carry out a
better interpretation of results. This method was applied to carry out a characteriza-
tion and classification of soil samples. The analysis was performed with data obtained
from soil samples from the Bolivian Altiplano. The results show the potential of the
principal component of the method in processing data.

Keywords: principal component analysis, multivariate analysis, reduction of
dimensions, Bolivian Altiplano, contamination

1. Introduction

Soil and water are fundamental natural resources in the balance of ecosystems as
well as in agriculture, food, and housing being thus fundamental for life.

Soils are composed of two environments, biotic and abiotic. The first constituted of
microorganisms while the second, abiotic, is composed of solid, liquid and gaseous
phases. The two environments characterize a particular soil giving it its uniqueness.

Soil and natural waters are highly susceptible to big changes in their structure and
composition due to anthropogenic degradation or contamination. Therefore, its eval-
uation, whether for environmental purposes or as agricultural or housing resources,
must be carried out deeply. This evaluation comprises the analysis of multiple physi-
cal, physicochemical and chemical-biological parameters. For example, to know the
fertility of the soils, it is important to analyze parameters such as: pH, Electrical
Conductivity, Organic Matter, exchangeable cations and others. The evaluations are
carried out by comparison of these parameters with values established in agricultural
or environmental regulations. However, due to complexity and variety and a big
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number of parameters, its analysis may become tough. Because of this, the use of
multivariate statistical methods becomes imperative. Thus, the multivariate analysis
applied to the characterization and classification of soils and natural waters according
to the field of study that is intended to be carried out, grows up in importance.

The Principal Components Analysis offers us an alternative for the characterization
and classification of soils. The different soil samples or soil sampling points constitute
the elements of a system, and the physicochemical parameters measured in these
samples, the variables. Thus, we have a system with multiple elements and variables
since generally, the sampling points and the variables are numerous. The data analysis
can be quite complex because the representative points among the sampling points
should be represented in multidimensional spaces. Even though the variables could be
represented in one-dimensional (considering each variable) or two-dimensional (every
two variables) spaces, this is neither practical nor objectively informative.

The analysis through Principal Components with reduction of dimensions offers us
precisely an alternative. Since the set of multivariables can be reduced to a few com-
pound variables, the analysis becomes feasible and, the conclusions are more objective.

However, not all data sets are susceptible to Principal Component Analysis (PCA).
They must meet certain requirements, for example they should be comprised of
numerical variables and, the correlations between the variables must be above an
acceptable level. If these requirements are not met, although a PCA could be made,
their results would not be valid. The compliance for these requirements is given by the
correlation matrix, where correlations must be observed. The Kaiser-Meyer-Olkin
Measure (KMO) of sampling adequacy is a statistic that indicates the amount of
variance in the variables that can be explained with the PCA. It is somewhat similar to
the coefficient of determination R* from a linear regression analysis. Kaiser proposed
the following criteria for KMO [1]:

0.9<KMO<1.0 = Excellent sample adequacy.
0.8<KMO0x<0.9 = Good sample adequacy.
0.7<KMO<0.8 = Acceptable sample adequacy.
0.6<KMO<0.7 = Regular sample adequacy.
0.5<KMO<0.6 = Bad sample adequacy.
0.0<KMO<0.5 = Unacceptable sample adequacy.

Therefore, the KMO is required to be a value, at least, greater than 0.7 for the PCA to
be acceptable. Bartlett’s test of sphericity is a statistical test which null hypothesis is an
identity matrix. The acceptance of the null hypothesis means that there are no correla-
tions (Sig. > 0.05). On the other hand, the alternative hypothesis is a non-identity matrix.
The acceptance of this hypothesis means that there are correlations (Sig. < 0.05) and
thus, a PCA can be performed. The statistical evaluation was made by SPSS Software.

2. PCA in the analysis of soil samples

In a study carried out by Ramos Ramos et al. [2], water samples from the Bolivian
altiplano were analyzed. The results of various elements and variables determined in
the water are presented in Table 1.

Table 2 shows the correlation matrix of parameters. It can be seen that there are
correlations between different variables, which is an indicative of underlying struc-
tures. In principle, a PCA would be feasible.
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The results of the KMO and Bartlett's sphericity are (Table 3):

KMO and Bartlett’s Test

Kaiser Meyer Olkin Measure of Sampling Adequacy 478
Bartlett’s Test of Sphericity Approx. Chi-Square 349.409
df 55
Sig. .000
Table 3.

KMO and Bartlett's sphericity vesults for water samples.

The KMO statistics has a value of 0.478 which indicates that the data is not suitable
for PCA, although Bartlett's test of sphericity has a Sig of 0.000. This means that the
data is not suitable for a PCA.

Table 4 correspond to an analysis of metals in soils samples carried out in the
Bolivian altiplano, Poopé Basin, Bolivia [2]. There are 36 sampling points in which
16 parameters have been determined. Therefore, we have a system with 33 elements
and 16 variables.

Table 5 shows the correlation matrix, where it can be seen that there are correlations
between the different variables. KMO’s and Bartlett’s tests give the following results: The
KMO statistics is 0.704 and indicates that the data is acceptable (Table 6) for
performing a PCA. The Sig. of the Bartlett test is 0.000 and indicates that the alternative
hypothesis is valid, thus, the correlation matrix is not an identity. Then, these values
indicate that the data can be subjected to a PCA. Therefore, we proceed with the PCA.

Four main components have been extracted. The principal extracted components
are presented in Table 7. The table shows that with four components, 85.13% of the
variability would be explained.

Table 8 shows the rotated component matrix with the Varimax rotation method.
According to this matrix, the representativeness of the main components with respect
to the variables is determined. The highest correlation that the variable has with the
main component was taken as a criterion.

PC1 = Ni + Fe + Cu + Mn + Cr
PC2 = B+ Al + Si + Sr + Mo (1)
PC3=Cd+Pb+Zn+P+As
PC4 = Ni + Fe + Cu + Mn + Cr
Table 9 shows the Component Score Coefficients Matrix, which are the coeffi-
cients of the variables in each PCA. For example, for Principal Component 1 (PC1),
the following Eq. (2) applies:

PC1= —0.007 «Al + 0.078 x* As — 0.184 % B — 0.125 Cd + 0.145 Cr + 0.206  Cu
+0.259 % Fe + 0.220 * Mn — 0.106 = Mo + 0.278 « Ni + 0.009 P — 0.041+ Pb
—0.051%S — 0.031%Si 4 0.002 % Sr — 0.034 * Zn

2
Similarly, the equations for the components PC2, PC3 and PC4 can be expressed.
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KMO and Bartlett’s Test

Kaiser Meyer Olkin Measure of Sampling Adequacy .704
Bartlett’s Test of Sphericity Approx. Chi-Square 725.706
df 120
Sig. .000
Table 6.

KMO and Bartlett’s sphericity results for soil samples.

Total variance explained

Component Initial eigenvalues Extraction sums of squared Rotation sums of squared
loadings loadings
Total %of Cumulative Total %of Cumulative Total % of Cumulative
variance % variance % variance %
1 7.584 47.401 47.401  7.584 47.401 47.401 4732 29.578 29.578
2 3192 19.948 67.350 3192 19.948 67350  4.070 25.435 55.013
3 1.905 11.904 79.254 1.905 11.904 79.254 3.639 22743 77.756
4 941  5.880 85.134 941  5.880 85.134 1181 7379 85.134
5 735 4.596 89.731
6 466 2913 92.643
7 381 2.381 95.024
8 289 1.805 96.829
9 164 1.025 97.854
10 110 .690 98.544
11 .074 462 99.006
12 .065 405 99.411
13 .049 304 99.715
14 029 181 99.896
15 .011 .072 99.968
16 .005  .032 100.000

Extraction Method: Principal Component Analysis

Table 7.
Extraction of principal components (PC) with a total explained variance of 85.13%.

According to this matrix of score coefficients and their corresponding equations,
the score values of the main components are obtained for the 36 sampling points.
These are shown in Table 10.

After these scores, which represent the new composite reduced variables, different
graphical representations and interpretations can be made. For example, the plotting
of each principal component with respect to the sampling points (Figure 1).

Figure 1a shows that in the sampling points there is a certain homogeneous distri-
bution of PC1 with respect to the points, except for points 4 (Code sample, CORR
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Rotated component matrix*

Component

1 2 3 4
Al .320 .874 —-.056 —.101
As .523 .083 .547 314
B —-.116 .945 .057 197
Cd —.011 —.068 946 .056
Cr 719 .647 .016 —.065
Cu .861 132 412 125
Fe 928 203 155 —.104
Mn .850 199 191 233
Mo .099 .609 432 —.250
Ni .956 142 115 .046
P .500 .470 .658 .001
Pb 220 —-.078 .885 129
S 119 161 .328 .874
Si 210 .825 —.145 166
Sr 376 746 .093 163
Zn .280 .073 .809 214

Extraction Method: Principal Component Analysis.
Rotation Method: Varimax with Kaiser Normaligation.
“Rotation converged in 5 iterations.

Table 8.
Rotated component matrix.

Matriz de coeficiente de puntuacién de componente

Componente

1 2 3 4
Al —,007 ,236 —,027 —,140
As ,078 —,050 ,079 ,192
B —,184 ,308 ,020 ,145
Cd —,125 —,003 ,351 —,124
Cr ,145 ,108 —,066 —,117
Cu ,206 —-,076 ,018 ,017
Fe ,259 —,058 —,043 —,168
Mn ,220 —,063 —,084 ,166
Mo —,106 ,200 ,213 —,365
Ni ,278 —,089 —,093 —,008
P ,009 ,093 ,193 —,161

112



Multivariate Analysis in the Characterization and Classification of Soils
DOI: http://dx.doi.org/10.5772 /intechopen.1002983

Matriz de coeficiente de puntuacién de componente

Componente
1 2 3 4

Pb —,041 —,043 ,282 —,044
S —,051 ,000 —,057 ,803
Si —,031 ,222 —,099 ,150
Sr ,002 ,178 —,032 ,101
Zn —,034 —,009 ,231 ,048

Meétodo de extraccion: andlisis de componentes principales.

Meétodo de rotacion: Varimax con normalizacion Kaiser.

Puntuaciones de componente.

Table 9.

Component score coefficients matrix.
Sample CP, CP, CP; CP,
1 —0.21118 -0.0777 —0.33467 0.80961
2 0.6651 —0.67391 —0.53521 —0.20777
3 0.39744 —0.60917 —0.64339 —0.954
4 4.07162 0.56719 0.76641 0.55046
5 —0.34113 —0.59646 0.24423 —0.13876
6 —0.07872 —0.94299 0.7625 0.27764
7 —0.18808 —0.3646 0.02199 0.54976
8 —0.16801 —0.19284 0.04181 0.26754
9 -0.79917 -0.90177 —0.74427 —0.65343
10 —0.33788 —0.78329 —0.45122 —0.68191
1 —0.27713 —0.79168 —0.32166 —0.4073
12 —0.67221 3.28014 2.51067 —1.29964
13 —0.61199 1.3241 —0.81815 0.22432
14 0.33766 1.77831 —-1.07201 —0.46932
15 0.23938 1.63463 —0.98365 —0.54454
16 —-1.18136 —0.4418 —0.4608 —0.8548
17 0.68138 —0.72139 —0.37866 —1.24838
18 1.03018 -0.79119 —0.53675 —0.89173
19 —0.59117 1.09146 0.47815 0.82755
20 2.92182 0.70194 0.35112 0.21752
21 —0.32097 0.11616 0.21485 1.62766
22 —0.52482 —0.6866 0.55143 2.96642
23 0.00703 —0.71324 0.53004 2.46939
24 —0.07964 —0.61843 —0.43321 0.45935
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Sample CP, CP, CP; CP,
25 0.13395 —1.0284 0.67803 0.67771
26 0.16106 —0.54494 0.12387 —0.82888
27 0.54161 —0.31881 —0.42751 —0.80632
28 —0.6818 —0.06185 0.23561 —0.69627
29 0.06159 —0.56759 —0.68723 —0.29851
30 —0.80934 —0.64774 3.33121 —0.66866
31 —0.59454 —0.14172 2.187 —0.70855
32 —0.38801 —0.34591 —0.64539 —0.98714
33 —0.47597 0.01196 —0.67739 —0.40583
34 —0.32046 —0.14616 —0.38936 —0.05153
35 —0.83523 1.86013 —1.28317 1.80646
36 —0.76102 1.34416 —1.20524 0.07187
Table 10.
Sampling point scores for principal components.
4 T 2
23
s - Y s . 1
(a) (b)

Figure 1.

Representation of the main components PC1 and PC2 with respect to the sampling points.

1AA) and 20 (Code sample, VM 4C). This indicates that there are high outliers in PC1
(Ni, Fe, Cu, Mn and Cr). In environmental terms, special attention is required at these

sampling points. The points in question are (Table 11):

No Code Soil Cr mg/kg Cu mg/kg Fe mg/kg Mn mg/Kg Ni mg/kg
4 COR1AA 40.2 48.6 5756.4 1029.9 27.4
20 VM 4C 30.6 411 46040.2 928.5 18.9
Max 40.2 48.6 57156.4 1029.9 27.4
Min 5.2 8.7 238.7 144.1 3.4
Mean 14.3 19.3 19049.5 411.18 7.9
Table 11.

Inhomogeneous distribution in soil samples.
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The samples have high values in these metals. Particularly, sample number 4 pre-
sents the maximum values and, sample number 20 is well above the average values.
Similar analysis can be done for the other principal components.

Regarding structure, the samples numbers 4 and 20 form a group with relatively
high values of PC1. Another group is formed by the rest of the points. Figure 1b
represents the distribution of PC2 (B, Al, Si, Sr and Mo). It can also be seen that there
are atypical points forming a group with relatively high values in this component.
These are sampling points 12, 14, 15, 35 and 36. The rest of the points form a group
with a homogeneous distribution in relation to PC2.

Figure 2a shows that the behavior of the PC3 is also homogeneous, with the
exception of sampling points 12, 30, and 31 that would have high outliers in Cd, Pb,
Zn, P and As. Regarding structure, sampling points 12, 30 and 31 form a group with
high values of PC3, and the other group formed by the rest of the sampling points.
Figure 2b represents the distribution of sulfur in the sampling points. It can be seen
that one group would be made up of sampling points 21, 22, 23 and 35 with relatively
high sulfur values, and the other group made up of the rest of the points.

Figure 3 is the representation of PC1 against PC2. There are three groups observed;
the first group formed by sampling points 12, 13, 14, 15, 19, 35 and 36, with high
values of PC2 (B, Al, Si, Sr and Mo) with respect to their values of PC1 (Ni, Fe, Cu,
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Figure 2.
Representation of the main components PC3 and PCq with respect to the sampling points.

CP2Z=B+Al+5i+Sr+Mo

CP1=Ni+Fe+Cu+Mn+Cr

Figure 3.
Representation of the main components PC2 against PC1.
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Mn and Cr); a second group made up of sampling points 4 and 20 which would have
high values of PC1 in relation to PC2; and a third group made up of the rest of the
sampling points which would have an homogeneous distribution in PC2 and PC1.
Again, from the environmental point of view, the sampling points of the first and
second groups should be analyzed more carefully.

Figure 4 shows the distribution of the samples in relation to the main components
PC1 against PC3. While the PC3 in most of the sampling points does not show
variability except for points 12, 30 and 31; PC1 is highly distributed with the greatest
variability in the sampling points.

In the same way, graphical representations of the rest of the combinations of the
main components can be made (Figures 5 and 6).

In the following example, two types of soils have been considered. The character-
istics of both are different, and this fact will allow us to see the ability of the main
components to characterize and classify soils [4].

CP3=Cd+Ph+Zn+P+As

T
CP1=Ni+Fe+Cu+Mn+Cr
Figure 4.
Representation of the main components PC3 against PC1.
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Figure 5.
Representation of the main components PC4 against PC1.
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Cd+Pb+Zn+ P+ As

CcP3

CP2=B +Al +5i+5r+Mo

Figure 6.
Representation of the main components PC3 against PC2.

The following chemical parameters have been considered: pH in H,O, pH in KCl
solution, Electrical Conductivity (EC), Change acidity, Total Nitrogen, Organic Mat-
ter, Assimilable Phosphorus and Exchangeable Cations (Ca*, Mg2+, Na*, K¥).

The first group of samples comes from the inter-Andean valley of the Municipality
of Inquisivi — Yamora, which is located between the coordinates: 66°43'29” and
67°17'58” West longitude; 15°47'34” and 17°18'20” South latitude and at an average
altitude of 2840 m (a.s.l.). The second sample comes from the Northern Altiplano
Viacha Municipality, located between the coordinates: 68°16'56” and 68°22'72"

West longitude and 16°32'39” and 16°54'44" latitude, with an average altitude of
4070 m (a.s.l.), both in La Paz, Bolivia [4].

The ten soil samples have been taken in the Yamora community, and another
10 soil samples from the Viacha community. The mentioned 11 parameters have
been analyzed. The evaluation does not take into account the environmental
conditions of Yamora or Viacha. It is only carried out based on the chemical
parameters for the evaluation of fertility from the chemical point of view of the soils
(Table 12).

Location pH pH CE H-Al % %N Na K Ca Mg P
(H0) (KC) MO

Yamora 6.75 5.8 0.075 0.0329 3.4 028 0.128 0.688 17.761 2548 273.916
Yamora 6.76 4.98 0.075 0.0609 32 030 0.128 0.688 17.760 2.577 255.876
Yamora 6.72 5.73 0.068 0.0339 33 031 0.134 0.688 18.331 2.636 250.994
Yamora 6.76 5.89 0.074 0.0082 3.4 032 0.134 0.655 18.674 2684 257.253
Yamora 6.73 5.89 0.072 0.0329 32 030 0.134 0.655 17.455 2518 246.810
Yamora 6.79 5.92 0.068 0.0329 34 032 0.146 0.655 17.799 2.548 266.998
Yamora 6.79 5.37 0.069 0.0391 3.4 0.3 0.128 0.688 17.874 2.587 253.086
Yamora 6.8 5.84 0.073 0.0329 3.4 0.3 0.134 0.655 17.074 2.450 259.345
Yamora 6.83 6.01 0.072 0.0349 3.4 0.3 0.134 0.655 18.027 2.606 261.420
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Location pH pH CE H-Al % %N Na K Ca Mg P
(H,0) (KCI) MO

Yamora 6.82 5.95 0.072 0.0329 31 0.3 0.134 0.622 17.341 2.479 275.347
Viacha 8.54 7.13 0.727 0.0934 0.7 0.086 4.663 0.459 5385 4.008 16.010
Viacha 8.72 7.16 0.732 0.0934 0.7 0.096 5.012 0.491 5155 4.066 15.870
Viacha 8.78 7.12 0.736 0.1054 0.7 0.101 4.605 0.426 5.042 3.988 18.241
Viacha 8.74 711 0.735 0.1054 0.5 0.093 4.605 0.426 5.080 3.988 19.287
Viacha 8.81 7.16 0.737 0.0934 0.6 0.092 4.663 0.426 5.118 4.027 19.845
Viacha 8.78 7.12 0.738 0.1054 0.7 0.091 4.663 0.459 5118 4.027 20.612
Viacha 8.94 7.01 0.731 0.1091 0.7 0.093 4.605 0.426 5.080 3.959 17.683
Viacha 8.69 6.78 0.733 0.0813 0.6 0.093 4.663 0.426 5309 3.802 18241
Viacha 8.49 7.14 0.732 0.0818 0.7 0.093 5129 0.491 5233 3.978 18.311
Viacha 8.81 7.14 0.780 0.0813 0.5 0.093 5246 0.491 4.889 3.939 16.010

Reproduced with permission from Revista Boliviana de Quimica; Excerpt from [4].

Table 12.
Results of the analysis of parameters in samples from Yamora and Viacha.

PCA was also performed and the correlation matrix is shown in Table 13.

In the correlation matrix, high correlations between the variables are observed, the
KMO with 0.865 and a Bartlett Significance of 0.000 indicate that the reduction of
dimensions by principal components is feasible and adequate (Table 14). Therefore,
we proceeded to obtain two main components (Table 15) and the rotated component
matrices and component score coefficients for the samples (Table 16) with the appli-
cation of Varimax rotation and Kaiser normalization.

The rotated component matrix shows that there is a structure. A group of
parameters that have a positive correlation with the principal components, Group 1
(PC1): pH in KCI, Na*, CE, Mgz", pH in H20 and H-Al with positive correlation.
There is another group of parameters that have a negative correlation, Group 2 (PC2):
N, MO, P, Ca®* and K*. This leads to a competition between these groups of
parameters in the soil. If Group 1 overlaps Group 2, the soil would have high pH
and EC values, high Na* and Mg** contents, and positive values of the main
components, poor exchange content of OM, P and N. It means that there is an
unfavorable soil for agriculture purposes. However, if Group 2 of parameters
overlaps Group 1, then the soil is rich in OM, P and N. This means that the soil is more
suitable for agriculture purposes, and it would have negative values of the main
components.

The score coefficient matrix of the components generates the functions of PC1
and PC2:

PC1 = 0.011 % pH(H20) + 1.195 % pH(KCI) + 0.106  CE — 1.184 % Hy
—0.041%OM — 0.007 %N + 0.185% Na — 0.174 % K — 0.047  Ca + 0.095 x Mg

—0.045%P
3)
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KMO and Bartlett’s Test
Kaiser Meyer Olkin Measure of Sampling Adequacy .865
Bartlett’s Test of Sphericity Approx. Chi-Square 715.671
df 55
Sig. .000

Table 14.
KMO and Bartlett's sphericity vesults for soils samples.

Total variance explained

Component Initial eigenvalues Extraction sums of squared Rotation sums of squared
loadings loadings
Total % of Cumulative Total % of Cumulative Total % of Cumulative
variance % variance % variance %
1 10.707 97.338 97.338  10.707 97.338 97.338 5.673 51572 51.572
2 166 1511 98.848 Jd66 1511 98.848 5200 47.276 98.848
3 .063 .569 99.417
4 .038 .342 99.759
5 .011 103 99.862
6 .006 .056 99.918
7 .004  .041 99.959
8 .003 .024 99.983
9 .001 .012 99.995
10 .000  .003 99.998
11 .000 .002 100.000

Extraction Method: Principal Component Analysis.

Table 15.
Extraction of principal components with a total explained variance of 98.84%.

Rotated component matrix®

Component
1 2
pHenH20 711 .699
pHenKCl .876 461
CE 728 .683
H_Al 476 .870
MO -.717 —.694
N —-.710 —.699
Na 739 .667
K —.725 —.657
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Rotated component matrix®

Component
1 2
Ca —.718 —.694
Mg 723 .682
P -.717 —.693

Component score coefficient matrix

Component
1 2
pHenH20 .011 123
pHenKCl 1.195 -1.122
CE .106 .024
H_Al —1.184 1.367
MO —.041 —.092
N —.007 —.128
Na 185 —.059
K —.174 .049
Ca —.047 —.086
Mg .095 .035
p —.045 —.087

Extraction Method: Principal Component Analysis.
Rotation Method: Varimax with Kaiser Normalizgation.
Component Scoves.

“Rotation converged in 3 iterations.

Table 16.
Rotated component matrix and component score coefficient matrix for the Yamora and Viacha samples.

PC1 = 0.123%pH(H20) — 1122« pH(KCI) + 0.024 % CE + 1.367  Hy,
—0.092%0OM — 0.128 * N — 0.059 +* Na — 0.049 + K — 0.086 * Ca + 0.035 x Mg
—0.087 P

(4)

The score values are the following (Table 17):

The representation of the components for the Yamora and Viacha samples are
shown in Figure 7. For both PC1 (Figure 7a) and PC2 (Figure 7b), the positive values
indicate that the pH parameters in KCI, Na*, EC, Mg2+, pH in H,0, and H-Al overlap
the parameters of N, OM, P, Ca*, K*. This means that if the soils have positive values
of PC1 and PC2, then the soil has high pH values, high Na* concentration, and high
EC. On the other hand, if the soil has negative values of the components, then the soil
is rich in OM, P, N, which represents a much more suitable land for agriculture.

In the case of the Yamora samples, its PC1 and PC2 is negative, therefore, this soil
is rich in OM, P and N, which represents a much more suitable soil for agriculture. In
the results for the Viacha samples, the PC1 and PC2 are positive, therefore, this soil is
shown as a soil not so suitable for agriculture (Figure 8).
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Location CP; CP,
Yamora —0.6039 —0.7968
Yamora —2.9276 1.6177
Yamora —0.7392 —0.6686
Yamora 0.4893 —2.0047
Yamora —0.3933 —0.9410
Yamora —0.3570 —1.0346
Yamora —1.5191 0.1140
Yamora —0.4907 —0.8760
Yamora -0.2710 -1.0577
Yamora —0.2547 —1.0504
Viacha 0.8095 0.5245
Viacha 0.8482 0.5004
Viacha 0.4159 1.0341
Viacha 0.4046 1.0660
Viacha 0.9214 0.4989
Viacha 0.3742 1.0584
Viacha 0.1010 1.3822
Viacha 0.6979 0.5567
Viacha 1.2224 0.0200
Viacha 1.2719 0.0567
Table 17.
Principal component coefficients for the Yamora and Viacha samples.
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Figure 7.

Principal Component Analysis of the Yamora and Viacha samples a) Principal Component PC1, b) Principal

Component PC2.

It can be observed that the main components accurately classify the two types of
soils. In addition, a correlation can be observed for each type of soil (Figure 9).

The slope of both is approximately the same and the characterization of the soils is
given by the ordinate to the origin (Figure 9). Soils with more suitable characteristics
for cultivation, that is, the parameters N, OM, P, Ca%*, K* overlap the pH in KCI, Na’,
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CP2

Yamora

cP:1

Figure 8.
Principal components PC1 and PC2 from Yamora and Viacha samples.

CP2 = -1.1727 CP1 + 1.4986
R?= 09841

CP2 » -1,0297 CP1 - 1.3975
R? = 0,9965

CcP2

Yamora

CP1

Figure 9.
The main components PC1 and PC2 show correlation for each type of soil, Yamora and Viacha.

EC, Mgz", pH in H,0 and H-Al tend towards smaller or even negative ordinates to the
origin. In this case, the main components are capable of classifying and characterizing
the soils with high precision. Thus, the multivariate analysis of soils constitutes an
important tool for classifying soils.

It should be considered that the principal components give us a stand point in the
data analysis. These must be complemented with other methods of multivariate anal-
ysis. In this case; for example, multivariate discriminant analysis can be applied [5].

The coefficients of the standardized canonical discriminant function indicate that
the most appropriate parameters considered in the discriminant function are N, Na*,
K*, Mg** and P. The parameters that are important to define soil fertility are: pH and
OM. In addition, other factors that intervene in soil formation are the presence of
minerals that contain exchange cations (Na*, K, Mg2+ and Ca?*), decreases in soil
acidification and, the decomposition process of minerals.

The general discriminant function obtained for the two types of soils is [6]:

D = —18.418 +118.391 % N — 8.267 x Na + 67.852 % K — 11.752 % Mg + 0.114 =P (5)

While the discriminant functions by group are:
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Dyamora = —4971.556 + 10936.736 = N — 553.970 % Na + 5449.136 « K (6)
—206.719 * Mg + 13.873 + P

Dviagia = —2725.256 — 3502.174 N + 454.280 Na + 2826.109 K + 1226.527 Mg — 0.023 P
@)

The results of the application of the discriminant function in the classification of
the samples in both places indicate that the 20 samples can be classified 100% cor-
rectly. Therefore, the application of these functions in the classification of new soil
samples has a high probability of classifying them correctly. In this way, it is possible
to classify the soils through five parameters and the discriminant function, and thus,
determine its chemical fertility. This information can be complemented to the main
components.

3. Conclusions

The data analysis by main Principal Components Analysis for the reduction of
dimensions in data was applied to soil samples. It is shown that this tool is fundamen-
tal and fully applicable, since it allows the characterization and classification of soil
samples with precision. This brings a better interpretation of the results.
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Chapter 6

Unveiling Chromosome Changes
Compatible with Climate Warming

Esteban Vegas, Lluis Serra, Ferran Reverter and
Josep Mavia Oller

Abstract

This work illustrates the use of multivariate descriptive statistics methods adapting
different dimensional reduction techniques to the analysis of specific data. The
particular nature of the data provides an opportunity to illustrate the pedagogical aim
of this work. More explicitly, we will analyze and relate two different kinds of infor-
mation: climate and genetic data and their change over time. We will show that the
relation between both types of changes can be attributed to the unveiled genetic
changes being compatible with the adaptation of Drosophila subobscura populations to
warmer climates. The climate data are the monthly average temperatures of various
populations in Europe and America at two different time periods separated by about
25 years. The genetic data include different profiles of Drosophila subobscura chromo-
somal polymorphisms that, as shown in the scientific literature, are related to the
adaptation of the species to different climates. The genetic data have been obtained in
the same populations and times as the climate data.

Keywords: dimensional reduction, interpretability, chromosomal polymorphism,
cline, climate change

1. Introduction

Drosophila subobscura, a small species of fruit fly, has been an object of fascination
for geneticists and ecologists due to its remarkable ability to adapt to changing envi-
ronmental conditions. In recent years, as climate change accelerates and ecosystems
undergo changes, researchers have focused their attention in understanding how this
species responds to changing climate. It has five pairs of acrocentric chromosomes, all
of which exhibit polymorphism for inversions. The frequencies of these chromosome
arrangements show a clinal change according to latitude and, therefore, with climate
[1, 2]. This particular fly species is native to the Old World and has a wide distribution
in its native regions. In February 1978, Drosophila subobscura, which had never before
been documented in the Americas, was discovered by chance in southern Chile [3].
The colonization of this species most likely originates from a Mediterranean popula-
tion, although the precise origin remains undisclosed. A few years later (1982), it was
also discovered in North America [4].
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To forecast evolutionary responses to natural or anthropogenic perturbations, it is
fundamental to determine whether evolutionary trajectories are predictable or idio-
syncratic [5]. The predictability of evolution is evaluated by determining whether
replicate populations show convergent responses, in particular, by collecting and
analyzing genetic and climatological data over time.

Within the field of data analysis, multivariate statistical analysis [6, 7] serves as an
indispensable instrument to achieve a deep understanding of data. Specifically,
dimension reduction techniques can provide a more complete and holistic view of the
data being analyzed. There are a large number of dimension reduction techniques
[8, 9], although the principal component analysis (PCA) [9, 10] is the most widely
used dimension reduction technique in research. In our case, we will use the power of
PCA, matrix algebra operations, and statistics optimization to combine genetic and
climatological information at two moments in time. With the aim of obtaining a joint
representation that helps interpret whether populations show convergent responses
with respect to genetic and climatological data in both Europe and America.

2. Methods and results

Both population genetics data (from Drosophila subobscura) and climate data will
be considered. First, we shall summarize the workflow of the data analysis carried out
as follows:

Figure 1.
European populations and their relationship with vespect to the NE to SW cline. The data can be seen in Table 1.
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1.To find a convenient Euclidean space to represent genetic data, starting from a
reasonable standard distance between genetic profiles.

2.0Obtain an interpretable direction in this Euclidean space, in terms of a
geographic cline according to the results of a previous paper [11] using only
European populations, see Figure 1 and Table 1.

3.Once this direction has been established, we shall find another direction orthogonal
to the first, with all the data, carrying out a standard PCA but onto the orthogonal
complement space of the previously mentioned first direction, obtaining a 2D
representation (Figure 2). The old and new data from the same geographic
population have been represented by two points (one black dot and one red dot,
respectively) joined by a time arrow, which visualizes the genetic profile changes.

4. With the climate data, that is, mean month temperatures corresponding to the
same populations and periods, we make a PCA BIPLOT analysis, interpreting the
first two components as warm weather and extreme (inter-seasonal) weather,
obtaining also a 2D representation (Figure 3). The old and new temperature data
from the same geographic population are also represented as two points joined by
a time arrow, which visualizes the mean temperature changes.

5.Finally, we integrate both types of information representing the first and second
principal components of climate data analysis into the 2D genetic space
representation (Figure 4).

2.1 Genetic data

We dispose of data of the chromosomal inversion frequencies corresponding to the
five chromosomes of Drosophila subobscura in several European and American

Population Longitude/latitude NE to SW in ° First component
Groningen 53°13'N-6°35'E 0.00° —1.914748
Wien 48°13'N-16°22'E 0.03° —1.952958
Louvain-la-neuve 50°43'N-4°37'E 3.20° —1.429999
Tiibingen 48°32'N-9°04'E 3.24° —1.749663
Leuk 46°19'N-7°39E 5.85° —0.981962
Villars 45°26'N-0°44'E 9.93° —0.743784
Montpellier 43°36'N-3°53'E 10.08° —0.766615
Lagrasse 43°05N-2°37E 11.18° —0.427634
Queralbs 42°13'N-2°10'E 12.18° 0.611528
Calvia 39°33'N-2°29'E 14.35° 1.513612
Riba-roja 39°33'N-0°34'W 15.96° 1.407313
Malaga 36°43'N-4°25'W 20.37° 1.909295
Punta Umbria 37°10'N-6°57"W 21.54° 2.208420
Table 1.

Longitude and latitude of European geographic populations. Also given are degrees with respect to the NE and SW
direction. See also Figure 1. The correlation with the first principal component obtained with the 13 European
geographic populations at the fivst time period is r = 0.9628.
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Figure 2.

2D representation of the abstract genetic space with the 29 geographic populations studied in two periods. The
genetic profile changes are visualized by the arrows. The populations of the old period of time studied are
represented with black dots and, in the new period of time, in red dots.

populations, each of them sampled in the same geographical places but at two differ-
ent periods widely separated in the time, 24 years on average. Thus, although we have
a total of 29 geographic populations, we shall consider a total of N =29 x 2 = 58
statistical populations (29 old and 29 new). Let k = 5 be the number of chromosomes
analyzed (A, ], U, E, and O) and m;, ..., m; the number of different chromosomal
arrangements located on chromosome A, J, U, E, and O, respectively. Then, given a

statistical population P,, we denote by (pm-l, e paim,-) a vector whose components are
the relative frequencies of each chromosomal arrangement located on the i chromo-
some at population P,, with p wij 2 0 where Z;":"lpmj =1withi=1, ..,k and

a =1, ..., N. Further details on the data may be found in [11, 12].
Thus, each geographic population at a given time is characterized as point P in a
Genetic Space, P, a point determined by

pP= (}711’ “sPimpPors> 5 Pomys 5 Pr1> ""pkmk) ey

From a mathematical point of view, this space is a manifold with boundary of
dimension n = Zf;lm,- — k, with coordinate system defined through (1). In the pre-
sent study, Zlemi =50, and n = 45.

If we consider a discrete multivariate Bernoulli distribution corresponding to each

chromosome and we assume independence between them, it is well known that the
Fisher information matrix induces a Riemannian structure [13] in the considered
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2D BIPLOT with climate data. The 29 geographic populations are studied in two periods. The temperature changes are
visualized by the arrows. The populations of the old period of time studied are vepresented with black dots, and the new
period of time are in ved dots. Each one of the vaviables, mean month standardized temperatures, is represented as blue
straight lines whose direction vectors are the gradient of each variable (up to a proportionality constant: Scaled for
legibility reasons) and therefore indicates its maximum increase by unit length. The horizontal axis may be interpreted
as warm climate (increasing to the right) and extreme interseasonal climate (increasing upward).

manifold that represents the genetic space whose distance will be given in terms of the
square root of the sum of squares of the information metric between multivariate
Bernoulli distribution corresponding to each chromosome, these being equal to the
Bhattacharyya distance, up to at most a multiplicative factor, that is, the distance

between two points P, and Py of coordinates determined by (Paw . pakmk> and

(p 115 oD /}kmk) , respectively, will be

P 2

d(Pa,Pp) =2,

i=1

a,p=1,..,N 2)

mi
arccos E /P wiP pij
j=1

Although we do not know the exact coordinates of each statistical population, we
have available reasonable estimations of them that, for the sake of simplicity, we shall

denote in the same way (pan, s pakmk> and (Pﬂn’ s pﬂkmk>, respectively.
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Figure 4.
2D dynamic diagram genetic space and climate. Note that changes in the genetic profile are compatible with an
adaptation to a warm climate.

Therefore, from (2), we can obtain a N x N square matrix D = (d (Pa, Pﬂ)), whose
entries are the estimated distances between all pairs of the N = 58 studied statistical
populations. This distance, up to a multiplicative factor, was already used in [11], with
a subset of the data analyzed in the present paper corresponding to 13 geographic
European populations in two different time periods (N5 = 13 x 2 = 26 statistical
populations).

From this distance matrix, we can carry out a principal coordinate analysis (PCoA)
[14, 15]. Specifically, if we let 1y be a N x 1 vector whose entries are all equal to 1, Iy
the N x N identity matrix H = Iy — %ININI, where the symbol ’ indicates the trans-
pose vector or matrix, the N x N centering matrix A =3 DeD, where - denotes the
Hadamard product, we can obtain a spectral decomposition in matrix form A =
QAQ’ where A isa N x N diagonal matrix with the ordered eigenvalues of A
M>4>, ..., 2y and Q isa N x N ortonormal matrix with the corresponding nor-
malized eigenvectors. The eigenvalues obtained range from 4; = 84.86376 to
An = —0.2118237, being strictly positive the 38 first eigenvalues. Furthermore,

S8 4 = 176.8488 whereas 3 ;°504 = —0.5911. The positive part is approximately
the 99.67% of the addition of the absolute value of all eigenvalues. This fact suggests
the possibility to map each one of the N = 58 statistical populations into a point in R?
where g = 38 with coordinates given by the 38 first principal coordinates. If Q is the
N x q matrix with the first 38 columns of Q and A is the g x g diagonal matrix of the
strictly positive ordered eigenvalues A1 > ..., >4, > 0, the 38 principal coordinates of
the statistical populations are the rows of the N x ¢ matrix X given by
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X = QA" 3)

The ordinary Euclidean distance between the rows of X almost reproduces the
original distance given in (2). In other words, if we identify each statistical population
P,, with @ =1, ..., N as a point that has ¢ = 38 Euclidean coordinates (xq1, ..., Xq)
such that the ordinary Euclidean distance among them,

dg(Pa, Py) = af=1,..,N (4)

is very similar to d (Pa, Pﬂ). Moreover, we can build the interdistance Euclidean
matrix N x N, Dg = (dg (P, Py)), obtaining the following measures:
* Kruskal Stress [15, 16]

S N1 (d(Pas Py) — di(Pas Py))?

?,j:ld(Pa’Pﬂ)z

Stvess(D, Dg) = =0.0030 (5)

this small Kruskal Stress indicates that D and Dg are almost equal.
* Another measure that suggests a similar behavior of both distances is the Pearson
correlation between the entries of both matrices,

p(D,Dg) = 0.99999 (6)

* And the following measure, similar to a relative error of the approximation, gives

S iyo1ld (P Py) — di (Pus Pp)|

=1 (Pa> Pp)

Rel. Error(D,Dg) = = 0.00248 7)

this small relative error also indicates that D and Dy are almost equal.

All these measures indicate a great similarity between (2) and (4) and suggest
using, for simplicity, the representation of the N' = 58 statistical populations in R,
with the ordinary Euclidean distance as the abstract genetic space into which we
represent all of our statistical populations because their proximity relations using
the Euclidean distance (4) are almost the same that the ones obtained with (2)
proposed initially. The sum of squares between this distance of all considered point
will be

Mz

N
SDp =Y

a=1

d%(P,, Py) = 2N tr(X'HX) (8)
1

=
Il

The next step is to obtain a good two-dimensional Euclidean representation that
helps us interpret the observed genetic variability. To achieve this purpose, it is
important to maximize the variability explained in the 2D graphic output compared
with the total variability in the whole Euclidean space (¢ = 38 dimensions). This could
be obtained by performing a simple PCA from the data matrix X [8-10, 15-18].

We also look for easily interpretable divections in this abstract Euclidean genetic
space. Specifically, we will obtain an interpretable direction of this space that will be
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used as the first axis of the 2D graphic output, that is to say, we will try to interpret a
direction of such space in terms of the northeast-southwest (NE-SW) geographic
cline described in [11]. In that paper, this cline was identified as the first component of
a principal coordinate analysis realized using (2), up to a proportionality constant, and
obtained from the data corresponding with the 13 first European populations consid-
ered in the present chapter in the two time periods considered.

To obtain in our abstract genetic space the direction linked with the geographic
cline described in [11], we shall find the first principal component obtained from the
first 13 x 2 = 26 rows of data matrix X, which correspond to the European
populations studied in [11]. This component will be linked to the geographic cline
because (2) and (4) are very similar. Specifically, let X, be the 26 x 38 matrix with the
26 first rows of X, and X, be the 32 x 38 matrix with the remaining rows of X, that is,

X = (th, X;) The direction searched will be given by the first principal component

obtained from X,. To obtain a PCA with these data, with the same basic notation as
before, if we let 1, be ar x 1 vector whose entries are all equal to 1, with » = 26, I, the
r X r identity matrix, and H, =1, — %1512 where the symbol * indicates the transpose
vector or matrix, the » X » centering matrix, we can build the covariance matrix
corresponding to the abstract data matrix X, a 38 x 38 matrix given by

S. = X'H.X,/r. Then, we will diagonalize this matrix; and because we have r = 26
points in an Euclidean space, there will be a maximum of 25 strictly positive covari-
ance matrix eigenvalues, 44 > 10> ... > Aep >0, obtaining a spectral decomposition
whose matrix form may be expressed as S, = U.D,U’, where D, is a diagonal p x p
matrix with the obtained ordered positive eigenvalues, and U, is a g x p matrix whose
columns are normalized eigenvector corresponding to the aforementioned positive
eigenvalues. The first principal component, given by the first column of U,, referred
hereafter simply as the 38 x 1 column vector #, it will be the direction in the abstract
g-dimensional genetic space linked with the geographic cline. This direction summa-
rizes the 1004, /tr(S,) = 69.3% variability of the statistical populations corresponding
to European populations. The correlation between the first component obtained and
the first principal coordinate analysis described in [11] corresponding to the old data is
—0.999999, which indicates the same direction. The negative sign is simply due to the
fact that we choose the sign of the first component obtained to be positively correlated
with the geographic cline oriented from the NE to SW, see Table 1.

To clearly show the relationship between the first component and the northeast to
southwest geographic cline, we can correlate a measurement in degrees along the NE
to SW cline, say NE/SW, from 0.00° of Groningen to 21.54° of Punta Umbria,
obtained through the standard latitude and longitude coordinates of the different
populations, with the values of the first principal component of each geographic
population at the old time period studied, say Y4, obtaining a correlation
P(NE/SW,Y 14) = 0.9628, see Table 1.

Next, to obtain the second direction of the abstract genetic space that we will use to
obtain the 2D representation, we will project all 58 points that represent each statisti-

cal population onto the orthogonal complement space of the span of u, (u)*. On this
37-dimensional space, we will carry out a standard PCA and will use the first principal
component, say the g x 1 column vector v, orthogonal to u and unitary, on the

projected points on (u)* as the second direction of the space where we will project all
the points, namely, the span of u and v, (u, v). Specifically, the projection onto (u)" is
realized by means of the product X(I — uu’), where I is the 38 x 38 identity matrix;
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this N' x ¢ matrix with the coordinates of the N = 58 populations in (u)" is a centered
matrix, and its covariance will be S = (I — uu’)X'X(I — uu’)/N.

Then, we will diagonalize this matrix S and will have a maximum of g = 38 strictly
positive covariance matrix eigenvalues, 11 >4, > ... >4, >0, obtaining a spectral
decomposition whose matrix form can be expressed as S = VAV’, where A is a
diagonal g x g matrix with the obtained ordered positive eigenvalues, and Visag x g
matrix whose columns are normalized orthogonal eigenvector corresponding to the
aforementioned eigenvalues. The first principal component will be given by the first
column of V, referred hereafter simply as the g x 1 column vector v; it will define the
direction in the abstract g-dimensional genetic space that we shall use to complete the
desired 2D representation. The direction determined by v summarizes the
1004, /tr(S) = 49.2% variability of the statistical populations corresponding to all
populations in (u)*. The 2D final plot will be obtained with the projection of the rows
of X into the span of u, v, namely, (u, v). Introducing the g x 2 matrix P = (u, v), that
is, a two column matrix whose columns are the column vectors u and v, the coordi-

nates of the N statistical populations will be rows of the N x 2 matrix Y = (y a])
given by
Y =XP 9)

We can easily quantify the percentage of variability represented by each one of the
2D-plot axes, computing first the sum of the squared distance between all the points if
we project them in the first axis, SD?, and in the second one SD?, of the plot, that is
N N 5
DL =33 (yu-yu)  with =12 (10)

a=1 p=1

and comparing these quantities with the total variability SD7 given in (8), we
obtain the percentages 6,; given by 6,; = 100 x SD?,/SD2 with i = 1,2, which in the
present case are equal to 8,17 = 45.5% and 6,; = 26.8%, thus, the variability explained
by both axis 6,1 + 0,, will be equal to 72.3%. We can see the described 2D representa-
tion in Figure 2; the coordinates of the populations are given by the Eq. (9).

To interpret the change of the genetic profile of the 29 geographic populations
between the two periods studied, separated in time on average in just over 24 years, it
will be convenient to define two 29 x 1 column vectors Y1 and Y, that contains the
two coordinates of each one of the 29 populations in the plot, the populations located
in the same order in both vectors, at the old period Y; and at the new one Y;. The
change of the genetic profiles of each geographic population between periods may be
visualized by é = Y, — Y, given by the green arrows in Figure 3 from the black
points (populations of the old time period) to the red points (populations of the new
time period) (Table 2).

Additionally, among the total of 29 geographic populations considered, in 25 of
them in the course of the time between the first and the second period of time studied,
a displacement occurs, increasing the value of the first variable used for the 2D
representation, which is a direction that represents the NE/SW cline. Moreover, this
low value is hardly compatible with a random change (in an ordinary bilateral sign
test, p — valuex1.0 x 10~*). Let us also observe the limited dispersion of American
populations, as a consequence of the so-called founder effect produced by the recent
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Population 61 6, Population 61 2
Montpellier 0.642373 0.190589 Lagrasse 0.459498 —0.381803
Queralbs 0.268763 0.066369 Riba-roja 0.374971 —0.059232
Calvia 0.228700 0.134521 Punta Umbria —0.237194 0.027191
Milaga 0.282278 0.184082 Groningen 0.780543 0.635947
Louvain-la-neuve 0.513534 0.256845 Villars 0.389008 0.219267
Tiibingen 0.364991 0.157145 Wien 0.516528 0.118356
Leuk 0.050395 —0.004103 Sunne 0.438114 0.288466
Drobak 0.158006 0.481837 Mt. Parnes 0.189012 —0.047603
Gilroy 0.130422 0.004212 Davis 0.101785 0.046262
Eureka 0.305773 0.228315 Medford 0.251930 0.405888
Salem —0.241229 0.023833 Centralia 0.153696 0.160464
Bellinham —0.133972 0.262271 Santiago 0.113615 0.127641
Chilldn 0.339739 0.097727 Laja 0.164784 0.015877
Valdivia 0.168553 0.155098 Puerto Montt —0.005071 0.386463
Coyhaique 0.212375 0.270840 - - -

The few negative values in the second column are highlighted in contrast to the majority of the positive values.

Table 2.

The components of vectors 6 = (64,08,) represent the profile genetic changes in each of the 29 studied geographic
populations. Observe that the 29 components of 84, the first column vector of 8, are positive in 25 of the 29 cases
(each one corresponding to a different population). The shift is compatible with profiles more adapted to the
climate of SW.

colonization of Drosophila subobscura to the New World in the late 70s of the last
century when this species was accidentally introduced to America. This effect refers to
the reduction of genomic variability due to a small group of individuals separating
from the original population [12].

2.2 Climate data

Along with the data analysis of chromosomal polymorphisms in Drosophila
subobscura, we recorded meteorological data for the 4 years immediately preceding
each biological sample from the nearest meteorological station for each population
using NASA GISS. (http://data.giss.nasa.gov/gistemp/) and NOAA (http://www.ncdc.
noaa.gov/oa/climate/climatedata.html). Then, we calculate the average monthly tem-
peratures during these 4 years, in degrees Celsius, seasonally adjusting them and
taking into account the hemisphere of origin. Thus, to each of the statistical
populations considered (N = 58 = 29 x 2), we will associate a vector in R™ whose
components are precisely the average temperature values per month, using standard-
ized data to make the analysis invariant under linear changes. Then, we perform an
ordinary PCA. Specifically, let W = (w,;) be a 58 x 12 real matrix whose entries are
the month mean values attached to each statistical population determined by the 29
different geographic sites and two periods, from January to December, seasonally
adjusted by hemisphere (for instance, January is the real January in the northern
hemisphere but July in the southern hemisphere and similar with the other months)
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and already standardized. Then, with the same basic notation as before, we can
compute the corresponding covariance matrix equal to the correlation matrix because
the data are standardized, given by Rw = W'HW//N. Then, we will diagonalize this
matrix and obtain 12 ordered nonnegative eigenvalues A; > 1; > ... > 412 > 0 obtaining
a spectral decomposition whose matrix form may be expressed as Rw = TI'T’, where
I' is a diagonal 12 x 12 matrix with the ordered nonnegative eigenvalues, and T is a
12 x 12 orthogonal matrix whose columns are normalized eigenvector corresponding
to the aforementioned nonnegative eigenvalues. Because A; = 10.00127, the first
principal component given by the first column of T summarizes the 83.3% of mean
temperature variance; whereas since 1, = 1.56655, the second principal component,
given by the second column of T summarizes the 13.1% of mean temperature vari-
ance. Therefore, the two main principal components summarizes the 96.4% of mean
temperature total variance. Explicitly, introducing the 12 x 2 matrix Y = (t;, t,),
where t; and t; are the first two columns of T and these two components on the

N = 58 statistical populations will be given by the two columns of the N x 2 matrix
C=(c1,c0) = (cog-) withj = 1,2 given by

C=WY (11)

Classical PCA BIPLOT of climate data, see Figure 3, where the populations
(labeled in blue) and climate variables (arrows in blue) are represented. The coordi-
nates of the populations corresponding to the old temperature measurements appear
in black and the coordinates corresponding to the new measurements (taken 4 years
later as average) appear in red. It will be convenient to interpret the variables in order
to compute the loadings of the principal components to each variable, and these
quantities also obtain a standard BIPLOT [19, 20].

The different variables (from January to December) can be represented by differ-
ent straight lines through the origin. Table 3 can facilitate the interpretation of the
principal components. Because the coefficients determining the first principal com-
ponent are all positive, we can interpret this component as a size-related component.
Specifically, associated with higher temperature, let us call warm climate the first
component direction. The blue arrows show the displacement of the populations

Population/month January  February March April May June
Droback old —7.025 —8.850 —4.050 2.150 7.975 12.800
Milaga new 14.075 14.825 16.075 17.275 19.250 22.000
Vienna new 0.375 1.725 5.550 10.700 16.350 20.025
Eureka old 9.533 8.833 9.867 10.233 12.175 13.625
Population/month July August September  October = November  December
Droback old 16.600 13.950 9.900 4.725 —-1.200 —5.175
Mélaga new 24.000 24.575 22.175 20.450 17.425 15.300
Vienna new 21.025 21.525 14.825 10.375 6.125 0.100
Eureka old 14.650 15.125 14.175 12.375 10.350 9.625
Table 3.

The mean temperatures in Celsius degrees of four statistical populations in the different month referred to as
novthern hemisphere seasons, that is, we shift the data corvesponding to populations of the southern hemisphere
since in that hemisphere the summer period is the winter in the northern hemisphere, among others.
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induced by the time interval. We observe that the arrows are mostly aligned with the
first component and, consequently, aligned with an increase of mean temperatures: a
shift to a Warmer climate. We can interpret the second principal component as a
component related to interseasonal extreme weather, since the loadings of the warmer
month are positives and negative the loadings of colder months let us call extreme
climate the second component direction.

2.3 Climate data into the 2D genetic space representation

We can represent the first and second principal component of the previously
mentioned climate data PCA into the 2D graphic obtained using only genetic data.
One way to proceed is to find the linear combination of the genetic variables

(Y1,Y,) that have the maximum correlation with the first and second principal
components of climate data ¢; and ¢;, that is, find the coefficients & = (a1, @) and

B = (B1,,) such that

arg max cor(cl, oy, + azyz) arg max COV(CZ’ ,51)’1 + ﬂzYz) (12)
a=(a1, ) B=(B155)

The direction defined by & = (a1, a,) is the linear combination of the abstract
genetic variables Y; and Y, that fit the most with the first temperature component c;.
In a similar way, the direction defined by #* = (p;, ,) is the linear combination of the
abstract genetic variables Y; and Y, that best fits with the second temperature com-
ponent c,.

After some straightforward computation, the sought coefficients & and g that
define the previously mentioned directions in the abstract genetic space and that
imply unit variance of the vectors Ya and Yp are given by

(YY) 'Ye,

YY) 'Y
and p= YY) @
AY(Y'Y) 'Y AY(Y'Y) 'Y,

(13)

and the achieved maximum correlation with ¢; and c; are respectively

e Y(Y'Y) 'Y . 'Y (YY) 'Y, "
= an

ne T e & NG

In the present example, we obtain p; = 0.913466 that shows that the
direction corresponding to the first component of the PCA in Figure 4 are closely
linearly related with warm climate, whereas the value obtained for p, = 0.700762
shows an important although weaker linear relationship of the direction
corresponding to the second principal component in Figure 4, interpreted as
extreme climate.

Furthermore, to study the relationship of the variable which represents the Warm
climate with the observed shifts of the genetic population profiles of each geographic
population at different times, given by 8, the green arrows from the black points
(populations of the old time period) to the red points (populations of the new time
period), we can compute the scalar product of these vectors § with the variable Ye.
Among the total of 29 geographic populations considered, in 27 (all with the exception
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Population (6, Yar) (6:, YB) Population (i, Yar) (6:, YP)
Montpellier 0.601249 —0.121418 Lagrasse 0.191069 —0.548328
Queralbs 0.245389 —0.062709 Riba-roja 0.272323 —0.222716
Calvia 0.244812 0.016150 Punta Umbria —0.177003 0.131730
Milaga 0.310490 0.036006 Groningen 0.917106 0.212613
Louvain-la-neuve 0.528855 —0.004008 Villars 0.412010 0.018966
Tiibingen 0.364161 —0.025477 Wien 0.467364 —0.128710
Leuk 0.038379 —0.026496 Sunne 0.483173 0.058340
Drobak 0.348535 0.357530 Mt. Parnes 0.129084 —0.128070
Gilroy 0.106166 —0.055364 Davis 0.102679 —0.004933
Eureka 0.349669 0.064752 Medford 0.388557 0.247314
Salem —0.181777 0.130567 Centralia 0.196843 0.073252
Bellinham 0.013925 0.294317 Santiago 0.149672 0.062186
Chilldn 0.316573 —0.066951 Laja 0.139006 —0.060550
Valdivia 0.206240 0.061739 Puerto Montt 0.174221 0.346502
Coyhaique 0.294650 0.144961 - - -

The few negative values in the second column ave highlighted in contrast to the majority of the positive values.

Table 4.

The second and fifth columns show the scalar product between 8; and Ya. Analogously, the thivd and sixth
columns provide the scalar product between 8; and Yp, where Ya is the direction that represents warm climate in
the 2D representation of the genetic spaces and YP is the direction which represents extreme climate in the 2D
representation of the genetic space. Observe that the scalar product between 6; and Ya is positive in almost all
population, which is compatible with a profile shift to more warm adapted genetic configurations.

of Punta Umbria and Salem) of them this scalar product is positive indicating that the
shift is compatible with a genetic adaptation to a warmer climate. Moreover, this low
value is hardly compatible with a random change (in an ordinary bilateral sign test,

p — valuex1.6 x 107%) (Table 4).

3. Conclusions

In this work, we illustrate a procedure that combines dimension reduction for
temporal data and the integration of multiple multivariate sources, in our case, genetic
data and climate data. We have proposed a formulation to enrich dimension reduction
by choosing interpretable directions in the representation space rather than maximiz-
ing variability.

Analysis of the genetic data consistently reveals a shift of populations along the
European northeast to southwest cline when comparing the two time periods. On the
other hand, the analysis of climate data reveals a first component associated with
warm climate. At the same time, a shift of populations in the direction of higher
temperature is observed when comparing time points. When we integrate the climatic
with the genetic information, we have verified that both displacements,
corresponding to the populations in the genetic space and the populations in the
climate space, respectively, are highly aligned, suggesting that all populations along
the cline are evolving toward the adaptation to a warm climate.
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We emphasize that the methodology used in this study is very versatile and easily
applicable for multivariate data integration in other areas of application.
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Chapter 7

Multivariate Analysis of Cranial
Measurements of Cameroon’s Blue
Duiker (Cephalophus monticola)

Miantsia Fokam Olivier, Felix Meutchieye and
Evaristus Tsi Angwafo

Abstract

The blue duiker (Cephalophus monticola) is exclusively an African wild Bovidae. Itisa
principal source of protein in the African forest zones and contributes to the nutrition of
local populations. The methodology used is the opportunistic method which consists of
taking the heads of blue duikers from carcasses encountered randomly and opportunis-
tically in villages, urban markets, and checkpoints. Thus, 60 skulls were collected and
measured from January to December 2018. Descriptive statistics and multivariate anal-
ysis were done using SPSS version 21.0 software and XLSTAT-Pro version 7.5.2 software.
The measures of the skulls (60 in total and in mm) point out that: the total length
(117.36 £ 3.51; 118.23 + 4.38 and 118.47 + 4.09), the length of row of cheek teeth
(35.35 4 2.88; 36.39 & 3.82 and 36.28 + 3.67) the zygomatic arc height (10.40 + 1.50;
11.06 £ 1.12 and 11.17 + 1.10) in these three areas respectively indicate a significant
difference (<0.05). The Principal Component Analysis (PCA) enables us to see the level
of genetic variabilities of blue duiker through skull measurements. These variable mea-
surements are close together from one to another where there is a high similarity
between species. Grouping these biometric characteristics permitted us to identify three
structures of the blue duiker, corresponding to the three sub-species found in Cameroon.

Keywords: characterization, skull, blue duikers, biometry, Cameroon

1. Introduction

Global biodiversity is currently undergoing an unprecedented crisis [1, 2], to the
point that some scientists are now talking about a sixth extinction [3]. Species extinc-
tion could be up to 1000 times higher than last century [4]. Some authors such as [5]
argue that the consequences of these extinctions are comparable to the effects of
climate change in terms of ecosystem change. This phenomenon is amplified by
human actions on biodiversity, including commercial hunting, which is perceived as
one of the major threats to this biodiversity. Three species alone account almost 70%
of the bushmeat sold in all the markets of the country of the COMIFAC countries: the
blue duiker, Cephalophus monticola; the African brush-tailed porcupine, Atherurus
africanus and the Greater spot-nosed monkey, Campithecus nictitans; [6]. The blue
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duiker account 39% of this harvest, as the main supplier of bushmeat [7, 8]. This
animal, commonly called as “hare”, is well known to forest populations for its food
use. Beyond that, it could have other, little-known uses. Market observations of the
carcasses of these animals show a variation in the color of the fur, ranging from dark
grey to light grey to bright black. These variations in fur levels could lead to errors of
assessment on the part of the population living near forests, on the one hand, and on
the other hand, among urban consumers and the entire control chain.

Beyond the food discolouration and in the context of the “biodiversity crisis”, the
characteristics of the blue duiker remain insufficient. However, it is the first approach
for the identification and sustainable use of the species [9]. The first step in this
characterization of the blue duiker is based on knowledge of the variations of the
biometric features [9]. These are found on the live animal and on the skull. However,
most of the phenotypes of the majority of natural animal species are not recorded,
such as those of the blue duiker [10]. Furthermore, due to the lack of comprehensive
information on population structure and geographical distribution, many animal
populations in developing regions are commonly considered “indigenous” or “tradi-
tional”. Therefore, there is a need to establish simplified and consistent phenotypic
characterization procedures to help countries conduct a more comprehensive inven-
tory of their animal genetic resources [11].

At a time when the countries of the Congo Basin, including Cameroon, have begun
the process of developing bushmeat management strategies, poor identification of
blue duiker can have serious consequences on the conservation of this species whose
meat is highly valued in the forest zone [12-14]. Studies of the blue duiker in Gabon
and Cameroon have examined its relationship to the structure of the environment
[15], its diet [16], its place among primary consumers, particularly the frugivorous
[17] and its abundance [18, 19]. Relatively maneuverable and easy to capture by
hunters, the blue duiker is a suitable study for better craniometric characterization
[20], although according to Dubost [21], in reality, it is not easy to characterize it.

Identifying the blue duiker is essential and the foundation of any successful mod-
ern management. In recent years, the need to properly identify an animal, to trace it
through the production chain and ultimately in food products, that is to say, to have
traceability, has become essential in order to record the Evolution of its weight gain,
fertility, susceptibility to diseases, and thus to facilitate the selection and management
of genetic resources.

2. Methodology
2.1 Study area

Cameroon is located in the west of the Central Sub Region of Africa, stretching
from the Gulf of Guinea to Lake Chad. It falls between latitude 2° to 13° North of the
equator and longitude 8° 30’ to 16° 10" East of the Greenwich Meridian. The country
covers a surface area of 475,385 km? and has a coastline of 402 km. It is bounded to the
South by the Republic of Congo, Gabon, Equatorial Guinea and the Atlantic Ocean, to
the west by the Republic of Nigeria, to the North by Lake Chad and to the East by the
Republic of Chad and the Central African Republic. Blue duikers are in three agro-
ecological zones of Cameroon (Figure 1): Western Highlands (WH) equals zone 3 falls
between latitude 4°54’ to 6°36’ North and longitude 9°18' to 11°24’ East; Monomodal
Rain Forest (MRF) equals zone 4 falls between latitude 2°6' to 6°12" North and
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Figure 1
Study area of blue duiker’s skull.

longitude is 8°48’ to 10°30’ East and Bimodal Rain Forest (BRF) equals zone 5 falls
between latitude 10°30’ North to longitude 16°12’ East [22].

2.2 Data collection

The head is detached from the body by hunters or vendors using a machete. Once
the head has been obtained, the skull is stripped of its skin and as much adherent flesh
as possible using a very sharp knife. The lower jaw is separated and the tongue and eyes
are removed; the cervical cavity is emptied of its contents. The skull and the lower jaw
are emaciated as best as possible, they are immersed in a container filled with cold water
for 1 or 2 days, renewing the water several times. The purpose of this operation is to
purge all the blood vessels and soften the flesh in order to facilitate the rest of the work.

The skull and lower jaw are then boiled in a suitably sized container (washing pot)
filled with water, taking care that the liquid still covers the skull. This cooking takes
about 15-20 min.

We take out the skull and the jawbone and we strip off as much flesh and cartilage
as possible with a sharp knife, pliers, a wire bent into a hook. The cooking vessel is
rinsed and cleaned and the skull and jaw are returned to clean water. Boil again for a
few minutes. Usually, this second boil is enough for all meat and cartilage debris to
come off easily at the tip of the knife.

After checking that there are no more meaty particles left, especially in the cervical
cavity, in the nasal cavities and under the millstones, the skull is rinsed with a jet of
water, brushed well with an ordinary foaming detergent, rinsed again and air dried for
24 h. After these different operations, the different measurements are carried out [23].
Thus, a total of 14 cranial measurements and mass were taken. These measurements
numbered from 1 to 10 are identical to those used by [24] and mainly used to identify
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wolf subspecies (Canis lupus). Measurements of 11, 12, 13, 14 and 16 quickly distin-
guish a wolf from a coyote, a wolf or a coyote from a dog as well as the whole range of
their hybrids [24]. Therefore, the 15 measures retained consider that ruminants do not
have canines. Thus, 60 skulls were measured at a rate of 20 (10 males and 10 females)
per agro-ecological zone. According to [25], to perform craniometric measurements,
five instruments are required: the vernier, the ruler, the compass, the bevel and the
protractor. For our study, two instruments were used: the electronic vernier and the
protractor. When using this type of vernier, it is important to check from time to time
if the dial still indicates zero when the jaws are closed, otherwise, the yellow ABS
button is pressed to reset to zero. The protractor is used exclusively to measure the
orbital angle. To facilitate the reading of the latter, it is preferable to obtain a
protractor of good size graduated to the nearest 0.5°.

The cranial measurement uses many existing possibilities [23]. The measurements
enumerated from 1 to 10 are the same used by [25] and served especially for the
classification of subspecies of wolf (Canis lupus). Measurements 11; 12; 13; 14 and 16
are the main ones to distinguish the Wolf of the Coyote [24]. For instance, ruminants
do not have the canine, we have taken 14 measurements. Then, 60 skulls were
measured haphazardly by the opportunistic method developed by [26], to evaluate the
quantity of bush meat in the Central African villages. These 14 measures (in mm)
have been taken by the Vernier with the skull mass (in g): total skull length, zygo-
matic width, jugal teeth, line length, palate maximal width, minimal palate width,
postorbital apophyses width, the height between first molar and orbit, arcade zygo-
matic height, the fourth upper pre-molar length, second molar width, distance
between the margin of the incisive row and the edge of the temporal condyle, condyle
basal length, pre-maxillary width, orbiter angle and mass.

2.3 Statistical analysis

On the base of the 15 craniometrical measures, we have used statistical description.
The Principal Component Analysis (PCA) has been carried out to evaluate the genetic
variability of the blue duiker population studies [27]. The data analysis method is
called the multivariate analysis, which consists of the transformation of the correlated
variable in the new decorrelated variables from one another. These new variables are
named “principal components”, or principal axes. It enables us to reduce the number
of variables and to send the least redundant information. The PCA enabled us to
identify the least number of components or axes with better explained data variability.
It consists in compressing the whole number of random variables, the first axes of the
PCA are the best choices in terms of the inertia or of the variance.

In the construction of a phylogenetic tree or dendrogram following the protocol of
Hierarchy Ascending Classification (HAC), we have used the Pearson correlation to
identify the genetic type and the relationship that exists between each other [28]. It is
one of the statistical methods of data analysis that enabled us to divide a whole
number of data into different homogenize groups. In this case, the data of each sub-
whole number divides the common measurement, which often corresponds to the
proximity criteria (similarities or dissimilarities) that we have defined to introduce
the distance measurement and classes between objects. This technique of data analysis
also enables us to hierarchy data thereby, to construct dendrograms that give evidence
of the distance between groups or their similarities and dissimilarities.

Analysis of population structure has been realized by means of Factorial Discrim-
inant Analysis (FDA) on the base of 15 measurements [27] thereby identifying the
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characters that distinguished better blue duikers as described. It enables us to repre-
sent graphically the different cranial measurements of blue duikers and the centre of
their groups using more discriminant axes.

The software analysis SPSS version 21.0 and XLSTAT-Pro version 7.5.2. was used
for data analysis.

3. Results

The measurements of the skull will be of two types: the measurements (total length;
zygomatic width; jugal teeth row length; maximum palate width; minimum palate
width; post orbital apophyses width; orbital first molar base height; zygomatic arch
height; maximum fourth premolar length upper; maximum second molar width; palate
length; Condylo-basal length; pre-maxillary width; orbital angle) and the mass. These
measurements are shown in Tables 1-12 according to agro-ecological zones and sex.

3.1 Blue duiker skull measurements
3.1.1 According to agro-ecological zones

Tables 1-5 show that the agro-ecological zone has no influence on the blue duiker
skull measurements. So, there is no significant difference between these skull

Agro-ecological n Skull length Zygomatic width
zones (mm) (mm)
CV (%) ptoe CV (%) pto CV (%)
WH Z3 20 36.25 117.36 £ 3.51 2.99 55.45+1.17 2.10
MRF Z4 20 29.45 118.23 + 4.38 3.71 56.33 + 1.34 2.38
BRF Z5 20  34.72 118.47 + 4.09 3.45 56.30 + 1.27 2.25
Total 60
P-value 0.000 0.000
P < 0.05.

Table 1.

Total skull length, zygomatic width of skull of blue duiker.
Agro- n Jugal teeth line Palate maximal Palate minimal
ecological length (mm) width (mm) width (mm)
Zones ptoe CV (%) pto CV (%) pto CV (%)
WH Z3 20 35.35+2.88 8.15 37.57 £ 2.74 7.30 20.19 +£2.24 11.10
MRF Z4 20 36.39 £+ 3.82 10.50 44.11 £19.10 43.29 21.03 £1.37 6.52
BRF Z5 20 36.28 + 3.67 10.13 38.63 £ 3.45 8.94 2119 +£171 8.05
Total 60
P-value 0.000 0.000 0.000

P < 0.05.

Table 2.

Jugal teeth line length, palate maximal width and minimal palate width of skull of blue duiker.
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Agro- n Post-orbital Height between Arcade
ecological apophyses first molar and zygomatic
Zones width (mm) orbit (mm) height (mm)
pto CV (%) pto CV (%) pto CV (%)
WH Z3 20 29.18 £ 6.26 21.45 1430 £1.51 10.53 10.40 £ 1.50 14.46
MRF Z4 20 29.99 £7.25 24.16 15.10 £ 1.14 7.57 11.06 + 1.12 10.13
BRF Z5 20 30.25 4+ 6.80 22.49 1523 £1.23 8.08 1117 + 1.10 9.83
Total 60
P-value 0.000 0.000 0.000
P < 0.05.
Table 3.

Post-orbital apophyses width, height between the first molar and orbit, arcade zygomatic height of skull of blue
duiker.

Agro- n  Fourth upper pre- Second molar Length
ecological molar length (mm) width (mm) palate
zones (mm)
pto CV (%) pto CV (%) pto CV (%)
WH 73 20 5.334+0.86 16.18 4.87 + 0.94 1921 60.25+538 893
MRF Z4 20 5.94 £1.50 25.31 5.55+1.29 2332 61.08+6.37 10.43
BRF Z5 20 5.88 +1.35 23.03 5.58 +1.22 2179 61.44+6.02 9.80
Total 60
P-value 0.000 0.000 0.000
P < 0.05.
Table 4.

Fourth upper pre-molar length, second molar width, length palate of skull of blue duiker.

Agro-ecological n Condyle basal Pre-maxillary Orbiter
Zones length (mm) width (mm) angle (°)
pto Ccv pto Ccv pto Cv
(%) (%) (%)
WH Z3 20 100.21 + 4.41 4.40 23.82+122 512 27.75+236 850
MRF 74 20 101.22 + 5.60 5.53 24.40 £1.48 6.07 2825+194 6.88
BRF Z5 20 101.52 +5.23 5.15 34.63 + 5.84 16.87 28.35+218 770
Total 60
P-value 0.000 0.000 0.000
P < 0.05.
Table 5.

Condyle basal length, pre-maxillary width, orbiter angle of skull of blue duiker.
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measurements in the three agro-ecological zones. Therefore, the blue duiker popula-
tion would be the same in the three agro-ecological zones. However, the territories of
this animal have split over time. This division would be due to human activities,
namely urbanization, agro-industry, road construction, logging, etc. The blue duiker
has been able to adapt to its increasingly changing environment, with a notable
growth in commercial hunting [28]. The sustainable management of this animal will
be the grantee of cultural conservation and biodiversity in Cameroon.

3.1.2 According to the sex

Table 6 shows the P-value given for an equal two-sided test (0.340) above the 5%
threshold. This means that the means of the zygomatic width measurements are
significantly different between the male and female blue duiker. On the other hand,
the P-value (0.000) of the total length of the skull is below the threshold of 5%. This
means that the averages of total skull length are not significantly different and there-
fore influenced by sex.

Table 7 shows that the P-value given for an equal two-sided test (0.000) is below
the 5% threshold. This means that the averages of the measurements of the row length
of the cheek teeth, the maximum palate width and the minimum palatal width are not

Sex n Skull length (mm) Zygomatic width (mm)
CV (%) pte CV (%) pto CV (%)
M 30 40.04 114.32 + 0.82 0.72 55.67 + 0.69 1.24
F 30 28.42 121.72 £1.77 1.45 56.38 + 1.65 293
Total 60
P-value 0.000 0.340
T-test —-20.77 —21.17
P < 0.05.
Table 6.

Total skull length, zygomatic width of skull of blue duiker according to the sex.

Sex n  Jugal teeth line Palate maximal Palate minimal
length (mm) width (mm) width (mm)
pto CV (%) ptoe CV (%) pto CV (%)
M 30 32.96 + 0.62 1.89 35.24 + 0.75 213 22.09 £+ 0.80 3.63
F 30 39.06 +2.17 5.55 44.49 + 14.80 32.92 19.52 + 1.66 8.51
Total 60
P-value 0.000 0.000 0.000
T-test —14.82 -3.59 7.64
P < 0.05.
Table 7.

Jugal teeth line length, palate maximal width and minimal palate width of skull of blue duiker according to
the sex.
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significantly different between the male and female blue duiker, therefore, the sex has
an influence on these cranial measurements.

Table 8 shows that the P-value given for an equal two-sided test (0.000; 0.046) is
below the 5% threshold. This means that the averages of the post-orbital process width
measurements, the first orbital molar base height and the zygomatic arch height are
not significantly different between the male and female blue duiker. Therefore, the
sex has an influence on these cranial measurements.

Table 9 shows that the P-value given for an equal two-sided test (0.000; 0.002) is
below the 5% threshold. This means that the averages of the measurements of the
maximum fourth upper premolar length, the maximum second molar width and the
palatal length are not significantly different between the male and female blue duiker,
therefore, the sex has an influence on these cranial measurements.

Table 10 shows that the P-value given for an equal two-sided test (0.000; 0.026) is
below the 5% threshold. This means that the means of the measurements of the
condylo-basal length, the pre-maxillary width and the orbital angle are not signifi-
cantly different between the male and female blue duiker, therefore, the sex has an
influence on these cranial measurements.

Sex n Post-orbital Height between first Arcade
apophyses width molar and orbit zygomatic
(mm) (mm) height (mm)
ptoe CV (%) ptoe CV (%) pto CV (%)
M 30 2335+ 1.11 4.76 15.22 + 0.69 4.50 11.59 + 0.40 3.44
F 30 36.27 +£1.79 4.95 14.53 +1.72 11.86 10.16 + 1.45 14.32
Total 60
P-value 0.000 0.046 0.000
T-test —33.540 2.044 5.202
P < 0.05.
Table 8.

Post-orbital apophyses width, height between the first molar and orbit, arcade zygomatic height of skull of blue
duiker according to the sex.

Sex n Fourth upper pre-molar Second molar Length
length (mm) width (mm) palate (mm)
ptoe CV (%) pto CV (%) pto CV (%)
M 30 5.04 £0.40 7.88 4.88 £0.38 7.87 55.32 +£1.17 211
F 30 6.39 £1.49 23.33 579 +1.51 2613  66.53+186  2.80
Total 60
P-value 0.000 0.002 0.000
T-test —4.790 —3.183 —27.947
P < 0.05.
Table 9.

Fourth upper pre-molar length, second molar width, length palate of skull of blue duiker according to the sex.
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Sex n  Condylo basal length Pre-maxillary Orbiter angle
(mm) (mm) )
ptoe CV (%) pto CV (%) pto CV (%)
M 30 96.54 +1.26 131 23.83 £1.29 5.39 30.00 £ 0.64 214
F 30 105.43 & 3.06 2.90 3141+ 6.74 21.46 26.23 +1.28 4.87
Total 60
P-value 0.000 0.026 0.000
T-test —14.727 —1.125 14.419
P < 0.05.
Table 10.

Condyle basal length, pre-maxillary width, orbiter angle of skull of blue duiker according to the sex.
3.2 Blue duiker skull Mass

The mass of the skull of the blue duiker does not vary from one agro-ecological
zone to another regardless of sex (Table 11).

It appears from Table 11 that the agro-ecological zone has no influence on the mass
of the blue duiker skull because P < 0.05. So, there is no significant difference
between the mass of blue duikers in the three agro-ecological zones.

Table 12 shows the P-value given for an equal two-sided test (0.992) above the 5%
threshold. This means that the averages of the cranial mass measurements are signif-
icantly different between the male and female blue duiker.

3.3 Principal Component Analysis (PCA) of cranial measurement of blue duiker’s

The Principal Component Analysis was done to show the contribution of 15 cranial
measurements to the explanation of genetic variabilities within the blue duiker’s
population. These 15 measurements have enabled us to obtain 15 proper values which
permitted the construction of a correlation circle.

Principal component analysis (PCA) was carried out to show the contribution of 15
cranial measurements to the explanation of the total genetic variability observed
within the blue duiker population. The eigenvalues and the factors are sorted in
descending order of variability represented in Table 13.

Agro-ecological zones n Mass (g)
pto CV (%)
WH Z3 20 6.49 £2.35 36.25
MRF Z4 20 7.59 £2.24 29.45
BRF Z5 20 8.24 £2.86 34.72
Total 60
P-value 0.000
P < 0.05.
Table 11.

Blue duiker skull mass according to the agro-ecological zones.
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Sex n Mass (g)
ptoe CV (%)
M 30 7.44 +2.98 40.04
F 30 7.44 £211 28.42
Total 60
P-value 0.992
T-test —0.010
P < 0.05.
Table 12.

Blue duiker skull mass according to the sex.

In Table 13, the first eigenvalue emerges with a value of 7.53 and represents
50.22% of the variability. This means that if we represent the data on a single axis,
then we will always have 50.22% of the total variability which will be preserved. Thus,
we can deduce from the graph below that the pairs of variables (total length of the
skull; mass), (zygomatic width; pre-maxillary width), (length of cheek teeth row;
mass), (length of cheek teeth row; maximum palate width), maximum palate width;
orbital angle), (zygomatic arch height; pre-maxillary width), (upper fourth premolar
maximum length; pre-maxillary width) and (orbital angle; mass) show a significant
correlation at the 5% level. However, not all cranial measurements are influenced by
agro-ecological zones, which is not the case with sex, which influences these

Component Initial eigenvalues Extraction Sums of the squares of the factors
retained
Total % of variance Cumulative %  Total % of variance Cumulative %
1 7.534 50.224 50.224 7.534 50.224 50.224
2 5.144 34.291 84.515 5.144 34.291 84.515
3 0.931 6.206 90.721
4 0.738 4.922 95.643
5 0.390 2.598 98.242
6 0.110 0.731 98.973
7 0.063 0.421 99.394
8 0.042 0.279 99.673
9 0.019 0.127 99.800
10 0.012 0.081 99.881
11 0.010 0.068 99.949
12 0.005 0.033 99.981
13 0.002 0.014 99.995
14 0.000 0.003 99.998
15 0.000 0.002 100.000
Table 13.

Eigenvalues and cumulative proportion of principal components of cranial measurements.
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measurements. We can conclude that there is a correlation between the different
biometric characteristics at the 5% threshold.

The observation of Table 13 shows that the orbital angle, the height of the zygo-
matic arches and the width of the minimum palate are orthogonal to each other, so
they are significantly uncorrelated. On the other hand, the other measurements are
close to each other, so they are significantly and positively correlated. The measure-
ments of the skulls of blue duiker populations are mostly close to each other and
therefore indicate how these measurements are grouped by agro-ecological zone
according to their similarities (Figure 2).

Figure 2 makes it possible to represent the cranial measurements on a two-
dimensional map, and thus to identify trends. We see that, on the basis of the biometric
variables available, they are grouped according to the axes F1 (50.22%) and F2
(34.29%). We see in this figure that on the basis of the biometric variables available, the
characteristics grouped according to the three agro-ecological zones are quite specific.
We notice that the zones of BRF Z2, WH Z3, of MRF Z4 have measurements that are
specific to them. These measurements are completely isolated and well away from the
centre of the mark. The cranial measurements of blue duikers are mostly closer one
against the other, indicating that these measurements construct a similar structure.

3.4 Hierarchy Ascending Classification (HAC) of blue duikers of Cameroon

The dendrogram in Figure 3 illustrates the relationship between the three
subclasses of cranial measurements based on similarity. The HAC will then gather the
individuals iteratively in order to produce a dendrogram. That is, to identify
subclasses of observations with similar measurements.

Biplot (axes F1 et F2 : 84.51 %)

10
_— : ; heigth between
8 palate minimal width arcade Oma“c first molar and
Qrbiter angle orbit
6 A RFﬁﬁﬁond molar|
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S jugal teeth line
b 0 lerigth
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-2
* total length
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-8 post-orbital
apophyses width— length palate
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Figure 2.
Grouping of similar cranial measurements by agro-ecological zone.
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Figure 3.
Dendrogram of cranial measurements of the blue duiker according to cranial measurements. c: subclass of cranial
measurements.

3.5 Discriminant factorial analysis (DFA) of blue duiker

The discriminant factor analysis (DFA) of the cranial measurements made it pos-
sible to find out which characteristics make it possible to best separate the classes
(groups) of individuals by agro-ecological zone. It gives a graphical representation
that best accounts for this separation (Figure 4).

The explanatory variables that discriminate the three groups are those whose
probability is lower than the chosen risk of error (<5%). Thus, among the character-
istics (total length of the skull; zygomatic width; jugal teeth row length; maximum
palate width; minimum palatal width; post orbital apophyses width; orbital first molar
base height; zygomatic arch height; maximum fourth upper premolar length; maxi-
mum width second molar; palatine length; condylo-basal length; pre-maxillary width;
orbital angle, mass.) are not influenced by agro-ecological zones. They are grouped
into three barycentre’s corresponding to the different subclasses which bring together
the agro-ecological zones presenting the best similar measurements. However, they
can only be discriminated against on the basis of sex. Thus, among the 15 measure-
ment variables, the pairs (total length of the skull; mass), (zygomatic width; pre-
maxillary width), (length of cheek teeth row; mass), (length of cheek teeth row;
maximum palate width), maximum palate width; orbital angle), (zygomatic arch
height; pre-maxillary width), (maximum length of the upper fourth premolar; pre-
maxillary width) and (orbital angle; mass) therefore better discriminate between the
three subclasses. The sign of the coefficient of the linear discriminant function makes
it possible to locate the cranial measurements of each of the subclasses; the negative
sign for subclass 1; the positive sign for subclass 2 and the negative sign for subclass 3.
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Figure 4.
Discrimination of blue duiker cranial measurements according to agro-ecological zones.

4. Discussions

According to the [29], wildlife species are typically undervalued on the basis of
productivity and size compared to domesticated animals. In some contexts, however,
wildlife can compete with livestock, particularly given the opportunities they provide,
including ecotourism, hunting, meat and other ecosystem benefits. She goes further by
asserting that, approaches to managing wildlife, therefore the blue duiker, should
include improving knowledge of the use and trade of wild species and an understanding
of the ecology of the species concerned. In the same vein, if these conditions were
combined and incorporated into sound national wildlife management strategies, it would
be possible to achieve more sustainable use of wildlife for food and other purposes. Thus,
knowing the population structure of the blue duiker helps to achieve the objectives of the
CBD. Biometric characteristics of living and cranial blue duiker show three intra-specific
subclasses. This would imply the existence of a blue duiker meta-population common to
the three agro-ecological zones. As such, one could suspect three blue duiker subgroups
due to the fragmentation of their habitat [30]. The C1, C2 and C3 subclasses would in
fact be a blue duiker meta-population but isolated by the reduction and fragmentation of
the forest ecosystem. The consequence of this fragmentation is inbreeding which could
make the blue duiker population fragile and susceptible to any type of disease [31].

Knowledge of the resource allows good monitoring because in article 17 on the
monitoring of the use of genetic resources, the Ngoya Protocol stipulates that, in order
to promote compliance with the applicable rules, each Party shall take appropriate
measures to monitor the use of genetic resources. Use of genetic resources and
increase transparency regarding such use [32]. These measures must be related to the
use of genetic resources or the collection of relevant information, among others, at
any stage of research, development, innovation, pre-commercialization or
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commercialization. Sustainable wildlife management refers to the proper manage-
ment of wildlife species to maintain their populations and habitats over time, taking
into account the socio-economic needs of human populations [33]. When sustainably
managed, wildlife can provide long-term nutrients and income to indigenous peoples
and local communities, contributing significantly to local livelihoods and safeguarding
human and environmental health [29, 34, 35].

5. Conclusion

The biometric parameters grouped according to agro-ecological zones are strongly
linked to each zone. The characteristics of the living blue duiker gave three groups of
characteristics. The same is true for cranial measurements. These three groups of
characteristics allow us to say that the blue duiker in Cameroon has three structures
corresponding to three subspecies closely linked to their agro-ecological zones.
Although similar, these three subspecies have different structures due to their habitat,
which varies from one agro-ecological zone to another. The knowledge of these sub-
species has an impact on the ecological monitoring of the blue duiker in the sense that
the monitoring plan will be built according to each agro-ecological zone thus
corresponding to each sub-species.

Each country is called upon to gather information on its genetic resources. This is
done at the local level, with the populations living near the forests. To achieve this, it is
necessary to develop data collection tools that are accessible to all and easy to use. This
data will be used at municipal and national levels to sustainably manage the resource.
Biometrics is used to help local populations and resource managers identify the
resources in order to easily collect data that can be used to make management decisions.
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Nomenclature

CBD convention on biological diversity
COMIFAC Central African Forests Commission
BRF biomodal rain forest

FDA Factorial Discriminant Analysis
HAC Hierarchy Ascending Classification
MRF Monomodal Rain Forest

PCA Principal Component Analysis

WH Western Highlands

Z zone

A. Appendix

See Table Al and Figures A1-A3.

Cranial measurements

Constancies

Coefficients

Std error of Mean (mm)

and std. error and std. error  estimation
Total length 0.274 114.861 +1.540 0.425 £ 0.196 3.854 118.01 + 3.97
Zygomatic width 0.760 53.145+0.342  0.387 & 0.043 0.855 56.02 + 1.30
Length of the row of cheek 0314 32.8554+1.323 0.424 £ 0.168 3.310 36.01 & 3.45
teeth
Maximum palate width 0.120 36.112+4.599  0.537 £ 0.585 11.507 40.10 &+ 11.49
Minimum palatal width 0.588 17.672+0.597 0.421+0.76 1.495 20.80 4 1.83
Width of the post-orbital 0.191 26.106 +2.644 0.497 £ 0.336 6.615 29.80 + 6.68
apophyses
Height between the base of the 0.756 11.919 + 0.355  0.397 + 0.045 0.889 14.87 £ 1.34
first molar and the orbit
Zygomatic arch height 0.599 8.648+0.413 0.300 + 0.053 1.034 10.87 £1.28
Maximum length of the upper  0.592  3.516 + 0.415  0.295 + 0.053 1.038 5.71+1.27
fourth premolar
Maximum second molar width 0.669 3.030 £+ 0.355  0.310 £ 0.045 0.889 533 +1.18
Palatal length 0.221 57.156 +2.304  0.506 £+ 0.293 5.764 60.92 + 5.86
Condylo-basal length 0316 96.352+1.931 0.623 £ 0.246 4.831 100.98 £ 5.05
Premaxillary width 0.181 13.887 £10.375 1.846 +1.320 25.956 27.61 £+ 26.16
Orbital angle 0.301 26.240 +£0.826  0.252 + 0.105 2.066 28.12 +2.14

Std: standard.

Table A1.
Model blue duiker cranial identification sheet.
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Figure A1.
Stake-fed blue duiker at Campo in Mabiogo village.

Figure A2.
Male blue duiker skull.
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Figure A3.
Female duiker skull.
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