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Detecting the correlation between records is a basic task in data science. Today, researchers try to estimate it from an
objective perspective; i.e., they try to remain outside the investigated system and adopt a set of measures representing all
the agents precisely and completely. This enables them to answer the questions, ‘how often’, ‘how many’, or ‘what is the
relationship between variables’. In reality, the researcher is usually an agent in the investigated system; they themselves
design the metrics for the system’s state to answer the questions of ‘how’ and ‘why’. In other words, the researcher
conducts the investigation from a subjective perspective. Inspired by qualitative research in social science, in this paper
we propose a scheme for investigating complex systems from a subjective perspective. Technically, one decomposes the
researcher’s output time series into intrinsic mode functions that represent their specific features. Projecting all the agents’
time series onto the phase space spanned by this set of specific features, one obtains the coordinates of the agents, from
which a similarity network is constructed. The properties of this network are then used to produce a portrait of the system’s
correlation from the researcher’s perspective. As typical examples, we investigate three theoretical models, including the
Lorenz system, the Rossler system, and their coupled systems. Although Takens’s theorem implies that different variables
should be equivalent in reconstructing the dynamical behaviors, we find significant differences between them. We also
investigate a financial system composed of 22 stock markets, one crude oil market, and one gold market. The similarity
networks for markets distributed across the USA, Europe, and China turn out to be largely homogeneous and dominated
by star patterns, while those corresponding to markets distributed across Russia, Brazil, India, and South Africa behave

inhomogeneously and are dominated by cluster patterns.

Keywords: correlation structure, subsystems’ perspective, investigation from a subjective perspective
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1. Introduction

A complex system is composed of agents networked by
their relationships. This network, the agents’ intrinsic dynam-
ics, and the environment cooperatively determine the system’s
dynamical process. The correlation pattern in the trajectory
(output multivariate time series) provides us with information
about the underlying dynamical mechanisms and is a powerful
tool used for evaluation, regulation, and control.

Different methods have been designed to reveal the mul-
tiple features of correlation. In the temporal dimension, cor-
relation within a single time series measures the dependence
of the present state on previous states, which is currently
detected using the autocorrelation coefficient,!! the autore-
gression model,?! detrended fluctuation analysis, ! diffusion
entropy,'¥ and their variants. In the spatial dimension, cor-
relation reveals the interdependence between different vari-
ables. The Pearson cross-correlation coefficient!!! and de-
trended cross-correlation analysis! are usually adopted to
expose the linear dependence between two variables. The
mutual entropy,[® ie., the difference between the entropy
calculated with the joint probability distribution for a pair
of variables and the sum of the entropies calculated from
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the separate probability distributions of the two variables,
successfully exposes the nonlinear dependence between the
pair of variables. Causality detection methods such as con-
vergent cross-mapping, !’ time-delay stability,®! and transfer
entropy!”! give us the asymmetrical behavior of interdepen-
dence, revealing the causal/influential relationship between
one variable and another. Redundancy, defined by means of
dimension-reducing algorithms such as principal component

analysis[!?! and classical correlation analysis,[!!-12]

is widely
adopted to measure the integrated dependence between multi-
ple variables. In the component dimension, a single time series
is decomposed into multiple components, the interdependence
of which shows us the structure of component correlation. !

1141 pat

16-18]

Several concepts, including the structure of causality,
tern dependence,!!>! and the graphlet transition matrix,|
have been proposed to reveal the detailed structure of correla-
tion, which is merged into scalar quantities in the shared sta-
tistical procedure.

The concepts mentioned above provide a multidimen-
sional picture of correlation in time series, but they are all
designed from an objective perspective. As observers outside
the investigated system, researchers have a limited and conse-
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quently negligible influence on the system. Researchers have
exact knowledge of the variables spanning the phase space
in which the system’s state is precisely defined. Using a set
of metrics for the variables, researchers can accurately record
or collect the system’s state. Finally, researchers extract the
correlation in the system from the numerical data, answering
questions like ‘how often’, ‘how many’, or ‘what is the rela-
tionship between variables,” and making an objective decision.
This kind of investigation, which operates from an objective
perspective, is classified as quantitative research.

Inreality, researchers are usually among the agents partic-
ipating in the structural formation and the dynamical process
of the system. They have limited or incomplete knowledge
about the other agents, e.g., the variables and the correspond-
ing metrics required to represent the agents’ states. They can-
not, or are forbidden to, record or collect the agents’ trajec-
tories. They must define a set of metrics to obtain represen-
tations of the other agents’ states from their couplings with
them and subsequently construct the trajectory of the whole
system from their own perspective. Based on their analysis of
this trajectory, a subjective decision is made. In this case, an
investigation cannot be conducted from an objective perspec-
tive.

What is more, people may sometimes be interested in a
deep and detailed understanding of the complexity and nu-
ance of human behavior, social phenomena, or cultural con-
texts, typically asking the questions ‘how’ and ‘why.’ The
answers to these questions are stored in the participants’ ex-
periences, meanings, perspectives, and processes.!!°-2!] This
approach requires the researchers to treat themselves as an in-
strument, i.e., all observations, interpretations, and analyses
are filtered through their personal lens. This kind of investi-
gation is called qualitative research, which is widely adopted
in diverse research fields such as sociology, education, health-
care, and business.

Herein, we cite two typical examples. The first one is
from finance. In a stock market, all the investors are interested
in specific information that depends strongly on the behaviors
of the stocks in their hands and their channels. The investors
try to construct a picture of the market by using their own data,
upon which a decision is made. The second example is drawn
from ecology. Let us consider an ecological system where
there are food chains such as grass—field mouse—hawk,
grass—rabbit—hawk, grass—locust—sparrow—hawk, and
grass—antelope—wolf. For an individual in this system, say
the rabbit, its behavior depends on and is formed in turn by
the grass, the hawk, the field mouse who share the prey and
predator with it, and its population. From the viewpoints of
the different kinds of animals, the pictures of the same ecolog-
ical system are completely different.

In the examples above, each agent preserves the sen-

sitive components of received signals to construct a picture
of the system, while the nonsensitive components of the re-
ceived signals are filtered out or regarded as background, i.e.,
it is the subjective perceptions, evaluations, and decisions of
the individuals that dominate the structure and evolution of
the system. In investigations that take place from an objec-
tive perspective, the relationships between agents are con-
structed from the specific behaviors of the couplings between
the agents and then abstracted to determine the ‘presence’ or
‘absence’ of the linkages, where the detailed physical implica-
tions and the resulting rich information about the system are
lost.

Accordingly, in this work, we propose a concept called in-
vestigation from a subjective perspective (ISP). The key idea
is to let each researcher (an agent in the system) define a set of
metrics according to their specific features, in the phase space
spanned by which all the agents are represented by their map-
pings to the metrics (phase points). Technically, we decom-
pose the time series for the researcher into intrinsic modes. For
every agent, a linear regression model is constructed to explain
the data using the intrinsic modes, where the set of regression
coefficients is a point in the phase space spanned by the intrin-
sic modes. The network constructed by means of the distances
between the phase points for all agents gives us a picture of
the system’s structure from the researcher’s perspective.

As an illustration of the ISP, we investigate the Lorenz
system, the Rossler system, and their coupled system. The
similarity networks constructed from the perspectives of the
variables have significantly different topological structures, al-
though Takens’s theorem tells us that the manifolds formed by
their trajectories are equivalent to each other. We also con-
sider an empirical system composed of twenty-four markets,
encompassing twenty-two stock markets and two key com-
modities. The similarity networks from the perspectives of
the markets in the USA, Europe, and China are homogeneous,
and star patterns dominate their topological structures, provid-
ing rich information about the whole system. In contrast, the
similarity networks from the perspectives of the markets in
Russia, Brazil, India, and South Africa are inhomogeneous;
their topological structures are dominated by cluster patterns,
providing poor information about the whole system.

As a note, the ISP is different from the ego-net
approach,?>->4! where the behavior of a specific node is rep-
resented by the pattern formed by it and its neighbors, but the
whole network is constructed from an objective perspective.

Section 2 introduces the concept of ISP and the procedure
used for its calculation. The results for typical examples are

reported in Section 3 and summarized in Section 4.
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2. The concept of ISP

Let us consider a complex system with a total of N agents,
the trajectories of which, denoted by X,,,,m = 1,2,... N, form
a multivariate time series of length 7':

X11,X12y- -+, XIN
X21,X225 .-+, X2oN

(X1, Xs,..., Xy) = | W
XT1,XT25 -, XTN

We assume the trajectories have been normalized, i.e., the
means and standard deviations are zero and one, respectively.

2.1. Phase space

The first step is to construct a phase space to represent the
states of all the agents. In this phase space, the researcher’s
state should be described precisely, and changes in the state
can be distinguished with high precision. Hence, a natural
candidate is the space spanned by a set of specific features
of the researcher. Different methods can be adopted, such
as Fourier transformation, wavelet transformation, principal
component decomposition, and classical cross-correlation. If
the researcher is an agent with multiple elements, the variables
corresponding to the researcher are a natural choice.

In this work, the intrinsic mode functions (IMFs) for
the researcher are found by means of ensemble empirical

25.26] Ty each IMF, the number of zero

mode decomposition. !
crossings is identical to or differs by one from the number
of extrema, and for any data point, the average of the en-
velopes formed by the local maxima and the local minima
is zero. Without loss of generality, let us illustrate the pro-
cedure using the first time series Xj, i.e., taking the first
agent as the researcher. Let the IMFs for X; be denoted by
IMF{,IMF,, ... ,IMFgo; we now have
K0
X =Y IMF+&, (2)
k=1

where & is the residual series. Herein, we define the energies
of the IMFs as

[IMF,(1)]?, k=1,2,...,K°, 3)

M~

Ey =

t=1

i.e., the energy for a specific IMF is the sum of the squares of
all its entities. We further assume the IMFs have been ranked
in descending order of energy, E| > E; > --- > Ego. The set
of specific features is chosen to be

IMF,
E;
Vi IMF,
V2 E2
v=]| . | = . “4)
Vk
IMFg
Ex

To determine the number of specific features K, let us define a
J

relative contribution ratio, R(J) = 2/;{371? Here, K simultane-
k=15k

ously satisfies the conditions R(K) > 0.9 and R(K —1) < 0.9.

To represent the agents in the phase space, let us construct
a linear model to explain the agents with V,

K
Xn:ﬁn0+2ﬁnkvk+gna n:172a"'7N7 (5)
k=1

where g, is the noise vector with a size of T x 1, and By
Taking the re-
k=1,2,...,K as the coordinate
values in their corresponding dimensions (IMFs), the set

is a trivial explanatory variable (constant).
gression coefficients S,

(Bu1, B2, - - -, Buk) is a phase point in the phase space spanned
by the IMFs, representing the state of the nth agent. Obvi-
ously, the state of the observer is (Ej,E», ..., Ek). Herein, the
constant series corresponding to 3,9 and the residual series &
are not considered to be characteristics of the observer.
Denoting the Euclidean distance between the mth and nth
agents by d!

mn>

the distances between all pairs of agents form
an original distance matrix DO je.,

D" ={d},,mn=1.2,... N},

drlnn = \/Zszl (ﬁmk - ﬁnk)2~ (6)

Selecting the agents numbered 1,2,...,N as researchers,
an analogous procedure leads to their corresponding original
distance matrices, D°!, D2, ... DV, giving us portraits of the
system from the agents’ perspectives.

2.2. An N-dimensional portrait

Some strategies can be used to filter out noise or insignif-
icant relationships in the original distance matrices to expose
the dominant patterns within the set of resulting distance net-
works. For example, one can simply assign a distance thresh-
old and preserve only the relationships with distances smaller
than the threshold. Alternatively, for each agent, we preserve
only a specified number of the smallest-distance relationships.
If we rank the entities in the original distance matrices in as-
cending order, the part of the curve for the smallest distances
usually obeys a specific law different from that of the other
parts. The crossover is accordingly chosen to be the threshold,
which is adopted in this work.

Denoting the threshold distance by d*, the distance net-
works A¢ = {A‘“,Adz, e ,AdN} are defined as

d}’l
Al = m o (at —dy),

= nomk=1,2,....N, ()

where d), is the entity at the mth row and nth column in the
original distance matrix D%, and H(-) equals 1 and 0 when the
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dummy is > 0 and < 0, respectively. This set of distance matri-
ces gives us an N-dimensional portrait of the system (a multi-
plex network). For visual convenience in drawing this portrait,
we define a set of similarity networks A* = {AS! A$2 .. ASNY,
the entities in which read

sno__ dn
Amk =1- mk>

nmk=1,2,...,N. ®)

It should be noted that a large similarity between an agent
and the researcher definitely implies that the specific features
of the researcher can explain most or even all of the agent’s
behavior. However, for two agents other than the researcher,
a large similarity does not necessarily imply that they share
behaviors that can be represented by the researcher’s specific
features. If the researcher’s specific features have low explana-
tory power for both agents, the coordinates for the two agents
will lie near the origin in phase space, which also implies a
large similarity. From the perspective of the researcher, they
are classified into the ‘unexplainable’ class. Therefore, if two
agents have a large similarity to each other but both have weak
similarities to the researcher, that large similarity arises from
their belonging to the ‘unexplainable’ class.

2.3. Properties of the N-dimensional portrait

The characteristics of the constructed networks are dis-
played with several topological properties, which are illus-
trated herein with the network from the nth agent’s perspec-
tive.

Average weight per node This measure is a global evalu-
ation of the connection strength, showing us to what extent the
specific features of node n (the researcher) can represent the
behaviors of all the agents. Denoting this measure by WPN,
we have

1
WPN(n) = — m. 9
(n> 2N m#klel N e ®

Clique-star For node i, one extracts the ego-net. Let
DEG(i) denote the number of its neighbors, and let EDG(i)
denote the number of edges in this local pattern, which can be
calculated with

DEG(i) =Y\ &(A%),
EDG(i) = DEG(i) + Y, 8 (A - A% - A,
i=1,2,....N, (10)

where 6(-) equals 1 and 0 when the dummy # 0 and = 0,
respectively. Generally speaking, there exists a power-law re-
lation

EDG(i) ~ [DEG()]", i=1,2,...,N. (11)

When all the neighbors are disconnected from or connected to
each other, we have EDG (i) = DEG(i) or EDG(i) = DEG(i) +

DEG(i) x [DEG(i) — 1] = [DEG(i)]*, i =1,2,...,N, i.e., } €
[1,2]. The extreme cases of J, = 1 and 2 imply a star graph and
a clique graph, respectively. The scaling exponent 7, accord-
ingly describes the clustering effect. A larger (smaller) cluster-
ing effect implies that the agent and its neighbors share a larger
(smaller) subset of the specific features of the researcher.

Heavy vicinity The summation of the edge weights in the
ego-net for node i reads

N 1 ¥ ,
SUW(i) = ) Ani+5 L S(AL-AAL, (2
m=1 m#k=1

which usually also satisfies a power law
SUW(i) ~ [EDG(i)]*", i=1,2,...,N. (13)

A larger o, i.e., the summation of weights, increases rapidly
with the number of edges, implying that there exist some
nodes that link strongly with many agents, i.e., they form a
group sharing the same features.

Dominant pair In the ego-net for node i, the weights for
the edges from node i to its neighbors are generally distributed
over a wide range. This inhomogeneity is typically measured
with the principal eigenvalue of the adjacency matrix of the
ego-net, /", which usually also obeys a power law

Aimax ~ [SUw(i)]nn’ i=1,2,...,N. (14)

A larger 7, implies a much more inhomogeneous distribution
of the weights, i.e., there exist some agents that share almost
all of their features with node n.

3. Results

The proposed method is first illustrated with three chaotic
models. Then it is used to show the correlation structure for a
global financial system composed of twenty-four markets, en-
compassing twenty-two stock markets, one crude oil market
(Brent), and one gold market (XAU/USD).

Case I: Lorenz system This dynamical system is com-
posed of three variables x, y, and z, satisfying[?”}

d

£ = 7a(x7y)7

d

d—f =bx—y—xz,

d

<=t (15)

where (a,b,c) = (10,28,8/3). A trajectory is generated with
the initial state of (xo,y0,20) = (12,2,9) and the time step
0.01. A total of 2 x 10* time steps are simulated, of which the
first 10* records are discarded to remove the transient process,
resulting in a time series with a length of 10* (see Fig. 1(al)).
The three series x,y,z have been normalized separately, as re-
quired by the ISP algorithm.
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sl aier il 1)
NNV,
it v
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(al) (a2)
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Time Time
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)
\ !
z > z T
(b2) (b3)

Fig. 1. A portrait of the Lorenz system from multiple perspectives.
(al) Trajectories for x, y, and z (normalized respectively). (a2) Specific
features of x, as a typical example. (a3) All the entities in the original
distance matrices from the perspectives of x, y, and z, ranked in ascend-
ing order. (b1)—(b3) The similarity networks from the perspectives of x,
y, and z, respectively.

Selecting x as the researcher, it has seven specific fea-
tures in total, as shown in Fig. 1(a2), covering a wide range of
characteristic periods. The coordinates for x, y, and z in the
phase space spanned by this set of specific features, denoted
by v = (VX"‘,VW, VZ‘X), read

1.114 0.971 —0.129
0.955 0.858 0.083
0.996 0.866 —0.222
0.989 0.873 —0.081 | . (16)
1.020 0.902 0.001
0.834 0.732 0.025
1.046 0.924 —0.038

By means of an analogous procedure, the coordinates for x,
v, and z from the perspective of y and z, denoted by v =
(Vv vl vah) and V' = (V¥ vk VAR, read

0.621 1.242 0.013
0.820 0.879 0.043
1.031 1.012 —0.204
1.046 0.984 —0.114 |,
1.052 0.982 —0.018
0.991 0.907 0.043
1.254 1.167 —0.023

—0.172 —0.064 0.949
vE=1{ 0101 0.047 1.004 |. a7
~0.215 —0.242 1.203

vy =

Figure 1(a3) presents all the values of the entities in D%,
D%, and D%, ranked in ascending order. In both of the dis-
tance ranges separated by 2.01, the distance increases expo-
nentially, but the exponent corresponding to the former part is
significantly larger than that corresponding to the latter one.
Accordingly, the selected threshold is d* = 2.01.

Figures 1(b1)-1(b3) depict the topological structures for
A A% and A%, respectively. The strong linkages between x
and y in the three networks imply that the features of x and y
overlap strongly. The features of z have limited overlap with
those of x and y. Accordingly, the variables x and y can rep-
resent each other with a high degree of correlation. Takens’s
theorem tells us that the trajectories for x, y, and z each store
the complete information for the whole system; thus, the man-
ifolds constructed by embedding them in a high-dimensional
phase space are equivalent to the manifold for the whole sys-
tem. However, our results show that z has features that signif-
icantly differ from those of x and y.

Case II: Rossler system This system consists of three

variables x, y, and z, with the relationships[zgl
dx B
a0
d
O,
dz
a:bJrz(x—c)7 (18)

where the parameters read (a,b,c) = (0.2,0.2,5.7). Using ini-
tial conditions of (xg,y0,20) = (0,0,0) and a time step of 0.01,
2% 10% steps are simulated, where the last 10* records form the
considered trajectory. The series x, y, and z (normalized sepa-
rately) are depicted in Fig. 2(al). Selecting x as the researcher,
it has only a single specific feature, as shown in Fig. 2(a2).
The coordinates for x, y, and z in the phase space spanned by
this set of specific features, denoted by vk = (V"‘x, \%44 ‘x, Vz‘x),
read

V' = (1.065 ~0.113 0.232). (19)

By means of an analogous procedure, the coordinates for x,
v, and z from the perspective of y and z, denoted by v =
(VA vl vab) and V' = (VA vk vER) | read

v — —0.199 1.075 0.272
T\ —0.111 0.946 —1.224)°

—0.135 0.047 0.977
0.407 0.219 1.064
—0.622 —0.212 0.976
0.942 0.742 1.041
0.543 0.338 0.834
0.358 —0.992 1.406

V= (20)

Figure 2(a3) presents all the values of the entities in D
D%, and D%, ranked in ascending order. Starting from the dis-
tance 1.21, the curve follows an exponential law, while in the
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range < 1.21, the curve increases rapidly at the beginning and
finally saturates at a constant value. Accordingly, the selected
threshold is d* = 1.21.

Figures 2(b1)-2(b3) depict the topological structures for
A%, A% and A%, respectively. From the perspective of x (panel
(bl)), there are strong linkages between x and z and between y
and z, but an ignorable one between x and y, telling us that in
the phase space spanned by x’s specific features, the positions
of z and y are the closest, those of z and x are intermediate, and
those of x and y are the farthest (filtered out by the threshold);
these are straightforward deductions from the coordinates in
Eq. (19). From the perspectives of y and z (panels (b2) and
(b3)), x, y, and z are all isolated. In the coordinates from the
perspective of y, as presented in Eq. (20), x is very close to
the origin; i.e., the specific features for y cannot represent the
dominant behavior of x. The pairwise distances between x, y,
and z are large. From the perspective of z, x,y and z share only
the behavior corresponding to the 4th IMF, whose coordinates
are 0.942, 0.742, and 1.041, respectively. Hence, in the topo-
logical structures presented in Figs. 2(b2) and 2(b3), x, y, and
z are isolated nodes.

L
Vi
MMM &
MW, &
(al) (a2)
0 5000 10000 0 5000 10000
Time Time
10
3 :
g 1 _i\ y
% el
2N (4,1.21) Y 4
: z
(a3) % (bD)
2 4 6 & 10
Rank
Y Y
z xT z X
(b2) (b3)

Fig. 2. A portrait of the Rossler system from multiple perspectives.
(al) Trajectories for x, y, and z (normalized respectively). (a2) Specific
features of x, as a typical example. (a3) All the entities in the original
distance matrices from the perspectives of x, y, and z, ranked in ascend-
ing order. (b1)—(b3) The similarity networks from the perspectives of x,
y, and z, respectively.

Case I1I: Coupled Réssler and Lorenz systems The two
systems mentioned above are coupled as defined below:[*”!

dX1

- —6(y1 +21),

dy;

— =06 0.2

5 = 00 +02y),

d

=L = 6(0.24 21 (31— 5.7),

dt

d)CQ

dr (y2 x2)u

d

% =x2(28 —22) —y2 +Cy1,
t

dzz

5 ST g (21)

where C is the coupling strength. For the initial conditions of
(xl(),yl(),Zlo,)Czo,yzo,Zzo) = (0.1,0.1,0.1,12,2,9) and a time
step of 0.01, a total of 2 x 10* steps are simulated, where the
last 10* records form the considered trajectory. Three coupling
strengths of C = 1, 3, and 8 are chosen to show the differences
under weak, normal, and strong couplings; the corresponding
normalized trajectories are presented in Figs. 3(al), 3(b1), and
3(cl), where only the initial 6 x 103 points are shown for vi-
sual convenience.
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Fig. 3. Trajectories and distance thresholds for the coupled Rossler
and Lorenz systems. (al), (bl), (cl) Normalized trajectories for
X1,Y1,21,%2,y2 and zo with C =1, 3, 8, respectively. A view covering
a total of 6 x 10% points is drawn for visual convenience. (a2), (b2),
(c2) Intrinsic mode functions used to represent the specific features of
the researcher y; for C = 1, 3, 8, respectively. The entities for the original
distance matrices from all perspectives are ranked in ascending order in
(a3), (b3), and (c3) for C =1, 3, and 8, respectively.

For a coupling strength of C = 1, selecting y> as the
researcher, there is a total of 6 specific features, as shown
in Fig. 3(a2), covering a wide range of characteristic peri-
ods. The coordinates for xi,y1,z1,%2,y2 and z» in the phase
space spanned by this set of specific features, denoted by
virec=1)= (va |}’2’V}’l|J727V21b’27Vx2‘)’2’v}’2|)’27‘/22b72) le=1,
read

vhc=1)
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—0.069 0.443 —-0.232 0.319 1.018 0.093
0.338 —0.506 —0.348 0.606 0.994 —0.321

_ | 0.157 -0.777 —0.217 0.831 0.997 0.251 22)
—0.119 0.090 0.064 1.065 1.004 0.493 |~
0.024 —0.119 0.089 1.054 0.978 0.271

0.043 —0.064 —0.026 1.280 1.189 0.384

For the coupling strengths C = 3 and C = 8, selecting y; as
the researcher, the specific features are shown in Figs. 3(b2)
and 3(c2). The coordinates for x1,y1,z1,X2,¥2,22 in the phase
spaces spanned by them, denoted with V'P2(C = 3) and
V' h2(C =8), read

vz (c=3)
—0.083 0.143 —0.081 0.481 1.051 —0.184
= | —0.125 —0.958 —0.517 0.991 0.999 —0.015 | , (23)
—1.509 —0.766 —1.676 1.212 1.118 —0.235
v (c=38)
0.315 —0.022 —0.153 —0.077 1.028 —0.241
= | —0.053 0.060 0.182 0.543 0.922 —0.100 | . (24)

—0.151 —0.295 —0.508 0.897 1.118 —0.019

All the entities in D% ,Doy 1, poar DO’CZ,DOVZ, and D%
are ranked in ascending order. The distance turns out to in-
crease exponentially in the range > 1.22, which is completely
different from the behavior observed in the range < 1.22 (see
Fig. 3(a3)). Hence, the threshold selected for the case C =1
is d* = 1.22. Using an analogous procedure, the distance
thresholds for the cases C = 3 and C = 8 are determined to
be d* = 1.31 (see Fig. 3(b3)) and 1.13 (see Fig. 3(c3)), respec-
tively.

The constructed similarity networks corresponding to
the researchers x1,y1,z1,%2,y2,22 for the cases of C =1, 3,
and 8 are depicted in panels (al)—(a6), (b1)—(b6), and (c1)-
(c6) in Fig. 4. The similarity networks constructed by dif-
ferent researchers have different structures. For instance,
when y, is chosen as the researcher, in the case of weak
coupling with C = 1 (see panel (a5)), the coordinates for
xy and y, are (0.319,0.606,0.831,1.065,1.054,1.280)" and
(1.018,0.994,0.997,1.004,0.978,1.189)" (see Eq. (22)); in
other words, the coordinates corresponding to the 4th, 5th, and
6th specific features are large and almost identical. Therefore,
x> and y; are strongly linked. The linkage between x; and
71 is due mainly to the fact that they share an absence of the
4th, 5th, and 6th specific features. When the coupling strength
becomes normal (C = 3; see Fig. 4(b5)), the coordinates for
x; and y, are (0.481,0.991,1.212)" and (1.051,0.999, 1.118)7
(see Eq. (23)); thus, the coordinates for the 2nd and 3rd spe-
cific features are large and almost identical, meaning that x»
and y, are strongly linked. The strong linkage between x; and
71 is due to the fact that they share the absence of the first fea-
ture and the near agreement of their large (negative) coordi-
nates for the third feature. When C becomes large (C = 8; see

Fig. 4(c5)), x1, y1, z1, and z; are strongly linked to each other,
forming a tightly clustered graph. From Eq. (24), one can find
that the coordinates for these four series are all small, except
for the third one (for z; (—0.508)), with the absolute values
of five of them < 0.1. Hence, this tightly clustered structure
arises because the y, features are a poor representation of the
four series.
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Fig. 4. Similarity networks for the coupled Rossler and Lorenz systems.
The panels are numbered (uv), where the symbols u = a, b, and ¢ corre-
spond to coupling strengths of C =1, 3, and 8, and v = 1,2,3,4,5 and
6 correspond to the variables x1,y;,z1,%2,y2 and z; that are chosen to be
researchers, respectively. As an example, panel (a6) shows the similarity
network from the perspective of zo when the coupling strength is C = 1.

Case IV: An empirical case As a typical example of an
empirical case, we consider a financial system consisting of 22
stock indices, one crude oil price, and one gold price,[30’31] as
listed in Table 1. The time series are separated into three peri-

ods corresponding to before, during, and after COVID-19,3?]
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covering the durations from January 1, 2017 to December 31,
2019; from January 1, 2020 to December 31, 2022; and from
January 1, 2023 to October 25, 2025, respectively. We pre-
serve only the daily records for which all the records for the
24 markets are present. A logarithmic return is adopted; i.e.,
from the original time series for every specific market with
length T, p1,pa2,...,pr, We convert it into a return series,
R = ll’l(pl/pt,]), t=23,...,T.

Table 1. List of 22 stock market indices, one crude oil price, and one gold
price, including their IDs and abbreviations.

D Market name Abbreviation
1 Shanghai Composite Index SSEC

2 Hang Seng Index HSI

3 Dow Jones Industrial Average DIJI

4 German DAX Index (DAX 30) DE40

5 CAC 40 Index FCHI

6 FTSE 100 Index UK100
7 Nikkei 225 Stock Average JP225

8 Ibovespa Index IBOV

9 Taiwan Weighted Index TWII
10 S&P BSE Sensex 30 BSESN
11 Korea Composite Stock Price Index KS50
12 RTS Index IRTS
13 FTSE/JSE Africa Top 40 Index JTOPI
14 S&P/ASX 200 Index AXJO
15 Qatar Stock Exchange Index QSI

16 S&P 500 Index US500
17 NASDAQ Composite Index IXIC

18 EURO STOXX 50 Index STOXXS50
19 Tadawul All Share Index TASI
20 Shenzhen Component Index SZ1

21 Straits Times Index STI

22 Indonesia Composite Index JKSE
23 Crude Oil Prices: Brent—Europe Brent
24 Gold spot price XAU/USD

The 24 markets are distributed over the whole world,
forming a global financial system, but we separate the peri-
ods according to the specific stages of the pandemic in China.
The first reason is that COVID-19 caused a serious shock and
persistently influenced international society, economics, and
trade. The influence of the pandemic on the global financial
system is an interesting problem. The second reason is that the
Chinese government was among the first to implement strict
prevention and control measures; i.e., the duration of preven-
tion and control conducted by the Chinese government was the
longest, overlapping all the others across the world.

To show why the COVID-19 pandemic period is identi-
fied as the three years from January 2020 to December 2022,
we list the time nodes for this pandemic in China. The first
patient suffering from this disease in China was reported (33!
with an infection date traced back to December 1, 2019. On
December 31, 2019, the number of patients increased to a total
of 27, which led to a series of actions, including the successive

activations of level-II and level-I emergency responses on Jan-
uary 6, 2020, and on January 15, 2020. On January 20, 2020,
COVID-19 was identified as a ‘category A infectious disease’
by the Chinese government. Nationwide, the numbers of pa-
tients and the numbers of persons who died from this disease
reached 11791 and 259 on January 31, 2020, and increased
rapidly to 20438 and 425 on February 3, 2020, respectively.
The outbreak of this pandemic led to a series of strictly im-
plemented prevention and control policies and measures and
their variants. On December 7, 2022, the accumulated number
of patients and the number of people who died from this dis-
ease were Npatients = 354000 and Nyearns = 5235, respectively;
thus, the death rate Ii,vde';‘e‘:fs was reduced to z222 = 1.48%. On

pat 54000
January 8, 2023, the Chinese government adjusted the ‘cate-

gory A infectious disease’ to a ‘category B infectious disease’.
Prevention and control measures were subsequently revoked.
On the same day, in Shanghai, one of the most developed cities
with the highest population, the free nucleic acid testing ser-
vice was canceled.

Figure 5 presents all the distances from the perspectives
of each market before (panel (a)), during (panel (b)), and af-
ter (panel (c)) COVID-19. The positions of the crossovers,
namely, 0.21, 0.19, and 0.21, are chosen as the values of the
distance threshold d*, respectively.

In Fig. 5(d), we show the average weights for the similar-
ity networks from each market’s perspective. The upper/lower
red-dotted horizontal lines indicate the mean plus/minus 1.5
times the standard deviation of the average weights. The mar-
kets whose average weights are above the upper red-dotted line
include the market with ID number 12 from Russia during and
after COVID-19, two with ID numbers 14 from Australia and
15 from Qatar during COVID-19, the market with ID number
20 from Mainland China, and the market with ID number 24
(the gold market).
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Fig. 5. The empirical case of a financial system composed of 24 agents
listed in Table 1. (a)—(c) Distances between agents from each agent’s per-
spective, ranked in ascending order, for the periods before, during, and
after COVID-19, respectively. (d) Average weights for each market.
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Table 2. The scaling exponents ¥, 0, and 1, for the constructed sim-
ilarity networks for the empirical financial system. In each column, the
largest and the smallest exponents are highlighted in red and blue, respec-
tively. In the ‘before, during, and after’ COVID-19 periods, the rows that
are not correlated with COVID-19 are highlighted in gray.

'}/I’L (Xl’l nll
ID Before During After Before During After Before During After

1 158 165 162 148 133 095 076 073 0.54
2 150 150 141 091 145 143 061 079 0283
3 151 151 155 1.09 137 131 075 075 0.70
4 142 148 134 107 087 091 069 0.74 0.79
5 164 135 129 103 056 1.72 057 064 0.82
6 163 139 153 120 1.01 128 0.69 073 0.65
7 154 174 140 137 095 088 0.83 057 0.74
8§ 167 150 172 089 1.18 127 048 0.65 0.68
9 156 167 122 159 148 053 081 077 092
10 158 156 163 1.16 155 1.16 065 0.78 0.64
11 160 165 142 104 124 085 060 071 0.62
12 1.61 1.87 1.65 120 1.11 096 065 0.65 045
13 164 164 164 193 131 1.18 080 0.77 0.67
14 140 175 129 120 094 153 077 056 090
15 156 179 155 124 141 113 064 072 0.61
16 139 147 172 147 124 099 081 0.78 0.57
17 155 156 163 087 097 115 065 065 0.69
18 149 135 139 146 068 128 086 0.78 0091
19 174 155 142 115 131 1.65 052 068 091
20 1.51 161 171 129 140 1.17 080 0.73 0.63
21 159 163 166 154 1.18 091 081 0.65 051
22 165 161 154 128 127 106 070 0.69 0.8
23 169 167 164 118 131 118 0.64 0.67 0.64
24 193 162 145 125 102 136 070 054 0283

The power laws in Egs. (11), (13), and (14) stand for all
the constructed similarity networks, as shown in Fig. 6, includ-
ing several typical examples of curves from the perspectives
of HSI (ID number 2), IBOV (ID number 8), TASI (ID num-
ber 19), and XAU/USD (ID number 24) before, during, and
after COVID-19. By regressing the curves in the log—log co-
ordinate frame with a linear function, one obtains the scaling
exponents, as shown in Table 2.

Before COVID-19, we have ¥, € [1.39,1.93]. The gold
spot price (with ID 24) has the largest value of §, = 1.93. The
S&P 500 Index (with ID 16), the S&P/ASX 200 Index, and
the German DAX Index have the smallest values of 7y, ~ 1.40.
During COVID-19, we have ¥, € [1.35,1.87]. The RTS In-
dex, with an ID number of 12 (from Russia), has the largest
value of %, = 1.87, while the smallest value of %, = 1.35 corre-
sponds to the CAC 40 Index with ID number 5 and the EURO
STOXX 50 Index with ID number 18 (both from Europe). Af-
ter COVID-19, we have ¥, € [1.22,1.72]. The largest value of
Y, = 1.72 is for the Ibovespa Index with ID number 8 from
Brazil and the S&P 500 market with ID number 16, while the
smallest value, %, = 1.22, is for the Taiwan Weighted Index
with ID number 9 from Taiwan, China. Moreover, the val-
ues of 7, for three markets, including the DJI with ID number
3 from the USA, the JTOPI with ID number 13 from South
Africa, and Brent crude oil with ID number 23, are inde-

pendent of the disease COVID-19 (the difference is less than
0.04).

Before COVID-19, we have a, € [0.87,1.93]. The JTOPI
with ID number 13 has the largest value of o, = 1.93. The
IXIC with ID number 17 (NASDAQ Composite Index from
the USA) has the smallest value of o, = 0.87. During COVID-
19, we have o, € [0.56,1.55]. The S&P BSE Sensex 30 In-
dex with ID number 10 from India has the largest value of
a, = 1.55, and the smallest value of , = 0.56 corresponds
to the CAC 40 Index with ID number 5 from Europe. Af-
ter COVID-19, we have o, € [0.53,1.72]. The largest value
of oy, = 1.72 comes from the CAC 40 Index with ID num-
ber 5 from Europe, while the smallest one, o, = 0.53, is from
the Taiwan Weighted Index with ID number 9 from Taiwan,
China. Moreover, the value of ¢, for Brent crude oil with ID
number 23 is independent of the disease COVID-19 (the dif-
ference is less than 0.13).

Before COVID-19, we have 1, € [0.48,0.86]. The EURO
STOXX 50 Index with ID number 18 from Europe has the
largest value of 17,, = 0.86. The Ibovespa Index with ID num-
ber 8 from Brazil has the smallest value of 77, = 0.48. During
COVID-19, we have 1, € [0.54,0.79]. The Hang Seng Index
with ID number 2 from mainland China has the largest value of
N, = 0.79, while the smallest value of 1, = 0.54 corresponds
to the gold spot price with ID number 24. After COVID-19,
we have 1, € [0.45,0.92]. The largest value of 1, = 0.92
comes from the Taiwan Weighted Index with ID number 9
from Taiwan, China, while the smallest one, 1, = 0.45, comes
from the RTS Index with ID number 12 from Russia. More-
over, the values of 1, for the NASDAQ Composite Index with
ID number 17 from the USA and Brent crude oil with ID num-
ber 23 are independent of COVID-19 (the difference is less
than 0.04).

In Table 2, in each column, i.e., the values for each spe-
cific exponent from the perspectives of different markets, the
maximums and minimums are highlighted in red and blue, re-
spectively. Interestingly, the maximums for %, and o, and
the minimums for 7, occur from the perspectives of the
market sets with ID numbers (8,12,16,24), (5,10,13), and
(8,12,24), which correspond to Russia, India, Brazil, South
Africa, and the gold price, with the exception of ID number 5
(Europe) and ID number 16 (USA). The minimums for ¥, and
o, and the maximums for 7}, occur from the perspectives of
the market sets with ID numbers (5,9,16,18), (5,9,17), and
(2,9,18), which correspond to the USA, Europe, and China
(Taiwan and Hong Kong).

In Table 2, the rows where the exponent values before,
during, and after COVID-19 remain almost unchanged are
highlighted in gray. The similarity network from the perspec-
tive of the crude oil market, i.e., the Brent Europe crude oil
prices, is independent of the COVID-19 pandemic.
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Fig. 6. Properties of the similarity networks from the perspectives of each market. The panels in the columns of n € [1,2,3] and the rows of
s € [a,b,c]) refer to the relations EDG versus DEG, SUW versus EDG, and A™** versus SUW before, during, and after COVID-19, respectively.
As typical examples, the properties of similarity networks from the perspectives of the markets with ID numbers 2 (HSI from Mainland China),
8 (IBOV from Brazil), 19 (TASI from Saudi Arabia), and 24 (XAU/USD, the gold market) are shown. For visual convenience, the curves are

shifted vertically.

4. Summary

Detecting correlation is a basic task in time series analy-
sis and even in data-driven analysis. Current methods are de-
signed from an objective perspective, i.e, the researcher tries
to be outside the investigated system, adopts a set of measures
that can extract exact and complete information for the agents,
finds the relationships, and subsequently makes an objective
decision. This kind of approach can answer questions such
as ‘how often’, ‘how many’, and ‘what is the relationship be-
tween variables’. However, in reality, the researcher is usually
one of the agents in the system, participating in the formation
and operation of the investigated system. The researcher has to
design a set of metrics from their own specific behaviors, using
which they construct a portrait of the system and make a de-
cision from their own perspective, trying to answer questions
such as ‘how’ and ‘why’. In social science, this kind of inves-
tigation, which treats the researcher as an instrument, is called
qualitative research; such research has provided plenty of new
knowledge about social systems and subsequently deepened
our understanding of them.

In this work, inspired by qualitative research, we propose
a concept called ISP to reveal the correlations in a complex
system from different perspectives, all of which form a mul-
tilayer portrait of the correlation. The procedure is first illus-

trated with the Lorenz system, the Rossler system, and their
coupled system. Although the trajectory for each variable
stores the precise dynamical information for the whole system,
as guaranteed by Takens’s theorem, our findings show that the
behaviors of the trajectories for the variables may have sig-
nificant differences that cannot be displayed by investigations
in the literature. The ISP is then used to investigate a finan-
cial system composed of 22 stock markets distributed across
the world, one gold market, and one crude oil market. The
similarity networks constructed from the perspectives of the
markets distributed in the USA, Europe, and China are ho-
mogeneous, and their topological structures are dominated by
star patterns. The similarity networks constructed from the
perspectives of the markets from Russia, Brazil, South Africa,
and India are inhomogeneous, and their topological structures
are dominated by cluster patterns.

In reality, people usually tend to (or have to) make de-
cisions according to their findings and understanding to max-
imize their specific interests and realize their specific aims.
A multilayer portrait constructed from different perspectives
may provide us with a basis for exchanging ideas and thus for
realizing effective communication with one another. Hence,
our approach may find applications in a variety of prob-
lems in social, financial, ecological, and management systems,
and even in technical systems with distributed infrastructures
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where a central command system is absent.

Herein, we present a note on the mathematical and logical
basis for the proposed framework. As mentioned in the intro-
duction to the first section, qualitative research can not only
avoid the requirements for the availability, completeness, and
objectivity of data in quantitative research but also present us
with perspective-dependent complexities for a complex sys-
tem, providing us with a solid foundation for the efficient ex-
change of ideas and opinions. It accordingly attracts extensive
attention and has made fruitful achievements in the research
fields of sociology, psychology, and education. However, its
development is accompanied by a persistent argument to the
effect that it is subjective, which seems to be controversial,
given the aim of current quantitative research. In this work,
we try to present a framework that offers a balance between
the two paradigms, i.e., one that places qualitative research on
a quantitative foundation and introduces perspective-specific
complexities into quantitative research.

The key idea is to precisely define the instrumental func-
tion of the researcher and realize it in a quantitative way. As
an illustration of this idea, the time series of the researcher is
decomposed into IMFs to represent its characteristics. The set
of dominant characteristics is defined to be the ‘sensors’ of the
instrument. By inputting the time series for a specific subsys-
tem into the instrument, the sensors preserve (or filter out) the
components whose characteristics match (or mismatch) their
own, resulting in a state vector. From the state vectors of
all the subsystems, the researcher calculates the distances be-
tween subsystems and constructs a distance network, i.e., a
specific-researcher-dependent portrait of correlation.

Hence, the purpose of the expanded form in Eq. (5) is
to map the subsystems’ time series onto the multiple char-
acteristics of the researcher, where the matching components
are preserved and the other components are filtered out. The
set of characteristics represented by the IMFs essentially acts
as a ‘filter’. Generally speaking, the IMFs in this filter are
not orthogonal to each other, and the phase space spanned by
them is incomplete. It should be emphasized that herein we
are designing a specific-researcher-dependent filter that pre-
serves components with matching characteristics rather than a
complete orthogonal system that precisely represents the sub-
systems.

Actually, if we assume that the sets of IMFs constructed
from the subsystems are all complete orthogonal systems,
then all the researchers from the subsystems’ perspectives
can obtain complete and exact information for the whole sys-
tem. Specifically, for a deterministic nonlinear dynamical
system, because the manifolds for all the variables embed-
ded in a high-dimensional phase space are equivalent to each
other and to that for the whole system, the assumption im-
plies that the phase spaces spanned by the variables’ sets

of IMFs are equivalent to each other, while the correlation
structures of the system obtained by different researchers are
equivalent, i.e., linear transformations can make them col-
lapse together. The obtained correlations are subsequently
specific-researcher-independent, i.e., they are trivial from the
viewpoint of qualitative research. On the contrary, the non-
equivalent and/or incomplete phase spaces spanning the sets of
IMFs for different researchers (which may actually have dif-
ferent dimensions) may provide us with rich and varied infor-
mation about the structure of correlation, i.e., the obtained cor-
relation structures are specific-researcher-dependent. Hence,
from the viewpoint of qualitative research, the nontrivial por-
trait of correlation comes from the non-equivalence between
and/or incompleteness of the phase spaces spanned by the sets
of IMFs for different researchers.

Appendix A

Herein, we present the coordinates for a total of 6 vari-
ables x1,y1,21,X2,Y2,22 in the coupled chaotic system in the
phase spaces spanned by the IMFs of x1,y,z1,X2,22, respec-
tively. These coordinates can provide us with a deep under-
standing of the corresponding similarity networks in Fig. 4.
The coordinates in the phase space spanned by the IMFs of y,
(taken to be the researcher) are given in Egs. (22)-(24) in the
main text.
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