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In the field of statistical mechanics and system science, it is acknowledged that the financial crisis has a profound
influence on stock market. However, the influence of total asset of enterprise on stock quote was not considered in the
previous studies. In this work, a modified cross-correlation matrix that focuses on the influence of total asset on stock quote
is introduced into the analysis of the stocks collected from Asian and American stock markets, which is different from
the previous studies. The key results are obtained as follows. Firstly, stock is more greatly correlated with big asset than
with small asset. Secondly, the higher the correlation coefficient among stocks, the larger the eigenvector is. Thirdly, in
different periods, like the pre-subprime crisis period and the peak of subprime crisis period, Asian stock quotes show that
the component of the third eigenvector of the cross-correlation matrix decreases with the asset of the enterprise decreasing.
Fourthly, by simulating the threshold network, the small network constructed by 10 stocks with large assets can show
the large network state constructed by 30 stocks. In this research we intend to fully explain the physical mechanism for
understanding the historical correlation between stocks and provide risk control strategies in the future.

Keywords: complex networks, total assets, subprime crisis, stock correlations
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1. Introduction

For statistical physics and nonlinear dynamics, the com-
plex network is widely studied due to its significance in
understanding profound physical mechanism of dynamical
systems.!'=#! In general, the complex network can be divided
into small world networks, ! self-similarity ones, [©] regular
ones,!”! partly or wholly heterogeneous one.®! It is capable of
modelling real physical or engineering phenomena like traffic

[9-151 the transcription of mRNA, ! the directional mo-

[17-25]

flow,
tion of active particles, etc., which leads the technology
networks, 291 social networks,?”! financial network, 28391 pj-
ological networks, efc. to emerge.!**! Among these researches,
the predictions and analyses of stocks in the market are widely
studied and analyzed in the financial measure like the man-
agement and control of risks.[*!! Therefore, the research on
the financial network is essential, especially for the stock

market. 42

I 1t is widely known that the entire market econ-
omy is dependent on variation in financial network,*3 and
the stock market is a barometer of social, economic, and finan-
cial conditions.**! Moreover, the correlation among stocks is

a key feature of venture capital. Furthermore, due to the in-
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terrelationship among stocks, it is quite necessary to use the
complex network to study the correlation among real stocks in
financial market. 28391

Owing to the academic significance and practical values
of the complex network, some typical methods have been in-
troduced into the studies like Euler diagram,!*! E-R random
diagram, %! efc. Among these analytical methods, the mini-
mum spanning tree (MST) method is considered as an effec-
tive way to identify the risk channel of financial market.*7]
However, with this method the importance of network nodes
cannot be analyzed. In order to address the weaknesses
of MST, the planar maximum filtering (PMFG) method has
been adopted in recent years. 8] Specifically, for the (PMFG)
method, each stock of the network is seen as a node. Besides,
the correlation among stocks is seen as links among the net-
work nodes. Moreover, the planar maximum filter map re-
flects the construction of the network whose edges are not
completely interlinked, and at least two edges of each node
are connected to the network nodes, as the network structure
has been formed. Besides, another method named the thresh-

old network ! is quite useful in the theoretical analysis of the
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financial network. It should be noted that the method of apply-
ing the threshold network to the analysis modifies the magni-
tude of the correlation between node threshold and set thresh-
old for these indicators.% In fact, it is advantageous because
useful information can also be filtered. These network nodes
are arranged according to their values. Besides, by setting the
threshold, highly-correlated nodes can be retained because of
their high correlation.

Based on the methods above, some studies in this field
have been conducted previously. The research conducted by
Allen pioneered the financial network.!>!! Hereafter, Jiang
used resources of Shanghai stock exchange (SSE) to make
maximum plane filter maps, the node position and the con-
nection edge of the network graph change with time.[®?! In
the subprime crisis or during the internet bubble, the network
presented a chain-like linear structure. Therefore, a cross-
correlation matrix for the high-frequency data of SSE was
made.>3! Since then, the planar maximum filtering method
has been used to study the market state in the morning and
afternoon.>*! A significant difference in the market was re-
ported. However, although tremendous studies about finan-
cial networks have been reported previously,?8-*l there are
rare studies about investigating the correlation among stocks.
At least, the correlation among stocks has not been exten-
sively investigated. Firstly, it should be clarified that the cross
correlation matrix C;; of stock prices is isochronal correla-
tion of stock yield between stock i and stock j. Then, as
for the focus of our concerned issue (namely, studying the
correlation among stocks by using the cross-correlation ma-
trix), some pioneering studies are reviewed as follows. Shen
firstly used the data of SSE, NSE (National stock exchange
of India) and NYSE (New York stock exchange) to make a
cross-correlation matrix whose maximum eigenvalue repre-
sents stock interactions.!3>! However, this exploration is only
from a macro perspective and does not consider the micro-
scopic one. Then, high-frequency data of NYSE was used
to obtain the main components of stock market changes in
different industries from a microscopic perspective.>®) While
there is no further consideration of time dynamics in their
work. Hereafter, a cross-correlation matrix rolling window
was introduced. 37! The historical time points of the instability
of the Tokyo Stock Exchange was examined. However, this
mentioned work did not consider the common characteristics
of the market state when the financial crisis emerges. Recently,
Qiu took the 30 constituent stocks in the US Dow Jones Index
and used the number of associated edges of the network nodes
to judge the state of the stock market. 8! The more the number
of network nodes seems, the greater the influence of enterprise
on the market is. However, the fact that stock quote can be af-
fected by the assets of enterprise is ignored.

To conclude, the correlation among stocks has been ex-

tensively studied, which is unlike previous studies. The con-
tributions and improvements of the work can be expanded.
Firstly, Asian market stocks and US market stocks are con-
sidered with the empirical data in the subprime crisis. Stocks
with big assets are more closely linked than stocks with small
assets. Secondly, the third characteristic vector quantity of
the cross-correlation matrix decreases with assets of Asian
enterprises decreasing at the early stage of the subprime cri-
sis. Thirdly, to enhance the competitiveness of the enterprise,
adopting different investment strategies and carrying out dif-
ferent competition plans are beneficial to the strategy of cus-
tomer assets, followed by the enterprise-oriented development,
the improvement of the asset structure and the reduction of as-
set risks, depending on the characteristics of different stages
of the customer relationship life cycle. Fourthly, a finan-
cial market network is established by the threshold approach.
Then, the financial threshold network is composed of differ-
ent stocks. Besides, the stocks with big assets are divided
into small networks in the study, indicating the changes of the
whole network at the same time. Fifthly, the total assets of the
stock have been taken into account for the analysis of changes
in market volatility, proving more accurate information in the
study than previous studies.

The rest of this paper is organized as follows. Theoretical
derivations of the stock correlation are performed in Section 2,
in which the properties of the cross-correlation matrix are pre-
sented in detail. Besides, the empirical data of 30 stocks in
Asia are extracted. Moreover, the empirical data of 30 stocks
in America are put into the analysis. Then in Section 3, the
stock correlation affected by subprime crisis and total asset is
carefully analyzed. Specially, the network properties and cor-
responding physical mechanism are reported. By using the
empirical data, the moduli of components of eigenvectors are
calculated, and the correlation among stocks is analyzed. By
comparing stocks in Asia with those in America, it shows that
components of the third eigenvector decrease with the asset
price of enterprise decreasing and the transition graph about
the average correlation coefficient among stocks of the cross-
correlation matrix at different stages can be drawn. The thresh-
old network is applied to selected Asian stocks in order to dis-
cuss the dynamics in networks dominated by different thresh-
olds. The PMFG network diagrams for Asian stocks and prop-
erties of financial networks are investigated. Finally, conclu-
sions are drawn in Section 4.

2. Method
2.1. Cross-correlation matrix model

In this section, the theoretical method in this study is in-
troduced in detail, including establishing physical models of
the complex network, performing numerical simulations and
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proving the validity of the theoretical analysis. Firstly, the
physical model of cross-correlation matrix is proposed in Sub-
section 2.1. The 30 stocks in Asia and 30 stocks in America
are investigated in this study. Besides, it is necessary to define
some vital parameters in the construction of model. Specifi-
cally, p;(¢) is defined as the closing price of the i-th stock at
the time point z. N is denoted as the total number of focused
stocks (namely, the total stock number). In fact, the dimen-
sion of parameter ¢ means day, whose value should be integer.
Besides, the value of i ranges from 1 to N. Here in this study,
N = 30 is satisfied, due to 30 stocks in Asia and 30 stocks in
America being considered. Afterwards, based on the physical
meaning of p;(¢), the logarithmic price return r;(z,At) of the
i-th stock over an interval At is defined as

ri(t,At) = In(p;(t + Ar) / pi(t)). (1

Moreover, time interval Af is set as a unit, which indicates a
day. In fact, the price return is the rate of returns for invest-
ment, generally expressed as an annual percentage, based on
the current market price, face value, coupon rate, and distance
due date.

Then, based on the analytical expression of logarithmic
price return R;, the normalized price return is derived. Actu-
ally, the nature of normalized price return limits the quantity
of data that need to be processed in a certain range by means of
using designed algorithms. Here, the normalized price return
n;(t,Ar) can be derived as

ni = (ri—(ri))/oi, (2

where 6; means the standard deviation of logarithmic price re-

turn and satisfies 6; = /(r?) — (ri)?, symbol (---) represents
the average time. The goal of introducing normalized price re-
turn is to ensure that different stocks can be equally weighed
in calculations.

Hereafter, the cross-correlation matrix is derived based on
the analytical expression of the normalized price returns, and

can be expressed as

_ (u()n;(1)) - <”i(t)><”j(t)>.

C,'j—
0i0j

3)

In fact, the physical meaning of C;; depicts the related income
between stock i and stock j. Therefore, the value of C;; ranges
from —1 to 1. In detail, each element of such a matrix C;;

satisfies
r m m m n
Y aubie X aubu Y aixbmk
k=1 k=1 k=1
m m m
Y axbic Y axbo Y. axbpmi
Cij=rixrj= | k=1 k=1 =} (@)
m m m
Z amkb]k Z amkak Z amkbmk
L ¥=1 k=1 k=1 i

where
aip aip - A4
ay azxp - Ay
ri = )
aml aAm2 Amn
biy by - by
by byn - by
i = : : :
bm] bm2 bmn

are satisfied. In this study, m = n = 30 is satisfied, since 30
stocks have been taken into account. Moreover, the distance
of the correlation matrix is then derived according to the ana-
lytical solution of equal-time cross-correlation matrix C;; for
Egs. (3) and (4). Here, an Euclid distance dij is introduced
by the cross-correlation function suggested by Mantegna, [>°!
which is obtained by calculating two different eigenvectors a;
and a; of equal-time cross-correlation matrix C;;. In fact, the
physical meaning of dij means the distance between i and j for
each pair of stock markets, dij can be derived as

4 =

1

2(1-Cyy). ®)

The value of di-i ranges from O to 1. In fact, in the process of
constructing a complex network, the high correlation among
nodes appears with shortened physical distance dl.j among
nodes.

Furthermore, since C;; is a square matrix, the analytical
solutions for its eigenvalues and eigenvectors can also be de-
rived. Here, C;; is set as a 30-order matrix, since 30 stocks
have been calculated in the study. Then, the variable A is in-
troduced as an eigenvalue of C;;. Thus, corresponding eigen-
vector a can also be introduced, which is related to eigenvalue
A. Therefore, the cross-correlation matrix C; j can be rewritten
as

N
Gij= Y MCrij, (6)
k=1
where A, means the k-th eigenvalue of the matrix C;; in the de-
scending order. Besides, the parameter k in Eq. (6) represents
the number of the eigenvalue of the cross-correlation matrix
Cij, while, Cy ;; denotes the submatrix of C;; and corresponds
to the k-th eigenvalue of the matrix C;; and satisfies the fol-
lowing equation:

Crij = exiexj, )

where e;; and e; ; denote the i-th element and the j-th ele-
ment of the k-th eigenvalue of the cross-correlation matrix C;;.
Thus, based on Eq. (6), the correlation among stocks can be
expressed by these different eigenvectors a. In fact, in the the-
oretical analysis of this study, two different cross-correlation
matrices C3px30 and C§0x30 are calculated in order to depict
30 stocks in Asia and 30 stocks in America respectively. That
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is to say, C;; also indicates the closing price of the j-th stock.
Similarly, Cy ;; refers to corresponding elements related to the
k-th eigenvalue of the matrix C;;. In the theoretical analysis of
the study, Cy ;; also means the weight of the k-th eigenvalue of
the matrix C;; due to the polarity of the eigenvalue ;. In the
calculations, A; > 0 and Cy,ij = 0 are satisfied.

Additionally, in order to investigate the properties of pro-
posed financial network, it is necessary to recall and define
analytical solutions of typical parameters of network. At first,
the node degree k; is introduced. Then, the average degree
of network is set as (k). Besides, it can be derived from the
nearest average degree k;, ; of the concerned node v; as

Zval,-jkj
J

P ®)

knn,i =

where val;; is a binary system reflecting the adjacent matrix
and represents the element of the adjacent matrix, and k; means
the degree value of the i-th node. Moreover, val;; = 1 holds
when there exists an edge between the node v; and the node
v;. Oppositely, val;; = 0 holds when there appears no edge
between the node v; and the node v;. Thus, the mean value
knn (k) of the average nearest neighbor degree is derived as
Z knn,i
ilki=k

knn (k) = Num - p(R)] )

where k represents a value of node degree, and, in fact, it can
be set as any value, as long as the specific value of & is an inte-
ger; p(k) depicts the degree distribution function, Num refers
to the total number of nodes in the focused network. The av-
erage clustering coefficient C satisfies the following equation:

1 N
~ Num Zci' (10)

i=1

It is obvious that 0 < C < 1 is satisfied. Moreover, two special
cases should be emphasized. Specifically, on one hand, C =0
is satisfied, when all nodes are isolated. That is to say, there
exists an edge between any two nodes. On the other hand,
C =1 is satisfied when two nodes in the whole network are
connected by edges. That is to say, the whole network is com-
pletely coupled. Furthermore, it should be pointed out that
for the calculation results presented here, the total number of
nodes in the proposed network in our model is based on the
total number N of focused stocks studied here (namely, the
focused 30 Asian stocks and 30 American stocks), since the
dimension of the adjacent matrix C;; applied here is 30 x 30.

2.2. Empirical data

Based on the theoretical analysis in Egs. (1)—(10), empir-
ical data from real financial market are brought into this study.
It should be noted that all empirical data used in this study

Table 1. Empirical data of Asian stocks. Thirty stocks in Asian market are considered.

Total assets in the year

Sequence number Stock symbol Company name of 2018 (million dollar)
1 600036.SS China Merchants Bank 6297638
2 600016.SS China Minsheng Banking 5902086
3 600015.SS HuaXia Bank 2508927
4 000333.SZ Midea Group 2481069
5 600028.SS Sinopec Group 1595504
6 0941.HK China Mobile Communications Group Co 1522113
7 600000.SS Shanghai Pudong Development Bank. 942450
8 600606.SS Greenland Group 848532
9 00728.TW China Telecom 661194
10 0883.HK China National Offshore Oil Corporation 617219
11 023800.KS INZI Controls 575945
12 0966.HK China Taiping Insurance Holdings. 557105
13 0836.HK China Resources 480279
14 600019.SS Baoshan Iron & Steel 378693
15 0992.HK Lenovo 350234
16 600900.SS China Yangtze Power 335073
17 000651.SZ Gree Electric Appliances 299398
18 1171.HK Yanzhou Coal Mining Company Limited. 214968
19 000338.SZ Weichai Power 194887

20 002024.SZ Suning.com 189638
21 600690.SS Qingdao Haier 157276
22 600297.SS China Grand Automotive Services 151463
23 600519.SS Kweichow Moutai 135246
24 600221.SS Hainan Airlines Holding 134610
25 600104.SS SAIC Motor Corporation 122856
26 600362.SS Jiangxi Copper Company 111107
27 600704.SS ‘Wuchan Zhongda Group 97468
28 600050.SS China United Network 85943
29 00700.TW Fubon Hang Seng China Enterprises ETF. 88086
30 600755.SS Xiamen ITG Group 85176
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are historical stock quotes obtained from the financial section
of Yahoo. !l Specifically, 30 stocks in Asia and 30 stocks in
America are extracted. Specifically, considered in this work
are 17 stocks from SSE corresponding to the original empir-
ical data symbol ‘4-SS’ in Table 1, 4 stocks from Shenzhen
Stock Exchange (namely, SZSE) corresponding to the original
empirical data symbol ‘4+-SZ’ in Table 1, 6 stocks from Hong
Kong Stock Exchange (namely, HKEx) corresponding to the
original empirical data symbol ‘+HK’ in Table 1, 2 stocks
from Taiwan Stock Exchange (namely, TWSE) corresponding
to the original empirical data symbol ‘+TW’ in Table 1, and 1
stock from Korea Exchange (namely, KRX) corresponding to
the original empirical data symbol ‘+KS’ in Table 1. Actually,

the data of all 30 Asian stocks are listed in Table 1.

Besides, in Table 2 considered are 30 stocks from Dow
Jones Industrial Average are also considered. 611 In fact, the
original empirical data of the 60 stocks mentioned above
(namely, 30 Asian stocks and 30 American stocks) can be di-
vided into seven parts which are expanded as 7 columns of
the original data file. The information contained in these men-
tioned seven columns (from the first column to the seventh
one) is as follows: the trading day (i.e., ‘Date’), the opening
price (i.e., ‘Open’), the highest price (i.e., ‘High’), the lowest
price (i.e., ‘Low’), the closing price (i.e., ’Close’), the sub-
scription price (i.e., ‘Adj Close’), and the trading volume (i.e.,
‘Volume’).

Table 2. Empirical data of American stocks (thirty stocks from Dow Jones Industrial Average).

Sequence number Stock symbol Company name

Total assets in the year of 2018
(million dollar)

1 JPM JPMorgan Chase and Co. 2533600
2 BAC Bank of America Corp. 2281234
3 C Citigroup Inc. 1842465
4 T AT&T Inc. 444097
5 GE General Electric Company. 377945
6 XOM Exxon Mobil Corporation. 348691
7 VZ Verizon Communications Inc. 257143
8 CVX Chevron Corporation. 253806
9 MSFT Microsoft Corporation. 241086
10 WMT Walmart Inc. 204522
11 AXP American Express Company. 181159
12 PFE Pfizer Inc. 171797
13 INJ Johnson & Johnson. 157303
14 CSCO Cisco Systems, Inc. 129818
15 IBM International Business Machines Corporation. 125356
16 INTC Intel Corporation. 123249
17 PG The Procter & Gamble Company. 120406
18 UTX United Technologies Corporation. 96920
19 DIS The Walt Disney Company. 95789
20 BA The Boeing Company. 92333
21 KO The Coca-Cola Company. 87896
22 MRK Merck & Co., Inc. 87872
23 CAT Caterpillar Inc. 76962
24 HD The Home Depot, Inc. 44529
25 DD-PA E.I. du Pont de Nemours and Com. 39964
26 MMM 3M Company. 37987
27 MCD McDonald’s Corporation. 33803
28 HP Helmerich & Payne, Inc. 32913
29 NKE NIKE, Inc. 23259
30 AA Alcoa Corporation. 17447

Moreover, Table 3 shows a case of the focused empiri-
cal data, which corresponds to China Merchants Bank (i.e.,
‘600036.SS’). While, in the work, only the trading day and the
closing price of each stock are kept, which directly leads to
120 columns illustrating the information about these empha-
sized 60 stocks. Specifically, the trading day and the closing
price in 30 columns of thirty Asian stocks are extracted. Sim-
ilarly, the trading day and the closing price in 30 columns of

thirty American stocks are extracted.

It should be emphasized that the empirical data of 30
American stocks are obtained from the trading information
during the period from January 3, 1994 to December 31, 2013.
Besides, the data of thirty Asian stocks are obtained from the
trading information during the period from January 1, 2004 to
September 12, 2018. Moreover, in order to draw the conclu-
sion of the work, the data truncation is carried out. Specifi-
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cally, the data of Asian stocks and American stocks from June
1, 2005 to January 29, 2010 are used. However, the trading
during the concerned period lasts 1081 days and 1175 days,
separately. Although the same interval is taken into account,
the total number of the trading days for further calculations is
quite different from that for Asian stocks and American stocks.
This is due to the fact that the suspension of stocks in Asia
and America are quite different from each other. Generally
speaking, industrial stocks in America have much longer time
series than Asian stocks due to earlier launch into the market,
stable production and almost no fluctuations in stocks. Be-
sides, in order to ensure the universality of obtained results
and obtain universal statistical laws, all data should meet the
condition that each stock should be open or in usual trading.
If stocks are in the closing state brought by anyone, stocks on
that day should be abandoned. That is to say, the original data
of these 30 stocks in Asia and 30 stocks in America have been
intercepted. Besides, it should be noted that the basis for data
truncation here has covered three stages of subprime crisis,
namely, the period occurs separately before subprime crisis,
during subprime crisis, and after occurring subprime crisis,
which leads to the more objective reflecting the influence of

subprime crisis on the stock correlation. The focused temporal
series can be divided into four temporal segments, i.e., regu-
lar time in the interval from June 2005 to July 2006, the pre-
subprime crisis in the interval from August 2006 to September
2007, the peak of subprime crisis in the interval from October
2007 to November 2008, and the latter stage of subprime crisis
in the interval from December 2008 to January 2010. In fact,
the calculation of the correlation matrix presented in the next
section is based on these empirical data extracted from the 30
Asian stocks and 30 American stocks mentioned above. The
closing price of these stocks is also emphasized, and the stock
is obtained on condition that the trading date are suitable for
all focused stocks. Besides, the closing price of these stocks
is arranged in the order of the ranks of the total assets of each
stock.[®?] That is to say, the calculation of correlation matrix
presented in the next section is actually based on 60 columns
of information about the closing price of these 30 Asian stocks
and 30 American ones. Then, these mentioned data are nor-
malized. That is to say, the values of these normalized data
range from O to 1. In fact, it should be emphasized that the
performing normalization is due to the modulus of component
of eigenvector ranging from O to 1.

Table 3. Original empirical data of China Merchants Bank (namely, ‘600036.SS”).

Date Open High Low Close Adj close Volume
2010/3/18 15.3519 15.4696 15.1753 15.2342 10.93898 55289577
2010/3/19 15.1949 15.3225 15.0674 15.2342 10.93898 48424736
2010/3/22 15.2342 15.6658 15.2146 15.3715 11.03757 66487918
2010/3/23 15.4108 15.5579 15.2048 15.2734 10.96713 49082731
2010/3/24 15.3127 15.5089 15.2538 15.2734 10.96713 48576698
2010/3/25 15.2342 15.244 14.9987 15.1361 10.86854 39702134
2010/3/26 15.087 15.6756 15.0478 15.4402 11.0869 81383215
2010/3/29 15.5677 16.0876 15.5481 15.9895 11.48132 1.60E+08
2010/3/30 16.0386 16.2053 15.8914 16.1269 11.57998 91240190
2010/3/31 16.117 16.1857 15.9012 15.9699 11.46725 56778404
2010/4/1 15.9895 16.1661 15.9208 16.068 11.53769 64830790
20107472 16.1367 16.1857 15911 15.9797 11.47429 61251674
2010/4/6 16.0974 16.3623 15.9797 16.068 11.53769 79465746
2010/477 16.0484 16.0876 15.7933 15.9503 11.45318 65008494
2010/4/8 15.9307 15.9307 15.45 15.6167 11.21363 84761816
2010/4/9 15.5971 15.7835 15.5775 15.7345 11.29822 56336028
2010/4/12 15.8228 15911 15.3028 15.5775 11.18549 84744283
2010/4/13 15.5677 15.9405 15.4108 15.8326 11.36866 1.11E+4-08

Additionally, it is quite necessary to address the reason
why 30 Asian stocks and 30 American stocks are focused on.
In order to study the universal law of the interaction among
different markets, the correlation among the stock prices in
the emerging market and relatively developed market is cho-
sen. The former corresponds to 30 individual stocks in Asia.
While, the latter one is related to 30 individual stocks in
America. The focused 30 stocks in Asia are extracted from
the top 100 companies in China’s Fortune List, which are in
the top thirty. These 30 companies have much stronger eco-

nomic strength, enterprise scale and international competitive
strength, which can reflect the economic market situation in
Asia to a certain extent and can also be regarded as the indica-
tor of the future trend of Asian market to some extent. While,
the focused thirty American stocks are extracted from the Dow
Jones Industrial Average, which are also representative stock
samples. In fact, the selected samples can be more objective to
reflect the overview of the entire American stock market and
can also be treated as a measure of investment evaluation.
Moreover, for the convenience of establishing adjacency
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matrix, modelling complex network and analyzing established
network, only 30 Asian stocks and 30 American stocks are se-
lected in this research. It should be noted that the extraction
of empirical data depends on the selected sampling points and
the sample space. In the appropriate sample space, it is more
helpful to select representative sample points for obtaining the
universal statistical law. Thus, if more stocks are selected,
the modelling of complex network, the analyses of established
network and the construction of adjacency matrix can also be
performed as long as the chosen stocks are representative.

Furthermore, it should also be emphasized that if other
data are selected, the results will not change. When the sub-
prime mortgage crisis occurs, the component of the feature
vector related to the second largest eigenvalue of the cross-
correlation matrix of Asian stocks does not change. While, af-
ter the crisis occurs, the component value of the small feature
vector of the stock asset will greatly fluctuate. Afterwards, for
the American financial market, the component value fluctua-
tions of the eigenvectors will always become smaller no matter
they occur during or after the crisis. That is to say, the corre-
lation among American stocks is more fragile than that among
Chinese stocks. Thus, the criterion of selecting samples in
this work must meet the requirement that the characteristics of
stocks with large assets and large correlations among stocks
should be reflected out.

3. Results and discussion

In the last section, we present the relationship between the
closing price of stocks and the price return, normalize the price
return, and deduce the analytical expressions of eigenvectors
Addi-
tionally, based on the theoretical analyses and empirical data

and the relation between cross-correlation matrixes.

(namely, 30 Asian stocks and 30 American stocks) presented
in the last section, the intensity of correlation coefficient, mod-
uli of components of eigenvectors, the relationship between
the total asset of stocks and the third-largest eigenvector, the
evolution of the average correlation coefficient, the analysis
of threshold networks and the analysis of PMFG graphs are
displayed from Figs. 1-7 respectively.

To be specific, the closing price of the concerned 30
Asian stocks in the time intervals ranging from June 2005 to
January 2010 is employed to analyze the correlation coeffi-
cient matrix among stocks to quantitatively depict different
states of the stock market. Furthermore, the mechanisms of
the dynamic evolution of the correlations among stocks in
various periods of financial system (namely, the regular pe-
riods, the pre-subprime crisis, the peak and the latter stage
of subprime crisis) are found. Corresponding results are pre-
sented in Figs. 1(a)-1(d).
Figs. 1(a)-1(d) is to provide effective strategies to predict the

Besides, the aim of calculating

occurrence of subprime crisis, which could establish the the-
oretical basis for exploring the changing laws of the stock
market. In fact, figures 1(a)-1(d) respectively show the cor-
relation among stocks in the period of the regular time, the
pre-subprime crisis, the peak and the latter stage of subprime
crisis. The horizontal and vertical axis of Figs. 1(a)-1(d) cor-
respond to the number of these 30 stocks ranging from 1 to
30. Moreover, these numbers are arranged according to the
total assets of these companies. Specifically, number ‘1’ re-
flects the company whose total asset is the highest in these
30 stocks, and number ‘30" means the company whose total
asset is the lowest. Besides, figures 1(a)-1(d) are obtained
from the cross-correlation matrix whose dimension is 30. In
other words, these 900 elements reflect the intensities of the
correlation between any two stocks. Moreover, the color bar
shows the gradient of the change of correlation coefficient,
and the deeper color means that the value of correlation co-
efficient is smaller. Furthermore, the average correlation co-
efficients of the four stages are shown to be 0.2808, 0.3685,
0.6278, and 0.5087 in Figs. 1(a)-1(d), respectively. Mean-
while, the standard deviations of correlation coefficients are
0.1664, 0.1667, 0.1384, of correlation coefficients can lead
to some conclusions. Firstly, in general, when the elements
are closer to the diagonal elements, the color is brighter and
the correlation between stocks becomes higher. Secondly, di-
agonal elements have the brightest color, which means that
their correlation is higher than other stocks’. Thirdly, as time

goes on, the correlation coefficient among stocks gradually

Fig. 1. Correlation coefficients of focused 30 stocks in Asia. (a) Correlation
coefficient in regular time (from June 2005 to July 2006). (b) Correlation
coefficient in pre-subprime crisis (from August 2006 to September 2007).
(c) Correlation coefficient in peak of subprime crisis (from October 2007
to November 2008). (d) Correlation coefficient in latter stage of subprime
crisis (from December 2008 to January 2010). Stocks are arranged in order
of total assets from major assets to minor ones. Here, symbol i refers to
stock number ranging from 1 to 30, which also corresponds to the detailed
information about stocks shown in Table 1. Color bar shows gradient of
change of correlation coefficient. The deeper the color, the minor the value
of correlation coefficient is.
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increases. At the peak of the subprime crisis, the mean value
of correlation coefficient becomes highest. Then, it gradually
decreases as the state of financial market transits to the lat-
ter stage of subprime crisis. Fourthly, the standard deviation
of the correlation coefficient among stocks gradually increases
as the state of financial market transits from the regular time
to the pre-subprime crisis. Then, the standard deviation of the
correlation coefficient becomes highest, as the state of finan-
cial market reaches the pre-subprime crisis. Therefore, the
robustness of stock market is weakened. The standard devi-
ation of the correlation coefficient among stocks gradually de-
creases, as the state of financial market transits to the stage of
the peak of subprime crisis and the latter stage of subprime cri-
sis. Thus, corresponding robustness of stock market becomes
stronger due to the decrease of the correlation coefficient of the
stock market. The variations of correlation coefficient among
stocks caused by subprime crisis and the robustness of Asian
financial market can be revealed by Figs. 1(a)-1(d) to some
extent.

Besides, in order to explore the interactions among stocks
in financial market, moduli of the components p;(A;) of four
leading eigenvalues are investigated in Figs. 2(a)-2(d). In fact,
the data used in Figs. 2(a)-2(d) are also extracted from the
cross-correlation matrix whose dimension is 30. Moreover,
these data are divided into different stock boards plotted out
by industries, which are represented by nine different colors.
Here, a threshold u. = 0.4 is introduced to extract the main
components of eigenvectors which can dominate the dynamic
evolution of stock prices.[%3] In other words, compared with
other eigenvector like |;(A)| > 0.4, the components that sat-
isfy dynamic states play a dominant role. Therefore, according
to Fig. 2(a), it can be found that the dominant components of
the eigenvalue A of correlation matrix of Asian stocks during
pre-subprime crisis belong to the industry of information tech-
nology. Moreover, during pre-subprime crisis, the dominant
components of eigenvalue A, of correlation matrix of Asian
stocks belong to the industries of information technology and
non-daily consumer goods. Then, during pre-subprime cri-
sis, the dominant components of eigenvalue A3 of correlation
matrix of Asian stocks belong to the industry of finance. Sim-
ilarly, during pre-subprime crisis the dominant components of
eigenvalue A4 of correlation matrix of Asian stocks belong to
the industry of finance. According to Fig. 2(b), it can be found
that during pre-subprime crisis, the dominant components of
eigenvalue A; extracted from correlation matrix of American
stocks belong to the industries of energy resources and basic
materials. By comparison, according to Fig. 2(b), the leading
eigenvector A; makes energy and basic material play a dom-
inant role. The main components of eigenvalues such as A;,
A3, and A4 mean that the financial stock is dominated. Dur-
ing the peak of Asian subprime crisis, A; and A, of Fig. 2(c)

indicate that the information technology and non-daily con-
sumer goods are dominated. The third eigenvector A3 means
that the financial stock is dominated. The fourth eigenvector
A4 means financial and public utilities are dominated. During
the peak of American subprime crisis, the biggest eigenvalue
A1 indicates that the energy resources and basic materials are
dominated as shown in Fig. 2(d). The second biggest eigen-
value A, indicates that the industry of finance and Medicare
are dominated. The eigenvalue A3 indicates the industries of
information technology and finance are dominated. Then, the
eigenvalue A4 indicates the industry of information technol-
ogy and daily consumer goods are dominant. To summarize,
the largest proportions of components’ weight are the first ten
stocks. In other words, the first ten stocks with more total as-
set values are significantly interacting, and are more correlated
and able to resist the risks.

Then, moduli of components of last four eigenvalues of
cross-correlation matrix are also discussed in Figs. 3(a)-3(d).
Like Figs. 2(a)-2(d), the dominant components are also re-
vealed. According to Fig. 3(a), it can be found that during
pre-subprime crisis, the dominant components of eigenvector
of A; extracted from correlation matrix of Asian stocks belong
to the industries of information technology and non-daily con-
sumer goods. Moreover, during pre-subprime crisis, the dom-
inant components of eigenvector of A, belong to the industry
of non-daily consumer goods. Then, during pre-subprime cri-
sis, the dominant components of eigenvector of A3 belong to
the industry of information technology. During pre-subprime
crisis, the dominant components of eigenvector of A4 belong
to the industry of basic materials. According to Fig. 3(b), it
can be found that during pre-subprime crisis, the dominant
components of eigenvector of A; extracted from correlation
matrix of American stocks belong to the industry of informa-
tion technology. According to Fig. 3(b), it can be found that
during pre-subprime crisis, the main components of eigenvec-
tors of A, and A3 belong to the industry of basic materials.
Moreover, according to Fig. 3(b), it can be found no dominant
components of eigenvectors of A4 during pre-subprime crisis.
Then, from Fig. 3(c), it can be found that in the peak of sub-
prime crisis, the dominant components of eigenvector of A4,
extracted from correlation matrix of Asian stocks belong to
the industries of finance and non-daily consumer goods. For
Fig. 3(c), it can be found that in the peak of subprime cri-
sis, the dominant components of eigenvector of A, belong to
the industries of information technology and non-daily con-
sumer goods. While from Fig. 3(c), it follows that in the peak
of subprime crisis, the dominant components of eigenvector
of A3 belong to the industry of information technology. No
main component of eigenvector of A4 is found. Finally from
Fig. 3(d), it can be found that in the peak of subprime crisis,
the main components of eigenvectors of Ay, 4>, and A3 ex-

108901-8



Chin. Phys. B Vol. 28, No. 10 (2019) 108901

tracted from the cross-correlation matrix of American stocks
belong to the industries of basic materials, information tech-
nology, and finance, respectively. Figure 3(d) shows no main
component of eigenvector of A4 exists either. To summarize,

the dominant components of Asian stocks are not entirely the
components of those stocks whose total assets are dominant
during the period of the pre-subprime crisis and the peak of
subprime crisis.
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Fig. 2. Moduli of components p;(4;) (j =1, 2, 3, 4) of four leading eigenvalues for (a) focused Asian stocks during pre-subprime crisis between August
2006 and September 2007, (b) focused American stocks during pre-subprime crisis, (c) focused Asian stocks in the peak of subprime crisis between October
2007 and November 2008, (d) focused American stocks in the peak of subprime crisis, which are arranged in order of total assets from major assets to minor
ones. Here, symbol i refers to stock number ranging from 1 to 30, which also corresponds to detailed information about stocks shown in Tables 1 and 2.
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to various industrial sectors.

Moreover, in order to compare the various interactions
among stocks during different periods, both the period of the
pre-subprime crisis and the peak of subprime crisis are em-
phasized in Fig. 4. It can be found that the interaction among
stocks at the peak of subprime crisis is much stronger than that

in the period of the pre-subprime crisis. This is due to the fact
that the robustness of financial system is much stronger when
the stock market is at the peak of subprime crisis. Besides,
the modulus |u;(A3)| of the component of stocks correspond-
ing to the third-biggest eigenvalue A3 of the cross-correlation
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matrix can reflect the dynamical behaviors of blue chip stocks
that usually have the good performance and can indicate the
global dynamics of the whole stock market. From Fig. 4(a),
it can be found that with the decrease of the total assets of
companies, the modulus |g;(A3)| of the component of stocks
corresponding to the third-biggest eigenvalue A3 of the cross-
correlation matrix first increases then decreases. That is to say,
correlation among stocks first increases then decreases. More-
over, correlation among stocks with minor total assets is much
weaker than others, which can also be revealed by the chang-
ing trend of |1;(A3)| in Fig. 4(a). The interaction among stocks
at the peak of subprime crisis is also discussed as shown in
Fig. 4(b). With the decrease of the total assets of companies,
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the modulus |u;(A3)| of the component of stocks correspond-
ing to the third-biggest eigenvalue A3 of the cross-correlation
matrix first decreases then increases and then decreases again,
which is different from the scenario in Fig. 4(a). Figure 4(b)
shows that the variation of |u;(A3)| ranges from 0 to 0.68059,
while Fig. 4(a) indicates that the variation of |u;(A3)| ranges
from O to 0.73123. To summarize, from Figs. 4(a) and 4(b)
it follows that the correlations among stocks with top ten to-
tal assets are much stronger than others. In general, with the
decrease of total assets, correlations among stocks gradually
decrease. However, the robustness of those stocks with mi-
nor assets becomes weakened as compared with that of major

assets.
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Fig. 4. Total asset o of the focused 30 Asian stocks (red curve) and the third-largest eigenvector |1;(A3)| of cross-correlation matrix (green
curve) for (a) focused Asian stocks during the period of the pre-subprime crisis (from August 2006 to September 2007), (b) focused Asian
stocks at the peak of subprime crisis (from October 2007 to November 2008). Symbol i refers to stock number ranging from 1 to 30, which
also corresponds to detailed information about stocks shown in Table 1.
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Fig. 5. Evolution of average cross-correlation A; with time 7', with consid-
ering different stages ranging from regular time (June 2005-July 2006) to
latter stage of subprime crisis (December 2008—January 2010). Symbol A
shown by the red point corresponds to the peak of subprime crisis. Time
point of A corresponds to March 27, 2007.

In order to in depth study the correlation among stocks at
different time points, the average value of the correlation co-
efficients among stocks is calculated in Fig. 5, and the average
of correlation matrix elements is discussed. The peak of the
subprime mortgage crisis (namely, June 2007) is marked by
the symbol ‘A’. At that time point, the correlation coefficient
is 0.9801, which is shown as a peak of the evolution curve of
the average value of the correlation coefficients among stocks.

Meanwhile, other peaks of the curve depicting the strong pos-
itive correlation feature of the stock market state, shown in
Fig. 5, are caused by other factors rather than the occurrence
of subprime mortgage crisis. Moreover, the threshold network
of the focused 30 Asian stocks is taken into the analyses as
shown in Fig. 6. Here, panels in Fig. 6 correspond to net-
works constituted by thirty nodes and ten nodes. Besides, each
node corresponds to each stock shown in Table 1. These ten
nodes are related to the companies whose total assets belong
to top ten. The edge between arbitrary two nodes represents
the correlation between stocks. From Figs. 6(al)-6(d1) it fol-
lows that during the period of the pre-subprime crisis the num-
ber of edges decreases with the increase of threshold. When
the threshold is set to be an arbitrary value larger than 0.5,
the number of nodes will suddenly drop, which means that
the correlation among stocks decreases. Figures 6(a2)—6(d2)
show that at the peak of subprime crisis the number of edges
decreases with the increase of threshold. However, the speed
of attenuation is much smaller than that of Figs. 6(al)—6(d1).
Moreover, edges among core nodes that are marked by sym-
bols ‘1°, 2°, ..., ‘10’ are much larger than others, which in-
dicates much stronger correlations. Additionally, according to
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Figs. 6(a3)-6(d3) and Figs. 6(a4)-6(d4), it can be seen that
for the network constituted by these emphasized ten nodes,
the edge number also decreases with the increase of thresh-
old. While, the node number remains unchanged. Finally, by

comparing the two situations (namely, the period of the pre-
subprime crisis and the peak of subprime crisis), it can be sum-
marized that correlation among stocks becomes much stronger

at the peak of subprime crisis.

Fig. 6. Threshold networks extracted from 30 Asian stocks for threshold of (a) 0.2. (b) 0.3, (¢) 0.4, and (d) 0.5. Panels (al), (bl), (cl), and (d1)
correspond to the period of the pre-subprime crisis (from August 2006 to September 2007), and panels (al), (bl), (c1), and (d1) correspond to the
peak of subprime crisis (from October 2007 to November 2008). Panels (a3) and (a4) are extracted from panels (al) and (a2), respectively. Similarly,
panels (b3) and (b4) are extracted from panels (bl) and (b2), respectively. Panels (c3) and (c4) are extracted from panels (c1) and (c2), respectively.
Panels (d3) and (d4) are extracted from panels (d1) and (d2), respectively. Red nodes correspond to focused 10 Asian stocks extracted from emphasized
30 stocks according to the order of the rank of the total asset of stocks. Symbols 1-10 correspond to top 10 stocks whose total assets are much higher
than others’. Different colors of nodes correspond to different magnitudes of correlation among stocks. Rank of correlation among stocks is arranged as

red, grey, green, white, and violet.

The PMFG graphs and corresponding properties of these
networks are also discussed in Fig. 7. Subgraphs of Figs. 7(a),
7(c), and 7(e) are obtained from data extracted from pre-
subprime crisis. Figures 7(b), 7(d), and 7(f) are obtained from
data extracted from the peak of subprime crisis. A comparison
between Figs. 7(a) and 7(b) shows that the core nodes emerge.
Besides, the degrees of these core nodes are much higher than
others’. That is to say, divergent topological structures appear
in both periods. However, the number of core nodes is quite
different. Specifically, in the period of pre-subprime crisis, the
constructed network contains three core nodes (namely, the
tenth node, the twelfth one and the fifteenth one). While in
the period of subprime crisis peak, the number becomes two
(namely, the tenth node and the fifteenth one). Additionally,
the probability distributions of degree of networks are dis-

played in Figs. 7(c)-7(d). Four peaks are found in the network,
which are extracted from the period of the pre-subprime crisis.
Only three peaks are revealed in the network, which are ex-
tracted from the peak of subprime crisis. Then, the clustering
coefficient of degree distribution is investigated in Figs. 7(e)
and 7(f). The detailed properties of the networks, obtained
by the method of employing PMFG, are presented in Table 4.
Thus the average clustering coefficient {(c), average degree (k),
maximum degree (kmax) and minimum degree (ky;,) are ob-
tained. Based on Figs. 7(e) and 7(f) and Table 4, it can be
found that the average clustering coefficient becomes much
larger than that in the case of peak of subprime crisis with the
pre-subprime crisis. To be specific, the aggregation degree be-
comes greater in the case of the peak of subprime crisis, which
indicates that much stronger correlations among stocks appear.
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Fig. 7. PMFG graphs and corresponding properties of these networks based
on empirical data of 30 Asian stocks. (a) PMFG graph of these mentioned
30 Asian stocks during pre-subprime crisis (from August 2006 to September
2007), (b) PMFG graph of these mentioned 30 Asian stocks at the peak of
subprime crisis (from October 2007 to November 2008), (c) degree distri-
bution of network (a), (d) degree distribution of network (b), (e) clustering
coefficient of network (a), and (f) clustering coefficient of network (b). Pa-
rameters k, p, and ¢ denote degree, cumulative probability, and clustering
coefficient, respectively. Green nodes mean core nodes of PMFG graphs.
Rank of correlation among stocks is arranged as green, white, and violet.

Table 4. Properties of networks shown in Figs. 7(a) and 7(b) (namely,
PMFG graphs).

Stage Number of nodes kmin kmax (k) (c)
Pre-subprime crisis 30 1 36 5.033 0.311
Peak of subprime crisis 30 2 56 56 055

In this research, the sorting operation of stock total assets
is performed in the process of analyzing total assets. Specif-
ically, by searching the website of Fortune China, the stock
total asset of each focused stock can be found to be sorted in
the descending order. Here, in this work, the unit of stock
asset is set to be millions of dollars. Besides, in the process
of constructing and calculating the correlation matrix C;;, the
total asset weight is considered to some extent. Specifically,
subscript i denotes the row number of correlation matrix C;;.
Different row numbers correspond to different closing times.
For a specific row in correlation matrix C;;, different columns
correspond to different stocks, whose total assets are sorted
in the descending order. In fact, each element in correlation
matrix C;; reflects the correlation between the i-th stock and
the j-th stock of the focused 30 Asian stocks and 30 American
stocks. For instance, the element Cs¢ denotes the correlation

between the fifth stock and the sixth stock of the focused 30
Asian stocks and 30 American stocks. Furthermore, in the pro-
cess of constructing and calculating the correlation matrix C;j,
the asset size of enterprises can reflect the total asset weight to
some extent. Besides considering the asset size of enterprises,
more comprehensive total asset weights will be further stud-
ied in our later work, including the influences of asset quality,
profitability, liquidity and capital ratio.

In the fields of complex networks, statistical physics and
economic physics, the essence of market model®®! is the com-
mon reflection of the whole market to the external information.
In fact, both Asian stock market and American stock market
have the property of market model. The maximum eigenvalue
of the correlation matrix can well reflect the basic character-
istics of the market model, since the physical meaning of the
maximum eigenvalue of the correlation matrix represents the
common interaction among all stocks in the market. The prop-
erties of four leading eigenvalues of the correlation matrix are
revealed in Fig. 2, where the properties of the maximum eigen-
value of the correlation matrix are reflected from |u;(4;)] in
Figs. 2(a)-2(d). Furthermore, extracted from Figs. 2(a)-2(d),
the eigenvectors corresponding to the second largest eigen-
value |[;(A2)] of the correlation matrix exhibits the character-
istics of localization. That is to say, among these eigenvectors,
only part of components of these eigenvectors can be domi-
nated in the interactions among stocks. Moreover, these dom-
inant components can belong to the similar or related industry
sectors, which leads to the result that they can also reflect the
properties of stock markets to a certain extent, namely the dy-
namic effect of the industry sector of stock markets.

4. Conclusions

In this paper, the influences of financial crisis on stock
correlations are investigated. The influence of total assets on
stock data is considered in our work, especially the correla-
tion matrix is constructed, which is different from previous
researches. Empirical data of 30 Asian stocks and 30 Ameri-
can stocks are employed in the analyses. Detailed theoretical
analyses of the derivations of analytical expressions of cross-
correlation matrix and characteristic order parameters of con-
structed networks are performed. Then, correlations among
stocks are extensively analyzed. Also calculated are the corre-
lation coefficients of the focused 30 stocks in Asia, the mod-
uli of components of eigenvectors of first four and last four
eigenvalues of matrix, the total asset of the focused 30 Asian
stocks versus the third-largest eigenvector, the average cross-
correlation versus time, threshold networks, PMFG graphs and
corresponding network properties.

Some key results are summarized as follows. Firstly, the
correlation among stocks is used as a correlation matrix to es-
tablish a threshold network. The 30 nodes and 10 nodes are
considered, respectively. The former considers the focused 30
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stocks, while the latter emphasizes 10 stocks with the top ten
total assets. When the threshold exceeds 0.5, the number of
nodes far away from the core of the network suddenly becomes
sparse and truncated. Simulation results show that the opti-
mization threshold can be set to be an arbitrary number rang-
ing from 0.2 to 0.4, which entirely displays the global thresh-
old financial network. Secondly, using the maximum filter-
ing method of the plane to determine the consolidation of net-
works, the threshold networks based on these empirical data
of stocks are also constructed. The core nodes are found in
the period of the pre-subprime crisis and the peak of subprime
crisis, while the numbers of their core nodes are quite differ-
ent. Three core nodes and two ones are observed in these two
cases, respectively. Thirdly, by calculating PMFG graphs and
specific properties of corresponding networks, much stronger
correlations among stocks are found at the peak of subprime
crisis. Fourthly, since the total asset of the enterprise is consid-
ered in the construction of cross-correlation matrix, the matrix
can more scientifically depict the correlations among stocks.
This is due to the fact that the fluctuations of market can be
analyzed more accurately. Moreover, eigenvectors are also an-
alyzed. The larger the total asset of the enterprise, the greater
the weight of the eigenvectors becomes. Similarly, the smaller
the total asset of the enterprise, the smaller the component of
the eigenvector becomes. Our work will be helpful for bet-
ter understanding the physical mechanisms of the influence of
subprime crisis and the total asset on the correlation among
stocks. The risk of market fluctuations will be considered in
our future work. In this work, for the convenience of calcula-
tion, we focus on the 30 Asian stocks and 30 American stocks.
A larger sample size of stocks will be considered in the future
work in order to obtain more statistical law under feasible con-
ditions, especially the evolution of the characteristic parame-
ters of the constructed system.
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