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Abstract

In this paper, the Malaysian Stock Market is studied using the Complex
Network notion. We first analyze the statistical properties of eigenvalues
of empirical correlation matrix and study the distribution of components
of eigenvectors that correspond to certain eigenvalues. We found that
the majority of eigenvalues are within the prediction of Random Matrix
Theory (RMT). Further, we show that the distribution of components
of eigenvector that corresponds to the largest eigenvalue deviates from
the RMT prediction. The stock correlation network of Malaysian Stock
Market are then constructed using the threshold method approach. We
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remove the market mode from the correlation matrix and compared the
behavior of network properties such as clustering coefficient, assorta-
tivity and component structure between the filtered and the original
correlation network with respect to edge density. We found that the
clustering property and high intra-connection of edges among the stocks
in the largest component of the stock correlation network are the con-
sequences of market effect. Next, we classify the correlation network
with unbiased local assortativity profiles and we found that with the
presence of market mode, the correlation network is disassortative with
disassortative hubs and after the removal of market mode the correlation
network becomes assortative with assortative hubs. The local assorta-
tivity profiles can identify the topological difference of large degree hubs
for different stock correlation networks and thus it is an additional good
tool for analyzing the stock market structure.

Mathematics Subject Classification: 05C82; 91B02; 91B80

Keywords: Stock Correlation Network, Complex Networks, Clustering
Coefficient, Unbiased Local Assortativity, Assortativity, Random Matrix The-
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1 Introduction

Networks which consist of vertices and edges can be used to describe a large
variety of complex systems [1]. It is well known that different network behavior
can be obtained when structural analysis is performed on the network system
[2]. As the same framework can be applied to different types of physical sys-
tems, more and more researchers have started to exploit such network analysis
[3]. Recently, network analysis in the financial market have been carried out
extensively [4, 5], and some of these analysis incorporate the notion of Random
Matrix Theory [6].

Mantegna [7] was among the first to study the financial market based on
the correlation network of stock prices. He adopt the minimal spanning tree
to study the financial correlation matrices and this method enable one to
capture the hierarchical organization of stocks. Since then, such approach has
been widely used to study the financial market [4]. Onnela et al. [9] have
modified this methodology and introduce the notion of asset graphs, where
they show that such approach can capture the strong clustering properties of
the financial market. Later, Tumminello et al.[10] introduce a filter graph for
filtering information from complex systems. This filter graph maintain the
hierarchical properties of minimum spanning trees, and allows the formation
of closed loops and cliques. As a result, more information can be conveyed
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through this structure. Huang et al. [5] adopted the threshold method to
construct the stock correlation network of the China stock market, and they
show that understanding the topological structure that arises from different
threshold value can be useful for risk management and portfolio construction.
This technique is then extended by Namaki et al. [6] by incorporating the
Random Matrix Theory in the construction of the stock correlation network.

The statistical properties of Random Matrix Theory (RMT) are known through
the work of Wigner [11, 12] for its applications in the field of nuclear physics.
RMT has been applied into the study the correlation pattern among the stocks
return [13, 14, 15]. Plerou et al. [16] show that the eigenvalues which corre-
spond to the correlation matrix of 1000 largest U.S companies agree well with
the Random Matrix Theory. These eigenvalues to the large extent are noises
[8], where only those that deviate from the random matrix are considered to
contain some useful information. The largest eigenvalue that clearly separates
itself from the rest of eigenvalues exhibit a relatively large values during the
period of market crisis. This largest eigenvalue is associated as the market
mode, which is the collective response of all stocks to macroeconomic factor
[13, 22]. Recently there are literatures that includes RMT in the study of finan-
cial networks. Namaki et al. [6] studied the internal structure of the Theran
Stock Exchange (TSE) by removing the market mode from the correlation
matrices using a single factor model. They construct the correlation network
from the residual of the single factor model using the threshold method and
present the behavior of degree distribution, clustering coefficients and com-
ponent structures of the Theran Stock Exchange (TSE) correlation network.
Their technique can filter out the the market factor (average behavior of all
stocks), thus the constructed network is more appropriate in risk management
and asset allocation.

To our best knowledge, the network analysis proposed by Namaki et al. [6]
and Huang et al. [5] had not been conducted in the Malaysian stock market.
Therefore, in this paper, we will adapt their technique to study the correlation
network among the stocks traded in Bursa malaysia (Formerly known as Kuala
Lumpur Stock Exchange). We first analyze the statistic of the eigenvalues and
illustrate the presence of market mode in the empirical correlation matrix.
Then, we remove the market mode using a single factor model and construct a
new filtered correlation matrix based on the residuals, as being done in [6, 21].
Since the market mode represents the behavior exhibited by all stocks, thus it
is an interest to know how does this collective behavior influence the structure
of the correlation network. In order to do so, we construct the correlation
network based on the original and filtered correlation matrix and analyze the
network properties with respect to edge density of the correlation network.
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We then extend the technique proposed by Huang et al. [5] and Namaki et
al. [6] by classifying the correlation network with unbiased local assortativity
profiles [25, 26, 27]. Through this classification, the topological difference of
the large degree hubs between the correlation networks can be highlighted and
it can be an additional good tool for analyzing diverse types of stock correlation
network. As studying the correlation pattern among fluctuation of stock prices
is an important topic in risk management [5, 6], the results presented in this
study will be useful for both scientific and practical purposes such as portfolio
construction and asset allocations.

The paper is organized as follow. In section 2, the distribution of eigenvalue
and eigenvector components are presented. Next in section 3, we describe the
construction of the network. In section 4, the empirical results are presented;
The properties exhibited by the correlation network before and after the re-
moval of market mode are illustrated. Finally in section 5, we make concluding
remark and mention potential research that can be carried out in the future.

2 Distribution of Eigenvalue and Eigenvector

Components

The data set [29] constitutes the daily closing prices for 782 stocks traded in
Bursa Malaysia between the period of Jan 2007 to Dec 2010, which correspond
to L = 970 daily returns. The logarithmic return of stock i at time t is given
as [17],

Ri(t) ≡ ln Si(t) − ln Si(t − Δt) (1)

where Si(t) is the price of stock i at time t, and the time scale Δt for each
successive return is equivalent to one day. To standardize the volatility of the
stocks, the return of Ri(t) is normalized with

ri(t) ≡ Ri(t) − μi

σi
(2)

where μi and σi are respectively the mean and standard deviation of Ri(t).
The N ×N empirical correlation matrix C, with elements ρij can be computed
through

ρi,j ≡< ri(t)rj(t) > (3)

where the bracket < ... > denotes the temporal average performed over the
period studied and we have ρi,j = ρj,i. In terms of return, stock i and stock
j are completely correlated if ρi,j = 1. Otherwise, they are completely anti-
correlated if ρi,j = −1. They are uncorrelated if ρi,j = 0. C can be equally
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expressed as

C =
1

L
MMT (4)

where M is a N × L matrix with elements {mit : i = 1, 2, ..., N ; t = 1, 2, ...L}.
The statistical properties of C can be compared with a random correlation
matrix

G =
1

L
AAT (5)

where A is a N × L matrix contains N time series of L Gaussian distributed
random elements with mean zero and a unit variance which are mutually uncor-
related. With the limit N → ∞, T → ∞ and Q ≡ T

N
is fixed, the distribution

of eigenvalues of matrix G is given by [18, 19]

Prm(λ) =
Q

2π

√
(λmax − λ)(λ − λmin)

λ
(6)

where the eigenvalue λ ∈ [λmin, λmax], and the bound of the distribution are

λmin = 1 +
1

Q
− 2

√
1

Q
λmax = 1 +

1

Q
+ 2

√
1

Q
(7)

The corresponding eigenvector uk of an eigenvalue λk have the components uk
j

for j = 1, 2, ..., N . By normalizing the components such that
∑N

j=1(u
k
j )

2 = N
[8], the distribution of u = uk

j (j varies and k fixed) is a maximum entropy

distribution where u2 = 1 and thus leads to Porter-Thomas distribution [20]:

p(u) =
1√
2π

exp

(
−μ2

2

)
(8)

We then compare the eigenvalue distribution of C with the theoretical distri-
bution Prm(λ) of RMT. Given that the considered trading period is T = 970,
Q = T/N = 1.24, from eq. (7), λmax and λmin were found to be 3.6019 and
0.01043 respectively. Figure 1(a) illustrates the distribution of 782 eigenval-
ues that correspond to the empirical correlation matrix C superimposed with
the theoretical distribution of Prm(λ). It can be observed that generally the
“bulk” of the eigenvalues of C falls within the bound [λmin, λmax] of Prm(λ).
However, it is found that there are few eigenvalues that lie beyond the bounds
[λmin, λmax] and in particular there exist the largest eigenvalue λ782=77.39 (the
market mode), which is 21.5 times bigger than the predicted λmax clearly de-
viates from the RMT prediction. Such observation is consistent with other
market [13, 14, 15]. In figure 1(b), we construct a surrogate correlation matrix
from the randomly shuffled time series return and show that the distribution
of the eigenvalues agree well with eq. (6). This shows that largest eigenvalue



5166 Lam Shi Xiang et al.

(a) (b)

Figure 1: (a) The distribution of the eigenvalues of the empirical correlation matrix and
the theoretical distribution of random matrix is overlapped on it. The inset illustrates the
largest eigenvalue. (b) The distribution of eigenvalue of the surrogate correlation matrix
constructed by shuffling the empirical time series return.

that was found in figure 1(a) are the genuine characteristic of the empirical
correlation coefficients [21].

The deviation of the largest eigenvalue λ782 from the RMT indicates that the
statistic of the corresponding eigenvector components will also exhibit such
deviation. We therefore compare the distribution of eigenvector components
of C with the theoretical gaussian distribution eq. (8). Figure 2a illustrates
the distribution of eigenvector components that corresponds to an eigenvalue
λ300 = 0.767 within the bulk λ ∈ [λmin, λmax]. It can be observed that the
distribution agrees well with the gaussian distribution eq. (8). However, the
eigenvector components correspond to the largest eigenvalue λ782 which is il-
lustrated in figure (2b) clearly deviates from RMT prediction of eq.8 (Gaussian
behavior). Furthermore, one can observe that majority of the components of
u782 have the same sign, suggesting that there is a common factor that affecting
majority of the components with the same bias. Since all of these components
belong to the eigenvector that corresponds to the largest eigenvalue, thus this
eigenvector indicates the influence that experienced by all stocks. Therefore,
both the eigenvalue and the corresponding eigenvector can be interpreted as
the collective response of all stocks to macroeconomic factor.

We then compare the projection (scalar product) of R (the time series of stocks
return) on the eigenvector u782 with the return K(t) of the Malaysian stock
market performance - KLCI (Kuala Lumpur Composite Index). The projection
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(a) (b)

Figure 2: The distribution of eigenvector components for eigenvector corresponds to
eigenvalue a) λ300 = 0.767 and b) λ782 = 77.39.

R782(t) of return Rj(t) on eigenvector u782 can be computed via [21]

R782(t) ≡
782∑
j=1

u782
j Rj(t) (9)

where R782(t) indicates the return of the stocks defined by u782. When the
comparison between R782(t) and the returns of KLCI index K(t) is made,
we obtained a sufficiently strong correlation coefficient between R782(t) and
K(t), which is 0.598, showing similarity of behavior between the two returns.
We remark that the projection that defined by eigenvector corresponding to
eigenvalues that within the RMT bounds gives approximately zero correlation
with K(t). Thus, the eigenvector u782 can be interpreted as collective behavior
exhibited by all stocks [22].

3 Network Construction

3.1 Market mode removal

We remove the market mode from the stocks return by means of least square
fitting of the common factor M(t) which can be approximated by R782(t) to
each of the stocks return Ri(t) via single factor model:

Ri(t) = αi + βiM(t) + εi(t) (10)

where the constants αi and βi can be estimated by linear regression, with
residual mean < εi(t) >= 0, and < εi(t)M(t) >= 0. The latter assumed
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that the common factor and the residuals are uncorrelated with each other.
αi shows the return’s trend of stock i and βi is the return of stock i that
depends on the common factor M(t). As common factor M(t) gives rise to
correlation between stocks, the correlation matrix that is constructed from
Ri(t) incorporates the average behavior of the overall stock market. On the
other hand, εi(t) is the fluctuations of return of stocks that are affected by
events other than the common factor M(t). In order to remove the influence
of the market mode from the stocks return, the residuals εi(t) will be used
instead to construct the new filtered correlation matrix Cf with elements ρf

ij

[6, 21]. Consequently, we now have two sets of correlation matrices, Cf with
elements ρf

ij and C with elements ρij .

3.2 Construction of Network

In the correlation network, a vertex represent a distinct stock and the edges
represent correlation between stocks [5]. The degree of a vertex is the number
of edges attached on the vertex. Vertex with higher degree means the stock
is correlate with large number of other stocks. In this paper, the constructed
correlation network is being characterized by its edge density χ. Let Gχ =
(V, Eχ) represents the correlation network with edge density χ, V is the set
of vertices, Eχ is a set of unordered pairs of elements of V , |V | and |Eχ|
respectively are the number of elements in V and Eχ. In this paper, the
terminology “order” refers to the number of vertices |V | in the correlation
network and this is sometimes called as the network size in some other papers
[5, 6]. The edge density χ can be computed as

χ =
2|Eχ|

N(N − 1)
(11)

where N = 782. Suppose we specify a threshold θ, then for i > j and i �= j,
{i, j} ∈ Eχ if ρij ≥ θ. In short, for i �= j, an edge is joined between vertices
i and j if ρij ≥ θ. The threshold value θ is specified between −1 ≤ θ ≤ 1
until the desired edge density of the correlation network Gχ is obtained. The
correlation network Gf

χ = (V, Ef
χ) is constructed the same way as described

above but using the correlation coefficients ρf
ij and a different threshold value

θf . Since C �= Cf , it is understood that the threshold values specified in Gχ

and Gf
χ to achieve the same edge density are different.
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4 Empirical Results and Network Analysis

4.1 Overview

We first observe that the means of correlation coefficients ρi,j and ρf
i,j are

respectively 0.0685 and -0.0003. As illustrated in figure 3a, the distribution
of the correlation coefficients ρi,j shifted significantly towards a smaller mean
value after the market effect is removed from the system. This shows that
the Malaysian stock market is sensitive to the removal of market mode. The
shifting of mean to a lower value after removal of market mode indicates that
large number of high correlation coefficients in C are the influence of market
mode.

(a) (b)

Figure 3: (a) The density plots of the correlation coefficients ρij and ρf
ij . (b) The edge

density of correlation network Gχ and Gf
χ constructed from ρij and ρf

ij for threshold −0.16 ≤
θ ≤ 0.46 where θ = θf .

Figure 3b illustrates the variation of edge densities χ of the correlation network
constructed from correlation coefficients ρi,j and ρf

i,j with respect to threshold
value θ. It can be observed that the edge density increases as the threshold
value θ decrease. As there are more correlation coefficients distributed near the
mean interval of ρf

i,j than ρi,j, this results in the edge density of its correlation

network tends to drop more sharply near the mean interval of ρf
i,j.

In the following sub sections, to illustrate the presence of one major component
is an intrinsic property of this market, the network analysis is being performed
beyond the correlation network of edge density χ = 0.0327. The analysis there-
after such as for clustering coefficient and assortativity will only be performed
up to χ = 0.0327 since the difference of network properties after the removal
of market mode can be distinguished with a rather low edge density χ. This
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is equivalent as considering up to 10,000 pairs of correlation coefficients that
sorted from the highest strength.

4.2 Clustering Coefficient

The clustering coefficient of a vertex vi is defined as [23]

Ci =
2.mvi

nvi
(nvi

− 1)
(12)

where nvi
denotes the number of neighbors of vertex vi, and mvi

are the number
of edges exist between the neighbors of vertex vi. Ci is equivalent to 0 if nv ≤ 1
[3]. The clustering coefficient of Gχ or Gf

χ is defined as

Cχ =
1

|V ∗|
|V ∗|∑

i

Ci (13)

where |V ∗| is the number of vertices (vertices that are connected by at least
an edge) in the correlation network. We do not consider the contribution of
local clustering coefficient from the isolated vertices in determining Cχ. Figure
4 shows the clustering coefficient exhibited by Gχ and Gf

χ with respect to χ.
In contrast with the network studied in the literatures [5, 6], the clustering
coefficient exhibited by the Malaysian correlation networks before the removal
of market mode appears to be relatively high even though the edge density of
the correlation network is very low. Also, we remark that the local clustering

Figure 4: The variation of clustering coefficient of Gχ and Gf
χ with respect to χ.

coefficient of the larger degree vertices are at least bigger than 0.2, even if
the edge density of the network is less than 0.0012, suggesting that the large
degree stocks cluster together in the correlation network. Then, when the
market mode is removed, the correlation network becomes significantly less
clustered. This suggests that the high clustering property exhibited among
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the stocks in the correlation network of Gχ are the consequence of market
effect.

4.3 Component Structure and Edge Density

If V ′ ⊆ V and E ′ ⊆ E, then G′ = (V ′, E ′) is a subgraph of G = (V, E). A
maximal connected subgraph of G is called a component of G. We denote the
order of the largest component in Gχ as |COχ|max. The edge density of the
largest component in Gχ is

χL =
2|EL|

|COχ|max(|COχ|max − 1)
(14)

where |EL| is the number of edges in the largest component. In stock cor-
relation network, stocks from the same component can indirectly or directly
influence each other in terms of price fluctuation [5]. It can be observed from
figure 5(a) that the largest component structure in Malaysian correlation net-
work depends on the edge density χ. We find that after market mode removal,

Figure 5: (a)The variation of the order of the largest component in the correlation network
Gχ and Gf

χ with respect to edge density χ. (b) The edge density of the largest component
with respect to edge density of the correlation network Gχ and Gf

χ.

the correlation network appears to have higher order of largest component
even for the same value of χ in the correlation network. From figure 5(b), it
can also be observed that before saturation, the largest component of Gf

χ has
significantly lower edge density χL. Comparing figures 5(a) and 5(b), we find
that the presence of market mode can result in more correlation relationship
(higher intra-connection of edges) among the stocks in the largest component
of the stock correlation network. Figures 6(a) and 6(b) respectively illustrate
the order of first and second largest component before and after the removal
of market mode from the stock correlation network. It can be seen that in
figure 6(a), as the edge density of the correlation network increases, the order
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of first largest component is always comparatively higher in comparison to the
order of second largest component. To investigate this result, the market mode
is removed in order to eliminate the influence of collective behavior of stocks
resulted by macroeconomic factor. We find that from figure 6(b), the result is
similar with figure 6(a), where majority of the network resides in the largest
component. Thus, we can deduce that the presence of one major component
is an intrinsic property of this market [6].

(a) (b)

Figure 6: The order of first and second largest component with respect to edge density (a)
before and (b) after removal of market mode from the correlation network structure.

4.4 Unbiased Local Assortativity and Classification

We denote qk as the excess degree distribution, where the excess degree is the
remaining number of edges of a vertex that one encounters when traversing a
randomly chosen edge. Then, ej,k is denoted as the joint probability distribu-
tion of excess degrees of two vertices that are joined at the opposite ends of a
randomly chosen edge. The assortativity of a network is [24]

r =
1

σ2
q

⎡
⎣∑

jk

jk(ej,k − qjqk)

⎤
⎦ (15)

where σq denotes the standard deviation of the excess degree distribution qk.
The sums

∑
j jqj or

∑
k kqk is equivalent to mean μq of the excess degree dis-

tribution. The assortativity r characterize the correlation between the degree
of vertices in the stock correlation network. If r > 0, the correlation is as-
sortatively mixed, implies that vertices with similar degree tend to connect
with each other. If r < 0, the correlation network is disassortatively mixed,
and this shows that vertices with dissimilar degree tend to connect with each
other in the network. If r = 0, there is no assortative mixing in the correlation
network. The unbiased local assortativity was introduced by Piraveenan et
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al. [25, 26, 27] to measure the contribution of each vertex to the overall net-
work assortativity and can be used to classify networks. In a stock correlation
network, the unbiased local assortativity of a vertex vi is:

�i =
j(j + 1)(k − μq)

2Mσ2
q

(16)

where j is the excess degree of vertex vi, k is the average excess degree of
neighbors of vertex vi, M is the number of undirected edges in the correlation
network, μq and σq are respectively the mean and standard deviation of qk

[25, 26]. The sign of local assortativity �i for a vertex vi is decided by the term
(k − μq), where if neighbors of vertex vi have higher average excess degree k
than the global average excess degree μq, then vertex vi is locally assortative,
showing that the vertex vi is surrounded by vertices that have comparatively
larger degree compared to other vertices in the network. If the global average
excess degree μq is higher than the neighbors average excess degree k, then vi

is locally disassortative. Hereinafter, the “unbiased” term is neglected and �i

shall be referred as local assortativity. The average value of local assortativity
for all the vertices in a given network with degree k is denoted as �(k). If N(k)
denotes the number of vertices with degree k in the correlation network, then
we have

r =
∑
k

N(k)�(k) (17)

The assortativity of the correlation network before and after the removal of
market mode is illustrated in figure 7. It can be seen that with the presence of
market mode, the correlation network is disassortatively mixed, where the ten-
dency of vertices with dissimilar degrees connecting with each other is higher.
However, when the market mode is removed, the correlation network become
assortatively mixed. To analyze the result locally, we present the average lo-

Figure 7: The variation of assortativity of the correlation network with respect to edge
density.
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cal assortativity profiles with respect to degree of vertices in figures 8 and 9.
We can see that after removal of market mode, near the region k ≈ 10 for
χ = 0.00164 and k ≈ 30 for χ = 0.0246, the average local assortativity of
vertices start to increase leading to larger degree hubs which are locally assor-
tative and hence (the contribution of local assortativity of large degree hubs)
results in the overall network of Gf

χ to become assortatively mixed. Meanwhile
in Gχ, the local disassortativeness of the larger degree hubs increase with k
and thus resulting the correlation network to become disassortatively mixed.

The correlation network with edge density χ = 0.00164 before (Gχ) and after
(Gf

χ) the removal of market mode are illustrated in figures 10(a) and 10(b)
where figure 10(a) illustrates the correlation network that are disassortative
with disassortative hubs and figure 10(b) illustrates the correlation network
that is assortative with assortative hubs. In some correlation network, stocks
with large degree tend to have “higher status” and “stronger market influence
power” [5, 6]. The local assortative profiles are able to tell us that if these
“higher status” hubs are locally assortative, this can means that they are
connected to each other. Otherwise, if the hubs are disassortative, they tend to
correlate with larger number of stocks with relatively lower degree. When the
edge density of the correlation network increases, the topological property of
these hubs will not be visually recognizable, however, the topological difference
between these hubs in the correlation networks can be distinguished with the
local assortativity profiles. Piraveenan et al. (2010) proposed that a complex
network can be classified into four classes, namely (i) Assortative networks
with assortative hubs (ii) assortative networks with disassortative hubs (iii)
disassortative networks with disassortative hubs (iv) disassortative networks
with assortative hubs. Real world networks in the class of (i), (ii) and (iii) had
been identified by Piraveenan et al.(2010).

From figures 8 and 9, it can be observed that the behaviors of the local assorta-
tive profiles appear to be unchanged when the edge density varies. We remark
the same behavior of local assortativity appear in correlation network at edge
density χ = 0.0327. We therefore can say that before the removal of market
mode, the correlation networks (for χ ≤ 0.0327) belong to class (iii) networks.
After the removal of market mode, they belong to class (i) networks. This
classification indicates that the disassortativity of Gχ and the locally disassor-
tativeness of the larger degree hubs in Gχ can be attributed to the influence
of the market mode.
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(a) (b)

Figure 8: The average local assortativity profile (a) before and (b) after removal of market
mode from the correlation network of χ = 0.00819.

(a) (b)

Figure 9: The average local assortativity profile (a) before and (b) after removal of market
mode from the correlation network of χ = 0.0246.

(a) (b)

Figure 10: The stock correlation network a)before and b) after the removal of market mode
when χ = 0.00164. The isolated vertices are not shown and the two largest assortative hubs
are labelled in figure b.
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5 Conclusion

In this article, we study the statistical properties of the eigenvalues of the em-
pirical correlation matrix and found that most of the eigenvalues falls within
the bounds of Random Matrix Theory. We also found that the distribution
components of eigenvector that corresponds to the largest eigenvalue deviate
from the Gaussian behavior. This observation appear to be consistent with
those that drawn from other stock market [13, 15]. We removed the market
mode from the stocks return and we construct a new stock correlation network
of Malaysian Stock Market based on the filtered stocks return. We found that
the mean value of correlation coefficients are shifted to smaller value. We also
show that the clustering property and high intra-connections of edges among
the stocks in the largest components of the correlation network are conse-
quences of the market mode. Before removing the market mode, the stock
correlation network belong to the class of disassortative networks with disas-
sortative hubs. After subtracting the market factor, the correlation network
turn into assortative networks with assortative hubs. The local assortativity
profiles helps to highlight the topological differences of large degree hubs in
respective correlation networks, and since the large degree stocks (hubs) play
important role in the stock correlation network [5], thus this technique can be
considered as an additional good tool for stock market research.

The authors are currently analyzing the time-lag cross-correlation networks
using directed network local assortativity profiles and the results will be re-
ported in future paper.
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