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Daily correlations among 322 S&P 500 constituent stocks are investigated by means of correlation-based
(CB) network. By using the heterogeneous time scales, we identify global expansion and local clustering
market behaviors during crises, which are mainly caused by community splits and inter-sector edge
number decreases. The CB networks display distinctive community and sector structures. Graph edit
distance is applied to capturing the dynamics of CB networks in which drastic structure reconfigurations

can be observed during crisis periods. Edge statistics reveal the power-law nature of edges’ duration
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time distribution. Despite the networks’ strong structural changes during crises, we still find some long-
duration edges that serve as the backbone of the stock market. Finally the dynamical change of network
structure has shown its capability in predicting the implied volatility index (VIX).

© 2015 Elsevier B.V. All rights reserved.

1. Introduction

Recent subprime mortgage crisis has attracted very much at-
tention on studying the relationship between financial market
structure and economic crises [1-10]. Apparently new studies are
needed towards such a purpose [11]. Benefiting from the works on
correlation-based (CB) network of financial asset return time se-
ries [12-16], we can apply the methodology of network theory [17]
to analyzing the financial market.

As a powerful tool to understand the properties of stock re-
turn time series [12], the CB network method facilitates the stock
market research by techniques of complex network analysis [18].
Some useful methods to construct CB networks are minimum
spanning tree (MST) [12,19-21], threshold cutting procedure (the
winners-take-all strategy) [22-25], planar maximally filtered graph
(PMFG) [14], dependency network [26,27], bootstrap method [28],
etc.

The researches on extreme events and economic crises have
been very intriguing. Black Monday crash has been analyzed by
means of asset tree with MST method. The shrink in asset tree
length and degree distribution difference are observed after the
crash [20]. The asset tree research on financial indices also reveals
the topological structure changing from star-like to chain-like dur-
ing crisis [5]. The principal components analysis indicates an in-
crease in the strength of the relationship between several different
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markets during subprime mortgage crisis [2] and is also employed
as a measure of systemic risk [29,30]. By analyzing the eigenvalues
and eigenvectors of correlation matrices, direct links between high
volatility and strong correlations can be recognized, which means
the market tends to behave like the one during big crashes [3]. Re-
gression techniques have been used to identify the strong cluster-
ing behavior distributed by geographic differences [31] for stocks
from different countries and sectors. A newly introduced measure
named sector dominance ratio is capable of capturing the eco-
nomic sectoral activities [32]. The main information that can be
inferred from the previous works mentioned above is that the clus-
tering and correlation strengthen behaviors that can be observed
during crises. However, detailed information about structure and
dynamics of stock market in times of crisis is still lacking.

Here in this article, we aim at exploring the detailed structure
and dynamics of stock market during crisis periods from the as-
pect of CB networks with planar maximally filtered graph (PMFG)
method [14].

We investigate the correlations among 322 S&P 500 constituent
stocks by using the stocks’ daily adjusted closure price return time
series between January 1994 and January 2014. In order to filter
the influences of economic crises, we first use the entire historical
data records (heterogeneous time scales) to calculate the corre-
lation coefficients between pairs of stocks. The PMFG method is
then adopted to construct CB networks, which yields very clear
modular structures. We argue that the heterogeneous time scales
can characterize the slow dynamics of the market [33] by reduc-
ing the fluctuations more efficiently as compared to the traditional
truncated method. We hereby identify two of the most serious
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crisis periods of US stock market during recent twenty years, dot-
com bubble and subprime mortgage crisis. We observe very similar
trends of the market during these two periods. Namely, the cluster-
ing coefficients and the shortest-path lengths are always positively
correlated under almost all time scales ranging from 1 month to
100 months, as well as under the heterogeneous time scales. The
key result obtained from the PMFG topological analysis is that
during the crisis periods both shortest-path length and clustering
coefficient increase, a clear signal of global expansion and local
clustering behaviors. This finding can be well explained by network
community detection [34] and sector relationship networks. The
community splits and decline of the overlap between communities
have been unfolded during the crisis periods. It has been noticed
that the inter-sector edge decrease and the intra-sector edge in-
crease happen simultaneously. The statistical quantities such as
modularity of PMFGs and the edges of the sector relationship net-
works have been used to evaluate the structural evolution. We
then use graph edit distance [35] and edge statistical analysis to
investigate the dynamics of PMFGs. There exist abrupt increases
in edit distance at the onset time points of crises. We show that
the edges’ duration time follows a power-law distribution. A set
of edges with very long duration time have been observed which
serve as the backbones of the stock market. As an illustration of
applications of our results, the successive edit distance has proved
to Granger cause the implied volatility index (VIX). The successive
edit distance is capable of helping predict the implied volatility.
We further use the cross correlation analysis to study the corre-
lation between successive edit distance and VIX. It turns out that
VIX is similar to successive edit distance in the previous month.

The paper is organized as follows. In Sec. 2, we describe the
data, the methodology and the selection of proper time scales
by using different quantities in both short and long time scales.
In Sec. 3, we analyze the evolution of topology parameters of
CB networks under the heterogeneous time scales. We also show
the topological structural evolution filtered by PMFG method. In
Sec. 4, we discuss the community and sector structural evolution.
In Sec. 5 we analyze the dynamics of PMFGs by means of edit dis-
tance, as well as the statistical properties of edges. In Sec. 6 an
application of our results is demonstrated. The last section is dis-
cussion and summary.

2. Data, correlation-based networks, and time scales
2.1. Data

Our data sets include 322 stocks (see Appendix A). They are
the constituent stocks of S&P 500 between 1st January 1994 and
1st January 2014. We adopt the logarithm return defined as

ri(t) =Inp;(t+1) —Inp; (), (1)

where p;(t) is the adjusted closure price of stock i at time t.
We then compute the mutual correlation coefficients between any
pair of return time series at time t by using the past return
records sampled with different length A ranging from 1 month
to 100 months (amounting to nearly 2500 trading days). Following
Ref. [20] one can evaluate the similarity between stocks i and j at
time t with the Pearson correlation coefficient by,

a (RERY) — (RE)(RL)
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where A is the estimation interval, and {...) is the sample mean
over co-trading days of stocks i and j in the logarithm return se-
ries vector Rg ={ri(t)} and Rs. = {r;j(t)}. Then we obtain the N x N

(2)

matrix Ct2 at time t with estimation interval A, and N is the
number of stocks. The matrix entries of C-2 are the correlation
coefficients pfj’A between all pairs of stocks.

2.2. Correlation-based networks and time scales

The planar maximally filtered graph (PMFG) method [14] is em-
ployed to construct networks based on the correlation matrices
CH4. The algorithm is implemented as follows,

(i) Sort all of the pfj‘A at time t with time scale A in descending
order to obtain an ordered list Isop¢.

(ii) Add an edge between nodes i and j based on the order in
Isore only if the graph is still planar after edge addition.

(iii) A graph, G5*(V, E), is formed with NUMS™Ee — 3(N — 2)
edges under the constrain of planarity.

As described in Ref. [14] PMFGs not only keep the hierarchical
organization of minimum spanning tree (MST) but also generate
some cliques. We calculate the basic topological parameters such
as clustering coefficient C, shortest-path length L, as well as av-
erage correlation coefficient p. In addition, we adopt a quantity
y [36] to measure the heterogeneity of PMFGs, whose definition is
given by,

N -2 (kikj)~1/2
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where k; is the degree of vertex i.

The magnitude of A is crucial for analyzing the dynamics of
financial market [33,37,38]. Short estimation interval is suitable
for analysis of fast dynamics but with relatively large statistical
uncertainty [33]. This means the influence of financial crises on
structure of CB networks could be indistinguishable under im-
proper estimation intervals. In Figs. 1 and 2 we present the in-
fluences of different estimation intervals varying from 1 month
to 100 months via the evolution of four quantities p, C, L and
y. Here we only show four quantities during the time window
from January 1999 to January 2014. If the time window is en-
larged, the estimation interval cannot be extended to 100 months.
We notice that when the estimation interval is shorter than 10
months, the fast dynamics can be observed. With the increase of
A, fluctuations of quantities decrease and the influences of ma-
jor economic crises can be recognized. The influences of small
shocks will be smeared out under large estimation intervals. We
use different slide window sizes in Figs. 1 and 2, which is 1 week
and 1 month respectively. This setting is a tradeoff between ac-
curacy and computation load due to the algorithm complexity of
planarity test [39]. When the estimation interval is large, slow dy-
namics will dominate the evolution of those quantities. So larger
slide window size is more proper for capturing the evolution of
the market under larger time scales. In Figs. 1 and 2, the aver-
age correlation p behaves very differently during dot-com bubble
and subprime mortgage crisis. No abrupt increase of average cor-
relation can be observed during dot-com bubble even under very
short estimation intervals. This might be caused by the bankruptcy
of many internet companies during dot-com bubble. However, p
increases very fast at Lehman’s failure in September 2008. The
clustering coefficient C and shortest-path length L show clear sig-
nals about major crises under estimation interval larger than 60
months in Fig. 2.

Figs. 3(a)-(d) are the topological structures of PMFGs under
different estimation intervals at 01\01\2014. The Fruchterman-
Reingold layout [40] has been used to demonstrate the structures
of networks. Stocks from different sectors do not show clear struc-
tures under estimation interval from 10 months to 100 months.
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