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Abstract-The structural change of financial network 

of S&P 500 around financial crises from 1998-2012 

with 6-months’ time window is investigated.  We 

construct a planar maximally filtered graph from 

correlations between companies. We calculate the 

average shortest path and clustering coefficient of 

the financial networks to observe the change of the 

network. We found the higher average shortest path 

before the crises and decreases over time until 

market enter calm state. However, the average 

clustering coefficient decreases in the beginning of 

the crises and increases with the intense of crises. 

The change of network structure can identify 

financial states which can be useful for portfolio 

investment. 

 

Indexed Terms-Correlation network, financial 

network, network properties, and planar maximum 

filtered graph. 

 

I. INTRODUCTION 
 

The research on financial market based on various 

network methodologies has come to spotlight in the 

last few years, and after the financial crisis of 2008–

2009 it has found more interest in the field. Different 

models and methods have been developed to extract 

the features of the network [1, 2]. For example, the 

topological phase transitions, the power-law property 

and the hierarchical structure of financial market 

networks are widely studied. The minimal spanning 

tree (MST) has been applied to financial markets 

such as the Dow Jones Industrial Average (DJIA) and 

S&P 500 [3]. The method of correlation networks has 

been applied to the structural transition of financial 

networks during a crisis in a local market [5]. The 

power law of the degree distribution function in the 

MST has been observed in the US stock market [6]. 

The network topology of the German stock market 

around the global financial crisis 2008 has gained lot 

of interest in recent years [7].Network structures of 

financial markets around the financial crisis have 

been observed to show substantial changes from large 

fluctuations in market dynamics [7-12].A topological 

change in the MST has been observed in the Warsaw 

stock exchange [7, 13].However, Tumminello et al 

have proposed that the planner maximally filtered 

graph (PMFG)is better option than the MST to 

construct network because the PMFG always 

contains the MST [4].The PMFG always contains 

more  information than the MST having less strict 

topological constraint allowing to keep a larger 

number of links [4, 16, 17].Some articles also use a 

threshold method to filter the financial networks but 

it fails to give a satisfying description of the 

topological stability [11].Here in this article, we 

apply a filtering procedure - PMFG to describe the 

network structure of the financial network and 

properties of that network  to observe the change of 

the network around the time period of financial crisis. 

 

II. MATERIALS AND METHODS 
 

A. Data Sets 

The closing levels of stock indices are the best 

indicators to give information about the stock market 

fluctuations in a day. So, we have considered closing 

stock prices to analyze the US stock market. We 

analyzed the daily closing prices of 377 stocks from 

the S&P 500 from 1998 to 2012. These 377 

companies survived in the market during this period. 

Six-months moving time window is considered to 

calculate the cross-correlations. In these periods, 

different kinds of crisis have introduced themselves 

to affect the market. For example, there was the 

Russian crisis (1998), the September 11 attacks in 
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2001, the downturn of stock prices from 2000 to 

2002 due to the so-called dot-com bubble, the 

subprime mortgage crisis in 2007, the global 

financial crisis in 2008, and the European sovereign 

debt (ESD) crisis in 2011. 

 

B. Correlation Analysis 

The daily return of i
th

 stock index on day t, Ri t , is 

defined as  

   Ri t = ln Ii t  − ln⁡[Ii(t − 1)],       (1)                 

 

WhereIi t  is the closing price of a stock index i on 

day t.  The normalized return for the index is defined 

by        

 

ri t = (Ri t −< Ri >)/σi .                           (2) 

 

Here σi  is the standard deviation of time series of the 

index i and the averages < ⋯ > are taken over a 

given time horizon T (approximately 125 days). 

Then, the Pearson correlation matrix C is calculated 

from the return time series for 377 stocks over the 

period T as  

 

Cij =< ri t rj t > −< ri t >< rj t >,  (3)       

 

Which represents the cross correlation between 

returns for each pair of stock i and j. 

 

C. Planar Maximally Filtered Graph 

A planar maximally filtered graph (PMFG) is a 

weighted planar graph. The minimal skeleton during 

the formation of MST excludes many links which can 

leads to loss of valuable information. To minimize 

this loss of information, Tumninello et al proposed a 

method by iteratively connecting the most similar 

nodes until the graph can be strung into a surface 

having genus g=k. For g=0, it is called Planar 

Maximum Filtered Graph [4]. The genus is a 

topologically invariant property of a surface defined 

as the largest number of non-intersecting simple 

closed curves that can be drawn on the surface 

without separating it. Roughly speaking, it is the 

number of holes in a surface. Simply, the PMFG is 

the extension of the MST that contains more 

information. Its sub graphs (cycles) have important 

relationship to original data. The PMFG has a richer 

information content than the MST with a larger 

number of edges (the PMFG has 3p − 6edges, while 

the MST hasp − 1, where p is the number of vertices) 

and contains of 3- and 4-cliques. 

 

III. RESULT ANALYSIS 

 

A. Average Cross-correlation:  

 

 

Fig.1 Average Cross-correlation (1998-2012) 

In Fig. 1 we present the average cross correlation 

from year 1998 to 2012. In the 2
nd

 half of 1998, the 

average correlation is bigger than previous period due 

to Russian crisis. After the Russian crisis, the 

correlation is decreased in 1999 and almost 

unchanged from 2
nd

 half 1999 to 2000. The level of 

correlation is increased from 2001 to 2002 due to the 

September11 attack and dot-com bubble. After the 

dot-com bubble, the correlation is decreased until 2
nd

 

half of 2003. No significant change in the average of 

the correlation was observed in 2004-2006. The level 

of correlation is increased in 2007-2008 due to the 

mortgage crisis and global financial crisis.  After 

temporarily stabilizing in 2009, the average of 

correlation is raised again in 2010-2011 due to 

European sovereign debt crisis. In 2012, the 

correlation is decreased again, which implies that the 

market is going to recover. 

 

B. Network Structures 

We observed the organization of the nodes in the 

PMFGs during the different crucial time periods of 

the financial market. In Fig.2 (a) we show the 

structure of the PMFGs for the last 6 months of year 

2000 using 100 nodes. We select 100 nodes to show 

the structure of network explicitly. The year 2000 is 

assigned in the beginning of the ‘dot-com’ bubble. 
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There is no big cluster near the center of the graph. 

Rather there are small clusters quite away from each 

other throughout the network. The significant nodes 

which make small clusters are Citrix systems (CTXS) 

and Applied Materials Incorporation (AMAT). They 

are located in the branch of information technology. 

This bubble was on companies of communication 

sector and the hub nodes of the clusters were found 

on that sector.  

 

 
(a) 

 

 

(b) 

 

Fig 2. The PMPG in two selected periods (a) PMFG, 

2
nd

 6 months of 2000, (b) PMFG, 2
nd

 half of 2008 

 

The structure of the PMFGs for the 2
nd

 half of 2008 

are drawn in Fig 2(b) where the network structure is 

remarkably altered. The structures of the PMFGs in 

these periods are quite different from other periods. 

There are few dominant nodes in the network. The 

largest hub node is Du Pont which is included in the 

sector of material. The secondary hub node is Adobe 

system Inc (ADBE).   

C. Network Properties 

Here we have discussed about two network properties 

of PMFG- Average Shortest Path Length and 

Clustering Coefficient to observe the change of the 

network 

 

a) Average Shortest Path Length 

The average shortest path length in a network can be 

expressed as [18] 

𝑙  =
1

𝑁 𝑁−1 
 𝑙𝑖𝑗𝑖,𝑗

𝑖<𝑗

,   (4) 

Where𝑙𝑖𝑗  is the shortest path length between nodes i 

and j. Fig.3 shows the average shortest path length 

for PMFG with evolution of time. Three prime crises 

are shown in three boxes respectively. The mean 

shortest path lengths for PMFG are higher in the 

beginning of ‘dot-com bubble’ which imply that the 

networks became chain-like. After that, the mean 

shortest path length decreased and the lowest value is 

found in the 1
st
 half of 2003 which indicates that a 

given node can be reached from the other nodes with 

a very small number of steps and consequently, the 

networks are clustered. Although, the average 

shortest path length is decreased during subprime 

mortgage crisis, it turns up just before global 

financial crisis. The average shortest path length falls 

a bit during global financial crisis in 2
nd

 half of 2008, 

it implies that the networks are not clustered as like 

as other crises. The mean shortest path length is seen 

higher value before European sovereign debt crisis 

and decreased over time. It implies that the 

companies are making clusters with the intense of 

crisis. After that, the mean path length of PMFG is 

almost unchanged.  

 

 

Fig 3: Average Shortest Path Length 
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b) Clustering Coefficient 

The clustering coefficient of a node i is defined as  

 𝐶𝑖 = 2𝑚𝑖/𝑛𝑖(𝑛𝑖 − 1)      (5) 

Where𝑛𝑖  denotes the number of neighbors of the 

vertex i and 𝑚𝑖  represents edges between neighbors 

of the vertexi. The clustering coefficient 𝐶𝑖 is 

equivalent to 0if 𝑛𝑖 ≤ 1the average change of 

clustering coefficient of nodes is observed with 

evolution of time for PMFG shown in fig.4. The 

average clustering coefficient became smaller in the 

beginning of the ‘dot-com bubble’ and gradually 

increased over the time. The lower values of 

clustering coefficient imply that there are small 

clusters in the network. The peak value is found in 

the first half of 2003 when ‘dot-com bubble’ became 

intense in the market. It implies that the network 

contains some big groups near to center. The average 

clustering coefficient became lower before the crises 

and increased during crises which are shown in fig.4 

by solid box. 

 
 

Fig 4: Average Clustering Coefficient 

 

 

VI. CONCLUSION 

The dynamical changes of planar maximally filtered 

Graph constructed from correlation matrix are 

observed for S&P500. In the beginning of ‘dot-com 

bubble’, the average shortest path is higher which 

indicate that the network is chainlike. The chainlike 

structure becomes star like with the intense of crisis 

seen by lower average shortest path. The average 

clustering coefficient is lower in the beginning of the 

crisis and increases until market enter calm state. The 

drastic change of PMFGs is found during Russian 

crisis in 1998, around ‘dot-com bubble’ of 2000 and 

after global financial crisis. The observation of the 

network properties can be used to identify the rapid 

change of the market state which can be helpful to 

examine the market movement. 

 

ACKNOWLEDGMENT 

 

This research received fund from University Grants 

Commission research fund, budget code- 5921. 

REFERENCES 

[1] G. Cao and Y. Han, "Stock market network's 

topological stability," Int. J. Mod. Phys. B 29, p. 

1450236, 2015. 

[2] Wang, Y. J. a. Feng, Q. Y. a. Chai and L. He, 

"Structural evolutions of stock markets controlled 

by generalized entropy principles of complex 

systems," Int. J. Mod. Phys. B 24, p. 5949, 2010. 

[3] R. N. Mantegna, "Hierarchical structure in 

financial markets," Eur. Phys. J. B 11, pp. 193-

197, 1999. 

[4] M. Timminello, T. Aste, T. D. Matteo and R. N. 

Mantegna, "A tool for filtering information in 

complex systems," PNAS 102, p. 1041, 2005. 

[5] J. P. Onnela, A. Chakraborti, K. Kaski, J. Kertesz 

and A. Kanto, "Dynamics of market correlations," 

Phys. Rev. E 68, p. 056110, 2003. 

[6] N. Vandewalle, F. Brisbois and X. Tordoir, "Non-

random topology of stock markets," Quant. 

Finance 1, pp. 372-374, 2001. 

[7] A. Sienkiewicz, T. Gubiec, R. Kutner and Z. R. 

Struzik, "Structural and topological phase 

transitions on the German stocks exchange," Acta 

Phys. Pol. A, p. 123, 2013. 

[8] G. Oh, C. Eom, F. Wang, W. S. Jung, H. E. 

Stanley and S. Kim, "Statistical properties of 

cross-correlation in the Korean stock market," 

Eur. Phys. J. B 79, pp. 55-60, 2011. 

[9] D. M. Song, M. Tumminello, W. X. Zhou and R. 

N. Mantegna, "Evolution of worldwide stock 

markets, correlation structure, and correlation-

based graphs," Phys. Rev. E 84, p. 026108, 2011. 

[10] S. Kumar and N. Deo, "Correlation and network 

analysis of global financial indices," Phys. Rev. 

86, p. 026101, 2012. 

[11] W. Q. Huang, X. T. Zhuang and S. Yao, "A 

network analysis of the Chinese stock market," 

Physica A 388, p. 2956–2965, 2009. 



© JUL 2019 | IRE Journals | Volume 3 Issue 1 | ISSN: 2456-8880 

IRE 1701416          ICONIC RESEARCH AND ENGINEERING JOURNALS 233 

[12] A. Namaki, A. H. Shiraz, R. Raei and G. R. 

Jafari, "Network analysis of a financial market 

based on genuine correlation and threshold 

method," Physica A 390, p. 3835–3840, 2011. 

[13] M. Wilinski, A. Sienkiewicz, T. Gubiec, R. 

Kutner and Z. R. Struzik, "Structural and 

topological phase transitions on the German stock 

exchange," Physica A 392, p. 5963, 2013. 

[14] Z. Zheng, K. Yamasaki, J. N. Tenenbaum and H. 

E. Stanley, "Carbon-dioxide emissions trading 

and hierarchical structure in worldwide finance 

and commodities markets," Phys. Rev. E 87, p. 

012814, 2013. 

[15] Ashadun Nobi and Jae Woo Lee, "Systemic risk 

and hierarchical transitions of financial 

networks," Chaos 27, p. 063107, 2017. 

[16] T. Aste, Di Matteo T and Hyde ST, "Complex 

networks on hyperbolic surfaces," Physica A 346, 

2005. 

[17] T. Aste, "An algorithm to compute Planar 

Maximally Filtered Graphs (PMFG)," 2012. 

[18] Ye, Q. a. Wu, B. a. Wang and Bai, "Distance 

distribution and average shortest path length 

estimation in real-world networks," in 

International Conference on Advanced Data 

Mining and Applications, Springer, 2010, pp. 

322-333. 


