
Investigation of Cluster Structure in the London Stock Exchange
RICARDO COELHO, PRZEMYSLAW REPETOWICZ, STEFAN HUTZLER AND PETER RICHMOND

School of Physics, Trinity College, University of Dublin

INTRODUCTION

Since the last decade, many physicists have applied techniques of statistical physics to
the study of economics and finance [1, 2, 3]. A mathematical theory of ensembles of ran-
dom matrices that are subject to certain invariance properties (Random Matrix Theory
[4]) that first served as a tool for describing interactions in Nuclear Physics has provided
inspiration for the investigation of correlations in multi-variate Time Series. Our objec-
tive is to model multi-variate series of stock returns as simple random moving average
models and, in addition to that, estimate the underlying correlation matrix in the series.
First we analyze a portfolio of stocks from FTSE100 by computing the sample correlation
matrix, we define a metric in the space of time series and we construct a Minimal Span-
ning Tree that shows us how different companies are linked with each other. Then we
generate uncorrelated time series, construct their MSTs and compare the results to the
former ones. Finally we fit the FTSE series to the FTSE index benchmark by mean square
regression and we compare the MST structure to previous results.

1 Taxonomy of the Market
Our main point is to detect similarities between stocks. So, comparing the time series of
log-returns, we study the sample correlation coefficient between pairs of stocks. From
these correlations we can compute a distance, for each pair, that will help us to construct
a network with links between stocks.

1.1 Correlations
The sample correlation coefficient is a relation between the time series of different stocks:
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√

(

< R2

i > − < Ri >2
)

(

< R2

j > − < Rj >2

)

where Ri(t) = lnPi(t) − lnPi(t − 1) is the logarithmic return and Pi(t) the daily closure
price of stock i at time t. The sample correlation coefficients can vary between −1 ≤
ρij ≤ 1, where −1 means completely anticorrelated and +1 completely correlated. When
ρij = 0 the stocks i and j are uncorrelated. This coefficients form a symmetric N × N

matrix where the diagonal elements are equal to 1 (ρii = 1).

1.2 Distances
A metric distance, introduced by Mantegna [5], is very useful to our study of the tax-
onomy of market. This distance is determined from the Euclidean distance between
vectors, that are the time series of logarithm returns −→

Ri. The log-returns are assumed
to be independent, identicaly distributed random variables with mean zero and a finite
variance. In this case the sample correlation coefficient is an unbiased estimator of the
population correlation coefficient. We do not investigate problems related to estimators
of correlation coefficients in multi-variate distributions with infinite second moment. We
normalize each time series:

R̃i =
Ri− < Ri >

σRi

The distance is represented by dij = |R̃i − R̃j|. If we consider:

d2

ij = |R̃i − R̃j |
2 = |R̃i|

2 + |R̃j |
2 − 2R̃i · R̃j = 2 − 2ρij

where ρij = R̃i · R̃j , we have a relation between the distance of two stocks and their
sample correlation coefficient:

dij =
√

2(1 − ρij)

This distance has values between 0 ≤ dij ≤ 2. Small values mean strong correlations
between stocks. Each distance is part of a matrix of distances with the same properties
as the correlation matrix.

1.3 Minimal Spanning Trees
The distance matrix is now used to construct a network with the essential information of
the market. This network is a Minimal Spanning Tree (MST), where nodes and edges are

stocks and distances between them, respectively. The MST has N − 1 edges, connecting
N stocks, such that the sum of all distances (tree length) is minimum. We use the Prim’s
algorithm [6] to compute the MST. The portfolio investigated here is composed of 67
stocks from FTSE100 with time series length of about 9 years (2322 days) from August
1996 until June 2005. Figure 1 represents the MST.
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Our portfolio has 9 different Economic Groups that we represent with a different color:
Resources (blue), Basic Industries (black), General Industrials (brown), Non-cyclical Con-
sumer Goods (yellow), Cyclical Services (red), Non-cyclical Services (orange), Utilities
(magenta), Financials (green) and Information Technology (gray). As can be seen in the
MST, different stocks from the same Economic Group cluster together and the Financial
Group (green), that has all stocks linked together, works as the backbone of this network.
The distribution of number of neighbours of stocks show that some stocks have a few
links but others have up to 8 links.

2 Random Trees
If we model the returns as random numbers from a specific distribution, we can compute
the correlations, distances and trees for this random series. Our first approach was to
consider returns as random variables from a Gaussian distribution [7]. So, using the
mean value of each real time serie and the specific variance, we compute our random
series:

Ri(t) = µi + εi(t)

where µi is the mean and εi(t) is the stochastic variable from a Gaussian distribution with
variance σi. The MST for this random time series is represented in Figure 2.
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This MST doesn’t show any cluster, the stocks are distributed randomly in the network
and there is not any stock with more than 4 links. To change this, and trying to create
random time series with more real characteristics we introduce a control term (the return
of FTSE Index):

Ri(t) = αi + βiRm(t) + εi(t)

where αi and βi are real parameters (estimated by the least square method), Rm(t) is the
market factor (return of FTSE Index) and εi(t) is the stochastic variable from a Gaussian
distribution with variance σi. This model is known as the Market Model [8]. The MST
for random time series created with the Market Model is represented in Figure 3.

ABF

ALLD

AZN

BA.

BAA

BARC

BATS

BAY

BG.

BNZL

BOC

BOOT

BP.

BSY

BT.A
CBRY

CPI

CW.

DGE

DMGT

DXNS

EMA

ETI

GSK

GUS

HAS

HNS

HSBA

III

JMAT

KGF

LAND

LGEN

LII

LLOY

MKS

MRW

NGT

NXT

OML

PRU

PSON

RB.

RBS

REX

RIO

RR.

RSA

RTO

RTR

SBRY

SCTN

SDR

SGE

SHEL

SHP

SN.

SPW

STAN

SVT

TATE

TSCO

ULVR

VOD

WOS

WPP

WTB

Pajek

This network is completely different from the other random one, here we can see that
the stocks from the Financial Group (green), that are all linked together, still work as the
backbone of the network. However, the presence of 6 nodes with up to 13 links does not
reflect the topology shown in real data.

3 Conclusions
• The FTSE time series cannot be approximated well by uncorrelated multivariate

Gaussian distributions.

• The market factor (Capital Asset) does not provide a satisfactory description of the
series in terms of topology of the MST, although it reproduces some clustering of
related stocks.

• Time series with infinite variance cannot be studied with this technique. New tools
need to be developed.

• This work provides inspirations for novel techniques of parameter estimation in
multi-variate time series with finite variance.

• For the investor, MST provide a useful tool for portfolio optimization.
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