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A large set of daily FOREX time seriesis analyzed. The corresponding
correlation matrices (CM) are constructed for USD, EUR and PLN used
as the basecurrencies. The triangle rule is interpreted as constraints re-
ducing the number of independert returns. The CM spectrum is computed
and comparedwith the casesof shued currenciesand a ctitious random
currency taken as a base currency. The Minimal Spanning Tree (MST)
graphs are calculated and the clustering e ects for strong currencies are
found. It is showvn that for MSTs the node rank has power like, scalefree
behavior. Finally, the scaling exponerts are evaluated and found in the
range analogousto thoseidenti ed recertly for various complex networks.
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1. Intro duction

Analysis of correlations among nancial assetsis of great interest for
practical, as well as for fundamertal reasons. Practical aspects are mainly
related to the theory of optimal portfolios [1]. The theoretical interest results
from the fact that sudh study may shedmore light on the universal aspects
of complex systemsorganization. The world currency network can de nitely
be consideredas complex.

In this paper we analyzedaily FOREX (FX) time seriesof 60 currencies
(including gold, silver and platinum) from the period Decenber 1998 May
2005, provided by University of British Columbia [2]. The 5 Iter was
applied to avoid spikesdue to errors.
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return Gj(t) as

Xj(t+ ) xi(t) .
Xi(t) '

wherethe return time is alsocalled the time lag. The normalizedreturns,
gi(t) are de ned as

Gi(t) = Inxi(t+ ) Inxi(t)"

(1)

[Gi(t) hGi(t)ir].

(Gi) ’
whereh ::it denotesaveragingover variable t with the averagingwindow T
and (G;j) is the standard deviation (volatilit y) of G;.

The stock market time seriesx;(t) are always expressedn terms of the
local currency. Howewer, for the FX data we have excdhangerates, instead.
Denoting currenciesby n consecutie capital Latin letters A; B;C;::: the
correspnding FX data x;(t) can be expressedastheir quotients: xag (t) =
A(t)=B(t). Neglecting friction causedby fees(this is usually negligible in
open market transactions) one obtains two types of constraints among n
currencies

a(t) = 2

AM BM _,. AWM BO CO _ . -
B() A() ' B() C() AR)

where the secondconstraint is called the triangle rule [3]. Egs. (3) can be
rewritten in terms of returns that givesthe following idertities

Gas (1) Ggal(l);
Gas (1) + Ggc(t) + Gea(t) = O:

(4)

For n currenciesthere are in principle n(n 1) possibleexchangerates
x(t) and correspnding returns G(t). Due to the rst of Egs. (3) half of
them are simply related to the remaining values. The triangle e ect can
be shawn to give additional (n 1)(n 2)=2 independert constraints. This
leavesuswith (n 1) independert exchangerates and returns for n curren-
cies,i = 1;:::;n 1. One currency can be chosenas a referencecurrency
(denominators) and we shell call it the base currency. Taking di erent cur-
renciesasthe basecurrencyonecanobtain adi erent picture of the market
though in principle all thesepictures should cortain the sameinformation.

In this paper we construct correlation matrices (CMs) for the FX time
seriesand the corresponding Minimal Spanning Trees(MSTSs). Finally, the
scalefree distribution of node multiplicit y is found and the correspnding
scalingexponerts are estimated. The complexnetwork approad seemgo be
oneof the most promising do dealwith suc extremely complicated systems,
aswas suggestedrecertly [4,5].
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2. Correlation matrices

The correlation matrix (CM) Cj; is de ned in terms of returns (1) as

MGi(1)G (it hGi(D)ithG; ()it |
(Gi) (Gj)

The (symmetric) correlation matrix can also be computed in terms of the
normalized returns. To this end one has to form N time seriesfg;(to),

Cj = )

rectangular matrix M . The correlation matrix (5) can be written in matrix
notation as

C [C]j = %M 1 ; (6)

wheretilde, 1 stands for the matrix transposition. To avoid arti cial re-
duction of the rank of this matrix, one should have su cien tly large time
window for averaging: T N.
By construction the trace of a correlation matrix equalsto the number
of time series
TrC = N: (7

When someof the time seriesbecomestrongly dependert, zero eigervalues
emerge(zero modes).

The eigenspectrum of CM for USD, EUR and PLN asthe basecurrency
is plotted in Fig. 1. For comparison,two additional setsof time serieswere
generated. As the rst one, the USD basedtime serieswere taken and all
of them were randomly and independertly shued. This setis denoted as
(rnd). As all time correlationsare destroyed the case(rnd) is clearly di erent

Fig. 1. Eigenspectra of correlation matrices for USD, EUR, PLN, shued USD and
arandom ctitious currency taken asthe basecurrency, respectively.
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than all other cases. In particular, it is very closeto the random matrix
spectrum, where the theoretical upper and lower limit for the spectrum is
given by [6]

1 2 1 2
in=1+ — ; =1+ -+ :
min 1 q ﬁ—q ) max = 1 q }3_6 ) (8)
whereg= T=N. In our caseEq. (8) gives min = 0:67and mnax = 141 in
perfect agreemeh with the plot.

In the secondcase,a ctitious currencywasgeneratedwith returns iden-
tical to Gaussianuncorrelated noise and it was used as the base currency
for our time series.In this casetime correlations of all other real currencies
werepresenedand it is denotedas ctitious (ct). The CM spectrum here
is qualitativ ely similar to real currencies.

For the real currenciesthe maximal eigervalue is smallestfor USD, larger
for EUR, much larger for PLN and the largest for a ctitious random cur-
rency taken asthe basecurrency, respectively. The magnitude of separation
of the largest eigervalue from ,ax canbe considereda measureof collectiv-
ity of the underlying dynamics|[7]. Similar e ects are obsened for the stock
market correlations [8].

3. Minimal Spanning Tree graphs

Looking at large numerical matrices is not very enlightening. Instead,
there are useful visualizations that can be usedfor their analysis. In par-
ticular, the Minimal Spanning Treesthat were introduced in graph theory
long ago [9,10] and later rediscovered seweral times [11,12]. Recerily they
were applied to analyzethe stock correlations [13]. Here, to draw the MST
graph the following metric has beenproposed

q___
di;j) = 20 GCj): €)

Nodes correspnding to assetswith the closestcorrelation coe cien ts are
successiely linked with a line. As a result one obtains a tree-like connected
graph. The corresppnding MST graphsfor USD, EUR and PLN are shavn
in Figs. 2 4, respectively. In Fig. 2 USD is absen and one can seenodes
with relatively small degree(small number of links). On the other hand,
for EUR taken asthe basecurrency (Fig. 3) we have two large clusters
USD and SAR cluster, both with high degree. The SAR cluster is presen
becauseof the strong coupling of both currencies,USD and SAR. The latter
currency is articially xed to USD. In Fig. 4 PLN is taken as the base
currency. Here, we have a larger USD cluster and smaller clusters, including
the EUR cluster. The picture hereis in a senseintermediate.
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Fig. 2. Minimal Spanning Tree for USD as the basecurrency. In absenceof USD
only moderate size clusters are visible.

Fig. 3. Minimal Spanning Tree for EUR asthe basecurrency. USD and SAR are
in certral positions of two large clusters.
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Fig. 4. Minimal Spanning Tree for PLN as the base currency with large USD
cluster. Modest EUR cluster in the left part of the graph.

Fig. 5. Minimal Spanning Tree for shu ed time series.
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We have also plotted MST for the correlation matrix with the USD as
the base currency, but all the corresponding currency return time series
are shued independerily (Fig. 5). In this caseall time correlations are
killed. This correspndsto the (rnd) spectrum in Fig. 1. In this caselarger
clustersare absen, asonecanexpect. Finally, for a ctitious (ct) randomly
generatedcurrency (a prototype of a currency whosedynamicsis completely
disconnectedfrom the rest) asthe basecurrency one obtains MST graph as
in Fig. 6. Here, its structure is qualitativ ely similar asfor PLN taken asthe

basecurrency. This similarity even on a more quartitativ e level can be seen
from Fig. 1.

Fig. 6. Minimal Spanning Tree for a ctitious Gaussiancurrency as the basecur-
rency.

4. Power lik e scaling and conclusions

Becausewe have usedconsiderablylarge number of currenciesit is possi-
ble to estimate the integrated distribution of the nodes' degreefor all plots.
The most interesting question is the type of this distribution. For complex
networks it has beenfound that thesedistributions usually have scalefree
power like scaling. Indeed, we have found good power like scalingin all cases
exceptfor the shued case,whereall time correlations are wiped out. The
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log log plot of the integrated probability distribution for the nodes' degree
(multiplicit y) is plotted in Fig. 7. The corresponding dashedlines represen
the power like ts. The numerical data are listed in Table I. In addition
to the scaling exponert, , its standard error, relative error and Pearsons
r-coe cient are given. Except the shu ed case,standard error is of order
of a few percent and the r-coe cien t is > 0:97. This suggestsa good power
like scaling. The largesterror is for USD. In this case,power like t seemgo
be not sogood. For the shued case,wheretime correlations are wiped out,
one cannot seea power like scaling at all. The caseof currenciesexpressed
in terms of the USD seemsto interpolate between the scale free and the
shued cases.This may re ect the strong independenceof the US currency.

[integrated probability]

[multiplicity]

Fig. 7. Integrated probability distribution of nodes' multiplicit y for the Minimal
Spanning Treegraphs (Figs. 2 6). The linear ts are represeried by corresponding
dashedlines.

Numerical resultsfor all ts canbefoundin Tablel. It is worth to notice,
that, exceptthe shued case,for all caseswe have obtained the scaling ex-
ponert in therangel< < 2 (with averagecloseto 1.6), the samerangeas
for the nite averagelévy stabledistributions [14]. What is moreimportant,
with rare exceptions, these exponerts are similar to those found in di er-
ent complex networks, such as WWW pages( = 1:.4), physical internet
networks with nodesrepreseiing hosts (1.38), routers (1.18) and peer-to-
peernetworks (1.19), protein protein interaction network in the yeast(1.4),
metabolic reactionsnetwork (1.15), movie actor collaboration network (1.3),
phonecalls (1.1), words co-occurence(1.7)  for referencessee[4,5].
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TABLE |

Numerical results for Minimal Spanning Treesrepreserted by Figs. 2 6.
, its standard and relative error and Pearson'sr are given.

basecurrency std. error % r-coe .
UsD 1.913 0.183 9.6% 0.998
EUR 1.335 0.086 6.4% 0.970
PLN 1.488 0.084 5.7% 0.975
rnd 2.327 0.627 27%  0.906
ctitious 1.546 0.083 5.4% 0.979
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