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STOCK MARKETS INDICESIN ARTIFICIAL INSYMMETRIZATION PATTERNS�Danuta Makowie
Institute of Theoreti
al Physi
s and Astrophysi
s, Gda«sk University80-952 Gda«sk, Wita Stwosza 57, Polande-mail: fizdm�univ.gda.pl(Re
eived November 11, 2001)The daily data of indi
es of Warsaw Sto
k Ex
hange � WIG, andNew York Sto
k Ex
hange � NASDAQ, NYSE and S&P 500 for the lasttwo years are being studied. Properties of �u
tuations of daily returnsfound from s
aling analysis of tails are 
onfronted with patterns obtainedby the arti�
ial insymmetrization method to spe
ify di�eren
e between theworld-wide Ameri
an market and lo
al and rather marginal Polish market.PACS numbers: 89.65.Gh, 05.45.Tp1. Introdu
tionThe e
onomists believe that main e�orts of investors whi
h a
tively takepart in a sto
k market game are aimed on outwitting the other investorsand gaining risk-free, i.e. arbitrage, money [1℄. Sin
e Ba
helier time [2℄it has been believed that this a
tivity is re�e
ted in a sto
k pri
e in su
ha way that 
hanges of a pri
e, i.e. returns, are independent and identi
allydistributed Gaussian random variables. However, in time series of empiri
aldata, dis
repan
ies are noti
ed [3�5, 7℄. The list of statisti
al properties oftime evolution of the pri
e 
an be started by well known fa
ts:� 
lustering property: while there are only weak 
orrelations betweenthe pri
e 
hanges on su

essive trading day, nevertheless, there arestrong 
orrelations between the absolute values of the returns, whi
hmeans that periods of high volatility are separated by quiet periods,� Presented at the XIV Marian Smolu
howski Symposium on Statisti
al Physi
s,Zakopane, Poland, September 9�14, 2001.(1063)
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� heavy tails in the probability distribution for the returns: the de
ayof wings of the distribution is with a power law with exponent near 3what disagrees with a Gaussian distribution de
ay,and 
losed by the 
on
lusion that the fundamental assumption of the Famamarket theory, the, so-
alled, e�
ient market hypothesis [8℄ must be revised.In the following paper our interest 
on
entrates on di�erent markets toobserve if age and lo
alization of a market lead to distin
t properties ofthe distribution of returns. Our empiri
al study begins with NYSE andS&P 500 data in order to get a view of well developed mature markets. Wein
lude NASDAQ Composite be
ause NASDAQ represents sto
ks relatedto the so-
alled �New E
onomy�, i.e., the Internet, 
omputer hardware andsoftware, et
. Investors from this market are expe
ting enormous futureearnings due to the in
rease of sales of Internet te
hnology and 
omputerrelated produ
ts [9℄. Polish sto
k market � Warsaw Sto
k Ex
hange, isa young market, it 
elebrates its tenth anniversary this year. WIG is its mainindex. Given the transformation to the new e
onomi
 system in Poland, itis also expe
ted that the Polish sto
k market may provide an opportunityfor extraordinary pro�ts. In parti
ular it was seen at the infan
y days ofthe Warsaw sto
k market. From the beginning of 1993 the pri
es of all 22sto
ks that were traded, systemati
ally in
reased. WIG 
hanged its valuefrom about 1400 in Mar
h of 1993 to 20 760:3 on the 8th Mar
h of 1994when the market breakdown started. It passed 6 years till 14th of January2000 when WIG again 
rossed the 20 000 value. The next top, and up tillnow the highest value, was a
hieved on 27th Mar
h 2000. WIG was equalto 22 868:40 and on that day the rapid fall dawn started. One 
an noti
ethat at the same time the 
rush happened to NASDAQ [9℄. However, in
ontradi
tion to the NASDAQ 
rush, the WIG 
rush 
annot be estimatedby the periodi
 power-low development. The log-periodi
 signatures havebeen identi�ed for the major �nan
ial markets of the world, like the sto
kmarkets of Wall Street, Tokyo and Hong Kong [10℄, as well as on emergingmarkets like Latin Ameri
an markets or Asian tiger markets [11℄, but notfor the East European sto
k markets. It is said that these markets do notresemble the logi
 of other sto
k markets [11℄.The aim of the following investigation is to determine whether the Polishsto
k market � one of the youngest markets that is lo
ated at the margin ofthe world e
onomi
 system, exhibits properties similar to the markets thatare known as well developed and mature. To take into a

ount the enormousin
rease in information �ow, ex
hange as well as globalization pro
ess that
aptures lo
al markets, we 
on
entrate on data of the last two years.Some empiri
al study of WIG time series is presented in [12℄. Follow-ing [6℄, we estimate the features of WIG su
h as persisten
y, the index ofthe Lévy distribution and its breakdown in the o

urren
e of rare events.
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Fig. 1. Time series of indi
es studied: WIG, NYSE, NASDAQ and S&P500, sin
e1st August 1999 till 1st August 2001 on the log s
ale � left pi
ture. Standarddeviation error for 20 days in time is plotted on the right pi
ture to present volatilityof the markets 
onsidered.All is done for the �ve-year time series of 1995�1999. However, the lasttwo years are di�erent from the previous years sin
e during 1995�1999 timethe sto
k markets exhibited some noti
eable positive trends whi
h now arenot present. Therefore, to �nd the latest features of the Polish system we
on
entrate on time sequen
es run for the last two years only, namely, weanalyze data that start on August 1st 1999 and end on July 31st 2001.In this time period ea
h of the four sequen
es: WIG, NASDAQ, NYSE andS&P 500 provides about 500 points, see Fig. 1 for the time series. In the nextse
tion we 
onfront the standard methods of getting 
hara
terization of �u
-tuations of returns to the Arti�
ial Insymmetrization Pattern method [13℄.This method provides some new insight on auto
orrelation of a time seriesthat allows to qualitatively identify the basi
 di�eren
es between markets,namely, the spe
ulativity whi
h drives WIG and NASDAQ indi
es, and thefeatures that seem to be spe
i�
 for the WIG time series only.2. ResultsThe basi
 quantities studied are values of the indi
es WIG, NASDAQ,NYSE and S&P 500 at the 
losing. The time runs over working days of sto
kex
hanges � weekends and holidays are ex
luded. For ea
h time evolutionof the market index S(t) we 
al
ulate a series of returns, i.e., the time seriesof the 
hanges of the logarithms of the index values:R�(t) = lnS(t+�)� lnS(t) : (1)
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The results of our analysis are 
olle
ted in a series of �gures and summarizedin the following:� Fig. 2 shows estimates of the exponent � that des
ribes the power-lawde
ay of the positive and negative tails of 
umulative distributions ofreturns. For markets studies we observe � > 3 what is in agreementwith earlier studies [6, 14℄. In parti
ular, the tail de
ay exponentsfound by us are (in bra
kets � the r2 
oe�
ient of a linear 
urve �ton log�log plots):index negative returns positive returnsWIG 3:09(0:97) 3:68(0:92)NASDAQ 4:64(0:98) 3:21(0:97)NYSE 3:06(0:96) 3:64(0:98)S&P500 3:38(0:96) 3:83(0:96) (2)
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Fig. 2. The estimates of de
ay of tails of 
umulative distribution of returns toobserve distin
tion from Gaussian ( � = 2 ) and Lévy de
ay (� < 2). The 20 mostrare events are taken into a

ount.
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ial : : : 1067Found values of � 
orrespond to the heavy tails i.e. the de
ay of thewings of distribution is slower than for a Gaussian distribution thoughthe de
ay is beyond the Lévy distribution regime what was supposedearlier [3℄.� Fig. 3 estimates of the long-range 
orrelation exponent obtained bydetrended �u
tuation analysis [15℄ of the absolute values of returns.index few days s
ale few months s
aleWIG 0:51(0:99) 0:92(0:98)NASDAQ 0:53(0:99) 1:03(0:99)NYSE 0:54(0:99) 0:90(0:99)S&P500 0:52(0:99) 0:90(0:99) (3)
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Fig. 3. The estimates of long-range 
orrelations of absolute values of returns ob-tained due to the DFA-detrended �u
tuation analysis method.
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� The Arti�
ial Insymmetrization Pattern (AIP) method [13℄ transformsa time series f(t) to the 
omplex plane a

ording to the formula:��(t; �; �) = f̂(t) e�i(f̂(t+�)+�) ; (4)where f̂(t) = f(t)�mintff(t)gmaxtff(t)g �mintff(t)g :� means shift in time with whi
h a dependen
e in a series is investi-gated, and � is a phase that is added to mark symmetries of a plot.Thus, the AIP is a point plot where for a given normalized return thenext return separated by � distan
e in a sequen
e determines an angleof a plotted point in polar 
oordinates. Therefore, the AIP plot 
an beseen as a return map but in polar 
oordinates. See [16℄ for test plotsand AIP study of six-year time series of WIG, NYSE and NASDAQ.In all �gures whi
h are presented below, we use � = 4, what meansthat ea
h time series is plotted four times. By this way the symmetryfeatures of a single plot are more visible.(a) Rare events, whi
h lead to the heavy tails in the distribution of returns,are represented on AIP plots as separated points lo
ated near zero �negative tails, and near the unit 
ir
le � positive tails. Presen
e ofthese events squeezes the �body� of AIPs making the area of the AIPplot mu
h smaller than when the AIP plot is of a Gaussian noise,see Fig. 4.
:,* 1$6'$4
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Fig. 4. AIP plot for 1-day returns. Noti
e the empty 
enter of plots of WIG, NYSEand S&P500 and almost empty ring around the plot of NASDAQ.
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V��(a) (b)Fig. 5. (a) If n-day returns are 
onsidered, then with growing n, returns assembleto the random walk. On the subsequent �gures the pro
ess of assembling is shownin 
ase of WIG. (b) The 20-day returns for all indi
es are presented.(b) Sin
e n-day returns Gn days(t) are equal to n�1Pi=0 G1 day(t + i) and thesubsequent returns in 1-day series are weakly 
orrelated, then oneshould expe
t the di�usion type dependen
e in the distribution ofn-day returns. This dependen
e 
an be read from AIP plots of one-day to two-days, three-days, . . . , twenty-days returns, see Fig. 5(a).In the twenty-days time-s
ale the AIP plots resemble a random walk,see Fig. 5(b).(
) When time series of indi
es (not returns) are 
ompared then one no-ti
es that the maximal values of WIG and NASDAQ are plotted asisolated points while in 
ase of NYSE and S&P 500 the minimal val-ues are isolated events, see Fig. 6(a), 6(b). This feature manifests inseries of the last two years only and it is not su
h obvious in plotswhen six years time series are studied, 
ompare [16℄. Moreover, it issurprising that the AIP plot of NYSE walk in 
ase when points sepa-rated by 20 days are taken into a

ount, be
omes very 
lose to a plotof white noise.
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(a) (b)Fig. 6. AIP plots for the time evolution of indi
es. (a) � = 1, (b) � = 20; noti
ethe white noise like pi
ture of NYSE.(d) One should noti
e the di�eren
e in lo
alization of the 
enter of body ofea
h time series, see Fig. 4. This di�eren
e 
omes from the asymmetryof the distributions of returns. The 
onditional expe
tation of thesubsequent return in 
ase of the Warsaw sto
k index is noti
eablegreater than in 
ase of NYSE and S&P 500. On the other hand this
onditional expe
tation in 
ase of NASDAQ is noti
eably smaller thanthe other three indi
es studied.3. SummaryBasing on features of time series that represent evolution of large andstable indi
es of world-wide sto
k markets su
h as NYSE and S&P500, to-gether with NASDAQ � the index that represents the new trends market,we qualify properties of WIG � the index of the lo
al sto
k market of East-ern Europe. We found that the AIP visualization of the data is parti
ularlyuseful in getting into relations between markets. We are able to observesu
h properties of �u
tuations like stability of the distribution of returnsin general and the heavy tails 
aused by the rare events. Sin
e pro
edureof plotting the AIP involves normalization of the data, we 
an estimatethe general prosperity of markets. In the 
ases 
onsidered here it denotesstability for NYSE and S&P500 and large negative trend for NASDAQ.
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eable that pri
es of NYSE that are separated by a month resemblea white noise. This feature would rather be expe
ted for returns. Finally,we found that Warsaw sto
k market is distinguishable from other marketsby the greatest 
onditional expe
tation value for the next day returns.This work was supported by the Polish State Committee for S
ienti�
Resear
h (KBN), proje
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