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Abstract

This manuscrip is basel on four openirg lectures which were designe to o er a brief and
somewha parochid overvienv of sorre \exotic" statistich physics puzzles of possibe interes to
biophysicists medica physicists and econophysicistsThes include the statistich properties of
DNA sequencesheartbetiintervals brain plaques in Alzheime braing and uctuations in eco-
nomics Thes problens hawe the comman featue that the guiding principles of scak invariance
ard universaliy appea to be relevant. ¢ 2000 Elsevig Sciene B.V. All rights reserved.

1. Introduction

Onre challeng of biology, medicing and economis is tha thee science hawe no
metronone in time and no evidert architectue { crystalline or otherwise As if by
magig out of nothing but randomnessve n d remarkaby ne-tuned processgin time
arnd ne-tuned structure in space To understad this \miracle", we shoutl put aside
the human tendeng to see the univere as a machine Our tak isto nd out how,
throudh pure (albeit, as we shal see strongly correlated) randomnesswe can arrive
a the structure in biology we all know exist Thes introductoy lectures are not gen-
eral but rathe concen four speci ¢ exampls unde investigation by cross-disciplinary
researcher in Boston | apologiz in advane to those whos relatal work |1 do not
include due to constraing of time and space and thark those whos researb provided
the bass of this shot lecture summary L.A.N. Amaral P. Bernaola S.V. Buldyrev,
A. Bunde P. Cizeay L.C. Cruz, N.V. Dokholyan A.L. Goldberger P. Gopikrishnan,
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2. Is there hidden information in DNA sequences?
2.1 Noncodirg \Junk" DNA

Human DNA has becone a fascinatiig topic for physiciss to study. One reasm for
this fascinatia is the fact tha when living cells divide { which they are doing all the
time { the DNA is replicatal exactly Why is this so interestin@ Becaug approximately
95% of human DNA is called \junk", even by biologist who specializ in DNA. The
Human Genone Projed will soa be completed having carefully identi ed 3 gigabases
at a cog of approximatel 3 gigadollars The raw dat in the Human Genone Project
coves one million pages evely pace is chocker-blo& full with 3000 letters and each
letter is seemingy drawn at randan from ase of four letters But only 90 megabas®(3%)
hawe any known meaning even though they are copial faithfully at ead cel division.

One practica tak for physiciss is simply to identify which sequence within the
molecuk are the coding sequenceslf we could e cientl y separat the junk from the
rest we could saw time and money It also would be an importart rst step toward
ndin g and hopefully understandig the genetc componerg associaté with the onset
of three big gene-relatd killers: heat diseasecancer and Alzheime disease.

Anothe scienti ¢ intere$ is to discove why the junk DNA is there in the rst
place Almost everythirg in biology has a purpo® that in principle is discoverablelf
somethiry in biology does not hawe a purpose we often can discove at leag why it
is there i.e., whete it canme from. For example the appendk has no purpo® tha we
can discern but at leag we know why it is there.

2.2. Distinguishirg coding and noncodirg DNA

Noncodirg DNA has statistic properties tha distinguis it from coding DNA (see,
e.g Refs [1{ 6] and referencs therein) In noncodiry DNA, there are correlations
betwe@ successig bas pairs correlatiors exhibiting a speci ¢ power-lav form. These
power-lav correlatiors are very similar to thos nea a critical point or the percolation
threshold The® sane power-lav correlatiors are not presem in the coding DNA.

Onre big question in DNA researh is whethe ther is some meaniry to the order
of the bas pairs in DNA. One can easily mg eath DNA sequene onto a landscape
(a \DNA walk") [7,8]. To do the map we distinguish betwea the DNA bas pairs
tha are single-ringel pyrimidines (made up of cytosire and thyming and thos that
are double-ringd purines (macde up of adenire and guanine) For our mgp we take an
up-ste for everly pyrimidine and a down-ste for everly puring producirg a landscape
tha resembls a cartocm mountan range Jug as with all scale-fre phenomenawe
can measue the width of this mountan range as a function of the lengh scak over
which we measue it. This is the anala of measurig the characteristi size of the
structue of a polyme as a function of the lengh scak over which tha size is studied
by, e.g X-ray scattering One nds tha the width depend on this lengh scak with a
power-lav relation [9,10].
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If we look at a particula se of red dat tha are on the musck gere of a rat, and
make a landscap correspondig to the 20,0 bas pairs tha constitue this gene we
can immediatey see that it is not an uncorrelatd randon walk. Instea there are huge
stretchs of \up” ard huge stretchs of \down".

It turns out that it is only the noncodirg patt of the DNA tha displays this long-range
powe law correlation The coding pait of the DNA does not We hawe devisal a kind
of virtua \machiné' tha walks along a DNA sequene arnd measure the correlation
with sone index sud that = 0:5 correspond to coding (noncorrelateyl bas pairs
and > 05 correspond to noncodirg (correlated DNA. As the machire moves down
the chromosomethe correlation signd dips wheneve the machire locates a region of
coding DNA [11]. The accurag of nding coding regiors is comparal# to tha of
othe method { so long as the coding region is above 1000 baw pairs in length.

2.3. Linguistic features of noncodiry DNA

Why is this long-rang power-lav correlation presem in the noncodirg DNA? There
isanothe systen tha displayslong-rang power-lav correlationslanguageAll languages
hawe sone correlation In English for example evely \q" is followed by a\u”. When |
type my e-mal in English and make mary errors nearly everyore can still understand
wha | am trying to communica¢ { re ecting the fact tha langua@ has a built-in
correlation This correlation isin fact long-range similar to tha found in junk DNA [12].

Fifty yeas ago { before computes were availabk { Zipf analyzel the frequeng of
word use in a large written text To construt his histogram he countel the numbe of
times ead word appearedranked them in orde of their frequeny of use and graphed
the ranked data on log{log paper The dat were remarkaby linea with a slope of
about 1. This is sometims called Zipf's law of langua@ texts a law tha has been
con rmed by numerows peopk and for mary di erent human languags (and even for
the size of busines rm s [13]). Today, Zipf's law can be demonstrate using virtually
ary persona computer This remarkabé law implies the presene of a hierarchical
orderirg in the structue of languagesif we wart to move a word up in the word-use
hierarchy we know exacty how mucdh to increag its frequeny of use in ordea to
changp its rark order.

Mantegra and collaboratos [14] useal Zipf's techniqe to analyz noncodiig DNA
{ with one \word" of noncodirg DNA de ned as a subsequerewith n= 6 ba pairs.
A gragh of 4000 sud words yields the sane linearity and slope as the Zipf graph In
marked contrast when they analyz the coding regions the gragh is nat at all linear. If
we change the log{log plot to a linear-lag plot, the coding data becone linear. Thus,
the coding and noncodirg regiors of the DNA obey di erent statistica laws di erently
when analyzel in this linguistic fashion Tha does not necessanl imply tha junk
DNA is alanguag and coding DNA is not It does suggestha we might study DNA
using the sane statistica technique tha hawe been usel to analyz language ard that
if informatian is containel in the junk DNA, it is less likely to be in the form of a
cocde ard more likely in the form of a structurel language.
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3. The challeng of heartbed interva time series
3.1 The nonstationarity problem

The time di erences betwe@ successig heartbeat { the interbea intervak { can
easiy be measurd with millisecord accuracy The traditiond metha of taking a
patients pulse measurs only the averageinterbea intervd ove a periad of, typi-
cally, a minute or less The uctuations arourd tha average howeve { suppliel by
a cardiogran { constitue a body of dat tha is of interes to statistich physicists.
But when statistich physiciss begn to study thee admiraby accura¢ datg almost
immediatey they encounte a roadblock Unlike similar dat associatd with critical
phenomenathes dat hawe the propery of nonstationarity This mears tha the statis-
tical properties of those interbed intervak are not constan in time; they are not served
up neatly as independentidentically distributed (i.i.d.) randan variables.

Thus analyzirg the heartbetis a challeng becaus the statisticd properties of heart-
bed intervak are not stationay functiors of time. The heartbetisignd is anythirg but
stationary As a function of time, it changs its statisticd properties constantly At one
point in time it has one average ard a little later it has anothe avera@ [15]. At one
point in time it has one standad deviatian or uctuation, and a littl e later it has another
standad deviation or uctuation [16]. At one point in time it has one fractd Hurst
exponentard a littl e later it has anothe fractd Hurs exponem [17].

3.2. Detrendal uctuatio n analysis

In orde to get arourd this roadblock there are a numbe of technique we can
use Onre of them is detrendd uctuation analyss (DFA), which was developé by
Perg while working on his Ph.D. a Bostm University [16,18] We take a typical
time-dependeninterbea intervd function { which is clearly nonstationary We plot
tha function and then divide the entire time-intervd into \window boxe$ of, e.g.
100 heartbeatsWithin eat window box we calculage the locd linear trerd in that
box. Thes locd trends will dier from ead other If we subtrat the actua function
from ead locd trerd we ga somethig tha uctuates mud less becaus the trend
is subtractd out By forming a function that is the origind heartbedand subtracting
the locd trerd we can calculag a uctuating quantiy tha has the sane statistical
properties as the function we are trying to understandThis techniqwe helps clarify the
behavia of nonstationay time series for healtty and unhealtly heartbetintervals.

3.3 Interbea anticorrelations

When we apply DFA to interbed intervals we n d somethirg surprising the inter-
bed intervak of a healtly heat hawe remarkaby long-rang \memory". Speci cally,
when we analyz a sequene of 60;000 beat over a 15 h period we see that these
uctuations are arourd a characteristi averag value ard tha they are fairly big { some
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at leag 20% the size of the average Remarkably one nd s tha thes uctuations are
anticorrelatedin time [16,19].

This simplea interbea patten seens to leawe the unhealtly heat more vulnerable
to trauma Lacking interbea correlatiors on a variely of scales it becomes analogous
to a suspensio bridge with only a simple primary resonane periad { a resonance
periad that given the right wind velocity, allows the structue to sway at progressively
increasilg amplitudes until it pulls itseff apart This actualy happend to a bridge
60 yeas ag in the United States nea Tacoma Washington Sine tha time we have
been carefu to desigh into our bridges a variety of resonane periods on a variety of
scales.

It seens possibé that in a similar manney a healtlty heat could perhap require
its own kind of scak invariane { uctuations on a variety of scales { in its interbeat
intervals.

3.4. The wavelé method

The wavele method pioneeré by mathematicianshas been systematicaitl applied
to heartbetanalyss by Ivanov [20] ard collaboratorsif we take two heartbetinterval
dat sets one from a healtly heat and one from an unhealtly heart an untrainel eye
might not see the di erence betwea the healtlty and the unhealthy How do we devise
a mechanim sud tha anyore can distinguis the di erence? In waveld analysis we
take e.g 30 min of datg choo® a scak over which to examire the uctuations in
the signal and sele¢ the amplituce of sone statistich quantiy tha we calculate In
the unhealtly heartbeatwe nd regularly repeatig patterrs of a characteristi scale.
In the healtty heartbetithe patterrs are nonrepeatig and scale-free Waveld analysis
sometims requires fewer than 30 min of da@ in orde to distinguih betwea healthy
ard unhealtly heartbet patterns A mudh smalleg dat@ set say 3 min, is sometimes
su cient to detec the di erence.

3.5. Multifractals

In a nonstationay signal the Hurgd exponemn can hawe a variely of values In or-
der to see this, we color-cock the values of the Hurg exponent Smal values are
at the red erd of the color spectrun ard large values are at the blue erd of the
spectrum In a healtty heart the color spectrun of the Hurd exponerns constitute
a \Joseph's-coat-of-many-colofsdisplay { ther are a very large numbe of dier-
ernt Hurg exponentsthe value uctuates wildly. Since ther are so mary fractd di-
mensions it is conveniem to recod thes in a quantitative fashion called multifrac-
tal analysis We encounte multifractak in mary di erent area of moden statistical
physics.

Take ared lter, place it on top of the color spectrum to separat out the red hues,
ard determire the fractd dimensio of the red pattern Repea the procedue with a
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yellow lIter, a blue lter, and severé othess for perhap a totd of 10 di erent color,
determinirg the 10 di erent fractd dimensioms (Fig. 1).

On the othea hand the color spectrun of the Hurg exponend of an unhealtly heart's
interbed intervak covers a mudch smalle region It is immediatey apparento the eye
tha there is a red di erence.

4. The tragedy of Alzheime disease

As we age the probability that we will ultimately die of Alzheimea diseag increases
sharply It is a terrible diseas abou which we know very little. We are beginnirg to
beliewe tha it may be associaté with the appearaneof aggregateof amyloid protein
molecules called plagues which appea in the brairs of Alzheimea patiens statistically
more frequenty than in the brains of healtly people but we do not know how these
plagues are formed or therr morphology.

We are beginnirg to apply our understandig of scale-fr& phenomeato this problem
of plagle shag and formation Using confocd microscoy and compute imaging [21{
25], we obtan a three-dimensiodaportrat of a plaque It is a remarkabg picture,
becaus it appeas to be full of holes indeed it has a sponge-like porosity. This is
signi cant becaus if plaques are porows they can be understod using aggregation
modek tha come from the theoy of scale-fre phenomenaand thes aggregation
modek in turn give us some insight into how the plagwe is formed Throudh these
holes traver® the nene cells tha are perhas damagd in the coure of Alzheimer
disease.

We can measue quantitativey various correlation functions sud as the familiar
g(r) tha we hawe measurd in statistich physics sinee Van Hove's time. For exam-
ple, if we look at a picture of a 3 mm 3 mm sectiom of the brain we see lamina
abou 300 m in diamete [26,27] By quantifying the correlationsg(x;y) in both x
and y directiors (see Fig. 2), Buldyrev ard co-workes discoverd the existene of
little columrs (resemblimg little \polymers' of abou 11 \monomers’) positional at
right angles to the lamina [28]. At present we are studyirg thee columrs as they
occu in both the healtty brain and the Alzheime brain [28]. The sane soit of
correlation analyss tha we had applied to plaques can also be applied to neurons.
We found that the morpholoy of specic dendrites is disruptal in the Alzheimer
brain [23].

In summary statistich physics approache to Alzheime diseag haw yielded three
relatively r m resuls thus far:

(i) A log-normd distribution of senik plage size [29].

(i) The plaqwe is a remarkaby porows objed [21], which can be quantied by a
modé characterizeé by both aggregatia and disaggregatia [21,24,25].

(i) Quanti able neurm architectue tha suggest the existene of microcolumns
positional at right angles to known lamina [28].
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Fig. 1. Decompositio of a heartbetiintervd time series into subsetsead characterizé by a di erent Hurst
exponenth. Here the Hurgt exponet is color codel by the rainbow so tha ead subsé has a di erent
color. The \multifractal spectrum”"D(h) is a function giving the fractd dimensionD of ead of the di erent
subsets This gur e is kindly contributel by Zbigniew Struzik.
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Fig. 2. The neuron& densiy in the human brain cortex indicated in green (low density ard red (high density) This resut was obtainel by Buldyrev et al. [28] by
applying quantiative method of statistich physics to brain architecture The extende region of high densiy suggest the presene of verticd chains of cells forming
repeatig units called neuron& microcolumns Such microcolumrs appea to contan abou 11 neurors and hawe a periodicity of abou 80 micrors { a periodicity that
is disruptal in Alzheimea diseas ard in anothe neurodegenerativdiseas termeal Lewy body dementia This gure is kindly contributel by S.V. Buldyrev.
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5. The intrigue of econophysics

Very recently scale-fre phenomea hawe been usal to descrile econome systems
[30]. This approab was pioneere by Mandelbra almog 40 years aga In 1963 he
introducel the Lew distribution as an exampé of a scale-invariah distribution that
seemd to t commodiy (cotton) dat tha were availabk at the time [31]. Since that
time, working with large databaseswe hawe found that the Lewy distribution does not
apply to noncommody data.

5.1. What is the questin that physicisé n d interesting?

Statisticd physicists mysef included are extremey intereste in uctuations. In
the eld of economics we nd ourselves surroundd by uctuations { were it not
for econome uctuations, economist would hawe no work to do. Moreover these
uctuations are thoroughy documentd in large databaseslf we take a graph of the
S&P 500 index comprisirg the 500 larges US rm s accordirg to marke capitalization,
and plaee it abow a graph of an uncorrelatd biase randan walk with the same
overal bias a rst glane they seen almog identical When we look closer however,
we notice the graph of the S&P 500 has occasionklarge uctuations (e.g the huge
drop tha took place on Black Monday in October 1987 { when mog world markets
lost 20{30% of their value over a periad of 1{2 days) We do nat see this kind of
large uctuation in the biasal randon walk gragh becaus the probability of taking a
very large numbe randan stegs in the same direction { which would be necessar for
a large uctuation { is exponentialy small.

So the questiom we physiciss nd so interestig is \now do we quantify these
economec uctuations?"

5.2. Why shoul physiciss wart to quantify econom¢ uctuations?

Onre reasm physiciss might wart to quantify econom¢ uctuations is in orde to
help our world nancial systen avoid \economic earthquakes"Not too long agq a
particula nancial r m overextendd itself and was unabk to pay its loans { and other
rm s reache into their pockes and gawe them the money they needed This was nat a
charitabk gesture but one mack out of self-interest The otha rm s were awae that,
in the world econome system everythirg depeng on everythirg else If one major
nancial r m is unabk to cove its debts perhag investos in othe similar rm s will
beghn to lose their con dence and withdrawv their money { and then the othe rms
would be unabk to pay their debts and the phenomeno would propaga¢ acros the
world. Indeed bailing out the compaly in trouble was a prudert action.

We wart to be able to quantify uctuationsin orde to discove how to insure against
this kind of economec earthquake When a localized econome¢ earthquak occurred
severh yeass ag in Indonesia everyore in the region was a ected It causd the
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bankes to lose money but it alo causeé a rice shortag in the county { and some
peopk actually starved.

A secom reasm physiciss might want to quantify econom¢ uctuations is that
econome uctuations and the clusterirg of econome uctuations has becone very
mucah a patt of our moden experience The topic is in the newspaperson television,
ard in barbershp conversationsAlmost anyore can understandwhat we are doing
evan if they do nat understad the speci cs of how we are doing it.

A third reasm is tha it is a new topic, one tha the American Physicd Society
journak initially resist@ recognizimg as legitimate Only after the rapid expansio of
the el d (through Physi@a A, Europea Physicd Journa) and othe journalg and articles
on page 1 of The Wall Stree Journal did the APS allow econophysis articles to be
publishal in Phys Rev. E and Phys Rev. Lett. Be forewarne& tha if you submit
articles on econophysis to physic journals economists will be amorg the referees {
ard the turn-arounl time for referee repors in tha researb communiy seens to be
an orde of magnitue longe than in physic circles (on the othe hand their referee
repors are usually very polite, thorough and gracefully written).

A fourth reasm is becaus of cross-disciplinar interests In the eld of turbu-
lence we may nd sone crossove with certan aspect of nancial markets Col-
loquially, peopk say \It' s been a turbulert day on Wall Street" But ther could
alo be sone seriows analogis betwea the two elds. In 1994 it was proposed
that in the sanme way tha a glas of water, when stirred dissipats a large in ux
of enery on successivgl smalle scales { and we attempte to quantify tha dissi-
pation { so alo in economics uctuations driven by the inux of information (the
enery sour@ in economicy is dissipaté on successivgl smalleg scales [32,33] This
is hardly a rigorous argument but we do notice tha when highly publicized infor-
mation tha peopk conside important spills through the news channet { the resig-
nation of Boris Yeltsin as Presiden of Russia for exampé { the nancial market
respone is shap ard immediat (in this case it meant a 23% drop in the Russian
stok market) It is obvious tha importart information cause big changes but
even seemingy unremarkal# bits of news can drive price uctuations, e.g the news
tha Apple Computers stock though moving steadiy upward might not peak quite
as high as initially anticipatel often cause the price to uctuate down Most
peopk wart to make a trade becaus they beliewe they hawe sone information that
gives them an advantag in the trade The analg to price changs in the stock
marke is velocity changs in turbulence but this analoy is only qualitative not
guantitative [33], as the actua form of the functiors tha descrile uctuations are quite
di erent.

5.3. How can physiciss quantify uctuations in nance?
Wha do we do when we carly out researb on econom¢ uctuations? Our ap-

proad has been to use our experiene in critical phenomea researb and assune that
when we see uctuations, correlatiors may be present If it were known tha similar
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correlatiors are presehin econom¢ uctuations, ead bit of information would perhaps
itself cau® further uctuations. Ther would be a feedbak evert by virtue of the fact
of this correlation Using this observation perhag econome¢ uctuations are nat cor-
related after all. But since there are lines of reasonig both for and againsg correlations
in econom¢ uctuations, why nat try this approac? We did it using the S&P 500
stok index over a 13-yea period The bast quantiy is the price changeG(t) de ned
ove a certan time horizan or \window". If we open a window of a time-width

t, and ak how muad the price changesthe answe will depeml on the size of the
window.

Wha sott of correlatiors can we ndin G(t)? On alog-linea graph the dat for the
autocorrelatia in G(t) fall approximatel on a straigh line, which mears the decay
is exponential The slope tells us somethilg abou the characterist decy time, the
time in which the autocorrelatia drops by a ratio 1=eto wha it was about minutes
earliet We nd 4 min, ard after 30 min the autocorrelatia function disappears
into the noise [34,35].

Suppos we look not a the correlation of the G(t) values but the correlation of
the absolue value of the G(t) values Here we ignore whethe the price chang is up
or down ard simply measue the volatility. If we make a log{log plot of the same
autocorrelatia function of the absolue values of G(t), we see an approximag linearity
ovea 15{2.0 decads with a slope  0:3 [35].

This behavia of the autocorrelatia in both G(t) values and in the absolué value of
G(t) has alread been discussd in the economis literature Wha we hawe addel to
the discussia is tha we hawe testal thes resuls using a variely of di erent methods,
and uncoverd an interestig crossove betwea two di erent powe laws.

We hawe calculatel the Fourig transfom of the autocorrelatia function i.e., the
powe spectrum ard we nd a straigh line only up to frequencie of abou 10 3 {
correspondig to a characterist time on an orde of magnituet of approximately
one day. Ther is anothe area of linear behavia correspondig to large frequencies,
i.e,, shorte times It would appea tha there are two di erent powe laws one shorter
than 1{2 days (\high-frequeny data’) and ore longe (\low-frequency data").

In orde to verify this behavior we createl a randan walk of thes uctuations and
then analyzel the resut using the detrendd uctuation analyss method Once again
we nd two powe laws { with characterist exponend that are related algebraically
to the characteristt exponers of the power-spectron data.

To summarize the uctuations themselve hawe no correlatiors of arny interest but
the absolué values of the uctuations hawe long-rang power-lav correlations Since
the uctuations hawe no correlations we dunp them on the oor (so to speak and
pick them up in randan order. Sinee we hawe destroye the orde of the numberswe
cannd compue correlations but we can make a histogran of the G(t) values.

Mandelbra did this in 1963 with the price uctuations of cotton [31]. Sone of them
were on a daily time scak and sone were on a monthly time scale He found tha on
log{log pape the cumulatiwe distribution of thes price uctuations was approximately
linear. The slope of this line (over approximatef one decadg was 1.7, consistehwith
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the possibility that those price uctuations are describe by a Lewy stabk distribution.
Thes resuls enjoyal widespred acceptane until recently when bette data became
available.

Mandelbra usel dai@ set of approximatel) 2000 dai@ points Mantegra ard | ac-
quired data ses of the S&P 500 stok index comprising 1 million da@ points [34]. In
studies of critica phenomenaan increag in dat points usualy means at most small
correctiors to the previous result This appeas nat to be the cas in price uctuations.
Mantegra found on a log-linea graph tha the data t neithe a Gaussia nor a Levy
distribution beyord a few standad deviations but are intermediate This is goad news,
since it implies tha \rare events are mud less likely than if the dat tails followed
a Lew distribution.

Thes dat exhibit a kind of scak invariance This mears that if | know the uctua-
tions on one time horizan { e.g 1 min { and | know the exponent of the distribution,
| alrea¢ know somethig abou the uctuations on a mud longe time scale i.e., up
to approximate} 3 trading days How robug is this scak invarianc® Skeltoip did this
sane calculation for the Norwegian sto&k market which is mud smalle (5%) and
less active than the US, and found virtually the sane behavio [36].

Pleroy Gopikrishnanand collaboratos acquirel a databas tha recordel ever trans-
action in all majar US stok markes for two yeass [37{39]. They extractel 40 million
data points ard analyzel them They found that if they constructd the sane sors of
histograns tha Mantegra utilized, there was no indication of a Lewy regine at all. The
slope isnot 14, as Mantegra found or 1.7, as Mandelbra found but 3:0. To
ched this, they did a \best-t" straigh line and found the value of for evel stock.
We constructd a histogran of -values and found that the typicd dat for all the
stocks tendeal to scatte around 3:0, with almog all 100 values falling between

= 2 ard 5. If we averag all the rm s togethe on a nal graph we see tha out to
100 standad deviatiors the dat are linea with a slope 2.84 for the positive tail and
2.73 for the negatiw tail, with errar bars tha may bring thos values close to 3. This
mears tha evens tha are rare by 8 ordess of magnituek { evens tha occu once in
everly 100 million trades { fall on the sane curve as everydy events.

Individud companis seen to exhibit = 3 behavig all the way from one standard
deviation out to 100 standad deviations The stok average appeato be < 2 (Levy
regimg out to 2{3 standad deviations and then resemb¢ a \power-law truncated"
Lew distribution with = 3.

Ther is currently a gred ded of work tha is being dore on cross-correlatios be-
tweaen companiesTha work would be scienti cally interestimg (as are cross-correlation
functiors in almog ary topic area) as well as hawe an obvious practica application that
would interes a grea mary peopk [40,41] Speci cally, their approab is to compare
the properties of cross-correlatio matrices calculatel from price uctuations to tha of
a matrix with randam entries (a randon matrix). Thes studies determire precisey the
amoun of nonrandon correlatiors presem in the correlation matrix. In particulay one
can identify modes (eigenvectos of the correlation matrix) of correlatiors which are
stabk in time, and determire their relative stability (Fig. 3).
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Fig. 3. Stability in time of the eigenvectos of the correlation matrix (calculate from 30 min returns) that
deviak from random-matei bounds [40,41] Two partially overlappimg time periods A, ard B, of four months
eat were analyzed Januay 199%4{Apri| 1994 ard March 199%{June 1994 Ead of the 225 squars has a
rainbov color proportiona to the scala produd (\overlap") of the large$ 15 eigenvectas of the correlation
matrix in period A with thos of the same 15 eigenvectos from period B. Perfed stability in time would

imply tha this pixel-representatio of the overlags has ones (the red erd of the rainbov spectrun in the
diagon& ard zercs (violet) in the o -diagonal. The eigenvectos are shown in inverse rark orde (from

smalles to largest) and we note tha the pixels nea the lower right corng hawe colors nea the red end
of the spectrun correspondig to the fact tha the larges 6{8 eigenvectws are relatively stable in partic-
ular, the larges 3{ 4 eigenvectas are stabk for very long periods of time. Further we note tha the remainder
of the pixels are distributed toward the violet erd of the spectrum correspondig to the fact tha the overlaps
are not statisticaly signi cant, and corroboratig the nding their correspondig eigenvalus are random
[40,41] This gure is kindly contributel by P. Gopikrishna ard V. Plerou.

5.4. Quantifying uctuations of economi organizations

How do organizatios grow arnd shrink? The traditiond approab in economis is
equivalen to a cluste approximatio in critical phenomea [42]. The crudes$ approach
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is the mean- eld approximation in which you representhe interaction of all the sys-
tems with one spin using sone e ective eld. This can be improved by taking not one
spin as your cluster but by taking a sequene of largea and large spirs as your clus-
ter, treatirg exactly the interactiors within tha cluster ard then treatirg by mean- eld
approximatiom the interaction of all the otha spirs with the spins in that cluster That
is approximate} what is dore in the theowly of the r m in which one divides the entire
econony into sectos { e.g manufacturingfood, automotive and computes { treating
the rm s within ead secto as strongy interactirg with ead other, and assumig that
rm s betwe@ sectos hawe no interaction at all.

The problen in critical phenomea is tha no matte how mud time we spend
working with larger and large clusters we always erd up with exponerdg that are
wrong Nea a critical point, everythirg interacs with everythirg else eitha directly
or indirectly. So also in the economy.

Suppos the news media announe tha Ford has a seriows desigqn defed in its ve-
hicles Peopk read by buying GM cars and GM experience a sales increag be-
caue of Ford's downtun in sales Suppos the sales increag in GM is so grea that
more workers are hired to help manufactue the cars workers who then ood into the
McDonald's acros the stree¢ from the GM plant during lunchtime So interactions
take place nat just betwea rm s within one secto (automotive) but also betwea rms
in di erent sectos (automotive and food).

This is a kind of indired interaction The rst compaly goes down and as a result,
a McDonald's locatel nea anothe compary in a di erent city goes up, a kind of
second-ordeinteraction Jug as in the situation nea a critical point, all thes indirect
interactiors are signi cant [43]. Since there are 10* busines rm s in the US, to be
completey hones in our inquiry we mug conside all  10® interactiors betweea these
rms. Sine tha tak is mud too complex we go badk to our histograms.

We take a databas of all 10 rm's and calculae the growth rate of eah rm,
i.e, the size of the r m this yea (using sonme measurementoften sale$ divided by
the size of the r m lag year We put thes calculatiors into 10 smalleg data \bins"
as a function of the size of the rm. We know intuitively tha growth rates will
vary inversey with the size of the rm. Large rms will hawe a narrowe distri-
bution of growth rates and smalle rms will haw a wider distribution of growth
rates How does the width depem on the rm' s size? If we calculae the width and
plot it as a function of r m size on log{log paper we get an approximag¢ straight
line tha extend all the way from tiny kilodollar rm s to gigantc teradolla rms
{ 9 ordes of magnituet and a very robug scalirg [44,45] The slope is approxi-
mately 0.2 This resut seens to be universa in tha if we chang the standad of
measuremdnfor rm size { using numbe of employes instea of annud sales,
for exampk { the resuls are the same sanme approxima¢ straigh line and same
slope 0.2.

Takayas did a paralld rm-size analyss on rm s in othe countries and gat results
tha agree with our ndings [46]. On a suggestia from Je rey Sachswe did a parallel
analyss with the economis of entire countries and got the same results the same
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tent-shapd distribution for all the countries in the world over 42 years where the size
of a countly was measurd by its GDP [47,48].

Plerau and collaboratos found similar resuls for the changs in size of university
researb budges in the US [49]. In this situation we researcher are the selless and
the granting institutions are the customers Keitt did a similar analyss on changing
bird populations which uctuate in size from yea to year, with similar resuls [50].
Thus it appeas tha the pillars of scalirg and universaliy may be relevan to a range
of \social' phenomea [51].
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