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Abstract

We propose A model with heterogeneons interacting tradera which can
explain some of the stylized facts of stock market returns, In the model,
synchronization effects, which generate large Auctuations in returns, can arise
purely from eommmunication and imitation among traders. The key element in
the model is the introduction of a trade friction which, by responding to priee
movements, creates a feedback mechanism on future trading and generates
valatility clustering. The model also reproduces the empirically observed

praitive cross-correlation between volatility and trading valume.
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L INTRODITCTION

As pointed out by several authors, since Mandelbrot (1963), the probability distributions
of returns of many market indices and currencies, over different but relatively shoet time
intervals, display fab tails. It is estimated that the shape of a Gaussian, & predicted by the
random-walk hypothesis, is recoverad only on longer time scales, Le. of one month or more.
The empirical distribution of returns shows an asymptotic power law decay P(r) ~ r 11
with an exponent 2 < p < 4 (Pagan (1996), Guillaume et al. (1997}, Gopikrishnan et al.
(1999)].

Moreover, while stode market returns are uncorrelated on laps larger than a single day,
the autocorrelation function of the volatility is positive and slowly decaying, indicating long
memory effects. This phenomenon is known in the literature as wolatility clustering (Ding et
al. (1993), de Lima & Crato (1994), Ramsey (1997), Ramsey & Zhang (1997)). Empirical
analysis on market indices and exchange rates shows that the volatility autocorrelations are
power-laws over a large range of time lags (fFom one day to one year), in contrast with
ARCH-GARCH maodels {Engle (1995), Bollerslev (1986]) where they are supposed to decay
excponentially.

Daily fnancial time series also provide empirical evidenee (Tauchen & Pitis (1983),
Ronals et al. (1992), Pagan (1996)) of a positive autocorrelation, with slowly decaying
Lails, for the trading volume, and positive cross correlation between volatility of returns and
trading volume.,

There is also sonw evidence that both the moments of the distribution of returns
(Ghashghaie ot al. [1996), Baviera et al. (1998)) and the volatility autocorrelations (Baviera
et al. (1998), Pasquini & Serva (1998)) display what is termed in the theory of turbulent
sysbems as multisealing (see section IV for a description of multiscaling).

It is not settled yet whether these power law Quetuations merely reflect the probability
distributions of exopenous shocks hitting the market or whether they are related to the in-

herent interaction among market players and the trading process itsell For example, it is



widely believed that stod: markets are volnerable to collective behaviour whereby a large
group of agents place the same ovder sinultaneously. This can manifest itsell in large price
Huectuations, and eventually erashes. Such collective bebaviour could reflect the phenomenon
knowrn as bherding which occurs when agents take actions on the basis of imitating each other
(Bannerjee (1992), Bannerjee (1993), Orlean (1995), Cont & Bouchaud (1999}). To maodel
how the decisions of agents are influenced by their mutual interaction, this paper asumes
a gsimple communication structure based on ideas from statistical physics in which agents
oocupy the nodes of a lattioe and are influenced by the decisions of their nearest nelghbours.
Apgents are assumed to be heterogenous in their exposure to a trading iction which can
restrict market participation. Heterogeneity ensures that traders do not spontanecusly male
the same decisions; indeed, this would make superfluous the coondinating role of communi-
cation. We pursue the claim that the interactions among traders and their heterogeneous
nature by themselves, can help explain the statistical features observed in the Gnancial data.
Sinee the erucial point is not the exact deseription of individual behaviour but the interrela
tion between and the statistical differences across agents, our model will be based on noise
trading expanded to allow for heteropeneity and communication effects.

A variety of agent-based model have been proposed in the last few years to study Gnancial
markets [ Arthur (1997}, Caldarelli et al. (1997), Bak et al. {1997), Farmer (1998), LeBaron
(1999}, Lux and Marchesi (1999], Cont & Bouchaud (1999), Focandi et al. (1999), Stauffer
et al. (1999}). Cont and Bouchand (1999) introduee a model which is similar to the one we
use in this paper. One of the diferences is that in their model imitation takes the form that
apents act in elusters rather than individually. Forthermore, a probability p is associated
with a link existing between any two agents and this determines the distibution of eluster
gimes. The trading activity of each group is controlled exopenously. For low activity and
at a critical value of p the distribution of returns shows a power law behaviour with an
exponent g which can vary from 1 to 1.5 (depending on the dimensionality of the system].
This is smaller than the empirically observed value g~ 3 which our own model is capable

of reproducing. Various mechanisms have been proposed o improve the agreement of the
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Cont-Bouchand model with real data Zhang (1999) sugeests a non linear price rule which
assumes that price changes are proportional to the square root of the difference between
demand and supply. Zhang finds an exponent p = 1.9 for a two dimentional lattice, which
i& atill below the empircal value.

Both the above papers are concerned only with explaining the power-law bebaviour of
the distribution of returns and not with volatility clustering. In a recent paper, Stauffer
amd Sornette (1999} consider a modified version of the Cont-Bouchand maodel, where the
connectivity of the system is changed by slowly adjusting the value of p at each time step.
This mechanism produces volatility elustering and a better agreement with the empirical ex-
ponent. However, the adjustment of p is entirely exogenous and does not have an underlying
SOOnomi e explanation,

Our maodel suggests an endogenous mechanism for changing the level of correlation among
agents (analogous to changing the connectivity in the above paper) and also endogenizes
the exponent of the pricing rule (which is held constant to 1/2 in Zhang). It provides a bet-
ter agreement with the stylized facts of stods market dynamics, including cross-correlation
between trading volume and volatility which were not addressed by the other authors.

The rest of the paper is organized as follows: the next section deseribes the model and

the simulation strategy, section 3 discusses results amd section 4 concludes.

II. THE MODEL

A modified version of the random field Ising model (RFIM) {Sethna (1993), Galam(1997))
is employed to deseribe the trading behaviour of agents in a stock market. We consider an
Lo Losquare lattice where each node ¢ represents an agent and the links represent the
connections among agents. Each agent is connected to his four nearest neighbours, the ones
above, below, left and right. Perdodical boundary conditions are adopbed so that the agents
at the top of the lattice are linked to those at the bottom and the agents at the left side are

linked to those ab the dght side. In this way the lattice assumes the topology of a torus.



We start with each agent initially owning the same amount of capital consisting of two
assets: cash M(0) and AG(D) units of a single stock. At each time step ta gven trader, 4,
chooses an action S5;(t) which can take one of three values: +1 if be buys one unit of the
stock, =1 if he sells one unit of the stock, or 0 if he remaing inactive. The trades undertalen
by each player are bounded by his msources (agents can be prevented from buying or selling
by, respectively, a shortage of money or stocks) plus the constraint that he can buy or sell
only one unit at a time,

We could have alternatively assumed that traders submit an order which is a normally
distributed random variable. Allowing agents to submit larger trade quantities would create
larger Auctuations in the agents wealth and would incresse the role of budget constrains.
Asg we discuss in the conelusions, analyzing how the distribution of agents wealth is alfected
by the trading process would be an interesting extension of this paper. Nonetheless the
statistical properties of retums are not likely to be influenced by mean-preserving changes
in the distribution of individual trading orders.

In addition to the traders there is A market maler whose role is to elear the orders and
adjust prices. The market maker is also endowed with an initial level of money and stodes
amd faces the same constraints on selling short and buying long as the traders but does not
face the unit trade constraint.,

The agents’ decision making is driven by idiosyneratic noise and the influence of their
neareat neighbours, The former is obgerved only once in each trading period but information
about the latter can be updated repeatedly within a period. We shall vse ¢ to denote a
trading period and f to denote intra-period time. At the beginning of each period, each agent
i recelves an idiosyneratic signal w(t) which deseribes shocks to his personal preference and
is held constant throughout the perod. The distribution of w1y is uniform over the interval
[-1,1].

In adidition, within each time period he repeatedly exchanges information with his near-
e3t nelghbours. We use the term “eonsultation round” w denote a round of intra-period

communication between agents. In each consultation round each agent receives a signal

-
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5;(f) from his nearest neighbours. Note that each S;(f) denotes a temporary choice which
can get updated from a consultation round to the next. Therefore within each consultation
round each agent receives an aggregate signal ¥i(f):

Vi) = 32 JigSy(0) +Aut) (1)

i

< i, j > denotes that the sum is taken over the set of nearest neighbours of agent i
measures the influence that is exercised on agent 1 by the action S‘, of his neighbour 7; Ji
could in principle be asymmetde but in this model only symmetric cases are congiderad,
As is well known in statistical physics, the behaviour of the system is affected by the
different choices for the Jj; ineq.(1). If Jiy = 0 then the traders actions are uncorrelated with
each other. Taking all Ji; = 1 leads instead to the Ising Model where, at a low level of the
idiosyneratic noise, the traders would reach the same selling/buying decisions and generate
very large Quctuations in the stock prices. Altematively, taking Jij = 1 with probability p
amd Ji; = 0 with probability 1 — p we would be in the framework of the bond pereolation
middel (Sahimi, 199) considered in Cont and Bouchaud (1999) and Staufer and Somette
(1999)). Lt is well known that this model is characterized by a peroolation threshold pe such
that when p < pe the system decomposes into disconnected clusters of agents. A cluster
congists of agents who mutually imitate each other but there 8 no communication across
clusters. Above pe a very large cluster appears which dominates the system. AL p = p,
clusters of all sizes form. The number of clusters containing & agenis decreases with » as
a power law. This is the feature underlying the power law distribution of retums in the
Bouchaud-Cont model. Finally chomsing the Jij a8 Gaussian distribuied random variables,
we would have an analogy with spin-plasses (Mezard et all (1987)). In these systems
the structure of the phase space is extremely complicated with many possible stable and
metastahle states hierarchically organized. In our model the main results will be based on
assuming Jij = 1 with p=1 but cases where p=10 and {1 < p < 1 will also be considered.
Under [rictionless trading each agent would buy at the slightest positive signal and sell

at the slightest negative one. We depart from this benchmark by assuming a trade friction
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which leads a fraction of the agenis to being inactive in any time period. This Fiction can be
interpreted, for example, as a transaction cost which is specific to each agent. Alternatively
it could be interpreted as an imperfect capacity to acoess information. Formally we maodel
this friction as an individual activation threshold which each agent’s signal must exoesd
tee induee him to trade.  Each agent compares the signal he recelws with his individual

threshold, &(t), aml undertakes the decision:

Si(F) =1 if Y(§) = &)

SE) =0 if —&lt) <D <&l @)

Sit)= -1 if Yi(f)<-&(1)
The £;(t) are chosen initially from a Gaussian distribution, with initial variance crfl:ﬂ] and
zero mean. Agents’ heterogeneity enters through the distribution of thresholds, The home
geneous traders scenario can be recovered in the limit when o; = 0. For each agent £(t)
i held constant throughout & trading period but is adjusted over time proportionally with

movements in the stods price.

Initially agents whose idiosvneratic signal eoeeds their individoal thresholds make a
decision o buy or sell and subsequently influence their neighbours’ according to eq.2).
The decision of each trader is updated sequentially following the rule in egs.(1) and (2).
Holding the value of v (t) and £,(t) fixed, ¥i(f) and S(t) are iterated until they converge to
a final value Siit) for each trader. We chedked that convergence was always reached in our
simulations.

Onee the decigion process has converged, traders place their orders simul tanecusly Lo the
market maker and trade takes place at a single price. The market maler determines the

agperegate demand, D(t), and supply, Z(t), of stocks at time &

D= X Szl =- ¥ St

118 (L 0 FEATF Y Tan]
amd the trading volume: V() = Z(t) + DL}, and adjusts the stock prices according to:
D(t)y*
Pit+1)=PFit)| = 3
e+ =rw(5) 3

7



where
0= a— I:al]

L2 is the number of traders and represents the maximum number of stocks that can be
traded in any time step.

The price adjustment rule reflects an asymmetrie reaction of the market maker to im-
balance orders placed in perods of high versus low activity in the market and is consistent
with the empirically observed positivecorrelation between absolute price returns and trading
virlurme,

The market volatility can be defined as the atsolute value of relative returns:

"(t) = my% . a(t) = Ir(t) (5)

Price changes lead to an adjustment of next period’s thresholds, £t + 1)
3
¢+ 1) = &0 )

This endogenously generabed dynamics, where thresholds follow the local price trend,
couserves the symmetry in the probability of buying wrsus selling. Note that there is a
memory effect in the readjustment mechanism for thresholds, Le. next period’s threshold is
proportional to last period’s one and not to the initial ane.

The response of thresholds to prices induces a negative correlation between trading vol-
ume and lagped price chanpes. Empirical results on the price-volume relashionship are not
very clear and seem to differ from market to market ((FHara (1995)). In a theoretical pa-
per Oreasel (1998) introduced an overapping generation model where market participation
covaries positively with share prices. This situation could also be considerad in our model
by reversing the threshold adjustment mechanism. Indesd the results of our model are not
alfected by this choice.

Our choice of the adjustment mechanizm is motivated primarily by the et that i §

arige from transaction costs, such as brokerage commissions, these are proportional to stock
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prices. Moveover empirically (Camphbell et al. (1993]], an asymmetric leverage effect, ie. a
larger responses of volatility to negative as against positive price chanpges, has been observed.
Our moddel acconds with this observation. Finally a divect interpretation of the asymmetric
change of trading volume to the direction of price change could also be attempbed: when
prices fall by a large amount agents are maore likely to become aware and Lo react o it than
when prices rse or stay constant. Casual empideism suggests that news of a collapae in

atock prices is given disproportionate prominence in the media,

IIT. SIMULATIONS AND RESULTS

The outeomes of the model for different values of the parameters were simulated numer-
ically, We centered our analysis on the statistical properties of the probability distribution
of stock returns amd on the autocorrelation of market volatility.

The dimension of the lattice was set at L = 100. Each agent was initially given the same
amount of stocks A0} = 100 and of cash M0} = 100P(0), where P(0) = 1. The market
maler was given a number of stods, Mg, which was a oultiple = 10 of the number of
traders {L%) and an equivalent amount of cash. During the simulations, a record was kept
that each agent has sufficient cash when be buys a stock and ab least one stock when he
sells. This was done to ensure that constraints on selling short and buving long were never
violated. It was also checked that the market always has sufficient inventories Lo satisly
demand for both money and stocks.

The initial value of the thresholds’ variance was set at (0} = 1. The coefficient A in
e (1) was fixed at A =0.2.

For comparison purposes we deviated from the model as deseribed above in certain
instances. These will be discussed as they arise. In presenting the results of simulations we
first address the issue of volatility clustering and then the issue of scaling and multi-sealing

in the distribution of returns.



(a) Volatility Clustering

We examined the possibilities of volatility clustering both by varying the exponent e,
which controls the price adjustment speed in eg.(4), and the connectivity between agents,
as defined by the value of Jij in e 1),

We fist considersd the case where o is constant amd equal to 1 oand the agents act
independently, ie. Jij = 1 with p = 0 for all ¢ and §. In this case volatility clustering
emerpes but, in contradiction with empircal observations, i3 negatively correlated with
trading volume. This is shown, for example, in g (1b] where the retum sequence and,
superimposed, the correspondent trading volume is plotted for ¢ =1 and p=10.

An explanation of the above result is that if agents do not exchange information and are
not coupled by A common external signal their ageregate demand and supply would be the
sum of random Lid, variables and, in the limit of a large number of traders, market returns
would be Gaussian distributed. Nonetheless, if the number of active traders occaionally
becomes vwery small following a significant incresse of the price and the activation threshaolds,
a large imbalance in ageregate demand and supply can still arise as the idiosyneratic noise
is not averaged away across the active traders. As will be explained later, this can lead o
periods of high volatility.

Introducing imitation among the agents by considering p > (0 the model developed posi-
tive volume-volatility correlations. Nonetheless, for p below the percolation threshold g the
expectation is that distribution of returns would not manifest the right power law decay.
For this reason only cases where p is close to p. were considered. In these cases, however,
the system becomes very unstable and prices eventually collapse to sere as long as o ~ 1 or
larger. On the contrary by choosing o very small any imbalance in demand and supply was
dampened away and clustering did not emerge even i a high level of communication among
the agents was allowad (p ~ 1),

In any case, instead of teying to tune o bo A constant value which may give the right

asymptotic decay of returns, s suggested by Zhang (1999), we choose o as wolume depen-
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dent. The efect was that of stabilizing the system by reducing the consequences of extreme
demand fsupply ratios il these were generated by the activity of only a small fraction of
traders. Choosing o according to eq.(4) and p =1 we were able o generate volatility clus-
tering along with both the observed positive cross-correlation between price volatility and
trading volume as shown in Bg.(2b) and the empirically observed value of g, the exponent
of the returns distribution (g.(5]).

Examples of priee trajectory are shown in fg.(2a) for the above case and in fg.(1a) for
the case ¢ = 1 and p = 0. Note that in both G (la) and Gg.(2a) the price trajectores
display no obvious trend. The spectral density of log-prices is approdmated by S(f) ~ 7
with = 1.6 in the case of fg.(la) and, consistent with the prediction of a random walk,
o~ 2in the case of Gp.(2a).

In addition to the cases discussed above we have looked ab cases where thresholds either
do not exist (§(¢) = 0 for all ¢ and all ) or they remain constant over time. None of these
cases led to volability clustering for any of the choices of g Also we considered cases where
thresholds adjust according to eq.(6), o adjust accarding to eqid) and p = 0. Apain no
vilatility clustering was observed.

These results supeest that wolatility clustering can emerpge despite no communication
among traders, 3o long as an alternative mechanism exists for creating significant imbalances
between supply and demand which can propagate throupgh time. In our paper, the scenario
with thresholds adjusting according to eq.(6) and a large and constant value of o, the speed
of price adjustment, meets this condition. With adjusting thresholds, an increase in price
in one pericd reduces the number of active traders in the next period and, & argued above,
this can lead to significant imbalances between demand and supply. IE, however, o is small
or falls with the decrease in trading volume, the propagation mechanism does not work
a8 the response of future price is damped away. On the other hand assuming that o is
coustant and large leads to a significant price change in the following period and wolatility
clustering can emerge. In this seenario, periods of wolatility clustering are associated with

small overall trading volume, leading to acounter-factual correlation between trading volume
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aml volatility.

Adding communication between traders to a scenario with adjusting thresholds makes
the madel capable of reconciling large imbalances between demand and supply with large
overall trading volures. In this case, which is the main case a8 far as the results of this
paper are coneerned, all three ingredients: imitation, adjusting thresholds and variable speed
of price adjustment, play a role in generating volatility clustering. Imitation implies that
even if the idiosyneratic signal of an agent is below his threshold, the effect of imitating his
neighbours” actions can induee his to trade in the market. Indeed, with imitation, an agent
could be indueed to act in a direction opposite to his own idiosvneratic noise signal. This
imitative behaviour can spread through the system from one consultation round to the next,
generating avalanches of dilferent sizes in supply, demand and overall trading volume.

While imitation can generate a larpe spike in trading wolume, adjusting thresholds and
a variable spesd of price adjustment help propagate it through time. Adjusting thresholds
create a memory effect in the overall trading volume, keeping it high or low over several
trading periods. During periods of high activity large demand/supply imbalances ape ereated
through the effects of imitation and their impact on future prices is amplified through the rse
in theexpoent of the price adjustment rule. On the other hand, il the trading activity is low,
large demand fsupply imbalances are mainly deiven by the failure of the law of large numbers
amd their effect on luture prices is damped away by the fall in the exponent of the price
adjustoeent rule. Therefore taking all three components of the market mechanism together
creates volatility elustering along with a positive volatility-volume correlation, Le. bursts of
high volatility arise with large trading volumes and pedods of low wlatility accompany low
trading volumes.

Volatility elustering indicates the presence of memory effects in the absolute returns, A
long-memory process 18 characterized by an hyperbolic decay of i autocorrelation funetion.

In Gg.(3) we plot the mtocorrelations lunction of retumm Cr and absolute return O

Cr(L) = E(r(t)e(t + L)) = E(r X1 E{r(t + L)) (7
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Cy (L) = Ef[r(@)][r{t + L1} = E(|r(t}}E(jr(t + L))

as alunction of the time lag L for the case p= 1 and o varies acconding to eq.(4). Fig(3)
show that while actual retums are not correlated, the antocorrelation funetions of atsolute
returns has a slowly decaying tail revealing the presence of long term memory. /5 analysis
provides a precise test for inferring whether the decay of CHI:L] is exponential (as in the

GARCH model) or hyperbaolie, e
Clef( L) ~ L2H-2 (8]

where H i3 the Hurst exponent. Starting from Mandelbrot (1972), several authors have
advocated the RS statistic as general test of long term memory. However, Lo (1991}
pointed out that the simple B/S statistic may have difficulties in distinguishing between
long-memory and short-term dependence. Given a time series Xy, Lo (1991) suggested to

caleulate the following modified B/5 (MRS) statistic ¢s, L)

Qs L) = cr'(:. L) | ,‘Eﬂ‘,i (i - X JI‘::.LLE:iI:L X (%)
where
Fl L Fl
a*(s, L) = iztx, X %E“‘J(L] Y (X - X)Xy - X (10)
iml jml w4l

L

= a8} + 23 wy(Lh(s), g<n
jmi1

The weights w;( L) used are
wi(l}=1- —— (11)

+; are the auto-covariance operators calculated up to a lag L = /. X, is the mean over a
sample of size 5. The case L = 0 gives the classical /5 statistic. The Hurst exponent, H,
is caleulated by a simple linear regression of log(C (s, L)) on log(s). If only short memaory is
present A should converge to 1/2 while with long memory, H converges to a value larger than

1/2. We divided our orfgina volatility sample of size n = 50000 into nfs non overlapping
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intervals of size 5. We estimated (s, L) for each of the intervals o defined and averapged
it owver all of them. Errors were estimated s the standard deviation of the Qs L) over the
ﬂ,}"s intervals. We repeated this procedure for different values of 5 in the range A Lo
Results of the MRS statistics are plotted in Ggi(4). We found a slope # = 0.85 owr the
whaole range of considersd values of 5 which indicates an hyperbolic decay in the wlatility
autocorrelations, with an exponent § = 2H -2 = 0.3, We tested this value of 7 against the
plot of the absolute returns autocorrelations in Gg.(3). The solid line is a power law curve
with exponent F = —0.3. The agrecment with the data is good throughout the considered
values of L, up to L = 500. Empirical studies (Ding et al. (1993}, Cont et al. [1997),
Baviera et al. (1998), Pasquini & Serva (1999, Liu et al. (1999)) have estimated a value of
0.1 < 3 < 0.4 [or the absolute returns autocorrelation of many indieess and currencies. Our

results are in good quantitative apreement with the empirical observations.
(b) Scaling and Multi-scaling analysis

In the following we concentrate on the scaling and molti-sealing anal yais for the simulated
data of the main case studied, Le. when p= 1 and & is chosen accordingly Lo eq.(4).
We first compare the distribution of returns at different time scales, . In order to do so

we define the normalized return

0= Lo O

. (12)
where v, =< 13t} = = < r.(t) >* is averaged over the entire time series of returns. We
define the cumulative probability [7 = ) as the probability of finding a normalized return
larger than v In fg.(5) we plot, on a log-log scale, IIF = v} for the rescaled setumns 701
at 7 =1 and + = 2% (positive and negative wturns were merged together by taking their

absolute values). If the return distribution decays as a power law probir) ~ r~1'" than

the cumulative distribution 7 = ) follows

[(F > 1) ~ ,i» (13)
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[Ii7 = 7}, is well approcimated by an inverse cubie-law (shown in Gg. (3] with a dashed line)
over a certain range of values of v. Both the value of g and the range of values of v over
which it holds are consistent with the empirical results.

A way to detect multi-sealing in a time series is through the analysis of the scaling
hehaviour of the moments of the distribution. Givwn a process X, we define the structure

function as
f":?l:T] =< |6 X[ =~ % i 14)

where §, X = X, — X}, Independent random walk models always have a unique scaling
exponent f (the process is said to be self-affine) and ¢, = hg. For example in the Gaussian
case b = 1/2. Multi-scaling arises if ¢, is a non linear function of g. In this case, the process
ia called multi-affine or multi-fractal.

We analyzed the moments of the absolute wturns distribution for our simuolated data
amd detected multi-scaling in analogy with empirical Gndings (Ghashghaie ot al. (1996),
Schmitt et al. (1999), Baviera et al. (1998)). In Gg.(6) we plot, for example, Logl Fy(7])
versus log(r) for g = 2, 4,6, The exponent 4y can be estimated by a simple regression. In
fig. (7) we plot g versus g lor 0 < g < 10, We observe two different regions which indicates
multi-sealing. By using a step-wise linear regression, we estimated the slopes as being 0.47
for g < 3 and 0.14 for ¢ > 3. These resulis are in qualitative agreement with the empirical
analysis (Baviera et al. (1999)) of the DM{US exchange rate quotes. They also found that
for g < 3 the slope is consistent with the random walk hypothesis, according to which it is

0.5, while for ¢ > 3 the slope of ¢, falls to a value of 1.256.

IV. CONCLUSIONS

This paper has outlined a mechanism which can explain certain stylized fets of stock
market peturns. According to our model synehronization effects, which generate lagge Que-

tuations in retumns, can arse purely from communication and imitation among traders, even
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in the absence of an ageregate exopenous shock. On the other hand the arrival of aggregate
news could lead to synchronized action in the atsence of communication and also help ex-
plain some sty lized facts. In Loel (1999) we discuss the impact of information ardval in the
present model and show that fab tails, volatility elustering and positive volatility-volume
correlations can be generated by arcival of sequentially uncorrelated shods, Note that pre-
vious studies (Copeland & Friedman (1987), Andersen (1996), Brods & LeBaron (1996))
on the effect of news on volatility antocorrelation have relied on a mechanism of sequen-
tial information arrival. Hence, communication among traders and aggregate news serve
as complementary channels through which large Quetuations in stock prices and wlatility
clustering in a real market may be explained.

Many interesting questions which have arisen in other studies could also be addressed in
the conteet of our model. One of these is how the trading mechanism affects the distribution
of wealth among the traders. Under what conditions is the trading mechanism eapable of
inereasing the average level of wealth? Also, given an initial Hat wealth distribution, how
does it change with time as a result of the trading medhanisms? Previous studies (Levy &
Solomon (1997)) sugpest that, in a stationary state, the distribution of wealth follows a well
defined power Law,

If the model is expanded b0 allow for intra-period trading, agents who have lower thresh-
olds could trade Grat and subsequently influence their neighbours with higher thresholds.
Hence, a frst-mover advantage could arise for to agents who have lower thresholds, in that
they could benefit from buying (selling] at lower (higher] prices. The intra period trading
mechanism could serve to explain the occurrence of the shori-term correlations observed in

abock reburns.

ACKNOWLEDGEMENTS

1 would like to thank D. Farmer, A, Goenla, M. Lavredakis, T, Lux, 5. Marlose, .

Rodriguez, E. Scalas, D, Somette, D Staoffer, G Susinno and H. Thomas for interesting

16



discussions and especially C. Hienstra, S Jalarey and two anonymous referees for valuable

comments and sugpestions. All responsibility for errors is mine.

REFERENCES

Arthur, W. B., J.H. Holland, B. LeBaron, R. Palmer and P. Taylor, (1997), Asset pricing
under Endogenous Expectations in an Artificial Stock Market, The Economy as an Evolving

Complex System 11, Addison-Wesley.

Andersen T. G, (1996), Return Volatility and trading volume: an information Dow inter-

pretation of stochastic volatility, Jewnal of Finance, Vol L1, L

P.Bak, M.Paczuski and M. Shubik, (1997), Price variation in a Stock Market with Many

Agents, Physica A 246, 430.

Bannerjee, A, (1992), A simple model of herd bebhavior, Quarterly Jowrnal of Economics,
107, T97-818.

Bannerjee, A, (1993), The economics of rumors, Review of Economic Studies, 60, 309-327.

Baviera K., M. Paquini, M. Serva, D0 Vergni, A YVulpiani, (1998), Eficlency in foreign

exchange markets, preprint, hitp:/ fooclanl gov) feond-mat/ 9811066

Bolleralev T, (1986), Generalized Autoregressive Conditional Heteroskedasticity, Journal af
Eronomelrics 31 307-327.

Bouchaud, J.P. and M. Potvers, (1999), Theory of Financial Risks, Cambridge University

Press.

17



Brock W. A, and B.D.LeBaron, (1996), A Dynamical structural model Lor stock return

volatility and trading volume, Heview of Economics and Stalislics, 78, 94-110.

Caldarelli G, M.Mamsili, Y.C.Zhang, (1997}, A prototype madel of Stock Exchange, Furo-

plyses Lellers, 40, 479

Campbell. 1. 8. Grosman and J. Wang, (1993), Teading Volume and Serial Correlations in

Stock Returns, The Quarterly Journal of Economic, November, 905-939.

Cont, R. M. Potters, J.P. Bouchaud, (1997}, Scaling in stock market data: stable laws and

beyond, http:/ foooclaol. gov ) {cond-mat /9705087

Cont, R, J.P.Bouchaud, (1999), Herd behaviour and aggregate Auctuation in financial mar-

kets, To appear in: Macroeconomics dynamics,

Copeland T. E. and D.Frisdman, (1987}, The efect of sequential information arrval on asset

prices: an experimental study. Journal of Finance, XLII, 3, 763

De Lima P. and N, Crato, (1994), Long range dependence in the conditional variance of

stock returns, Eeonomic Lellers 45, 281,

Ding Z., , CW.J. Granger, R.F. Engle, (1993), A long memory property of stock market

retumns and a new model, Journal of Empirical Finanee 1 83,

Engle, R., (1995), ARCH: selected readings, Owlord: Oxford University Press.

Farmer J. D, (1998), Market Foree, Ecology, and Evolution, http:/ /xooclanl gov/ fadapt-
org 9812005,

Focardi, S 8. Ciccottl and M. Marchesi, (1999), Sell-Organized Criticality and Market
Crashes, paper presented at the 4th Workshop oo Economics with Heterogensous Interacting

Apents.

18



Galam §., (1997), Rational group decision making: A random Field Ising Model at T = 0,

Physica A, 238, 66.

Ghashghaie 5., W. Breymann, J. Peinke, P. Talkner and Y. Dodge, (1996), Turbulent Cas-

cades in foreign exchange markets, Nalure, 381, TE7-TT0.

Gopikrishnan, P, V. Plerou, M. Meyer, LAN, Amaral and H.E. Stanley, (1999), Scaling
of the distribution of Ouetuations of fnancial market indices. http/ foo lanl gov /) cond-

mat/ 9905305,

Guillaume, DM, Dacorogna MM, Davé RR., Miller UA, Olsen R.B., (1997}, From the

birds eye to the microscope: a survey of new stylized facts of the intra-day foreign exchange

markets, Finanee and Sloclastic, 1, 95-130.

Hurst H., (1951}, Long term storage capacity of reservoir, Transactions of the American

Sociely of Civil Engineers 116, T70-779.

lori, G (1999} Avalanche Dynamics and Trading Friction effects on Stock Market Returns,

Infernalional Jownal of Modern Physics C, 10, 6, 1149-1162, 1999,

Levy, M. & Solomon, 8. (1997), New Evidence for the Power Law Distribution of Wealth,
Physica A, 242, 90-94.

LeBaron B., [1999), Apent-Based Computational Finance: sugpested Beading and Early

Research, to appear in Inlernalional Joumal of Economic Dynamics and Conlrol

Liu, Y., P. Gopikrishnan, P. Clzeau, M. Meyer, C. Peng, HE. Stanley (1999] The statistical

Properties of valatility of price Ructuations, hitp:/ fxooe lanl gov/ f cond-mat /99033600
Lo A, (1991), Long term memory in stock market priees, Eenemelrica 59, 1279-1313.

Lux T. & Marchesi M., (1999, "Sealing and criticality in a stochastic multi-agent model of

19



a financial market”, Nafure, 397, 498-500

Mandelbrot, B.B. [1963), The vadation of Certain Speculative Prices, Jowrnal of Business,

36, 3M-419.

Mantegna R, and H.E. Stanley, (1995) Scaling Behaviour in the Dynamics of an Economie
Index Nalure, 376, 46-49.

Mezard M., (. Paris, M.A Virasoro, (1987), Spin Glass theory and Beyond, Word Scientific

Publishing.
(FHara M., (1995), Market Microstructure Theary, Blackwell.

Orléan, A, (1995) Bayesian interactions and collective dynamics of opinion: Herd bebaviour

amd mimetic contagion, Jownal of Eenomiz Behavior and Organizalion, 28, 257-74.

Orosel G. O, (1998), Participation costs, Trend chasing and volatility of stock prices, The

Review of Fingneial Sludies, 11, 3.

Pagan A., The econometrics of Anancial Marckets, (1996), Journal of Empirical Finance, 3,
153102

Pasquini M., M. Serva., Clustering of wlatility as a multiscale phenomenon, preprint,

hitp:/ fxxxlanl gov ) foond-mat /9903334

Ramsey, J. B., (1997), Ou the existence of macro vadables and of macro relationships,

Jouwrnal of Ecmeomic Behaviowr and Organizalions, 30, 275-299.

Ramsey J. B, and Z. Zhang, (1997), The analysis of foreign exchange rates using wavelorm

dictionaries, Journal of Empirical Finanee, 4, 31-372.
Ronalds G. A P.E. Rossi, E Tanchen, (1992), Stock prices and volume, Review of Finaneial

20



Studics, 5, 199-242,
Bahimi, M. (1994}, Application of pereolation Theory, TaylorkFrancis.

Bchmitt 8., D Svehertzer and 5. Lovejoy, (1999), Multifractal Analysis of Foreign Exchange

Data, Applied Slochastic Models and Data Analysis, 15, 20-53.
Sethna J. P.oet al, (1993), Physcal Review Lelfers, TO, 3347,

Stauffer, PM.C. de Oliveira and A. Bernardes, (1999), Monte Carlo Simulation of Volatility

Clustering in a Market Model with Herding, Ini. L. of Theor. Appl. Finanee, 2, 83394,

Stauffer D., D Sornette, (1999), Sell-Crganized Pereolation Model for Stods Market Flue-

Luations, hitp:/ fooclanlgov /eond-mat /990229,

Tauchen, G.E., Pitts M., (1983), The price variability-volume relationship on specolative

markets, Feonemelrica, 51, 485-503,

Zhang, Y. C., (1999), Toward a Theory of Marginally Efficient Markets, Physica A 260, 30.

21



FIGURES

L . i - i - & . & . )
-n?l'.'f.'l'.'lll 1100 1200 12600 14000 15000
t L

FIG. 1. The two plots correspond to o = 1 and p = (. (a) price history (b) return | below)
and trading volume as a percent of trading agents (above] (the trading volume has been shifted

upward by (L5 for a better inspection).
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FIG. 2 The two plots correspond to o = aV(t)/N and p = 1. (a) price history (b} return

(below) and trading volume as a percent of trading agents (above).
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FIG. 3. Autocorrelations function of returns (eircles) and absolute returns (squarves) for
o = al'(t)/N and p = 1. The sdlid line is a power law decay with the exponent § = (L3 esti-

mated from the MRS analysiz of absolute returns,
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FIG. 4. Modified MRS statistics for absolute returns for o = al/(t)/N and p= 1. We plot the
log of (s, L), averaged over n/s non overlapping intervals, against the log of the sample size 5
Errars are estimated as the standard deviation of (), L) over the nfs intervala. With a simple

linear regression we find a slope 1 = (1846
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af returns converges to & Ganssian.
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