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Abstract

Stock index returns have higher kurtosis and deviate thus further
from normality than individual stock returns. This study suggests to
explain this well documented, though hardly noticed phenomenon with
the asset alocation process in institutional portfolios. Asset allocators
with limited access to value relevant information are forced to condi-
tion on past prices, thereby inducing excess kurtosis into stock index
returns. For individual stocks this effect is mitigated though, as port-
folio managers with better information incorporate values into prices
through their trades at security selection level.



1 Introduction

It is well known that the returns of stocks and stock indices, like financial
returns in general, are leptokurtic '. That is, their probability densities
contain excessive mass in the very center and the tails compared to the
normal distribution. It is less well known, though widely documented, that
stock index returns are even more leptokurtic than those of their constituing
stocks 2, thereby deviating even further from the benchmark of a normal
distribution.

The difference in kurtosis may be large enough to eliminate the ben-
efits from investing into the index at times when diversification is needed
the most. For example Blair et al. (2002) investigate daily returns of the
S&P100 index and its constituent stocks from 1983 to 1992. They find a
decrease of the variance from the median stock to the index by a factor of
three but an index kurtosis about four times as large as for the constituent
stocks. While the index lost 23.7% in the famous crash of 19 October 1987,
the median loss of the constituent stocks was only 21.5%. So it appears that
medium returns get diversified away but extreme returns don’t.

From a statistical point of view such “dependence in the tails” Mikosch
(2003) is surprising. After all, indexes are just weighted averages of their
constituents. So they should reflect more independent news than individual
stocks. Consequently, the central limit theorem would lead one to expect
index returns which are closer to the normal rather than further away.

To resolve this paradox I suggest to regard stock index levels as carrying
less information than the stocks they consist of. Such unfamiliar view is sug-
gested by closer inspection of the investment process in institutional portfo-
lios®: Asset allocation between broad asset categories (e.g. stocks vs. bonds)
and security selection within those categories are usually performed by dif-
ferent entities. The asset allocator is often an external client or sponsor with
little market information who wishes to delegate the investment management
to professionals, whereas security selection is usually done by professional
portfolio managers in house. Even when both asset allocation and security
selection decisions are made in the same investment house, the former are
usually done by upper hierarchy levels. These have usually more duties than
just making asset allocation decisions, which may prevent them to process
valuation relevant information as efficiently as their portfolio managers at
security selection level do.

'see e.g. Mandelbrot (1963), Fama (1965), Mantegna and Stanley (2000), Lux and
Ausloos (2003), Mikosch (2003).

%see e.g. Lux (1996), Campbell et al. (1997), Blair et al. (2002). None of these authors,
however, draw the readers attention to the apparent difference in kurtosis, nor do they
offer an explanation for it.

3For an extensive review of the institutional investment process, see e.g. Davis and
Steil (2001).



Now assume that inferior information or balance sheet considerations
force asset allocators to condition on past prices. This will effectively turn
them into positive feedback traders 4 and thereby induce trends and excess
kurtosis into market returns, here taken to be the index. Better informed
portfolio managers have no chance of mitigating this effect at index level,
since the asset allocation decision is binding for them. At individual stock
level they can incorporate more information into prices though, by their
decision to overweight or underweight certain stocks relative to the index
benchmark. This results in lower excess kurtosis for the stocks than for the
index.

In order to make this point rigorous, I will simulate the investment
process in institutional portfolios both with and without uninformed asset
allocation beyond security selection between two risky stocks. Asset alloca-
tion is between the stock index and a riskless bond in infinite supply (cash).
This will be compared to a balanced fund setup, where portfolio managers
decide themselves how they allocate their funds between equity and bonds
(cash). I hypothesise that in the asset allocation setup index returns will
be more leptokurtic than those of the constituent stocks, similar to what is
emprically observed. Furthermore, I expect the discrepancy between stock
and index kurtosis to decrease in the balanced fund setup, where positive
feedback trading at index level is absent.

The model will use the master equation approach from synergetics orig-
inally developed for physical systems by Haken (1983) and extended to the
social sciences by Weidlich (1983), (2002). The science of synergetics studies
collective phenomena in multi-component systems with interactions between
the units of the system. Its best known application to financial markets is by
Lux (1998) and the simulation studies by Lux and Marchesi (1999), (2000).
This study uses similar methods as their work, with the following exceptions:

1. Lux and Marchesi consider only one risky asset in order to study the
univariate time series properties of its returns. I add another risky
stock in order to investigate the difference between the return patterns
of individual stocks and the index. Furthermore, the introduction of
a riskfree asset allows to assess the impact of different asset allocation
policies.

2. Lux and Marchesi consider an order based strategy, where traders
place orders proportional to the expected profit of their investment.
That approach has been criticized by Farmer and Joshi (2002) as it
may lead to both unbounded long and short positions. In order to
avoid this, I choose a position based strategy with target portfolios
rather than orders proportional to expected profits. This has the fur-

4See DeLong et al. (1990). For example, portfolio insurance strategies are positive
feedback trading strategies.



ther advantage of incorporating both limited wealth and the short
selling restrictions institutional investors face.

I follow Lux in using the heterogeneous agent framework, which attempts
to explain financial market phenomena by mathematical modelling the inter-
action of market participants with diverse trading strategies. Early propo-
nents of this approach were Zeeman (1974), Beja and Goldman (1980), Day
and Huang (1990) and Chiarella (1992), among others. Since then, a rich
literature upon the interaction of heterogenous agents has developed, see
Farmer (1999), Delli Gatti et al. (2000), Kirman and Zimmermann (2001),
Lux and Marchesi (2002), and Lux and Ausloos (2003) for reviews.

Recently, this literature has also started to tackle the impact of hetero-
geneous expectations upon more than one risky asset. Westerhoff (2004)
suggests chartists trading activity as an explanation for the high correlation
of stock returns. Béhm and Wenzelburger (2005) extend the classical capi-
tal asset pricing model (CAPM) to a dynamic context with heterogeneous
beliefs. Chiarella et al. (2005) extend the concept of adaptive belief systems
(predictors of future prices which are periodically updated based upon past
forecasting performance) introduced by Brock and Hommes (1998) to mul-
tiple risky asset. Similar to my work, they consider the impact of chartists
and fundamentalists demand upon the price dynamics of two risky assets.
However, while they model traders demand based upon the CAPM, my
model takes its starting point from the actual investment process in insti-
tutional portfolios. Furthermore, I use a different methodology by applying
the master equation approach rather than adaptive belief systems.

2 Methodology

Rather than assuming a representative agent, the synergetics literature re-
gards societies such as the investment community to be composed of a large
number of members, who individually adopt different attitudes or “states” of
behaviour. In our case the members will be portfolio managers or traders,
and their individual states will be fully described by the asset they hold
and the investment strategy they choose. The total number of portfolio
managers N is assumed to be constant through time.

They hold individually only one of three asset types, either one of two
risky stock issues or a bond issue in infinite supply (cash). The logarith-
mic trading prices of the stocks are denoted by p; and ps, and the loga-
rithm of their intrinsic values by ps1 and pgo. Portfolio managers holding
stocks may choose one of two investment strategies, chartist or fundamen-
talist. Chartists hold (do not hold) a stock because its price is appreciating
(declining) and they expect the trend to continue. Fundamentalists hold (do
not hold) a stock because its trading price is below (above) its fundamental



price, to which they expect the trading price to converge in the long run.
Shortselling is not allowed.

Denote the number of chartists invested in stock 1 or 2 with n.; resp. ne
and the number of fundamentalists invested in stock 1 or 2 with n ¢ resp. nyo.
Each chartist wishes to invest ¢. currency units into her favourate stock,
whereas the desired investment exposure of fundamentalists is proportional
to the mispricing of the stock they wish to hold. Denoting fundamentalists
target exposure per unit mispricing with ¢, the aggregate target exposure
in either stock is

E; = neite + nfitf(pfi - p’i)a 1=1,2. (1)

I assume the target exposures t. and ¢y and the fundamental prices psq
and pys to be constant over the time period considered. Trading demand
for the stocks is generated by changes in aggregate exposure due to changes
in mispricing or the composition of traders

d
ED; = o
This contrasts with the setup of Lux, who models excess demand di-
rectly by an equation corresponding to (1), thereby implicitely assuming
that nonzero trader populations and mispricing alone are sufficient to gen-
erate trading. Farmer and Joshi (2002) note that such an approach may be
problematic insofar as it may lead to unbounded positions as long as mis-
pricing remains or chartists stay in the market. Infinite holdings contradict
the assumption of finite wealth and appear unrealistic from a risk manage-
ment point of view. They should certainly be avoided when investigating
the interplay between institutional investment processes and the statistical
properties of stock returns. Assuming overall investment exposure rather
than trading demand to be proportional to trader populations and mispric-
ing answers that critique. A further advantage is that it implicitely takes
the shortselling restrictions into account which institutional investors face.
Market clearing (ED; = 0) yields for the logarithmic trading prices of
the stocks

E; = nigite +nlyitp(pri — pi) — nyit ;. (2)

pi = L (nczt_c +nyi(pgi —pi)> ;o i=12 (3)
nyg; ty

The following points appear worth noting: Fast changes in the composition
of traders and large mispricings speed up price changes, whereas large fun-
damentalist populations slow them down. On the chartist side, the speed
of price adjustment depends on the target exposure of chartists relative to
fundamentalists. Large chartists exposures speed up price changes whereas
large fundamentalists exposures have the opposite effect. Overall, we recover
the recurrent theme in the interacting agent literature, that fundamental-
ists have a stabilizing and trend followers have a destabilizing effect upon



prices, from the mere existence of chartists and fundamentalists without
having made any specific assumptions yet about how to model changes in
the traders populations.

We turn to this issue now. The synergetics literature models interac-
tions between members of the population in terms of Markov chains. That
is, for each member of the population it postulates a transition probability
to change its state of behaviour, or equivalently to move to another subpop-
ulation, which depends only upon the systems current state. Suppose there
are M subpopulations (trader types) ni,...,n;,...,n;,...,ny and denote
the transition probability to move from subpopulation 7 to subpopulation j
as p;;. It is then possible to describe the evolution of expected population
sizes through time in terms of first order differential equations, the so called

quasi-meanvalue equations ®
M
nli = Z(njpﬂ—nipij), = 1,...,M. (4)
J#

The quasi-meanvalue equations have a very intuitive interpretation. They
simply state that the expected change in population size n; consists of ex-
pected population inflows from all other states ) n;p;; minus all expected
population outflows into other states > m;p;;. In the following, we shall
apply this approach to three models of financial markets and institutional
investment bahviour of increasing complexity: two risky stocks without risk-
free asset, two risky stocks and a riskfree asset in balanced funds, and two
risky stocks and a riskfree asset including seperate asset allocation.

2.1 Two Stocks and No Bond

Consider first a market consisting of no other assets than the two risky
stocks. Since all traders must allocate their funds somewhere, we have

Nel +Ne2 +1p1 +nypo = N. (5)

Our task is now to specify the transition probabilities p;; according to
which traders change from one subgroup to the other. As in Lux, it is
assumed that traders change their strategy according to the perceived profit
of the other strategies compared to their own. Following Lux, the perceived
profits or utilities of chartists C1 2 and fundamentalists F; » are modelled as

Cz:pl/va E:S|pf’b_pl|a 22172 ; (6)

5The quasi-meanvalue equations describe the dynamics of expected values only for uni-
modal probability distributions of the system. If the system bifurcates into a multimodial
probability distribution, the evolution of individual systems is no longer meaningfully de-
scribed by unconditional expected values, as they lie somewhere between the states of
maximal probability. But the quasi-meanvalue equations (4) describe still the most prob-
able dynamics of individual systems depending upon their current states, see Weidlich
(2002), Chapter 12.




where p; denotes the price trend in stock ¢ and s is a discount factor, since
reversals to the fundamental price are first expected in the future. This
contrasts to price trends, which may be cashed in immediately. v denotes
the frequency at which agents evaluate their utility per unit time. It must be
included in the chartists utility in order to make it independent of arbitrary
transformations in the unit time scale.

As in Weidlich and Lux, I will assume that the relative change in proba-
bility to switch from one strategy to another is proportional to the difference
between the utilities of the respective strategies, i.e.

dpij/pij = ad(U; —Us), 4,7 =cl,e2, f1, f2, (7)

where a measures the strengh of attraction which apparently more profitable
strategies exert upon the trader. Inserting the utililities (6) into (7) yields
for the transition probabilities between the trader types

Oé(Cj—Ci)’ a(FJ_FZ)

Pcicj = ve Pfif; = ve ) iaj:1v2’ Z#]

(8)

Oé(F]'—Ci)7 a(C]—Fl)

Dcifj = ve Pfic; = ve ) ih,j=12

where pei; and py;r; denote transitions from stock ¢ to stock j within the
chartist resp. the fundamentalist subgroup, and p.;s; and py;.; denote tran-
sitions from chartists to fundamentalists and vice versa. ¢ We may now
insert these transition rates into the quasi-meanvalue equations (4) in order
to obtain the following equations of motion for the expected values of the
trader populations:

n'Cl = /U.[ nCQeOt(Cl—C2) _ nclea(CQ—Cl)
et @F) g ee(F=C) (9a)
+ nfgea(cl_F2) — e e®F2=C)]

n'c2 — U'[ nclea(CQ—Cﬂ o nc2ea(01—02)
_|_ nflea(cz—Fl) _ nc2604(F1—Cz) (9b)
4 nf2€a(Cz—Fz) _ nc2eoc(F2—C’2)]

n:fl — ’U‘[ nclea(Fl_Cl) _ nfleot(cl—Fl)
+ nc2ea(F1*C’2) o nflea(C’ngl) (QC)
+ nfgea(Fl_F2) - nflea(F2—F1)]

SThis frequently chosen formulation of transition rates as exponential functions does
not contradict the requirement that the sum of all transition rates into other states may
not exceed one, since this may always be achieved by choosing a suffiently small time unit.



a(F2—Chq) a(C1—F»)

Ny = v neie — nyoe
+ nczea(Fz_Cz) — nfgea(CQ_Fz) (9(21)
+ nflea(Fngl) _ ,nf2ea(F17F2)]

2.2 Balanced Fund Setup

Assume now that a riskfree bond is available and denote the number of
traders invested in the bond with npg, such that

np + Ne1 +nez2 +nygp +np = N. (10)

For the sake of mathematical tractability the bond is assumed to pay no
interests (cash). Compared to the setup without a riskfree asset, there are
eight additional transition probabilities to determine, four transitions from
the bond to each of the four stock investors and four transitions back from
the stock to the bond investors. Since the bond pays no interest, its utility is
zero. Letting portfolio managers decide themselves whether or not to invest
in bonds yields for the additional transition probabilities between bond and
the four kind of stock investors

C;

_ . —apCi
DPBei = VB poip = ve” *BYi,

i=1,2 (11)

apF; —apk;
) b

PBfi = VE PfiB = ve

where pp.; (peip) denote transition rates to (from) chartists, and ppy; (pfiB)
denote transitions to (from) fundamentalists. The transition rates within
the stock investor groups (8) remain unchanged. The strength of attrac-
tion parameter between stocks and bonds ap will in general differ from the
strength of attraction parameter o within stocks. This is the case because
the asset allocation between stocks and bonds, here performed by portfo-
lio managers themselves as in balanced funds, involves a decision between
assets of different risk, whereas security selection within stocks is between
assets of comparable risk. Inserting into the quasi-meanvalue equations (4)
yields for the population dynamics similar to (9):

Nep =0 - [(nBeC“BC1 — ncle_chl) + (nczea(cl_CQ) - nclea(c2_cl)) (12a)
+ (nflea(cl—Fl) o nclea(Fl—Cl)) + (nf2€a(01—F2) o nclea(Fz—Cl))]
Neg =0 - [(nBe“B? — ne™*BO2) 4 (ny (270 _ppe(C1=C2)y (12D)

+ (nflea(CQ—Fl) _ nc2€a(F1—Cg)) + (anea(CQ—FQ) _ nc2€a(Fg—Cg))]

ny =v- [(npeBf — nfle_o‘BFl) + (ncleo‘(Fl_Cl) — nfleo‘(cl_Fl)) (12c¢)

+ (nc2ea(F1fC2) — nflea(szFl)) + (anea(Flsz) _ nflea(Fngl))]



Ny =0 - [(nBeO‘BF2 — nfge_aBFZ) + (nclea(F2_Cl) — nfgeo‘(cl_F2)) (12d)

+ (nc2eoc(F2—Cz) . nf2eoc(02—F2)) + (nfleot(FQ—Fl) . nf2ea(F1—F2))]

2.3 Asset Allocation Setup

Suppose next that asset allocation and securtity selection are performed by
seperate entities, as depicted in figure 1.

[Insert Figure 1 about here]

The asset allocation decision splits portfolio managers into a bond in-
vestor and an equity investor group, denoted by ng:

ng =nc +ne+np+np,  npt+ng=N. (13)

Traders in the equity investor group choose their stock and investment strat-
egy in the same way as before using the transition rates in (8). However, the
asset allocation decision whether to invest in bonds or stocks is no longer
in their hands as in the balanced fund setup, but has been transferred to a
seperate entity, which we shall call the sponsor. Simultaneously with port-
folio managers reconsidering their stock selection decision, sponsors decide
how many traders to put on the equity and the bond investor side. This
will again be modelled using transition rates denoted by ppg from bond to
equity investors and by pgp from equity to bond investors.

As our goal is to model uninformed asset allocators, let us assume that
the sponsor has no further information available than current and past stock
index levels (p1 + p2)/2. It is then reasonable to model the sponsors utility
I of an equity investment as the index return
_ p1+p2
2
where the speed of adjustment parameter v has again been included in order
to make that utility independent of arbitrary changes in the time unit. The
resulting transition rates between equities and bonds read then

I

(14)

—_— et B1H52) [ and PEB = ve—aB(]jl'f‘IjQ)/v’ (15)

where the factor 1/2 has been included in the strength of attraction para-
meter ap. In the next step we need to specify, how the transitions between
equity and bonds on asset allocation level translate into transition proba-
bilities between the individual stock investors and the bondholders. I will
assume here, that the asset allocation decision leaves the internal composi-
tion of stock investors unchanged. That is, the transition rates from each
individual stock investor to bondholders equal just the transition rates be-
tween equity and bonds

PciB = PfiB — PEB, 1=1,2 (16)



whereas transitions from the bondholders to the equity investors must be
weighted by the relative frequency of the relevant stock investor type
Ne

i
PBci = —DPBE, PBfi = ——
ng ng

M ee, i=1,2. (17)

These may then again be inserted into the quasi-meanvalue equations
(4) in order to obtain for the population dynamics in analogy to (9) and

(12):

nL =v - |:ncl (n_BeOéB(p'l-l—P'z)/v _ e—aB(ﬁl-i-p'Q)/”)

ng

+ nege(©17C2) g ea(@mC) (18a)
+ nflea(Cl—Fl) _ ’I’Lclea(Fl_Cl)

1 poe( 1) ndea(FrCl)]

Ny =V - |:n02 (n_BeaB(zflJrﬁz)/v _ eaB(p1+p2)/v)

ng
+ N e @) _p pea(©1=C) (18b)
+ e @) e imC2)

+nf2€a(Cg—F2) _ n62ea(F2—Cg):|

nj =v- [nfl (”_BeaB(p1+p2)/u _ eaB(P'leré)/v)

ng
+ neqe®Fr1=C1) _ nflea(cl_Fl) (18c¢)
+ nege®F1=C2) _ nfle"(cz_Fl)
+nf260‘(F1_F2) — nflea(FZ_Fl)]

Nty =v - [nfz (n_BeaB(erﬁz)/v _ eaB(P'leré)/v)

ng
+ nee®2=C1) _ nf2€a(01—F2) (18d)
+ negeF2=C2) _ ane"(Cz_FQ)
+nf160‘(F2_F1) — nfgea(Fl_FQ)]

3 Theoretical Results

Combining the time development of the assets prices (3) with either one of
the population dynamics (9) for a market without riskfree asset, (12) for

10



the balanced fund setup, and (18) for the asset allocation setup, one obtains
three closed systems of highly non-linear differential equations with state
variables p1, p2, ne1, ne2, ny1 and nyo.

It turns out that all three systems have “fundemantal”equilibria, in
which the trading prices of both assets equal their respective fundamental
values (p; = pyi, @ = 1,2) with further requirements upon the composition
of traders detailed below.

Proposition 1. Fundamental Equilibria.

1. The market without riskfree asset has a fundamental equilibrium at

Nel = Neg = Np1 =g = N/4.

2. The market consisting of balanced funds has a fundamental equilibrium
at
NB = Nel = Neg = Ng1 = Nygp = N/5.

3. The market with seperate asset allocation has a fundamental equilib-
rium at

ng =ng = N/2, Nel = Neg = N1 = Ngo = N /4.

Proof. See appendix. O

Intuitively, the equilibrium conditions follow quite naturally from the
structure of the quasi-meanvalue equations (4) as follows. At fundamental
equilibrium all fundamentalist and chartist utilities equal zero, because all
trading prices equal their fundamental value and there is no price trend.
All transition probabilities in the quasi-meanvalue equations equal therefore
one, such that (4) simplifies to

M

J#i

It is then immediately clear from (19) that zero expected changes for all
trader populations imply that there are equally many traders in every pop-
ulation. As regards the asset allocation setup one has to keep in mind that
there are two subdynamics, one between bonds and stocks, and one within
stocks, for each of which equations of the form (19) hold.
The stability of the fundamental equilibria depends only upon the strength

of attraction parameters o and ap, and on the target exposure of chartists
relative to fundamentalits, ¢./ts, as detailed below.

Proposition 2. Stability of fundamental equilibria.

11



1. Stability of the fundamental equilibrium in the market without riskfree

asset requires
t

1

a— < <.

ty 8

2. Stability of the fundamental equilibrium in the market consisting of
balanced funds requires

te 1
da)— < —.
(ap + a)tf 5

3. Stability of the fundamental equilibrium in the market with seperate
asset allocation requires

=

t
(aB +Oé)—c <
ty

Proof. See appendix. O

The conditions for stability of the fundamental equilibria above conform
with intuition. Large strength of attraction parameters imply that small
deviations from equilibrium trigger fast changes in the trader populations,
leading to fast price changes as well. Large target exposures of chartists
relative to fundamentalists speed up price changes as was already mentioned
in the discussion of (3).

It is also reasonable that stability depends only upon the ratio of chartists
to fundamentalist target exposures t./t ¢, since otherwise the dynamics would
depend upon arbitrary choices of the currency unit. Similarly the speed of
adjustment parameter v does not appear in the stability conditions, because
it would introduce a dependence upon the arbitrary time unit. An inspec-
tion of the proof for the stability conditions reveals that the discount factor s
is only absent because economically it is confined to values less than one. If
that was not the case, large enough discount factors could lead to instability
due to “exaggerated”price corrections by fundamentalists.

4 Simulation Results

Having established the existence and stability conditions for fundamental
equilibria, the goal is to compare the statistical properties—in particular
the kurtosis— of the individual stock returns with those of the index in the
three market setups. That will be done using computer simulations similar
to the work by Lux and Marchesi. In order to illustrate the appraoch, this
section will contain simulation results applied to their work (Lux (1998),
Lux and Marchesi (1999), (2000)).

[Insert Figure 2 about here]
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Lux and Marchesi consider only one asset as depicted in figure 2. Their
model consists of n. chartists and n; fundamentalists, where the chartists
may be further subdivided into n bullish and n_ bearish speculators. As
in our model, the number of the three kind of traders evolves through time
according to the perceived investment returns (utilities) of the respective
groups, following the quasi-meanvalue equations (4).

Lux and Marchesi use nominal rather than logarithmic prices. The utility
of their fundamentalists is therefore s|(ps — p)/p|, where s is the discount
factor, ps is the fundamental, and p the trading price of the asset. Bullish
chartists, who invest into the risky security, receive its nominal dividend r
and the price change p, but forego the average rate of return of the economy
R, such that their utility is (r + p)/p — R. Bearish chartists, who short
the risky asset in order to invest into the overall economy receive R — (r +
p)/p. The transition rates from fundamentalists to the two kind of chartists
py4/— and vice versa p/_ are governed by the differences in utility for the
respective groups:

prv o [(52 — ) o[22 ], pog oo o] - (52 - R)],

o e[ (- 5) 2] gy e (- 52)]

Strategy shifts within the chartist subgroup are assumed to be a function
of both the prevailing opinion as measured by the difference between the two
kind of chartists (n4 —n_)/n. (herding) and the price change p (chartism).
The transition rates read then

Ny —nN_ . n_—n .
P—4 X exp (+n— +p), P4— X exp (n—+—p)« (21)

C C

Lux and Marchesi assume excess demand rather than target portfolios
proportional to trader populations and mispricing

ED = nct.+nsts(ps —p), (22)

where ¢. and ¢y denote funds to reallocate in each evaluation round of the
utility differences, rather than target positions to hold. This may lead to the
beforementioned buildup of infinitely large positions in Lux’ model, which
is avoided in my setup. Furthermore, Lux and Marchesi assume price ad-
justment by a market maker (p o< ED), whereas I assume instant market
clearing (ED; = 0).

[Insert Figure 8 about here]

"Strength of attraction and scaling parameters will in the following be omitted for
readability. For a detailed description of the model, see Lux (1998), Lux and Marchesi
(1999), (2000).
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Figure 3 shows a simulation of both fundamental and trading price over
120000 time steps. The fundamental value of the stock follows geometric
Brownian motion with the same parameters as in Lux and Marchesi (1999).
The trading price tracks fundamental value so closely that it is hard to spot
any difference. The picture changes however when returns rather than prices
are considered.

[Insert Figure 4 about here]

Figure 4 shows the logreturns generated from the price series in figure
3. The lognormally distributed increments in fundamental value are not
reflected by similarly distributed trading returns. Instead the white noise
underlying the changes in fundamental value has been transformed into a
highly heteroscedastic return series with clusters of volatility similar to what
is empirically observed in financial markets.

A closer inspection of the model reveals that the bursts of volatility are
related to the number of chartists. With many chartists in the market,
small increments in fundamental value get quickly reinforced to solid trends
until a wide discrepency between fundamental and trading prices causes
fundamentalists to trigger a sharp reversal. This again creates a new trend
into the opposite direction which may be further reinforced if too many
traders have converted to the chartist strategy.

[Insert Figure 5 about here]

Figure 5 illustrates how extreme returns may be traced back to large
chartist populations. The stability analysis of Lux’ model shows that there
is a critical size of the chartist population above which the fundamental equi-
librium becomes unstable. Indeed, when the fraction of chartists within the
traders population exceeded the critical line indicated in figure 5, its value
had to be reset just below the critical line in order to avoid the breakdown
of simulations.

By an application of Jensens inequality, the transformation of the log-
normally distributed price increments into heteroscedastic trading returns
results in excess kurtosis of the transformed relative to the original process
8. That is also the case here, as depicted in Figure 6.

[Insert Figure 6 about here]

It shows the tail probabilities of standardized trading returns at differ-
ent levels of time aggregation. The positive and negative tail have been
merged by using absolute returns. For comparison, the solid line shows the
half-normal distribution on which the absolute scaled increments of the fun-
damental price would collapse at all levels of time aggregation. It is seen

8see Bollerslev et al. (1994).
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that trading returns have clearly more mass in the tails than fundamental
returns, as expected. For increasing levels of time aggregation, however,
the tail probabilities of the trading returns approach those of the normal
distribution, as it is also empirically observed in financial markets. The
reason is that by decreasing the sampling frequency intermediate bubbles
and crashes may already have burst, implying that the corresponding large
returns do not appear in the sample but average out with other returns in
the unobserved period.

For the highest observation frequencies, the tail probabilities obey ap-
proximate power-law scaling. Performing a log-log regression on the 30%
largest observations the estimated slope is —2.57 +-0.101 at unit time steps.
This is similar to the value found by Lux (—2.64 + 0.077) and to those of
various financial returns at daily frequencies. ?

Figures 7 and 8 show the estimation of the self similarity parameter H
for raw (fig. 7) and absolute returns (fig. 8) derived from the fundamental
and trading prices, using detrended fluctuation analysis as introduced by
Peng et al. (1994). The average fluctuation of self-similar processes around
their local trend during the interval ¢, <F'(t)> (the standard deviation of the
logarithmic price, in our case) is expected to scale as a power law: <F(t)> o
tH from which the Hurst exponent H can be extracted by performing a
regression in log-coordinates.

[Insert Figure 7 about here]
[Insert Figure 8 about here]

As is shown in figure 7, the Hurst exponents of the raw returns for
both fundamental H = 0.47 + 0.09 and trading prices H = 0.45 + 0.08
are statistically indistinguishable from the theoretical value for white noise
processes H = 0.5. There is thus no persistence in either of the series.

The picture changes when considering absolute returns as estimators of
volatility in figure 8. While fundamental volatility with a self similarity pa-
rameter of H = 0.53 £ 0.10 shows no sign of long memory, the volatility of
trading returns shows strong persistence with H = 0.83 4+ 0.24. These find-
ings are in harmony with both the results by Lux and empirical observations
in financial markets 1°.

Lux and Marchesi (2000) document then how the main characteristics
of the models trading returns: volatility clustering, fat tails, and long range
dependence, remain conserved even when the fundamental price is assumed
constant. This time long range dependence is investigated by considering
the fractional differencing parameter d which is related to the self-similarity
parameter H through the relation d = H — 1/2. Therefore, d > 0 indi-
cates long range dependence. Lux and Marchesi simulate 20000 trading

9see e.g. Jansen and de Vries (1991), Loretan and Phillips (1994), Longin (1996).
Y5ee e.g. Crato and de Lima (1994), Lobato and Savin (1996)
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returns for each of four parameter sets within the stable regime of the fun-
damental equilibrium. These are then split into 10 samples of 2000 ob-
servtions each, in which the fractional differencing parameter d is obtained
from log-periodogram regressions following the procedure by Geweke and
Porter-Hudak (1983).

[Insert Table 1 about here/

Table 1 shows the estimates of d for squared and absolute returns as
volatility estimators of two such simulations together with the results by
Lux and Marchesi. The estimates of d are always positive, often significantly
so, indicating long range dependence in return volatility. Absence of long
memory is also more often rejected for absolute than for squared returns,
which is in harmony with empirical findings in financial markets 1.

[Insert Figure 9 about here]

Long memory is also evident from the plot of the autocorrelation func-
tions for raw, squared and absolute returns, here for simulation 2 of parame-
ter set IV (the other plots look similar). Slow declines in the autocorrelation
of volatility measures as shown here for squared and in particular absolute
returns are fingerprints of long memory processes and have similarly been
observed in financial markets 2. The trading returns themselves, on the
other hand, do not display significant autocorrelations over extended time
periods, which is also in harmony with empirical observations 3. The ob-
served pattern is consistent with multiscaling, a concept to describe long
memory of varying degree for different powers of random processes intro-
duced by Mandelbrot et al. (1997).

[Insert Table 2 about here]

Table 2 contains kurtosis and tail index estimates for the trading returns
series of the four parameter sets obtained from the estimator proposed by
Hill (1975). All time series are heavily leptokurtic. The tail index which
measures the asymptotic decay in the probability of large returns, hoovers
in a range between 2 and 4, implying the existence of the variance, but not
the kurtosis of a stationary process with the same tail index as the series
investigated here. Sample estimates of the variance do therefore converge
to a finite value, but sample estimates of kurtosis don’t, which is shown as
an example for one simulation of parameter set IV in figure 10. Tempo-
rary increases in the variance following return shocks level off after a while,
which stands in contrast to the permanent increases in the level of kurtosis

"see e.g. Ding et al. (1993), Mills (1997).
25ee e.g. Beran (1994), Ding et al. (1993).
Bsee e.g. Fama (1970).
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following extreme returns. This is also the explanation for the occasional
discrepancies in the empirical kurtosis estimates for the different simulation
runs in table 2. Kurtosis estimates may differ considerably depending upon
the frequency and intensity of extreme returns which happened to be in the
sample, as is expected for tail indexes smaller than four.

[Insert Figure 10 about here]

5 Conclusion

I have suggested to explain the discrepancy in kurtosis between indexes
and stocks with the investment process in institutional portfolios. This is
certainly not the only mechanism at work. For example, large capitaliza-
tion stocks may be expected to show the fastest reaction to major economic
shocks due to their higher liquidity and representation in institutional bench-
mark indexes. As a result, kurtosis in capitalization weighted indexes may
increase compared to the median constituent stock. As another example,
an efficient pricing story (Fama (1970)) would claim that major shocks tend
to affect the majority of stocks simultaneously, which would also increase
index kurtosis relative to those of individual stocks. However, none of these
stories suffice as an explanation, since higher index kurtosis is present in
equally weighted indexes as well (Campbell et al. (1997)), and the largest
index movements occur with little or no news (Cutler et al. (1989)).

Futures on major stock indexes may play a role, as they allow the fastest
movements in and out of rapidly moving markets. On the other hand, such
contracts are regularly hedged in the spot market, and it is hard to imagine
effects of uncovered positions on return periods of a full trading day and
above.

Whatever the reason may be, the topic deserves further investigation.
Understanding the interaction between the institutional investment process
and the likelihood of bubbles and crashes in the markets is essential both
for financial market regulation purposes and from a risk management point
of view.

Appendix

A Proof of Proposition 1

A fundamental equilibrium requires

Nel =Nezg =Ny =npr =0 at p1 =psp and p2 = pyo. (A1)
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Consider first the market without riskfree asset. Using the identity

njeo‘(Ui_Uj) — neUi=U) (A.2)

ni—nj

=(n; +n;) - [tanh(oz(UZ- -Uj)) — } cosh(a(U; — Uj))

n; + N,
the equations of motion for the trader populations in the market without
riskfree asset (9) may be rewritten in terms of hyperbolic funcions as

el — N2

Nel = v {(ncl + ncg) [tanh(oz(Cl — 02)) :| cosh(a(Cl — 02))

Nel + Ne2
Nel — N1

+ (ne1 +ny1) {tanh(oz(Cl - F)) — y———

} cosh(a(Cy — F1))

Nel — N
+(ne1 +ny2) [tanh(a(C’l —F)) - niTan] cosh(a(C; — Fg))}

T2 — Nel

Nup = V- {(ncg + 1) [tanh(a(Cg —C1)) — ] cosh(a(Cy — C1))

Ne2 + Nel
Ne2 —Nf1

+ (ncg + nfl) [tanh(oz(Cg — Fl)) — Ty + sl

} cosh(a(Cy — Fy))

+(nex + ny2) [tanh(oz(C’g B - %ZZ] cosh(a(Cy — FQ))}

nfL — Nel

ny = v {("fl +Ne1) {tanh(a(Fl - C) - nf1+ nel

} cosh(a(Fy — C1))

nep — Ne2

+ (nf1 + ncg) [tanh(a(Fl — Cg)) — nir T ez

} cosh(a(Fy — Cy))

+(np +ng2) [tanh(a(Fl - R)) - w} cosh(a(F; — Fg))}
nf+nypo

N2 — Nel

nyy = v- {(nfz + ne1) [tanh(a(Fg - Ch)) — S

} cosh(a(Fy — C1))

Ny — Ne2

+ (nfg + ncg) {tanh(a(Fg — CQ)) — .

} cosh(a(Fy — Cy))

+(ng2 +ny1) [tanh(a(Fz - F)) - %} cosh(a(Fy — Fl))}
(A.3)

In order to fulfil the condition (A.1l) it suffices that all squared brackets
above equal zero. That is the case for n¢ = ne = nyp = nyp = N/4, as
claimed.

Similarly the equations of motion in the balanced fund setup (12) may
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be written as

Nel = U {(ncl +np) {tanh(chl) —

Nel —MB
Nel +NB

] cosh(apCh)

+ (o1 + ne2) [tanh(a(Cl —Cy)) - w] cosh(a(Cy — Cy))
Ne1l + Ne2
+ (er + np1) [tanh(a(Cl —F)) - w} cosh(a(Cy — Fy))
Nel + Mgl
+(ne1 + ny2) [tanh(a(Cy — Fy)) — el “10p2 cosh(a(Cy — Fg))}
L Nel + Ng2 |
Neg = v- 4 (N2 +np) |tanh(apCs) — D2 — 1B cosh(apCs)
c2 — c2 B BLY2 Nez + np BY2
[ T2 — ncl-
+ (nc2 + ncl) tanh(a(02 — Cl)) i — COSh(Oz(Cg — Cl))
L Ne2 + Nel |
+ (ne2 +ny1) {taﬂh(a(@ —F)) - w} cosh(a(Cy — FY))
Ne2 + Nyl
+(ne2 +ny2) [tanh(a(C’g —F)) - w] cosh(a(Cy — Fg))}
Ne2 + Ng2
nf = v {(nfl +np) [tanh(aBFl) e nB} cosh(apFy)
nf+npg
+ (1 ner) |tanh(a(Fy = C1)) - % cosh(a(Fy — C1))
+ (nf1 + ne2) |tanh(a(Fy — Cy)) — N1~ Ne2 cosh(a(Fy — Cy))
nfp+ Ne2 |
(g1 +npo) [tanh(a(Fy — Fy)) — L2 cosh(a(Fy — F2))}
L nf1 + nyfo |
Ny = v- {(nf2 +np) [tanh(ozBFz) _ DR cosh(apFy)
nfy +np
+ (g2 +na) |tanh(a(Fy — C1)) — 2" cosh(a(F, — C))
L N2 + Net |
+ (nf2 + ne2) |tanh(a(Fs — Cy)) — Rf2 — Ne2 cosh(a(Fy — Cs))
Nnfo + Ne2 |
+(nf2 +nyg1) |tanh(a(Fy — F1)) — L Eble cosh(a(Fy — Fl))}
i ng2
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and the equations of motion in the asset allocation setup (18) as

Nt = v- {ﬂ [tanh(ap (71 — 72)) — (2ng — 1)] cosh(ap(iry — 7))
ng

# (na + 1) | ranba(Cy — )~
+ (e +1ny1) [tanh(a(cl — 1)) -

(ne1 +112) [tanh<a<01 - F)) -

w] cosh(a(Cy

Tiel — N2

] cosh(a(C; — C9))

Nel + Ne2

flet — nfl} cosh(a(Cy — F1))

Nel + Nyl
- F
Ne1 + Ny2 2))}

Ny = v {ﬂ [tanh(ap (711 — 72)) — (2ng — 1)] cosh(ap (711 — 72))
ng

(
+ (ne2 + ne1) [tanh(a(CQ — ) —
+ (ne2 +1y1) [t

+(ne2 +ny2) [tanh(a(02 —I3)) -

anh(a(02 — Fl)) —

Ne2 — Nel

h(a(Cy — C'
n02+n01:| cosh(a(C% )
Ne2 — Nf1
—_— h(a(Cy — F
ncz+nf1} cosh(a(Cs — F1))
Ne2 — Nf2
—" h(a(Cy — F:
nc2+nf2] cosh(a(C; 2))}

np = v {Z—J; [tanh(ap(m — 72)) — (2ng — 1)] cosh(ap (71 — 72))

+ (nf1 + net) -tanh(a(Fl —Cy)) -
+ (nf1 + nea) -tanh(a(Fl —Cy)) —
+(np +ng2) -tanh( (Fy — Fy)) —

nfi — Net |

4 — | cosh(a(Fy — C
nf1+ Net | (a1 V)
N1 — Ne2 |

—— | cosh(a(F| — C
) (a(F1 — C9))
nfl—an

—— | cosh - F
W | cosh(a(Fy — )

njy = v {%2 tanh(as (71 — 72)) — (2np — 1)] cosh(ap (i1 — 72))

+ (7’Lf2 + ncl)

+ (nf2 + nc?)

+(nf2 + nfl)

tanh(a(Fy — Cy)) —
tanh(a(Fy — C2)) —

tanh(a(F2 — Fl)) —

nyf2 — Tel
—= | cosh(a(Fy — C
g+ e (a(Fy — Ch))
nf2 — Ne2
—————| cosh(a(F; — C9))
nf2+nc2_ (a
w cosh(a(Fy — Fy)) }
nf2+nf1

A.5)

where 71 and 79 denote the scale free time changes

T :pl/va

Ty = Pa /.

(A.6)

The equilibrium points for the balanced and asset allocation setups follow by
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requiring all squared brackets in their respective equations of motion (A.4)
and (A.5) to equal zero.

B Proof of Proposition 2

Consider again first the market without riskfree asset. Stability of the fun-
damental equilibrium will be considered by inspecting the Jacobian of the
system of differential equations for the trader populations (9) and prices
(3)'4. Since the Jacobian contains only derivatives of first order, it is suf-
ficient to consider the following first order approximation of (A.3) around
the fundamental equilibrium with utilities Cy = Cy = F; = F5 = 0:

Ner =0 (ne1 + ne2)a(r — T2) + Ne2 — Nt
+(nc1+nf1)a(7'r1 —F1)+nf1 — Nl (B.la)
+ (ne1r + np2)a(fy — Fo) + nga — nea

Nea = v (Ne2 + ner)a(ra — 1) + Net — N2
+ (ne2 +np1)a(y — Fi) +np — neo (B.1b)
+ (ne2 + nyp2)a(fra — Fo) + nga — nea

nfl - U'[ (nfl + ncl)a(Fl — 771) —+ Ne1 — nf1
+ (nf1 + ne2)a(Fy — 2) + nez — njp (B.1c)
-+ (nf1 + nfg)a(Fl — FQ) +ngpy — nfl]

n}Q - U'[ (7’Lf2 + ncl)a(FZ - 771) —+ Ne1 — nyfo
+ (ng2 + ne2)a(Fy — 2) 4+ nez — nyo (B.1d)
+ (np2 +np)a(Fs — Fi) +np — ngo

Introducing the new variables ¢; = nc1/N, c2 = nea/N, fi = nsi/N,
fo =nys2/N, and a = va and making use of (5) this may be rewritten as:

cl = v(1 —4cy) + a[(1 + 2¢1)71 — c1 (72 + Fy + Fy) — cairg — f1F1 — foF)
2 = v(1 —4cp) + a[(1 + 2co) 7ty — co(7y + Fi + Fy) — c17t1 — fiFy — foFy]
fl =v(l—4f1)+a[(1+2f1)F1 — fi(71 + 72 + Fa) — ety — cafra — foFy
f2 =v(l —4f2) +a[(1 +2f2)Fo — fo(7r1 + 72 + F1) — c1t1 — camra — fLFA]

(B-2)

Similarly, the equations for the trading prices (3) may be rewritten as

fi=g (tcl (wﬁ—m)ﬁ>, i=1,2 (B.3)

Msee e.g. Gandolfo (1996).
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where we have introduced the leverage parameter t = t./(vts) and rescaled
prices » ’
i fi ‘
TI'Z—;, 7Tf1—7, 7,—1,2. (B4)
Both the differential equations for the trader populations (B.2) and for
the trading prices (B.3) have time derivatives on both sides. Solving for the
time derivatives (1, éa, f1, fa, 71, 72) yields for the price equations

_ A1(D1 + Er) + B1(D2 + Gy)

B1By — A1 Ay ’
, Ay(Dy + G2) + Ba(D1 + E)
= B.
2 BlBQ — A1A2 ’ ( 5)
where

Aijs = a((cayr + fr2)(Tp1je — m172) + (1 + e2)t)
Bijy = a ((2coy1 + 1)t + (coy1 + fo1)(Tpoy1 — T2y1)) = for1s
D1/2 =a (

Eyijs = (a((ca+ foy1)Fopr + (2 + f12)Fij2) + (4c2 — o) ¢,
Gijo = (a

Inserting these into (B.2) eliminates all time derivatives also on the right
hand side of the trader populations’ equations of motion.

The partial derivatives of the price equations (B.5) evaluated at the
fundamental equilibrium read

(
(
(f1 + fo)Fijo — (2fan + 1) Fopy + (4f21 — 1)0) (mp2)1 — T2 1),
((
((

c1+ foy1)Fopr + (c1 + fi2)Fij2) + (4er — 1)v) t.

871 i 16tu(6at — 1)

ey Ocy  (4at —1)(8at — 1)’ (B.6a)
. ] )

(Z’:zl - ?9:12 ~ (dat —33%8; 1) (B.6b)

s R (B.60)
. s )

e .60

0my  Omy 2at Py (m¢2) (B.6¢)

Oy Omy  dat—1

Application of the chain rule to (B.2) yields for the chartists populations
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at fundamental equilibrium

(90'1/2 _ g (3871'1/2 B 671'2/1) _41)7

801/2 2 361/2 801/2

(90'1/2 _ g (3871'1/2 B 671'2/1)

802/1 2 8C2/1 802/1 ’

di_ 0 _0iy_0ea
oft  0fz Ofi Ofr

Oiys a (0712 OTgp ,

87‘(‘1 a 5 <3 871'1 B 87‘(‘1 B Fl (Trfl)) ’

861/2 a 87.1'1/2 87:('2/1 ’

ory 2 <3 ory  Omy ek (ﬂ-ﬁ)) ’

and for the fundamentalist populations

ofy _0fs _ (0% 0

801 a 801 N 2 801 861 ’

0h _0f _ _a(0h 0%

802 a 802 B 2 802 802 ’

oh _ 0 _

ofr  0fa ’

oh _ 0 _,

of2 0fi 7
dfip a ( / om0 )
2 2 8F ) (1 je) — —— — ,
87’(’1/2 2 1/2( f1/2) 87'('1/2 87'('1/2
112 a ( / omm | 0 )

=—— | Fy(m + + )

87'('2/1 2 2/1 ( f2/1) 871'2/1 87'('2/1

(B.7a)
(B.7b)
(B.7c)
(B.7d)

(B.7e)

(B.8a)
(B.8b)
(B.8c)
(B.8d)

(B.8e)

(B.8f)

where (B.6¢) has already been taken into account. Inserting these into the

Jakobian matrix of (B.2) and (B.5)

Ocy Oca

ocy Oca

% %

— C1 c2
T=105 ok
Jcy Oca

om 9y

oci Oco

Ofty Oty

dcy Odca

96y
Ofr

23

9¢1 9¢1
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9cg  Oca
Ofs Omi
of  Oft
3f, om
9f2  Of2
9f. Om
om1 0m
dfz  Om
Omy Oy
df2 Om

oéy
oo
pily
Ooma
of1
oma
dfe
oma
om
Oma
Oty

oo
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yields the following set of eigenvalues:

A1 = A = —4v, (B.10a)
N (B.10b)
4v
Ao — — (B.10c)
/ /
Ao — 4v + 2at (inlrf_l)l—i- F (7Tf2))‘ (B.10d)

Stability of the fundamental equilibrium requires all eigenvalues to be
non-positive. The first four eigenvalues are always less or equal to zero
independent of the choice of parameters. A5 is less or equal to zero for

1 te
at< - & a—<

1
—. (B.11)
8 ty 8

As regards the last eigenvalue Ag a complication arises from the fact that
Fy'(7p1) and Fy'(my2) are not defined because

Fyjo(miy2) = vs|mpyjo — 0| (B.12)
implies a jump of the derivative F] /o at the respective fundamental price
F1/2/(7T1/2) = $vs for 7Tf1/2 2 7T1/2. (B.l?))

It is therefore necessary to investigate each of the two regimes for each
of the two potentials seperately:

4v(14-at
% for mp1 > w1 and wpe > mo;

A = 4(3”_1 for T < T, T > T2 OF Ty > T, Tfa < T2; (B.14)
4v(1—ats)

—g1 for mp < m and wpe < mo.

The dominator will always be negative, when condition (B.11) is fulfilled.

A < 0 requires thus the numerator in all three cases to be non-negative,
that is

ats < 1. (B.15)

This is however always true when condition (B.11) is fulfilled, because s as
a discount factor satisfies 0 < s < 1. Condition (B.11) is therefore the only
necessary condition for stability of the fundamental equilibrium, as was to
be shown.

The proves for the stability conditions in the setups including a riskfree
asset follow the same logic and will be presented elsewhere.

24



References

Beja, A. and Goldman, M. B. (1980). On the dynamic behavior of prices in
disequilibrium. Journal of Finance, 35(2):235-248.

Beran, J. (1994). Statistics for Long-Memory Processes. Chapman & Hall,
New York.

Blair, B., Poon, S.-H., and Taylor, S. J. (2002). Asymmetric and crash
effects in stock volatility for the S&P100 index and its constituents.
Applied Financial Economics, 12:319-329.

Bohm, V. and Wenzelburger, J. (2005). On the performance of efficient
portfolios. Journal of Economic Dynamics and Control, 29:721-740.

Bollerslev, T., Engle, R. F., and Nelson, D. B. (1994). ARCH models. In
Engle, R. F. and McFadden, D. L., editors, Handbook of Econometrics,
volume 4, pages 2959-3038.

Brock, W. A. and Hommes, C. H. (1998). Heterogeneous beliefs and routes
to chaos in a simple asset pricing model. Journal of Economic Dynamics
and Control, 22:1235-1274.

Campbell, J. Y., Lo, A. W., and MacKinlay, A. C. (1997). The Economet-
rics of Financial Markets. Princeton University Press, Princeton, New
Jersey.

Chiarella, C. (1992). The dynamics of speculative behaviour. Annals of
Operations Research, 37:101-123.

Chiarella, C., Dieci, R., and He, X.-Z. (2005). Heterogeneous expectations
and speculative behaviour in a dynamic multi-asset framework. Re-
search Paper 166, Quantitative Finance Research Centre, University of
Technology Sydney.

Crato, N. and de Lima, P. J. (1994). Long-range dependence in the condi-
tional variance of stock returns. Economics Letters, 45:281-285.

Cutler, D. M., Poterba, J. M., and Summers, L. H. (1989). What moves
stock prices? Journal of Portfolio Management, 15(3):4-12.

Davis, E. P. and Steil, B. (2001). Institutional Investors. MIT Press, Cam-
bridge, Massachusetts.

Day, R. H. and Huang, W. (1990). Bulls, bears and market sheep. Journal
of Economic Behavior and Organization, 14:299-329.

25



Delli Gatti, D., Gallegati, M., and Kirman, A., editors (2000). Interaction
and Market Structure, volume 484 of Lecture Notes in Economics and
Mathematical Systems. Springer, Berlin.

DeLong, J. B., Shleifer, A., Summers, L. H., and Waldmann, R. J. (1990).
Positive feedback investment strategies and destabilizing rational spec-
ulation. Journal of Finance, 45(2):379-395.

Ding, Z., Granger, C. W., and Engle, R. F. (1993). A long memory property
of stock market returns and a new model. Journal of Empirical Finance,
1:83-106.

Fama, E. F. (1965). The behaviour of stock-market prices. Journal of
Business, 38(1):34-105.

Fama, E. F. (1970). Efficient capital markets. Journal of Finance, 25(2):383—
417.

Farmer, J. D. (1999). Physicists attempt to scale the ivory towers of finance.
Computing in Science and Engineering, 1:26-39.

Farmer, J. D. and Joshi, S. (2002). The price dynamics of common trading
strategies. Journal of Economic Behavior € Organization, 49:149-171.

Gandolfo, G. (1996). Economic Dynamics. Springer, Berlin, 3 edition.

Geweke, J. and Porter-Hudak, S. (1983). The estimation and application
of long memory time series models. Journal of Time Series Analysis,
4(4):221-238.

Haken, H. (1983). Synergetics: An Introduction, volume 1 of Springer Series
in Synergetics. Springer, Berlin, 3 edition.

Hill, B. M. (1975). A simple general approach to inference about the tail of
a distribution. Annals of Statistics, 3(5):1163-1174.

Jansen, D. W. and de Vries, C. G. (1991). On the frequency of large stock re-
turns: Putting boosts and busts into perspective. Review of Economics
& Statistics, 73:18-24.

Kirman, A. and Zimmermann, J.-B., editors (2001). Economics with Hetero-
geneous Interacting Agents, volume 503 of Lecture Notes in Economics
and Mathematical Systems. Springer, Berlin.

Lobato, I. N. and Savin, N. E. (1996). Real and spurious long-memory
properties of stock-market data. J. of Business é&FEconomic Statistics,
16(3):261-268.

26



Longin, F. M. (1996). The asymptotic distribution of extreme stock market
returns. Journal of Business, 69(3):383-408.

Loretan, M. and Phillips, P. C. (1994). Testing the covariance stationarity
of heavy-tailed time series. Journal of Empirical Finance, 1:211-248.

Lux, T. (1996). The stable Paretian hypothesis and the frequency of large
returns: an examination of major German stocks. Applied Financial
Economics, 6:463-475.

Lux, T. (1998). The socio-economic dynamics of speculative markets: inter-
acting agents, chaos, and the fat tails of return distributions. Journal
of Economic Behavior € Organization, 33:143-165.

Lux, T. and Ausloos, M. (2003). Market fluctuations I: Scaling, multiscaling,
and their possible origins. In Bunde, A., Kropp, J., and Schellnhuber,
H. J., editors, The Science of Disasters, pages 373—409, Berlin. Springer.

Lux, T. and Marchesi, M. (1999). Scaling and criticality in a stochastic
multi-agent model of a financial market. Nature, 397:498-500.

Lux, T. and Marchesi, M. (2000). Volatility clustering in financial mar-
kets: A micro-simulation of interacting agents. International Journal
of Theoretical and Applied Finance, 3(4):675-702.

Lux, T. and Marchesi, M. (2002). Editorial. Journal of Economic Behavior
& Organization, 49:143-147.

Mandelbrot, B. (1963). The variation of certain speculative prices. Journal
of Business, 36(4):394-419.

Mandelbrot, B., Fisher, A., and Calvet, L. (1997). A multifractal model of
asset returns. Discussion Paper 1164, Cowles Foundation for Research
in Economics, Yale University.

Mantegna, R. N. and Stanley, H. E. (2000). An Introduction to Econophysics.
Cambridge University Press, Cambridge.

Mikosch, T. (2003). Modeling dependence and tails of financial time se-
ries. In Finkenstaedt, B. and Rootzen, H., editors, Extreme Values
in Finance, Telecommunications, and the Environment, pages 185-286.
Chapman and Hall.

Mills, T. C. (1997). Stylized facts on the temporal and distributional prop-
erties of daily FT-SE returns. Applied Financial Economics, 7:599-604.

Peng, C.-K., Buldyrev, S. V., Havlin, S., Simons, M., Stanley, H. E., and
Goldberger, A. L. (1994). Mosaic organization of dna nucleotides. Phys-
ical Review E, 49(2):1685-1689.

27



Weidlich, W. (1983). Concepts and Models of a Quantitative Sociology,
volume 14 of Springer Series in Synergetics. Springer, Berlin.

Weidlich, W. (2002). Sociodynamics. Taylor & Francis, London.

Westerhoff, F. H. (2004). Multiasset market dynamics. Macroeconomic
Dynamics, 8:596-616.

Zeeman, E. (1974). On the unstable behaviour of stock exchanges. Journal
of Mathematical Economics, 1:39-49.

28



Figure 1

ng Bond Investors




Lux 1998, Lux/Marchesi 1999/2000:

po<(ED+ED)

n; fundamentalists

poost]
n,

ED o<(n,—n_)

Figure 2

n,—n_ .
— - @
nC
n_—n, —PJ

ED <n.(p,—p)

s —Pq

Z 3Inbi4



Figure 3

Fundamental Value
3000 T T T T T

2500

2000

1500

1000

500

Trading Price
3000 T T T T |

2500

2000

1500

1000

500




0.03

0.02

0.01

-0.01

-0.02

-0.03
0

0.2

-0.2
0

Figure 4

Fundamental Price Changes

x10

Trading Returns

x104



Figure 5

Logreturns
02 T T T T I
0.1} I
0
0.1 F ]
0.2 : ; : : |
0 2 4 6 8 10 12

x10

Chartist Index
1 T T T T T




Prob(>|stand. returns|)

—_
o.
N

—_
o

10

10

'
w
T

Figure 6

Tail probabilities for different levels of time aggregation
' ' ' ' ' ' ol

4O+ D]

|standardized returns|



Figure 7

price: H = 0.45237 +/- 0.078852
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price: H = 0.8316 +/- 0.24209
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Autocorrelation of raw, squared and absolute returns
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Figure 10

Return Series
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Table 1: Long-term dependence in squared and absolute returns

squared returns

absolute returns

median d in | % rejections | median d in | % rejections
10 samples of d=0 10 samples of d=0

of 2000 obs. | (95% conf.) | of 2000 obs.| (95% conf.)
Simulation 1 0.31 20 % 0.39 30 %
Setl:  Simulation 2 0.24 20 % 0.39 40 %
Lux/Marchesi 0.17 40 % 0.38 80 %
Simulation 1 0.32 10 % 0.55 60 %
Set Il:  Simulation 2 0.39 30 % 0.52 70 %
Lux/Marchesi 0.54 100 % 0.63 100 %
Simulation 1 0.47 60 % 0.56 80 %
Set lll:  Simulation 2 0.53 70 % 0.62 90 %
Lux/Marchesi 0.50 100 % 0.64 100 %
Simulation 1 0.47 60 % 0.61 80 %
Set IV: Simulation 2 0.40 40 % 0.58 100 %
Lux/Marchesi 0.52 90 % 0.64 90 %

Table 1



Table 2: Fat tail property of the data: kurtosis and tail index estimates

median tail index estimates
(10 samples / 2000 obs. each)

kurtosis | 2.5% tail | 5% tail 10% tail
Simulation 1 147.47 3.34 2.57 2.27
Set |:  Simulation 2 27.59 3.23 2.51 217
Lux/Marchesi 135.73 2.04 2.11 1.93
Simulation 1 43.16 2.61 2.32 2.19
Set II: Simulation 2 23.46 3.43 2.96 2.35
Lux/Marchesi 16.10 2.82 2.52 2.18
Simulation 1 147.95 3.34 2.93 2.28
Set lll: Simulation 2 34.65 3.21 2.81 2.67
Lux/Marchesi 27 .11 4.63 3.48 2.86
Simulation 1 22.51 3.70 2.90 2.83
Set IV: Simulation 2 96.44 3.25 2.98 2.33
Lux/Marchesi 37.74 3.08 2.46 1.97

Table 2





