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Abstract:: In this paper, we study the long-run wealth distribution regarding different
trading strategies in the framework of the CGenoa Artificial Stock Mrket. The GCGenoa
market is an agent-based sinmulated market able to reproduce the main stylised facts

observed in financial nmarkets, i.e., the fat-tailed distribution of returns and the
volatility clustering. Various popul ations of traders have been introduced in a “thernmal
bath” made by random traders, who nmakes random buy and sell decisions that are

constrained by the available linmted resources and depend on the past price volatility.
We study both trend follower and trend contrarian behaviour; fundanentalist traders,
i.e., traders believing that stocks have a fundamental price depending on factors
external to the market are also investigated. Results show that the population which
prevail and which |ose cannot be decided on the basis of the strategy alone. Trading
strategies yield different results in different market conditions. Generally, in a closed
market, i.e., a market with no noney creation process, we found that trend followers |ose
rel evance and noney to other populations of traders and eventually disappear; whereas in
an open market, i.e., a market with noney inflows, trend followers can prevail and nmake
the behaviour of other traders’ populations |ess and | ess profitable.

Keywords: artificial financial markets, market sinulations, wealth distribution, trading
strategi es, trading behaviour, asset prices, econophysics.

1. Introduction

Understanding if there are winning and losing market strategies and determine their
characteristics is an important question from the point of view of investors and regulators alike.
On one side, it seems obvious that different investors exhibit different investing behaviour which
is, a least partialy, responsible for the time evolution of market prices. On the other side, it is
difficult to reconcile the regular functioning of financial markets with the coexistence of different
populations of investors. If there is a consistently winning market strategy than it is reasonable to
assume that the losing populations disappear in the long run.

It was Friedman who first advanced in 1953 the hypothesis that in the long run irrational
investors cannot survive as they tend to lose wealth and disappear. Offering an operational
definition of rational investors, however, presents conceptual difficulties as all investors are
boundedly rational. No agent can realistically claim to have the kind of supernatural knowledge
needed to formulate rational expectations. The fact that different populations of agents with
different strategies prone to forecast errors can coexist in the long run is afact that still requires
an explanation.



In this paper, we will first describe the Genoa Artificial Stock Market (GASM) and introduce the
general setting of our computational experiments. We will then present experimental results on
the price processes and the wealth distribution of agents as regarding their trading behaviour, so
offering a possible interpretation of results.

2. The Genoa Artificial Stock M ar ket

The Genoa Artificial Stock Market is a computational |aboratory conceived to offer a simulated
experimental facility with realistic trading features.

In the last decade, an increasing number of agent-based computer-simulated artificial financial
markets have been proposed, for areview see LeBaron 2000 and Levy, Levy, Solomon 2000. A
special mention is devoted to the pioneering work done at the Santa Fe Institute [Palmer et. al.
1994, LeBaron et al. 1999]. Generally speaking, the goal of building artificial financial markets
is to explain the emergence of the characteristic statistical properties of asset prices on the basis
of hypotheses on traders’ behaviour, market microstructure and economic environment. These
problems are usually too complex to be treated analytically, so the methods of microscopic
simulations are employed.

We build an agent-based computer simulator of an artificial financial market and called it the
Genoa Artificial Stock Market (GASM?Y). While, in the past the attention of researchers has been
mainly focuses on modelling the agents’ optimisation and learning capabilities, little effort has
been devoted in our opinion in studying how the market microstructure and the macroeconomic
environment impact market prices. The GASM has been conceived to address these problems.
Indeed, in this paper we study the interplay of different trading strategies in a changing market
environment. Results show that a trading strategy cannot be judged only on the basis of the
strategy itself, but its success depends also on the market conditions.

An early release of GASM has been aready presented in Raberto et al. 2001. Indeed, the GASM
simulator has been conceived as an evolving system, able to be continuously modified and
updated. It has been implemented using object-oriented technology and extreme programming
[Beck 1999, Succi & Marchesi 2001] as development process. These technologies make possible
to develop complex systems and to make substantial modifications very quickly without
jeopardizing quality.

We present here the current release of GASM. A number of features deserve special mention:

The trading mechanism of the GASM is based on a realistic auction-type order matching
mechanism that allows to define a demand-supply schedule;

Agents have only limited financial resources;

The number of agents engaged in trading at each moment is a small fraction of the total
number of agents.

The trading mechanism that will be described in detail in the next section permits to explicitly
construct a demand-supply schedule. This is an essential feature since price fluctuations are due
to an imbalance between demand and supply. As market must clear, this means that somehow the

! The name is devoted to the beautiful city where most of this work was performed. Moreover, in the
Middle Age, Genoa was a mgjor financia centre, where the |.0.u. and the derivatives were inventes, see
Briys & De Varenne 2000.



“intentions” to buy or sell must be modified to alow orders to match. This is the essence of the
demand-supply schedule. As demonstrated in many studies on market microstructure, e.g. see
O’'Hara 1995, the details of the order matching process have a bearing on both price setting and
price-volume relationships.

The finiteness of agents financial resources is another essential feature of the GASM. It is a
realistic feature of real markets. It poses significant constraints on possible trading strategies if
different populations of agents are to coexist indefinitely. Actually, the study of the interplay
between different trading populations is one of the major scientific objectives of the GASM.

One of the features of real markets is that prices are set by transactions that involve only a small
fraction of the market population. The notion that the entire population of investors is
continuously engaged in trading is simply unrealistic as trading cost would skyrocket. Even
professional fund managers tend to limit their trading activity to only a few trades per day and
this only to fine tune portfolios that remain substantially stable for periods of the order of weeks.

The above implies that the consideration of the “thermodynamic limit” of markets, i.e. an infinite
number of traders, is simply unrealistic and possibly misleading. Finite size effects in rea
markets are not an artifact but a real feature. The interaction of a small set of agents sets the
“wealth” of the entire market.

Let’s now consider the trading strategies implemented in the GASM. Let’s first observe that the
notion that financia markets are purely speculative markets is somewhat misleading. A
significant fraction of market trading is done for real needs and not only for speculation. We
claim that, in the long run, is the interplay between the flow of cash in and out financial markets
and the creation/destruction of stocks that determine the price trends of the market.

Throughout this work we assume that there is only one security in the market plus cash. At every
instant, agents hold a fraction of their wealth in cash and the remaining part in stock. The
assumption of our first experimental setting is that there is no net inflow or outflow of cash in the
market. At every trading period we assume also that only a small fraction of traders (2% of the
total market), randomly selected, is engaged in trading. This is a simple representation of a
background trading.

This background trading has only two structural elements: a volatility feedback and the wealth
distribution of agents. Though trading is random and trading strategies are random too (see next
section for details) we allow the market to be in different states of volatility. Volatility is
uncertainty. The state of uncertainty of the market is modelled by the order limit prices issued by
traders. We impose that in periods of high volatility traders are more nervous and therefore allow
for wider price limits in order to get their trades done quickly. The assumption is that trades have
to be done for exogenous reasons and therefore traders want to execute trades at the best possible
price. Fearing large market movements, they allow more freedom in the setting of limit prices.

The other important structural element of the GASM is the agents’ wealth distribution. It is well
known empirically that wealth distribution tends to follow a Pareto inverse power law [Pareto
1897, Levy & Solomon 1997]. It has been demonstrated theoretically that auto catalytic
processes naturally lead to inverse power law distribution of wealth [Montroll & Shlesinger
1982, Bouchaud & Mezrd 2000, Huang & Solomon 2000 (a), Huang & Solomon 2000 (b)]. The
wealth of agents in the GASM is indeed governed by an auto catalytic process which explains
the emergence and conservation of inverse power law distributions.



In the presented model, each trader is endowed with an initial wealth which follows a Zipf law
and spanning four orders of magnitude. We observe that this distribution is conserved throughout
the simulation. Moreover, the differences in wealth among traders may yield big imbalances in
trading orders, thus giving rise to big price movements and consequently to a return distribution
with fat tails, as empirically observed in real markets.

Using this initial experimental setting of the GASM, we then add populations of agents
characterized by specific trading strategies. In the first instance we add two populations of trend
followers and of fundamentalists, and we then proceed to add contrarian strategies.

3 Traders populations

At every discrete trading moment, h, ageneric trader, i, holds an amount C (h) of cash and an
amount a, (h) of the stock. Traders are segmented into four population-types depending on their
respective trading behaviour: random, momentum, contrarian and fundamentalist traders.

Random traders are characterized by very simple trading strategies. no intelligence and random
trading constrained by limited resources and past volatility. Though very simple, these
ingredients are sufficient to build an artificial financial market, see Raberto et al. 2001, which is
able to reproduce the main stylised facts of real markets: volatility clustering and fat tails in the
distribution of price returns.

In this paper, we introduce, in the framework of the GASM, three population-types which have
been already described in the literature and which represent more realistic trading behaviours.
The aim is twofold: first, we want to study the behaviour of these stylised populations in a
realistic environment characterized by limited resources and a market clearing mechanism;
second, we want to address the important issue about the existence or not of winning strategies.

3.1 Random traders

At each simulation step, each random trader issues an order with probability equal to 2%. The
order can be abuy or a sell order with probability 50%.

Suppose the i-th trader issues a sell order at time h+1. We assume that the quantity of stock
offered for sale by the i-th trader at time h+1, a°, is arandom fraction of the quantity of stock he

or she owned at time h. A limit price S is associated to the sell order, and we stipulate that the
order cannot be executed at prices below S . The limit price S is computed as follows:
s = p(h)/N,(ms,) where N,(ms,) is a random draw from a Gaussian distribution with
average M = 1.01 and standard deviation s ; .

Thevalue of s is proportional to the historical volatility S (Ti) of the asset price through the

equation s, = kK* [S (T )]q where k isaconstant and s (T,) is the standard deviation of log-
price returns [Raberto et al. 1999], calculated in a time window T. time steps long. Tuning the

system by performing numerous simulations with different parameters, we found that the values
for k and q, which give the best fit with real world market data, are respectively 2.2 and 1.1. T,

is randomly drawn from a uniform distribution of integers in the range from 10 to 100 for each



trader at the beginning of the simulation. As highlighted in section 2, linking limit orders to
volatility takes into account a realistic aspect of trading psychology: when volatility is high,
uncertainty & to the “true” price of a stock grows and traders place orders with a broader
distribution of limit prices.

Buy orders are generated in a fairly symmetrical way with respect to sell orders. If the i-th trader
issues a buy order at time h+1, the amount of cash employed in the buy order is a fraction of
his or her available cash at time h.

A limit price Iy is associated to each buy order and we stipulate that buy orders cannot be
executed at prices higher than the limit price.

In the case of buy orders, limit prices are computed as follows: by = p(h)* N(m,s i), where
N (m,s i ) is arandom draw from a Gaussian distribution with average I and standard deviation

S,.Asfor sl orders. m=1.01 and s, = k* [S (Ti)]q,where k=22and q=11. T varies

randomly from 10 to 100 time steps for each trader. The quantity d assets ordered, a,.b, is

therefore given by the integer part of the ratio between the amount of cash employed in the buy
order and the limit price .

It is worth noting that, as I =1.01, the mean value of all L is likely to be greater than p(h),

while the mean value of all § is likely to be smaller than p(h). In other words, we introduce a
spread between the average value of buy/sell orders to represent the fact that a trader placing an
order wants to increase the chance of the order being executed. Hence, for a buy order the trader
is likely to be willing to pay slightly more than p(h); conversely for a sell order, the trader is

likely to offer the stock at alower price than p(h).

In conclusion, each random trader exhibits heterogeneous random behaviour subject to two
congtraints: the historical price volatility (which is included in S ;) and the finiteness of the
resources available to him.

Random traders represent the bulk of traders who perform trades for reasons not linked to the
market status, but to their needs. For instance, they represent investors who need to sell stocks to
pay personal expenses, or people who got a compensation and decided to invest this money in
the stock market. For this reason, their trades are completely random.

3.2 Momentum traders

The momentum trader is a trend follower who makes cecision depending on the trend of past
prices. The momentum trader speculates that if prices are raising, they will keep raising, and if
prices are decreasing, they will keep decreasing. They represent, in a simplified way, traders
following technical analysis rules, and in general traders following a herd behavior. In the
literature, they are often referred as noise or chartist trader, see Black 1987, De Long et al. 1990,
Delong et al. 1991, Lux 1997, Lux & Marchesi 1999.

At each simulation step, each momentum trader places an order with probability 2%. The order is
a buy order if the past prices trend is positive and it is a sell order if the trend is negative.



To be more precise, at time step h+1, the ith momentum trader computes the trend of past
prices in the following way: trend(h+1T,)= [p(h)- p(h- Ti)]/Ti. T, is the time window
used in the calculation of trends, i.e., the number of time steps backward from the last simulated

price. If trend(h +1,Ti)> 0, the trader issue a buy order whose limit price By is given by
b = p(h)+trend(h +1,T,)* T.. Conversely, if trend(h+1,T,)<0, the order is a sell order
and its limit price s is s = p(h)+trend(h+1,T )* T,. Therefore, in the case of buy (sell)
orders, we have: b > p(h)(s < p(h)) and the difference b - p(h)(p(h)- s)) is greater
when the past trend is sharper. Thisisto say that when prices are increasing (decreasing) in a fast
way, the momentum trader forecasts an identical increase (decrease) in the future.

A timewindow T. isassigned to each trader at the beginning of the simulation through a random

I
draw from a uniform distribution of integers in the range from 10 to 50. If T, would be the same
for all traders, momentum traders would behave in the same way.

In the case of abuy order, the trader’s order size is a random fraction of his or her available cash
and the quantity of stock demanded, a,.b, is given by the ratio between the cash employed in the

order and the value of Iy .

If the trader issues a sell order, the quantity of stocks offered for sale, a°, is arandom fraction of
the amount of stocks owned.

3.3 Contrarian traders

The contrarian traders are structured in the same way as the momentum traders. The difference
consists in their trading behaviour. A contrarian trader speculate that, if price is raising, it will
stop raising soon, and will decrease, so it is better to sell near the maximum, and vice versa. This
trading behavior is present among traders, albeit probably less popular than trend-following
strategies.

In a closed market, the rationale of a contrarian strategy is that, when prices steadily increases,
the total value of stocks exceeds the total value of cash in the market. This leads to an imbalance
which will eventually bring prices down again. The opposite happens when the price steadily
decreases. It is worth noting that both momentum and contrarian traders compute the trend on a
time interval randomly chosen between 10 and 50 time steps, so they don’t work on immediate
price variations, but on steadier trends.

In detail, the contrarian behaviour is the following. If trend(h +1,Ti)> 0, the contrarian trader
issues a sell order whose limit price s is determined by: s = p(h)- trend(h+1,T,)*T,. If
trend(h+1,T,) <0, the order is a buy order and its limit price b is the following:
b = p(h)- trend(h+1,T,)* T,. Therefore, even in this case we have that b > p(h) and

§ < p(h), and the chance of executing the order is higher than for orders at the past price.

The distribution of parameter T. and the mechanics of order placement is the same of
momentum traders, reported in the previous section. At each simulation step, also each
contrarian places an order with probability 2%.



3.4 Fundamentalist traders

The fundamentalist trader believes that stocks have a fundamental price, due to factors external
to the market, like price-earning, profitability, ROI, ROE and economic characteristics of the
firm business. They believe that, in the long run, the price of the stock will revert to its
fundamental price. Consequently, they sell stocks if the price is higher than fundamental price,
and buy stocks in the opposite case.

In real markets, fundamentalists represent traders who do not follow short-term speculative
behaviors, but try to make steady gains filtering out speculative movements of the market. In this
model, fundamentalists at each time step “decide” whether to trade with a probability of 2%.

If a fundamentalist decides to trade, he will place a buy or a sell order , if the present price is
lower or higher than the fundamental price, p; , respectively. The fundamental price is the same

for all fundamentalists.

The order limit priceis always p; , while its amount, in stocks for sell orders and in cash for buy

orders, is computed randomly as a fraction of the present amount of stocks or cash owned by the
trader, in the same way as for momentum and contrarian traders.

4 Market clearing

The price process is determined at the intersection of the demand and the supply curves. We
compute the two curves at the time step h+1 as follows. Suppose that at time h+1 traders
have issued U buy orders and V sell orders. For each buy order, let the pair

(as,bu ),u =12,..U indicate respectively the quantity of stocks to buy and the associated limit
price. For each sell order in the same time step, let the pair (aj,s,),v=l,2,...v denote

respectively the quantity of stocks to sell and the associated limit price. Let us define the
functions:

fralp)= & @0 (1)
b2 p

gh+1(p): é a; ; 2
vis.Ep

fh+1(p) represents the total amount of stocks that would be bought at price p (demand curve). It
is a decreasing step function of p, i.e, the bigger p, the fewer the buy orders that can be
satisfied. If pis greater than the maximum value of b,,u=12,..U , then fh+l(p) =0.1If pis
lower than the minimum value of b,,u=12,..U , then fh+1(p) is the sum of all stocks to buy.

Conversely, gh+1(p) represents the total amount of stocks that would be sold at price p (supply
curve) and is an increasing step function of p . Its properties are symmetric with respect to those

of fh+l(p).

The clearing price computed by the system isthe price p~ at which the two functions cross. We
define the new market price at time step h+1, p(h + 1) as p(h +1) = p . Buy and sell orders



with limit prices compatible with p* are executed. Following transactions, traders’ cash and
portfolio are updated. Orders that do not match the clearing price are discarded.

5 Market initialisation

At the beginning of the simulation (h = 0), the price p(O) isset at $ 100.00 and each trader i is
endowed with a certain amount of cash ¢ (0) and a certain amount of stocks & (O) The
distribution of ¢ (0) and a (0) follow a Zipf law. A random variable X is said to follow a Zipf

law if: P(X 3 X) = %( for X3 a where a is an appropriate positive constant. To create this

type of distribution we used the ranking property of the Zipf law. This property states that in any
sample randomly drawn from a Zipf law, the size of each item is approximately inversely
proportional to its rank. This means that if we order the samples in decreasing order, the second

sample is half the size of the first, the third one third, the n" sampleis %m of the first.

We therefore artificially created populations of agents whose wealth at time step 0 follows the
ranking property of the Zipf law.

The population of random traders is made of 10,000 individuals and their cash and stock
portfolio are initialised as follows: ¢ (0)=10,000000/i and a (0)=100,000/i for
i =1,...,10,000. As there are 10.000 agents in the market, the range of wealth spans four orders
of magnitude.

The populations of momentum, contrarian and fundamentalist traders are made of 500 traders
each. In this case, we have: ¢ (0)=500,000/i and a (0)=5,000/i i =1,...500.

For the al four populations, the poorest trader has 10 stocks and $ 1,000 of cash, while the
richest random trader is far wealthier than the richest momentum, contrarian or fundamentalist
trader. Moreover, the number of random traders is twenty times the number of traders belonging
to the other three populations. The reasons of these choices is that we want random traders to act
as a “thermal bath” where particular trading strategies can be studied with a minimum impact on
the stability of the system and on the statistical properties of price, which are very similar to
those of real markets.

Traders's portfolios initialisation follows approximately? the identity: ¢, (0) @p(0)*a,(0) " i .
o

According to that, the aggregate amount of cash at beginning of the simulation C(O) =ac (O)

equates approximately the aggregate value of stocks: p(O)* A(O) where A(O) = 601 a (0) :

The equality between the aggregate value of cash and the aggregate value of stocks, i.e,
c(h) @p(h)* A(h) holds on average during the entire simulation. This is due to the order
matching process that is responsible for setting the stock price.

2 \We say “approximately” due to rounding



Observe that, in the closed market, the total value of cash and the total number of stocks are
constant during the simulation, i.e. C(h) © C(0) and A(h) © A(0). Let P be the price at which the
aggregate value of stocks equals the total value of cash: P = C(O)/ A(O) Then, the total value of
stocks at time h depends only on the current price, p(h).

Moreover, considering only random traders, who are the majority and are responsible for
background trading, the trading mechanism used implies that, at every time step, the average

number of stocks available for selling orders and the average amount of cash available for buying
orders are constant.

Suppose that at time h the price is higher than p: p(h) > P. In this case, the aggregate value of

stocks to sell is higher than the value of cash available to buy them. As a consequence, average
sell orders for stocks will be larger than average buy orders. The order matching mechanism will
therefore tend to reduce the stock price to match orders (on average). The reverse holds if the
priceis higher than p.

The price will therefore oscillate around P . Simulations confirm this mean-reverting behavior.
We have initialized traders’ wealth so that p(O) =100,00 is the equilibrium price for the closed
market.

In the case of external inflows or outflows of cash or stocks (open market), the equilibrium price
varies and at every h can be determined as follows: B(h) » C(h)/A(h).

For the reasons said above, we set the fundamental price used by fundamentalists, p;,to P.

This is the most plausible and unbiased value that a trader adverse to speculative behavior can
give to the fundamental price in our closed market.

6 Simulation results and interpretation

In this section we describe the results of the numerical experiments performed on the GASM.
First we explored the market behaviour when only random traders are present and there is no
inflow or outflow of cash We then added different populations of traders. Finaly we simulated a
progressive increase in the amount of cash available to traders. For all these different market
conditions, we explored the evolution of the distribution of wealth of the populations involved.

6.1 Closed market with random traders only

We let the market run with a population of random traders for 10,000 time steps. To give an idea
of the timing involved, assuming that a time step is of the order of an hour, 10.000 time steps
roughly correspond to 5 years of market activity.

In agreement with our previous work [Raberto et al, 2001], the price process exhibits the main
features of real markets: fat tails of return distribution, zero autocorrelation of prices, slow decay
of the autocorrelation function of the absolute values of logarithmic returns.

Figure 1 shows the cumulative distribution of standardized logarithmic returns R(h), i.e.,

logarithmic returns r(h) = log p(h)- log p(h - 1) detrended by their mean and rescaled by their
standard deviation. For comparison, the solid line represents the cumulative distribution of the
standard normal distribution N(O,l). It is possible to observe a clear deviation from the
Gaussian behaviour with approximate power law scaling in the tail. A log-log regression of



points which satisfy the condition |R|>2 gives the sliope: - 3.40+0.01 in agreement with

values found in various financial daily time series [Mantegna & Stanley 2000, Bouchaud &
Potters 2000]. This result is lower than the value:- 3.69 % 0.02 found in an early release of
GASM [Raberto et al, 2001]. In that work, the leptokurtic shape of the logreturns distribution
was originated both by an agent aggregation mechanism, similar to the herding model by Cont
and Bouchaud 2000, and a functional dependence of limit prices on past prices volatility. In this
new release of GASM, we have not included the herding phenomena. Fat tails are due to both the
link between market volatility and limit prices and the distribution of wealth between agents
which follows a Pareto law with exponent equal to 1. The dependence of limit prices on market
volatility is a sort of microscopic implementation of the GARCH model, which notoriously can
yield fat-tailed distributions [Roman et al, 2001]. The Zipf law type initial distribution of wealth
is a realistic assumption [Levy and Solomon 1997], and contributes to the leptokurtosis of the
returns distribution. As there are 10.000 agents in the market, the range of wealth spans four
orders of magnitude. Because only 2% of traders act in the market at the same time, when arich
trader “decides’ to issue an order, there is alow probability that another rich trader is chosen by
the system to make an opposite order of the same size. This fact can cause big price variations.

In Figure 2, we present the autocorrelation function C(t ) of the absolute returns |r| and of the

raw returns r at different time lags t . While the autocorrelation of raw returns decays
immediately, the autocorrelation of the absolute value of returns shows the presence of long
range correlations. Both an exponential and a power law decay have been tested for the descend

curve of absolute returns. The exponential fit give an exponent equal to: (O.ZOi 0.03)10'2 with
0.088 as prediction error®. The value found in the power law fit is. 0.10+ 0.01 with a
prediction error equal to 0.043. While in the early release of GASM [Raberto et al. 2001] the
exponential fit was more satisfactory, here the power law fit is found to perform better, in
agreement with real markets [Liu et al 1999]. The reason lies in the memory of random traders
that variesin a range between 10 and 100, so allowing the interplay between many time scales.

In Figure 3, we show the distribution of wealth among traders. The wealth distribution is
presented a8 h =0 and after 10,000 steps. The wealth vvi(h) of trader | at time step h is
defined as follows: w;(h)=c (h)+ p(h)* a(h). It is worth noting that, though the global
amount of cash and the total number of stocks are constant in a close market, the global wealth
W(h) = é W, (h) = C(O)+ p(h)* A(O) is a time-varying quantity which is obviously a linear

i

function of the stock price. In Figure 3, the solid line represents the values of initialisation of
wedthfor h=0,i.e, w, (O) versus the agent index i . Let us note the characteristic straight line

in a loglog plot representing the Zipf law. Dots presents the values
W, =C (10,000)+ p(O)* a1(10,000). The fina value of wedth would be:
w, (10,000) = ¢ (10,000) + p(10,000)* & (10,000). We used p(0) instead of p(10,000) in
order to have a direct comparison between the initial and the final distribution of wealth between
agents, without the bias of the difference between p(0) and p(10,000).

% The prediction error of alinear fit is the standard deviation of the difference between the observed value
and the theoretical value given by theresult of the fit, see Wild & Seber 2000.
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The main result of Figure 3 is that the Zipf law wealth distribution is conserved after 10,000
steps. This conservation is an important computational finding which is in agreement with the
theoretical analysis of autocatalytic processes, see Montroll & Schlesinger 1983, Huang &
Solomon 2001.

6.2 Closed market with four populations of traders

Using a population of random traders as a “thermal bath” we then added fundamentalist,
momentum and contrarian traders, and studied the behavior of the wealth distribution of these
populations under the assumption of a closed market without any inflow or outflow of cash. We
added 500 fundamentalist, 300 momentum and 500 contrarian traders in a “thermal bath” made
by 10,000 random traders. The ratio between the number of traders and their initial wealth
permits the maintenance of the “thermal bath”. Momentum, fundamentalist and contrarian trader
are not able to influence the price process and the market produces prices characterised by the
same statistical properties already discussed in the previous section.

As regarding the average dynamics of wealth, the main result is that on average
momentum traders lose wealth, while fundamentalists and contrarian gain wealth. This
result is independent from the separate or contemporary presence of single populations,
as expected under the approximation of “thermal bath”. It is worth noting that the wealth
of random traders remain approximately the same during the simulation.

The distribution of wealth of single populations continues to follow approximately a Zipf
law which is shifted downward or upward depending on the gaining or loosing of wealth.

In Figure 4, we present this result in the case of a typical simulation 10,000 steps long
where al the four populations are present. The figure shows the average wealth
é W, (h)/ é of al traders i belonging to a single population. The wealth is computed

at the current price p(h) and is plotted versus the simulation time h.

A qualitative, heuristic explanation of these results is the following. The population of
fundamentalist wins and gain wealth because their strategy is exactly in line with the mean
reverting behavior of the market. We recall that the fundamental price, p; , is set to the mean
reverting price, P . Fundamentalists always sell stocks at prices higher than p and buy at prices
lower than P. Given the trading mechanism and given that they issue rare orders randomly
situated in the price path, the mean reverting behavior of stocks make them earn a profit on al
trades.

The success of the strategy to sell if p(h) > p andto buy if p(h) < P is empirically confirmed

by Figure 4, and by the other simulations we run in a closed market with random traders and with
any choice of the other trader populations.

The reason why momentum traders progressively lose wealth while contrarian traders gain
wealth is subtler. Let us recall that both kinds of traders compute a price trend subtracting from

the current price, p(h), the price a time h- T.. Due to the mean reverting behaviour of the

market around the price p, generdly, the probability that the price p(h), randomly
drawn from the experimental sequence, be higher or lower than pis the same and is
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equal to 50%. On the contrary, if the trend at time h is positive, i.e. if p(h)- p(h-T,)>0,
the probability that p(h) > P is higher than 50%. This is due to the fact that there has been an
upward price trend in the previous T, time steps. Of course, if p(h)- p(h-T) <O, the

]
probability that p(h) > P is lower than 50%. Figure 5 shows the price distribution for a
simulation of 38,000* time steps, together with the distributions of prices under the conditions
that the preceding price trend is positive and negative. We computed the trend for a time lag of

30 time steps, i.e., T, = 30. Let us note first that the average of prices (p) is not equal to the

theoretical mean reverting price p. This is due both to rounding effects in the initial
wealth distribution and to the limitedness of the sample. This bias has no effects on the
overall market behaviour. Clearly, al the three distributions shown in Figure 5 are
approximately log-normal, and the average prices of the conditional distributions are well over or
under <p> (the average of the cumulative distribution), depending on the trend preceding their
prices.

Consequently, if the price trend is ascending, it is more likely that the price is higher than P,
and the correct strategy is to sell, as said above, but momentum traders will buy, thus making, on

average, an error. Contrarians, on the other hand, will correctly sell a part of their stocks. If the
trend is downward, the opposite is true.

6.3 Open market

We opened the market allowing cash to increase progressively by a fixed amount every period.
New cash is randomly distributed to agents in proportion to their total wealth. We noted first that
in this case prices exhibit a strong trend. This confirms that the injection of cash in a market with
a fixed amount of stocks produces asset inflation. We assumed also that the fundamental price
p; doesnot vary with time.

We performed two different simulations, depending on the amount of cash injection. In the first
simulation, the cash inflow was small. At every time step, each trader has the probability of 1%
to receive a cash inflow equa to the 0.1% of his current wealth. In this case, see Figure 6,
fundamentalists increase wealth just because of the injection of cash. In fact, due to the trend,
fundamentalists soon sell all stocks they own and remain with cash only. All other populations
increase their average wealth, but with different rates. Contrarians increase their wealth more
than random traders, which in turn increase their wealth more than momentum traders.

In the second ssimulation, the cash injection is on average twenty times greater. Each
trader has the probability of 2% to receive an amount of cash equa to the 1% of his
current wealth. In this case, the situation of contrarian and momentum traders is
temporally inverted. Figure 7 shows the first 1,000° of a typical simulation 10,000 steps
long. Now momentum traders win the wealth race and gain more than random and
contrarian ones.

* The simulation islonger than usual in order to give better estimates of the probability density functions.
® The time window of the simulation is shorter because the high cash inflow produces remarkable effects
even at few time steps.
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The explanation of this finding is that in a growing market, if the cash injection is greater than a
certain threshold, which is difficult to be determined analytically, the trend caused by the money
inflow overcomes the noise due to the background trading of random traders. Therefore,
momentum traders, i.e., trend followers, make on average the right choice. On the other hand,
contrarians which speculate against the trend, do wrong because, with the time constants
involved (traders memories and rate of cash injection), the trend does not revert sufficiently to
allow them making a profit.

7 Conclusions

The computational experiments performed in this work show a number of important results.
First, they demonstrate that the average price level and the trends are set by the amount of cash
present and eventually injected in the market. In a market with a fixed amount of stocks, a cash
injection creates an inflation pressure on prices.

The other important finding of this work is that different populations of traders characterized by
simple but fixed trading strategies cannot coexist in the long run. One population prevails and the
other progressively lose weight and disappear. This result is in agreement with the observations
of Friedman (1953), but appears in contrast with the papers by De Long et al. (1990,1991).
Indeed, De Long at al, followed a different approach to the problem, presenting a analytical

model in which irrational or noise traders are characterized by erroneous stochastic beliefs.

Which population will prevail and which will lose cannot be decided on the basis of the
strategies alone. Trading strategies yield different results in different market conditions.

In real life, different populations of traders with different trading strategies do coexist. These
strategies are boundedly rational and thus one cannot really invoke rational expectations in any
operational sense. Though market price processes in the absence of arbitrage can aways be
described as the rational activity of utility maximizing agents, the behaviour of these agents
cannot be operationally defined.

This work shows that the coexistence of different trading strategies is not a trivial fact but
requires explanation. One could randomize strategies imposing that traders statistically shift from
one strategy to another. It is however difficult to explain why a trader embracing a winning
strategy should switch to a losing strategy. Perhaps market change continuously and make
trading strategies randomly more or less successful. More experimental work is necessary to gain
an understanding of the conditions that allow the coexistence of different trading populations.
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Figure 1. Cumulative distribution of standardised logarithmic returns R(h). Considering
logarithmic returns  r(h)=logp(h)- logp(h- 1), R(h) are computed as follows:
R(h)=(r(h)- m )/s, where m, and s, arerespectively the mean and the standar d deviation of
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r(h) over h. Dots represent an estimate of the cumulative distribution of R(h) related to a

simulation of GASM. The solid line represents the cumulative distribution of a random variable
drawn from a normal distribution. The positive and the negative tails were merged by employing

absolutereturns. The dashed lineisthe power law fit P = K |R[' witht =3.40 of thetail of the
empirical cumulativedistribution for |[R > 2.
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Figure 2. Egtimate of the autocorreation function of logarithmic returns. Dots represents the
autocorrelation of absolutereturns | r(h) |, circlesarerelated to the autocorrel ation function of raw

returns r(h). Noise levels are computed as +3/+/M where M is the length of the time series

(M =10,000). Absolute returns are fitted with an exponential decay (inset on the right) and a
power law decay (inset on theleft).
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Figura 3. Distribution of wealth W, between random tradersi at the beginning and at the end of
the simulation (after 10,000 steps).
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Figure 4. Average wealth dynamics of the four population of tradersfor a typical smulation 10,000
stepslong with no cash inflow or outflow.
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Figura 5. Praobability density function (pdf) estimate of prices for a typical simulation 38,000 steps
long. Thedistribution of all the 38,000 prices p(h) isrepresented by thethicker solid ling, the mean

of the distribution is equal to <p> = 98.84. The solid line with circles is related the 18,915 prices
p(h) that satisfy the condition: p(h)- p(h- 30)> 0 (positive trend), now the mean is 99.70. The

solid line with squares represents the 18,985 prices satisfying the condition p(h) - p(h - 30) <0
(negativetrend) whose mean valueis: 97.99.
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Figure 6. Average wealth dynamics of the four population of tradersfor a typical smulation 10,000
stepslong with moder ate cash inflow.
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Figura 7. Average wealth dynamics of the four population of traders for a typical simulation 1,000
stepslong with high cash inflow.
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