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Abstract. Real world markets display power law features in variables such as price fluctuations in stocks.
To further understand market behavior, we have set up a web-based prediction market platform (TAIPEX)
which allows us to reconstruct transaction networks among traders. From these networks, we are able to
record the degree of a trader (the number of links of a trader to other traders), the size of a community
of traders (who have similar trading behavior), the transaction time interval among traders and other
variables that are of interest. The distributions of all these variables show power law behavior. On the
other hand, agent-based models have been proposed to study properties of real financial markets. We here
study the statistical properties of these agent-based models and compare them with data from real world
markets as well as from our recent web-based prediction market platform. Three agent-based models are
studied, namely, zero-intelligence (ZI), zero-intelligence-plus (ZIP) and Gjerstad-Dickhaut (GD). Computer
simulations of variables based on these three agent-based models were carried out. By comparing with real
market data, we found that although being the most naive agent-based model, ZI indeed best describes
the above mentioned properties in real markets. A feature which distinguishes ZI from the two other
agent-based models is that while the market values of the stocks in these models all tend to converge to an
equilibrium value, large fluctuations are observed in ZI. Analysis of the power law behavior in these models
was also carried out. Our study suggests that the basic ingredient to produce the observed properties from
real world markets could in fact be the result of a continuously evolving dynamical system with basic
features similar to the ZI model.

PACS. 87.23.Ge Dynamics of social systems — 89.65.Gh Economics; econophysics, financial markets,

business and management — 89.75.Da Systems obeying scaling laws

1 Introduction

Many complex systems exhibit distributions of observ-
ables that have power law behavior. Examples include net
wealth, earthquake magnitudes and gene expressions [1].
In economics, financial markets are complex systems that
involve human activities and behavior. Financial markets,

consisting of such heterogeneous agents as investors, hedgers

and arbitragers, show stylized distributions of returns and
wealth [2,3]. The prices and individual wealth in these
markets are driven up and down by the so-called “invisible
hand” as coined by Adam Smith. As a result, one will have
time series for price and volume fluctuations. Correlations
of these quantities can be obtained and display interesting
phenomena. Intrigued by the universal behavior, physi-
cists have applied the methodologies of non-equilibrium
statistical mechanics to elucidate the mechanisms under-
lying the complexity [4]. Examples include critical phe-
nomenon [5] and self-organized criticality [6] modeling of
economic systems. In an attempt to understand features
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display in real markets, we set up a web-based prediction
market system several years ago in order to monitor the
trading behavior among the human traders in real-time.
This is a futures market with continuous double auction
trading mechanism. Beginning 2004, we have carried out
several experiments on this platform and have found many
interesting features in these experimental markets [7,8].
Aside from the price and volume time series which resem-
ble real market data, we have indeed also found power law
behavior in the degree distribution of the traders’ transac-
tion network, the wealth distribution of traders and com-
munity size, etc some of which have never been able to be
extracted from real markets before. Together with the in-
formation obtained from experiments on our platform and
other real markets, one should be able to perform more de-
tailed analysis that could lead to a better understanding
of trading behavior among human traders. Details can be
found in [8] and also the talk by Tseng [9] in this con-
ference. In economics, double auction is one of the most
widely used mechanisms in all kinds of markets includ-
ing stock exchanges and business-to-business e-commerce.
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The convergence and efficiency properties of the double
auction institution has also been the subject of intense
interest among experimental economists, beginning with
the work of Smith [10], who built on the early work of
Chamberlin [11]. In experimental economics, people have
in recent years designed computer-based agent models to
study these properties. Their main concern is to investi-
gate the convergence and efficiency properties of the dou-
ble auction mechanism in real financial markets. With this
new set of data from our platform and tools borrowed
from physics in hand, it is natural to ask if they can put
further constraints on agent-based model building in eco-
nomics. We will make such an attempt here. We choose
here three agent-based models, namely, zero-intelligence
(Z1) [12], zero-intelligence-plus (ZIP) [13] and Gjerstad-
Dickhaut (GD) [14]. These three agent-based models are
commonly used in economics to study the market behav-
ior and are the bases of many other more complicated
agent-based models. We will perform Monte Carlo simu-
lations in these models and compare the simulated results
of the agent-based models to that of the results from real
markets and our platform. In section 2, we introduce the
basic ingredients of the three agent-based models that are
investigated in this paper. Section 3 contains results from
our simulation using these models while section 4 is the
summary and discussion.

2 Markets with Agent-based Models

With the advent of faster and cheaper computing power,
agent-based models are being employed to study phenom-
ena in economic systems such as financial markets. One
of the earliest such models is called the “zero-intelligence”
agent model proposed by Gode and Sunder [12] back in
1993. The ZI traders are, by definition, agent traders with-
out any intelligence. In the markets, they will submit ran-
dom bids and offers. Therefore the resulting price never
converges toward any specific level. There are many vari-
ations of the ZI model and we here make two choices to
simplify our simulation. First, during each bid, offer and
transaction are valid for a single item. Second, in each du-
ration, every trader could make only one successful trans-
action (i.e., the buyer can only have one item to buy and
the seller only has one item to sell in each duration). The
implementation of our simulation is as follows: For the
structure of markets, the supply and demand functions
are generated from Smiths value mechanism [15] at the
beginning for each run and will not change throughout the
simulation. There are an initial fixed number of ZI traders
in our simulation. Half of them are classified as buyers
and the remaining half of the traders are sellers. At each
step, one buyer and one seller are chosen for the matching.
Due to the budget constraint, the buyer must bid with the
price lower than its redemption value given by the demand
function and the seller must offer the commodity at the
price higher than the cost generated by the supply func-
tion. Once the bidding price exceeds the offering price, the
transaction between this buyer and seller will be made. No
transaction will be made otherwise. Whether a successful

transaction occurs or not, the system will move forward
to the next step and choose another pair of traders. The
simulation lasts for a period of p sessions (days), each hav-
ing d rounds. The simulation will therefore terminate after
p X d steps.

Since then, many agent-based models have been pro-
posed, with various degrees of complication. Among the
various models are two popular models, the ZIP [13] and
the GD [14] models. These models are designed to have
a better convergence of the price to its equilibrium value.
The ZIP model can be viewed as a modified version of
Z1. Similar to the ZI traders, these simple agents make
stochastic bids. In addition, the ZIP agents employ an
elementary form of machine learning. The learning mech-
anism here depends on four factors. The first factor is
whether the trader is active or inactive. The other three
factors all concern the last (or most recent) event: the
price, whether it was a bid or an offer and whether a trans-
action was made or not.

In the case of GD, each buyer forms a subjective belief
that some seller will accept his bid and determines which
bid will maximize his expected profit. In a similar way,
each seller forms a subjective belief that some buyer will
accept his offer and determines his offer in order to max-
imize his expected profit. These beliefs are based on the
observed market data including frequencies of asks, bids,
accepted asks, accepted bids, etc. More details of the ZIP
and GD models can be found in [13,14].

3 Results

Simulations using the three agent-based models (ZI, ZIP
and GD) were carried out. In order to compare with results
from the prediction markets on our platform and also real
financial markets, we performed simulations on the de-
gree of a trader (the number of links of a trader to other
traders), the size of a community of traders (who have sim-
ilar trading behavior), the transaction time interval among
traders and also the price fluctuations. In all simulations
below, we set the supply and demand curves to take values
between 0 and 100 with the buyers and sellers randomly
distributed on the two curves. To be more specific, we
use straight lines for the supply and demand curves and
the buyers and sellers fall randomly on these lines. Other
curves with reasonable shapes can be used but do not
affect our conclusion below. Unless otherwise stated, we
set IV, the number of agents to be 2500. On each trans-
action day, we performed 2000 rounds. One round here
means we randomly picked one buyer and one seller and
checked whether the price could match. If they matched,
a transaction was said to be made. We did this for a total
of 200 days. The results are presented below. Four runs
were taken and averaged in each of the cases studied. The
price time series of the three models are shown in Figure 1
for the first 6 days of our simulations. As expected, the
price time series of ZI exhibits continuous large fluctua-
tions while ZIP and GD tend to converge to the equilib-
rium price value.
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Fig. 1. Price time series of (a) ZI, (b) ZIP and, (c) GD for the
first 6 days of our simulations.

3.1 Degree Distribution

While it is impossible to obtain data about the transac-
tions among individual accounts in real markets, it is pos-
sible to record such activities in the experimental markets
conducted on our platform [8]. One can therefore be able
to build transaction networks among traders and study
these complex networks. In a transaction network, a trader
is denoted by a node. A link between two nodes in the
transaction network therefore indicates that there is at
least one transaction between the two traders. The degree
of a trader (node) therefore means the number of links
of a trader (node) to other traders (nodes). One should
notice that, although the total number of traders is fixed
at the beginning, not all of them will make a successful
transaction with others. The final number of nodes con-
necting to the whole network (i.e., traders with successful
transactions), the total number of links and the average
degree distribution (k) will depend on the input value of
period and duration. Figure 2 illustrates the result of the
degree distribution from the three agent-based models.

3.2 Community Size Distribution

Using transaction networks that could be obtained from
experiments on our platform, it is possible to study its
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Fig. 2. The degree distribution of agents in the three agent-
based models from simulation, (a) ZI, (b) ZIP and, (c) GD.

structures such as community size distributions. In the
context of the experiments performed on our platform,
when the price of a futures contract was considered too
high (low), a sell (buy) order was placed. A link between
two nodes in the transaction network therefore indicates
that the two traders disagreed on the pricing of the futures
contract. In other words, traders with no links between
them were those who thought alike. An algorithm to find
communities of the traders is thus to partition the transac-
tion network so that the densities of edges within commu-
nities are lower and those between communities are higher
than average. We here applied the eigenvector-based par-
titioning algorithm of [16] to the networks from the simu-
lation of the three agent models and the result is shown in
Fig. 3. All three models display power law behavior with
exponents —1.36 (ZI), —1.55 (ZIP) and —1.50 (GD).

3.3 Transaction Time Interval

While one can record the transaction time interval be-
tween transactions in real markets, such as the experi-
ments on our platform, it is not obvious how to implement
this in agent-based model simulations. The basic problem
is how to relate the real market calendar time to the Monte
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Fig. 3. Distributions of the community sizes from the trans-
action networks of (a) ZI, (b) ZIP and, (c¢) GD.

Carlo simulation in agent-based models. We therefore de-
fine the transaction time interval to be the Monte Carlo
steps between two transactions. Since our aim here is to
study the time interval between transactions, we instead
make each run to have 1 million rounds and we do it for
30 times. This is to eliminate finite size effect and also to
resemble the experiments run on our platform. We further
notice that in the case of GD, when two agents are picked,
it will always result in a transaction. Therefore, no trans-
action time interval can be defined for GD. The result of
our simulation on ZI and ZIP are shown in Fig. 4.

3.4 Price Fluctuation

In real markets, there always appear some large fluctua-
tions in stock prices. To study occurrence of the fluctua-
tions, we calculate the difference in the logarithmic price
log S(t) between time ¢ + 7 and time ¢,

G, (t) =logS(t+ 1) — log S(¢); (1)

and the normalized price return g, (t),
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Fig. 4. Distribution of time intervals between successive trans-
actions of (a) ZI and, (b) ZIP.
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where pu, and o, are the mean and standard deviation
of G, (t). Price fluctuations can be studied by two ap-
proaches. The first is the price fluctuations in real time
and the second is the price fluctuations between consec-
utive transactions [17,18]. Since it is not obvious how to
relate the Monte Carlo time steps to calendar time, we
prefer to follow the second approach. We therefore define
the time t to be the sequence of successful transactions
and each time step refers to one successful transaction
here. The result is shown in Fig. 5.

4 Summary

In the above, we presented the results of our simulations
based on ZI, ZIP and GD. In the study of degree distri-
bution, our result shows that the degree distribution of
71 has a power law behavior with an exponent of about
-0.51 and drops sharply at the tail. The average degree
distribution (k) in this case is about 20. In the case of
ZIP and GD, we observe that there is a bump at the tail
in each of the models. To further understand how this
comes about, we try to separate the traders into “good”
and “bad” sectors. By “good” here, we mean that those
buyers whose expected buying prices from the demand
curve are above the equilibrium price while those sellers
whose expected selling prices are below the equilibrium
price. The analysis here suggests that the bump in each
case is a result of the fact that after an equilibrium price
is reached, only those buyers and sellers with “good” price
can contribute to transactions made. This means that a
transaction will be made only if we pick a pair of “good”
buyer and seller. The bump is therefore a result of the con-
tribution from “good” buyers and sellers. Similarly, we
can have buyers and sellers with “bad price”, in which
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Fig. 5. Probability density of normalized price return with
different time lags 7, (a) ZI, (b) ZIP and, (c) GD. The time
lags in all cases are 5, 20, 30 and 1000. Red lines are Gaussian
fits to the data.

case they can never contribute to transactions made after
the equilibrium price is reached. The degree distribution
resulted from the “good” and “bad” trader sectors are
shown below. One can see that in the case of ZIP, degree
distribution of the “bad” traders (Fig. 6(a)) follow an ap-
proximate power law with an exponent of about —0.81
while that of the “good” traders (Fig. 6(b)) is close to a
normal distribution. In the case of GD (Fig. 7(a)), it is
not obvious if the degree distribution of the “bad” traders
also follows a power law behavior since it seems that fi-
nite size effect dominates when we perform runs with a
200 day period. In order to clarify this issue, we have
carried out simulations for longer periods. A 1000 day pe-
riod simulation was done and is shown in Figure 8. A
curve with power law behavior appears with an exponent
equal to —0.76 for GD in Fig. 8(c). For comparison, we
also include here the 1000 day period simulation of ZI and
ZIP in Fig. 8(a) and (b). The result supports our belief
that the drop at the tails is due to finite size effect. We
therefore conclude that all three models exhibit power law
behavior in the degree distribution of traders, with expo-
nents ranging —0.85 ~ —0.51. As a comparison, we note
that results from our TAIPEX platform gives an expo-
nent of about —2.16 in the latest experiment conducted
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Fig. 7. Degree distribution of (a) “bad” traders and, (b)
“good” traders in GD.

in March 2008 [9], from a transaction network of 1985
traders. Although these agent-based models show power
law behavior in the degree distribution of traders, the ex-
ponents are very different from those obtained from real
markets. In the case of community size distribution, all
three models studied here show power law behavior with
exponents ranging —1.36 ~ —1.55. This is close to the re-
sult obtained from TAIPEX [8], which is about —1.2. The
transaction time interval of ZI and ZIP as defined also
show power law behavior with exponent —1.36 and —1.84
respectively. As a comparison, the result from TAIPEX
is about —1.3. Although one cannot directly compare the
exponents between real markets (such as those obtained
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Fig. 8. Degree distribution of (a) ZI, (b) ZIP and, (c) GD from
200 and 1000 day period simulations

from our experiments) and the agent-based models, it is
still interesting to know that transaction time intervals in
agent-based models exhibit such power law behavior.

Results of price fluctuations were presented in Fig. 5
above. Curves of different time lags (7 = 5, 20, 30, 1000)
in each case were plotted. Each of the three models shows
interesting features different from each other. We can see
that of the three models studied here, only ZI shows a
significant difference from a Gaussian distribution. Fur-
thermore, the curves with different time lags in Fig. 5(a)
fall onto the same curve, indicating scaling behavior. In
the case of ZIP, the curves of different time lags do not
fall on the same curve, with 7 = 5 somewhat away from
a Gaussian distribution while 7 = 1000 follows such a
Gaussian distribution. We should here remind our readers
that since the time lags here are referred to the number of
transactions in between, our result might only be viewed
as an indication that ZI should better describe the price
fluctuations in real markets.

Our results indicate that although being the most naive
agent-based model, ZI indeed best describes the above
mentioned properties in real markets. A feature which dis-
tinguishes ZI from the other two agent-based models is
that while the market values of the stocks in these models
all tend to converge to an equilibrium value, continuous
large fluctuations are observed in ZI. Our study thus sug-

gests that the basic ingredient to produce the observed
properties from real world markets could in fact be the
result of a continuously evolving dynamical system with
basic features similar to the ZI model.
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