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ABSTRACT
We analyze the competitive advantage of price signal information for traders in simulated double auctions. Previous
work has established that more information about the price
development does not guarantee higher performance. In particular, traders with limited information perform below market average and are outperformed by random traders; only
insiders beat the market. However, this result has only been
shown in markets with a few traders and a uniform distribution over information levels. We present additional simulations of several more realistic information distributions,
extending previous findings. In addition, we analyze the
market dynamics with an evolutionary model of competing
information levels. Results show that the highest information level will dominate if information comes for free. If
information is costly, less-informed traders may prevail reflecting a more realistic distribution over information levels.

Categories and Subject Descriptors
I.2.11 [Artificial Intelligence]: Distributed Artificial
Intelligence — Multiagent systems

General Terms
Theory, Experimentation

Keywords
Stock markets, evolutionary game theory, value of information

1.

INTRODUCTION

Markets play a central role in today’s society, and range
from stock markets to consumer-to-consumer e-commerce [1,
2]. Economic theory often starts from perfect competition
as an idealized assumption about markets. It relies, among
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other characteristics, strongly on a symmetric information
structure. All traders have access to the same information
about price and quality of goods. Many, if not all, of todays
markets do not meet this utopian assumption and thus valorize the access to information. Undoubtedly, information
is an important factor that has influence on trading success
or losses. Insiders are clearly able to use their information
to outperform the market. However, the relation between
information level and success is not trivial.
Market forecasters and fund managers are generally assumed to be well informed, though for the most part they
perform below market average. Cowles [4] has been the
first to study this phenomenon and reports that a group
of trained forecasters performed 4% below market average
during a period of 4.5 years. These findings have since been
confirmed by multiple studies; for an overview we refer to [9,
17], in particular we like to highlight that Malkiel [10] reports on returns of actively managed funds over a period
of 30 years - less then 15% of the funds outperformed the
market.
Toth et al. [17] study the relation between information
and performance for traders with various information levels
both in simulation and in human experiments. Averageinformed traders perform below market level, while noninformed traders reach the market average; highly informed
traders beat the market. These results suggest that if a
trader has no inside information, trading based on current
market prices (non-informed) is most sensible. Relying on
outdated or average information has a negative impact on
returns.
In [7, 9], the authors investigate whether this negative
impact can be explained by behavioral patterns. In particular, the authors test the hypothesis that low performance of
average-informed traders is the result of overconfidence, i.e.
overestimating the value of (possibly outdated) information.
Results show that traders do not exhibit overconfidence and
low returns are caused by the asymmetric information structure itself. Huber [6] offers the following explanation: during
trends, foresight is clearly advantageous. When the trend
reverses, the averagely informed trader trusting its information performs worst due to outdated information. Noninformed (random) traders are safe from these systematic
mistakes.
The vast body of previous work [6, 7, 9, 15, 16, 17] has
evaluated the advantage of information in markets from various perspectives. However, only markets with a limited

number of traders and uniformly distributed information
levels have been considered, and information was assumed
to be free. Our work investigates several more realistic information distributions in larger markets. Furthermore, we
extend the analysis by studying an infinite population of
traders using an evolutionary model and demonstrate the
influence of the price of information on market dynamics.
The remainder of this article is structured as follows: The
following section provides background information on auctions, the value of information in auctions and existing evolutionary models of auctions. Section 3 introduces the market model and evaluation method used in the experiments.
Evolutionary simulations and results are described and discussed in Section 4. Finally, Section 5 concludes the article.

2.

BACKGROUND

This section contains an introduction to auctions and the
value of information in auctions. Subsequently, the main
concepts of evolutionary game theory are introduced, i.e.
replicator dynamics and evolutionarily stable states.

2.1

Auctions

Auctions are highly efficient match making mechanisms
for trading goods or services. As such, they are employed
by a number of real markets, such as telecommunication
spectrum rights auctions or the New York Stock Exchange
(NYSE) [1, 11]. In practice, there is a variety of rules that
may be used to conduct an auction. Each set of rules may
result in different transaction volumes, transaction delays,
or allocative market efficiency. One sided auctions, especially with one seller and many potential buyers, are popular in consumer-to-consumer e-commerce [2, 3]. Here, we
focus on double auctions, which essentially provide a platform for buyers and sellers to meet and exchange a commodity against money. A taxonomy of double auctions especially tailored to automated mechanism design can be found
in [12].
Double auctions maintain an open book of bids (offers to
buy at a specified price) and asks (offers to sell at a specified
price). Two principle forms are the clearing house auction
and continuous operation auction. In a clearing house auction, orders are collected for a trading period (e.g., one day)
and matched, or cleared, after the trading period is closed.
This mode of operation allows for high allocative efficiency,
but incurs delays in the transactions. In contrast, continuous operation immediately establishes a transaction as soon
as some buyer is willing to pay more than a seller is asking
for. This mode allows higher transaction rates at the cost
of some allocative efficiency. Experiments in this article will
use continuous operation mode, since it reflects the day-time
operation mode of the NYSE [1].

2.2

Value of information

It is common sense that training and additional information should increase performance for any task. However,
the value of information in markets is non-monotonic, i.e.,
having some information may be worse than having none.
In order to measure the value of information, experiments
in auctions measure revenue. Since revenue is heavily dependent on market conditions dictated by the price signal,
it is normalized to reflect the relative return. Assume
Ptrader
i receives revenue ri . The average profit ravg = n1 i ri in
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Figure 1: Relative market return over information
level. 10 traders with information level 0 to 9 (1
trader for each level).
an n-trader market is used to compute the relative market
ri
return ui = ravg
− 1 for each trader.
Figure 1 shows relative market return over information
levels in a market with n = 10 traders, one trader for each
of 10 information levels, where level 0 represents random
traders (as formally defined in Section 3). The revenue follows a J-curve, which means that random traders perform at
market average while weakly informed traders are exploited
by insiders. This result holds both in abstract market models that can be simulated and in experiments with human
participants [17].

2.3

Evolutionary game theory

Auctions provide a dynamic environment with a lot of
traders (agents) that adapt to each other while competing for revenue. Learning in such multi-agent systems is
generally complex and poses many challenges that inspire
prescriptive, descriptive and normative research [14]. Evolutionary game theory provides a methodology to analyze
multi-agent learning, replacing assumptions from game theory like rationality by evolutionary concepts such as pressure
of natural selection [18].
The evolutionary perspective considers a population of individuals, where each individual belongs to one of several
species. These species generally relate to atomic strategies,
or to information levels within this article. Two core concepts are the replicator dynamics, describing how a population evolves, and evolutionarily stable states.
The replicator dynamics formally define the population
change over time. The payoff function can be interpreted as
the Darwinian fitness of
" each species.
#
X
ẋi = xi fi (x) −
xj fj (x)
(1)
j

Evolutionarily stable state are such population distributions
x that are fixed points of the replicator dynamics, i.e., ẋ = 0,
and where small perturbations |x̂ − x| <  would be driven
back to x by selection pressure, i.e., by following the replicator dynamics.
Previous research has demonstrated the viability of evolutionary game theory to analyze meta strategies in simulated
auctions, and to compare clearing house against continuous
double auctions [8, 13]. We will follow a similar analysis
procedure but our data is generated by a different model
described in the following section.

3.

MARKET MODEL

3.1

In order to analyze the advantage of foresight, we simulate a stock market in which traders with different amounts
of information on future prices, or information levels, trade
a certain asset. We closely follow the market model as described by [7, 15] in order to be comparable. The market is
based on a continuous double auction with open order book,
in which all traders can place bids and asks for shares. The
intrinsic value of the shares is determined by a dividend
stream that follows Brownian motion:
Dt = Dt−1 + 

(2)

where Dt denotes the dividend in period t with D0 = 0.2,
and  is a normally distributed random term with µ = 0
and σ = 0.01, i.e.,  ∼ N (0, 1). Figure 2 shows an example
dividend stream.
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Figure 2: A Brownian motion dividend stream.
We simulate the market over 30 trading periods, each lasting 10·n time steps, where n is the number of traders present.
All traders start with 1600 units cash and 40 shares, each
worth 40 in the beginning. At the beginning of each period,
all traders can put a bid or ask in the book (opening call).
Hereafter, at every time step a trader is selected at random
who can then place a bid or ask according to its trading
strategy (see below). At the end of each period, dividend is
paid based on the shares owned, and risk free interest rate
(0.1%) is paid over cash. The performance of the traders is
measured as their total wealth after the 30 periods, i.e., each
share is valued according to the discounted future dividends
(see below) and added to the cash reserves.
The different information levels are implemented by varying the amount of knowledge that traders have about the
future dividends. In general, a trader with information level
Ik knows the dividend of this and the next (k − 1) periods.
Traders with information level I0 have no information about
dividends and can only observe the current market price.
This results in a cumulative information structure, where insiders know at least as much as averagely informed traders.
The information that the traders receive each period is the
conditional present value of the shares, conditioned on their
information level. This value can be calculated using the
dividend discount model (Gordon growth model) as
E(V |Ij , k) =

k+j−2
X
Di
Dk+j−1
+
(1 + re )j−2 re
(1 + re )i−k

(3)

i=k

where V denotes the value, Ij is the information level, k the
period, and re the risk-adjusted interest rate (set to 0.5% in
our experiments).

Trading strategies

We use two different trading strategies in our experiments.
Traders that have at least some information about the dividend stream (I1 and higher) use the fundamentalist strategy, that takes this information into account. Traders without any information (I0) use the random strategy, in which
their bids and asks are based purely on the current market
price of the shares.

3.1.1

Fundamentalists

Fundamentalists completely rely on the information they
receive. The fundamentalist strategy is explained in Algorithm 1 (see also [15, 16]). In essence, they compare their
estimated present value E(V |Ij , k) with the current best bid
and ask in the book. If they find a bid (ask) with a higher
(lower) value than their estimate, they accept the offer. Otherwise, they place a new order between the current best bid
and ask prices. Naturally, the trader should own enough
shares or cash to accept or place an order.
Algorithm 1 Fundamentalist trading strategy
pv ← E(V |Ij , k) {private value}
if pv < bestBid then
acceptOrder(bestBid)
else if pv > bestAsk then
acceptOrder(bestAsk)
else
∆ask = bestAsk − pv
∆bid = pv − bestBid
if ∆ask > ∆bid then
placeAsk(pv + 0.25 · ∆ask · N (0, 1))
else
placeBid(pv + 0.25 · ∆bid · N (0, 1))
end if
end if

3.1.2

Random traders

The random trading strategy only takes the current market price into account when deciding whether to accept or
place an order. With equal probability the trader sells or
buys shares. The random trading strategy is explained in
Algorithm 2 (see also [15, 16]).
Algorithm 2 Random trading strategy
pv ← current market price {private value}
if U(0, 1) < 0.5 then
ask = pv + 2 · N (0, 1)
if ask < bestBid then
acceptOrder(bestBid)
else
placeAsk(ask)
end if
else
bid = pv + 2 · N (0, 1)
if bid > bestAsk then
acceptOrder(bestAsk)
else
placeBid(bid)
end if
end if

Simulations and results

We simulate the market with varying numbers of traders
for each information level, in order to analyze the relative
performance of traders with different amounts of foresight.
To reduce the effect of randomness we run 100 sessions of
100 simulations each; the dividend stream is fixed for each
session. Results are given as the relative performance with
respect to the market average plotted against the information levels.
Figure 1 shows the results for a market of 10 traders in
10 information levels: one random trader, I0, and 9 fundamentalists, I1 . . . I9. As can be seen, performance does
not necessarily increase with more information: the random
trader performs at market average, whereas traders with
limited amounts of information do significantly worse. Only
highly informed traders are able to beat the market.
This result is in line with related work, where a similar
shaped J-curve was reported [9, 15]. This relation between
information level and performance, where more information
is not always better, has also been observed in market experiments involving human traders [7]. A possible explanation
is that random traders are by definition not predictable, and
therefore hard to exploit by insiders. On the other hand, experts can more easily predict and exploit traders with limited or average information levels.
Previous work has mainly focussed on small scale markets, with uniform and static distributions of traders over
information levels [6, 7, 9, 15, 16, 17]. We believe that this
may lead to an overly simplified model of reality, which may
in turn influence the reported findings. For example, a market will be more likely to contain only a small number of
insiders, and a large group of averagely informed traders.
Furthermore, having only one trader per information level
rules out within-group trading, which could bias results.
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Figure 4: Relative market return over information
level; 1 trader for each of the information levels 0, 3
and 9.
We extend the experiments of [9, 15] by looking at markets
with more traders and non-uniform distributions of traders
over information levels. An overview of relative market returns for a selection of information distributions is given in
Figure 3. Next to the uniform distribution used in previous
work, we run simulations with a normal distribution and a
power-law distribution over information levels. These distributions are chosen to reflect information distributions that
are likely to be found in real markets. It is impossible to
observe these distributions directly as the information level
is private to the trader [7]. The two chosen distributions
follow from natural assumptions: (1) normal distributions
arise if access to information is cumulative based on independent and identically distributed bits of information; (2)
the power-law distribution is motivated by an information
flow in scale-free social networks where every trader has access to information of his social ties.
As can be seen from this figure, random traders perform
at market average under all three distributions, and traders
with limited information underperform the market. However, the shape of the curve does change considerably depending on the information distribution. Where in the uniform scenario only traders with information level I6 or higher
outperform the market, for the normal distribution this is
the case for I5 and for the power-law distribution for I4.
However, we can conclude that the J-curve is relatively insensitive to changing information distributions and numbers
of traders. Only in extreme cases (not shown here) does the
curve change drastically.
Figure 4 shows that relative market returns follow the
J-curve even in small markets with only three information
levels: random traders, averagely informed traders, and insiders. Again, this is in line with previous work, where a
similar setup was shown to reflect stylized facts such as autocorrelation observed within real markets [17]. Note that
the obtained curve does not change qualitatively when varying the information level of average-informed traders: any
choice between {I0, I1, I9} and {I0, I8, I9} results in a Jcurve.
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Figure 3: Relative market return over information
level (right) for various information distributions
(left) given a finite population of 100 traders.

Discussion

We have reproduced the J-curve of relative market returns
over information levels that has been observed in previous
work. Furthermore, we have shown that the specific shape of

this curve prevails if the distribution over information levels
changes. This indicates that the conclusions drawn from
this may hold under more realistic settings as well.
This perspective still assumes that the distribution over
information levels does not change over time. There are
several ways this assumption may be violated in practice:
First, traders may choose to acquire more information. For
example, traders may or may not subscribe to financial news
sources, which in turn determines their information level
- possibly at a cost. The effect of having traders choose
between trading strategies is investigated in [9, 15], with
the conclusion that only highly informed traders will choose
their fundamental strategy, taking their information into account. Second, traders may take over a larger market share
due to their financial success while others are driven out of
the market. This motivates the evolutionary analysis that
accommodates evolving distributions over information levels, and elicits the market dynamics.

4.

rectly, but we can approximate it from evaluations of a finite
population.
All possible distributions over k information levels can be
enumerated for a finite population with n individuals. Let
N be a matrix, where each row Ni contains
 one discrete
distribution. The matrix will yield n+k−1
rows. Each
n
distribution over information levels can be simulated with
the market model, returning a vector of average expected
relative market revenues u(Ni ). Let U be a matrix which
captures the revenues corresponding to the rows in N , i.e.,
Ui = u(Ni ). A heuristic payoff table H = (N, U ) is proposed
in [19] to capture the payoff information for all possible discrete distributions in a finite population.
In order to approximate the payoff for an arbitrary mix
of strategies x in an infinite population distributed over the
species according to x, n individuals are drawn randomly
from the infinite distribution. The probability for selecting
a specific row Ni can be computed from x and Ni :
P (Ni |x) =

EVOLUTIONARY ANALYSIS

The previous section provides a method to compute expected relative market revenues for selected information distributions. This views information distributions as isolated
and fixed in time. However, the market revenue can be interpreted as Darwinian fitness, such that traders performing
below market average should be driven out of the market,
while those with higher returns prevail. This section will
first introduce the evolutionary analysis methodologically,
list the results and discuss their implication.

4.1

n
Ni,1 , Ni,2 , . . . , Ni,k

!

k
Y

Ni,j

xj

j=1

The expected payoff fi (x) is computed as the weighted combination of the payoffs given in all rows, compensating for
payoff that cannot be measured. If a discrete distribution
features zero traders of a certain information type, its payoffs cannot be measured and Uj,i = 0.
P
fi (x) =

Method

j

P (Nj |x)Uj,i

1 − (1 − xi )k

This expected payoff can be used in Equation 1 to compute
the evolutionary change according to the replicator dynamics.

The evolutionary model assumes an infinite population.
We cannot compute the payoff for such a population di-
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Figure 5: The central simplex shows the evolutionary dynamics of an infinite population mixing between the
information levels 0, 3 and 9. Relative market revenue over information levels is given for four selected finite
distributions: top-left (33, 33, 33) which reflects a uniform distribution, bottom-left (80, 10, 10), top-right
(10, 10, 80), bottom-right (10, 80, 10).
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Figure 6: Evolutionary market dynamics using a fixed cost (left) and quadratic cost function (right) for
information levels 0, 3 and 9.

4.2

Experimental setup and results

The experiments of this section comprise two elements.
An evolutionary analysis of an infinite population is performed to elicit the dependence of revenue on the presence
of other information levels. In addition, selected population distributions are approximated with a finite population
and illustrate revenue distributions for interesting points.
The evolutionary analysis is based on the market model described in Section 3 and uses the method described in the
previous section to compute payoffs and the replicator dynamics for an infinite population of traders with arbitrary
and evolving information distributions. The heuristic payoff
tables are computed for n = 12 traders distributed over the
information levels I0, I3 and I9, leading to 91 rows.
Figure 5 shows the evolutionary dynamics of the market model. Four representative population distributions are
evaluated in more detail in a finite population of n = 100
traders to illustrate the revenue structure for the information levels. The evolutionarily stable state is a global attractor, where only insiders prevail. The relative market performance for the four selected finite distributions of traders
highlights again the J-curve observed before. Even though
non-informed traders perform close to market average, insiders take advantage of their knowledge and take over the
market. However, their competitive advantage is vanishing
as they are facing more and more competitors of the same
information level (see top-right revenue graph of Figure 5).
Note that up till now, information was freely available
to all traders. However, it is reasonable to assume that
gathering more information is costly. In the most simple
case, a fixed cost for information might be incurred leading
to a possible advantage of non-informed traders as they do
not have to pay this price. More realistically, costs could
also increase with the amount of information gathered, for
example using a quadratic cost function such that averageinformed traders pay only a little whereas insiders pay the
full price. This relates to a real-world scenario where average
traders only subscribe to financial newspapers or magazines,
whereas insiders may need to hire experts to gain advantage.
Figure 6 shows the market dynamics in both cost scenarios. The fixed cost is set to 5 units cash per trading period

for information levels I3 and I9, non-informed traders pay
nothing. The quadratic cost function used is
i2
· 15,
92
where i is the information level, resulting in a maximum cost
of 15 units cash for insiders per trading period. As can be
observed, introducing cost leads to significantly different and
more complex dynamics. In the constant cost scenario, the
evolutionary advantage of insiders decreases in favor of noninformed traders, leading to an equilibrium state where insiders and non-informed traders co-exist. Using a quadratic
cost function gives rise to an interior equilibrium, mixing
between all information levels.

4.3

Discussion

Information does come at a cost in real markets, which
has been neglected in much of the related work [6, 7, 9,
15, 16, 17]. Evolutionary analysis under different cost functions indicates that costs can significantly alter the market
dynamics and allow less-informed traders to prevail.
Our results contribute to the ongoing debate about the
strong-form efficient-market hypothesis, which has a large
following and growing number of critics [5]. It states that
prices in financial markets instantly reflect all information
available to participating traders, including insider information. We found that evolutionary pressure drives a market
toward an information distribution at which the market is
strong-form efficient, possibly driving some information levels extinct in the process. However, the evolutionary process
will only end in equilibrium for an isolated system; in real
markets, traders that enter the market with information and
money from other sources continuously perturb the system.
As a result, real markets may be found off-equilibrium almost all the time. It is up to future experiments to quantify
the influence of arriving traders on perturbation from the
equilibrium.

5.

CONCLUSIONS

Literature has established a link between human traders
and a market model that can be rigorously analyzed in simulation. In this article, we have exploited this link and

contributed in the following ways: (1) The value of information in markets has been confirmed to follow a J-curve
for several more realistic information distributions. (2) The
evolutionary advantage of information makes insiders drive
less-informed traders out of the market, with a diminishing competitive edge. (3) If information comes at a cost,
less-informed traders may prevail in the market.
The experiments that have been carried out for this article
were limited to an evolutionary analysis of three competing
information levels. While this design choice is sufficient for
demonstrating the arguments within this article, the evolutionary analysis naturally extends to four or more strategies.
As such this article paves the way for larger scale comparisons. In addition, we suggest to test the hypothesis that
a market’s informational efficiency is perturbed by traders
moving in or out of a market.
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