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Abstract: Information markets are exchange-traded markets that are used in eliciting informa-
tion about the certain likelihood of an event. With the trading of securities based on the beliefs of
the traders, a final price is determined which can also be translated as the probability of an event
happening. Two simulations were implemented using a simple mathematical model with di↵erent
algorithms that emulate the way agents trade in such markets and di↵erent market strategies
were adopted by the agents. Running the simulations with two methods (All Agent Method and
Single Agent Method) over a number of iterations, we find out if the price at equilibrium was
higher than that of the average belief of an agent. Other variables were tested such as the size of
the unit of currency, as well as the number of agents to find out if such factors had an impact on
the final equilibrium price of the market. Results showed that the higher the median belief, the
higher the di↵erence between the final equilibrium price and the average belief. The symmetry of
the belief distribution also had an impact on the di↵erence as well, whereby the skew to the left
resulted in a drop in the di↵erence while a right skew resulted in an increase in price di↵erence.
The size of the unit of currency also a↵ected the final equilibrium price whereby a smaller unit
of currency resulted in a higher equilibrium price and the number of agents had a strong e↵ect
on the Single Agent Method but not on the All Agent Method.

1 Introduction

Information markets, which are also known as
trading markets, trade on the outcome of events.
People trade securities based on their beliefs on
whether a certain event would occur. In the case
of prediction markets, if one were to believe that a
certain event would occur, then the person would
invest in that security. If the outcome were to
occur, the person would then get a set amount
of money back based on the number of shares
purchased for that prediction. In the case of this
paper, if the event were to occur, he/she will
be paid e1. The price of a prediction market
fluctuates based on the amount of securities people
buy of two di↵erent types (security A or security
B) until nobody is willing to change the amount of
wealth invested in the securities. An equilibrium
price is the final amount of wealth invested in
a security when no traders wish to change their
investment amount. Security A would be that of

the event occurring or security B would be the
opposite in which the event would not occur. The
equilibrium price can be anywhere between e0 and
e1. If the event occurs, then those who invested
in the event occurring get a return of e1 while
those who invested otherwise gets e0. According
to Eisenberg and Gale [1], the final equilibrium
price represents a fraction of traders that believe
that a certain event would occur.
In the US elections from 1988 to 2000, the Iowa
Electronics Market, which is an information mar-
ket, had quite accurately predicted the outcomes of
those elections showing that information markets
can be set as an indicator to predict outcomes of
events [2]. The accuracy of the market improves as
more information is revealed and absorbed as the
election draws closer [3]. Most information markets
currently only exist in real life whereby people
trade on events that occur in the real world. Hence,
in this paper, we explore the possibility of simulat-
ing information markets based on the assumption
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of a normalized world. A normalized world is
an environment where all the data generated is
represented in a normal distribution and can be
adjusted to be valued from 0 to 1. The model
constructed in this paper attempts to recreate the
prediction market based on mathematical models.
However, it is unable to emulate the environment
identically in cases such as releasing more infor-
mation closer to the outcome date and having
agents apply di↵ering tactics. Hence, the model
created was the basis of a simulated prediction
market rather than of a robust life-like one. Using
simulations, one could change variables and see
their influence on the final equilibrium price. Thus,
the research question in this paper is: Is the final
equilibrium price in information markets higher
than the average beliefs of agents who trade? In
order to simulate the trading environment, an
agent is a representation of a single person who
trades and the belief is the percentage in which the
agent believes a certain event would occur. In this
paper, we discuss the methods and mathematical
models which were used to create the simulation.
Using the constructed simulation, we adjusted
the variables such as the belief distribution, the
epsilon which is the size of the unit of currency
and the number of agents who trade. We then
measured the di↵erence between the equilibrium
price and the average belief to find out if there
were any relationships between the variables and
the average belief.

The rest of the paper is organized as follows.
Section 2 discusses how the simulation was set
up and the mathematics behind it. In Section
3, the experimental setup will be discussed. The
results will then be presented in Section 4 with
the possible explanations behind it and lastly, in
Section 5, a summary of the results along with the
limitations of the experiments and future possible
research are discussed.

2 Methods

2.1 Setting up the market environ-
ment

As there were no prior data, we assumed that all
variables (belief distribution, wealth distribution,

accuracy distribution) were normalized to 1. The
distributions, because normalized to 1, would
result in each agent to have a value between 0
and 1 for each variable with the exception of the
wealth distribution whereby the sum of all the
agents would be 1 but distributed normally.

Agent accuracy distribution: Each agent
is given an accuracy which is the percentage in
which the agent gets its prediction correct based
on past records. The value for the accuracy of
the agents is between 0.5 and 1 with the average
accuracy to be 0.75. The reason behind the value
of the lower bound for the agent accuracy to be 0.5
was due to the fact that it should be higher than
the probability of a coin toss where the probability
of getting the correct side is 0.5. This meant that
agents with no knowledge of anything would have
an accuracy of a mere coin toss.

Wealth distribution: This is the amount of
wealth allocated to each agent. The sum of all the
wealth of the agents is 1. In order to create such
a wealth distribution, each agent was assigned a
value between 0 and 1 with the average value to
be 0.5 based on a normal distribution. Thereafter,
the wealth of all the agents were summed up to
find the total wealth. The wealth of each agent
was then divided by the total wealth so as to allow
the total wealth to be summed up to 1.

Agent belief distribution: This is the value
of the belief the agent has on whether the event
would occur based on the information that the
agent receives. If the value of the belief was greater
than or equal to 0.5, then it would have meant
that the agent believes that the event would occur
and if it was less than 0.5 it would have meant
that the agent believed that the event would not
occur. The higher the value, the stronger the belief
the agent has on the event. This is based on the
information that the agent has. This was adjusted
in the experiments which will be elaborated in
Section 3.

2.2 Determining the initial price

The agents were randomly assigned a belief and
all the beliefs formed a normal distribution from 0
to 1. This was the percentage that they believe a
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certain event would occur.
After all the initial beliefs of the agents were de-
termined, we assumed that an agent would invest
the same proportion of its wealth as its belief,
i.e. if an agent has a belief of 0.8 that a certain
event A would take place, it would then invest 80
percent of its wealth in security A and the rest
in the security B which is the opposite of security A.

In the simulation, only the price of security
A was calculated. The price of security B is the
subtraction of the price of security A from 1. By
calculating the total amount of wealth invested by
each agent in security A, the total sum was then
the initial price of the security A.

2.3 Calculation of maximum utility

The utility is the calculation of the possible prof-
itability of investing a certain amount of wealth
into a security. The utility is calculated by using
equations from [4].

The market clearing price for two types of
contract is based on the sum of the investments of
all the agents. The amount of investment of each
agent is calculated by the belief value of each agent
i multiplied by their wealth(wi):

⇢↵ =
X

i2N

i.wi (2.1)

⇢� =
X

i2N

(1� i).wi (2.2)

As shown in Equation 2.1 and 2.2, ⇢↵ is the price of
↵ and ⇢� is the price of �. This represents the mar-
ket’s belief of the probability of each event occur-
ring. The sum of probabilities equals to 1 (Equation
2.3) whereby higher probabilities signals the mar-
ket predicting the greater chance that the event will
occur.

⇢↵ + ⇢� = 1 (2.3)

Epsilon (✏) is the unit in which there is a
change in the amount of change in the investment.
Hence, one calculates the possible utilities with
the changes in epsilon to the belief.

x↵
i =

(
(i+✏).wi

⇢↵+✏ , if i > 0

0, otherwise
(2.4)

x�
i =

(
(1�(i+✏)).wi

⇢�+✏ , if i < 1

0, otherwise
(2.5)

Equation 2.4 and 2.5 are intermediate equations in
determining the possible returns of investments on
the agents current belief, the current price of the
securities and its wealth.
The utility is calculated as follows in Equation
2.6 where it takes the previous equations and
calculates the expected returns on the investment

ui = P (✓ = A|s).x↵
i + P (✓ = B|s).x�

i (2.6)

ui is the expected returns of is investment strategy
given the belief of the agent and the current price
of the security.

By adjusting the factor of epsilon, one can
find the maximum utility. With the maximum
utility, the agent would then adjust its investment
to be of the maximum utility by either adding or
reducing the investment amount.

2.4 Determining the final equilib-
rium price

Two methods were implemented in the determina-
tion of the final equilibrium price. The first is the
Single Agent Method which only adjusts the invest-
ment of one agent at a time. The other method is
called the All Agent Method, which simultaneously
updates the investment values of all the agents.

2.4.1 Single Agent Method

The determination of the final price in the Single
Agent Method is based on the total amount of
wealth invested by the agents in the end. The end
is determined by either the point in which all the
agents are satisfied in the amount in which they
invest do not want to adjust that amount anymore
or if the price oscillates, after the 10th oscillation.

In order to reach this point, an agent is picked
at random and changes the factor of epsilon
until it is not willing to change its percentage of
investment based on the maximum utility. The
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price is updated in each iteration of change in
epsilon. This is shown in Algorithm 2.1.

Algorithm 2.1 Single Agent Method

Data: Agents with belief
Result: End equilibrium price
while number of agents who wish to change invest-
ment 6= 0 do

calculate maximum utility for all agents
for each agent i do

if Agent i wishes to change investment
then

update agent investment by fac-
tor*epsilon
new price = old price + agent invest-
ment change

end
end

end

2.4.2 All Agent Method

The All Agent Method is a method that in each
iteration, it calculates the maximum utility of the
agent along with the corresponding epsilon. In each
iteration, it updates the new price of the contract.
With the new price being updated, it recalculates
the maximum utility for each agent. The final price
is determined once all the agents do not wish to up-
date the amount of wealth invested in the security.
This method is more accurate, as it does not matter
if an agent is less likely to change its investment.
It also takes less iterations to calculate this as the
price change in each round is more rapid. This is
shown in Algorithm 2.2.

Algorithm 2.2 All Agent Method

Data: Agents with belief
Result: End equilibrium price
while number of agents who wish to change invest-
ment 6= 0 do

calculate maximum utility for all agents
for each agent i do

update agent investment by factor*epsilon
new price = old price + agent investment
change

end
end

2.4.3 Determination of final price in both
algorithms

The determination of the final price in both algo-
rithms is at the iteration where there is no agent
that wishes to change its investment amount, the
market will stop running. If the market keeps os-
cillating about a certain price, the market will stop
after 10 oscillations. This is to ensure that there is
no endless loop in determining the final price. The
total sum of investment at that point of time will
be equivalent to the final equilibrium price. This
value is between 0 and 1, which can also be inter-
preted as the probability in which the market be-
lieves that the event would occur. A value of more
than 0.5 would mean that the market leans to the
belief that the event would occur.

3 Experiments

3.1 Experimenting with di↵erent be-
lief distributions

As hypothesized earlier, the belief distribution has
an e↵ect on the final equilibrium price. Hence,
in the experiments, multiple distributions were
tested to see the e↵ect on the di↵erence between
the final equilibrium price and the average agent
belief. In the experiments, the number of agents
were kept at 100 agents, the epsilon was kept
at 0.01 and each experiment was based o↵ 30
trials. It was found that with the testing of 2
parameters of beliefs distribution (lower bound =
0, upper bound = 1, mean = 0.5 and lower bound
= 0, upper bound = 1, mean = 0.75) that there
were very consistent results (maximum variation
2%). Since the calculations and the running of
the model was computationally intensive for a
standard computing device (O(n2) time and space
complexity) and the variations were not significant,
the number of trials was set to 30. This gives a
good representation of the results along without
having to run the model for long periods of time.
The wealth distribution and accuracy of each
agent was kept the same for all the experiments
and the only parameter being varied was the belief
distribution. The belief distribution was normally
distributed. In Table 3.1, the values used for the
normal distribution in each parameter is shown.
As shown in Table 3.1, the parameters were
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Table 3.1 Parameters used for belief normal distribution
Parameter
Number

Lower Bound Upper Bound Mean Standard Deviation

1 0.0 1.0 0.5 1.0
2 0.0 1.0 0.75 1.0
3 0.25 1.0 0.5 1.0
4 0.0 1.0 0.25 1.0
5 0.5 1.0 0.75 1.0
6 0.5 1.0 0.85 1.0

adjusted based on the lower bound, upper bound
and mean of the normal distribution. There were
4 types of change in distribution that were tested:

1. Skewed to the left which was demon-
strated by comparing parameter 1 and parameter
2, as well as parameter 5 and parameter 6.
2. Skewed to the right which was demonstrated
by comparing parameter 1 and 4.
3. Change in lower bound which was demon-
strated by comparing parameter 1 and 3.
4. Shift and scale of normal curve which was
demonstrated by parameter 1 and 5.

3.1.1 Experimenting with di↵erent epsilon
values

Epsilon values, which are the size of the unit of cur-
rency, were believed to have an e↵ect on the final
equilibrium price because of the amount of change
when calculating the maximum utility. This is due
to the fact that the larger the epsilon value, the
larger the changes in the calculation of the util-
ity, discouraging the agent from changing its in-
vestment amount. There were 6 di↵erent values of
epsilon that were tested with 100 trials per run.
The 6 di↵erent values are shown in Table 3.2. The
belief distribution used in all cases were with an
lower bound of 0.5, upper bound of 1.0 and a mean
of 0.75. These parameters were chosen because this
was a symmetric normal distributions. The number
of agents trading were set to 100.

Table 3.2 Di↵erent epsilons tested
Parameter Number 1 2 3 4 5 6
Epsilon Value 0.005 0.008 0.01 0.05 0.1 0.5

The average final equilibrium price of the 100 itera-
tions were then compared for each value of epsilon.

3.1.2 Experimenting with di↵erent number
of agents

There was not a strong intuition on how the num-
ber of agents trading in the market would a↵ect the
final equilibrium price. However, it would be under-
standable that the determination of the final equi-
librium price would not be a true reflection of an
actual information market in the real world. Four
di↵erent values of the number of agents were tested,
as shown in Table 3.3. The belief distribution used
in all cases were with an lower bound of 0.5, upper
bound of 1.0 and a mean of 0.75. The epsilon value
was set at 0.01.

Table 3.3 Di↵erent number of agents tested

Parameter Number 1 2 3 4
Number of Agents 3 10 50 100

4 Results

4.1 Testing of both methods

Both the All Agent Method and the Single Agent
Method were tested in the 3 categories as men-
tioned in Section 3. In the future subsections, the
change in variables will be compared with both
methods.

4.2 Varied belief normal distribution

For all figures showing the results on varying the
belief distribution, the values in the figure are the
di↵erence between the final equilibrium price and
the mean belief of the agent. This is calculated as
follows:
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DIFF = FEP �MB (4.1)

DIFF is the di↵erence (shown in the figures).
FEP is the final equilibrium price.
MB is the mean belief of agents.

4.2.1 Skewed to the left

By changing the means of the normal distribution
to be higher, the belief distribution was no longer
symmetrical, resulting in it skewing to the left. In
Figure 4.1, when the belief distribution is skewed to
the left, there was a drop in the di↵erence between
the final equilibrium price and the mean belief of
the agent. This is an interesting find, as the logi-
cal intuition would be to think that the di↵erence
would be greater. However, this is because when
a normal curve is positively skewed, the mean is
higher than the median, which makes it have lesser
high belief values. With more low belief values,
there would be a lower di↵erence in equilibrium
price and mean due to the high number of low be-
liefs.

4.2.2 Skewed to the right

By changing the means of the normal distribution
to be lower, the belief distribution was no longer
symmetrical, resulting in it skewing to the right.
As shown in Figure 4.2, when the belief distribution
is skewed to the right, there was a drop in which
the di↵erence between the final equilibrium price
and the mean belief of the agent in the All Agent
Method, while there is an increase in the di↵erence
in the Single Agent Method. For the Single Agent
Method, this is because the median belief is greater
than that of the mean belief, which suggests that
there are more higher belief values than lower be-
lief values, eliciting a larger di↵erence than that if
it was symmetrical. For the All Agent Method, the
results are unexpected as it was estimated to be
similar to that of the Single Agent Method. The
raw data showed not very consistent final equilib-
rium prices and this is probably due to the varia-
tions of belief values and the way the method was
constructed, not making it very stable.

4.2.3 Change in lower bound of distribu-
tion

By changing the lower bounds of the distribution,
there would be less agents with extremely low be-
liefs. As shown in Figure 4.3, when the lower bound
is increased to 0.3, there was an increase in the dif-
ference between the final equilibrium price and the
mean belief of the agent in both methods. Due to
the lack of agents with extremely low beliefs, there
is a higher probability that agents are willing to
change their investment amount positively, result-
ing in higher equilibrium prices. This also makes
the distribution curve negatively skewed, which is
explained in the subsection 4.2.2.

4.2.4 Shift and scale of normal distribution

The belief distribution, while still being symmetri-
cal was scaled by half and shifted to the right. As
shown in Figure 4.4, the shift and scaling resulted in
an increase in the di↵erence in both methods. This
is due to the fact there are no low beliefs at all and
that all the agents do believe the event would occur
based on their belief being more that 0.5. Since the
belief values are more concentrated to a part of the
scale, it would cause the final equilibrium price to
be higher since more agents share similar belief.

4.3 Changing of epsilon

The changing of the epsilon is the changing of the
size of unit of currency. An example of this is the
Euro cent which is the unit of currency for the Euro
currency. We are only allowed to change our invest-
ment to a factor of the currency (e.g. 1 Euro is 100
times the unit of the Euro currency). As seen in
Figure 4.5, when the epsilon is below 0.05, there
is negligible e↵ect on the final equilibrium price.
Above that value, the larger the epsilon value, the
lower the final equilibrium price. This is because
the larger the epsilon value, the less incentive for
the agent to adjust its investment value and the
smaller the epsilon value, there is an incentive to
adjust their investments by small amounts to reach
the maximum utility.

4.4 Changing the number of agents

The increase in the number of agents in the Single
Agent Method results in a lower final equilibrium
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Figure 4.1: Skewing of belief distribution to the left

Figure 4.2: Skewing of belief distribution to the right

price, while the e↵ect of the change in number of
agents in the All Agent Method has minimal e↵ect.
This is shown in Figure 4.5. This is probably at-
tributed to the fact that in the All Agent Method,
everyone who is willing to change, changes their in-
vestment amount. Hence, since the distribution is
constant, there is no e↵ect as it is fundamentally
the same for di↵erent number of agents. On the

other hand, in the Single Agent Method, as the al-
gorithm was constructed in a way that it takes the
first agent which is willing to change its investment
amount, the probability of someone who wants to
change it by a large amount is lower when the num-
ber of agents is higher as compared to if it was
lower. For instance, in the case where the number
of agents is 3, there is very high probability that the
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Figure 4.3: Changing of lower bounds of belief distribution

Figure 4.4: Shift and scale of belief distribution

first agent who is willing to change its investment
amount has a high belief value. This would then
influence the other agents to also increase their in-
vestment value. Thus, the number of agents have
an e↵ect on the final equilibrium price in the Single
Agent Method and not in the All Agent Method.

4.5 Comparison of two methods

In general, as seen Figure 4.5 and 4.6, the All Agent
Method yields a higher equilibrium final price. This
is attributed to the fact that in the All Agent
Method, all agents who would like to change their
investment reinvest at the same point of time. This
would result in a higher jump in the increase of
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Figure 4.5: Change in epsilon value on the final equilibrium

Figure 4.6: Change in number of agents on the final equilibrium

price at that iteration. On the other hand, in the
Single Agent Method, the price jump in smaller
steps. The sudden increase in the price would then
spur more agents to reinvest due to the calculation
of utility which would be more biased to investing
more as the new price has increased.

5 Conclusion

In conclusion, with respect to the research ques-
tion (Is the final equilibrium price in information
markets higher than the average beliefs of agents
who trade?) the results do show that if the belief
normal distribution is symmetrical, the final equi-
librium price is higher than mean belief. In cases

9



which the belief normal distribution was unsym-
metrical, it depended on the median versus mean
of the curve. If the mean was greater than the me-
dian, meaning that there were more agents with
very low belief on whether an event would occur,
then the final equilibrium price would be lower than
the mean agent belief. For the change in epsilon
values, the results were as expected as it was intu-
itive that if an agent needed to change its invest-
ment by a large amount, it would be less inclined to
change the amount invested in a particular security.
Thus, giving the results of the higher the epsilon,
the lower the final equilibrium price. With the num-
ber of agents, the results were di↵erent from what
was expected. The original intuition was that the
higher the number of agents, the higher the final
equilibrium price. However, the results showed oth-
erwise, especially in the Single Agent Method. The
results were then explained using the way the algo-
rithm was constructed, which makes it logical why
the result was as presented above.

5.1 Limitations of the simulation

The simulation of the information market was
built on very simple mathematical models with
absolutely no data from the real world. All vari-
ables required to run the simulation was done in a
normal distribution. It is unknown if this reflects
the true representation of an information market
in the real world. An example would be that the
belief distribution being from 0 to 1 with a mean
of 0.5 would most likely not be the case in the
real world as agents who generally trade in these
markets would probably have more information
than most people in what they think the most
likely event would occur which would reflect in
the final equilibrium of the market. Furthermore,
only a single market strategy was used in the
determination of the final equilibrium price. In the
real world, this will definitely not be the case as
di↵erent agents would have di↵erent strategies.
Naturally, this would be di�cult to implement
due to the infinite possibilities of strategies. It
could also be in the case that strategies for agents
that are more accurate will be di↵erent for those
that are not as accurate which would be di�cult
to determine which strategy goes to which agent
based on their beliefs and accuracy.

When it comes to the Single Agent Method,
the algorithm is biased to the first agent in the
list that wishes to change its investment amount.
This might not result in very accurate results due
to the bias. With respect to this, it was originally
implemented in the way that it would pick an agent
at random, and if the agent wanted to change its
investment amount, it would then go ahead with
the change. However, with large amounts of agents,
there would be occasions that the simulation had
to keep randomly picking an agent as many agents
did not want to adjust its investment amount,
and since this was done recursively, it ended up
being very computationally expensive with many
cases reaching the maximum recursion depth. By
implementing the random picking, it would slow
down the simulation a lot, hence the other method
was implemented even though it might not give
the most accurate results.

Another issue were the algorithms that were
implemented. In general they were very naive
algorithms, assuming that in each round, all the
agents would change their investment amount or
an agent would change their investment amount in
a consecutive order where the next agent will only
change its amount after another agent has adjusted
the investment amount. This is not very reflective
of how agents in information markets trade. In the
usual case, multiple agents would probably adjust
their investment value simultaneously but not all
of them. Hence, the algorithms implemented might
not be the best to simulate the markets. A way
to solve this would be to have random batch sizes
when updating their investment values.

5.2 Results in relation with existing
literature

The results match the equations that were derived
in non simulation [6] for the generation of the equi-
librium price based on the theoretical equations
of maximising utility and having beliefs. The re-
sults also showed that regardless of the distribution
which was randomized at each trial, the results still
converged to very similar equilibrium prices. This
signified that the model was accurate for a very
homogeneous simplified market, similar to the ac-
curacy of prediction markets in the long run in pre-
dicting events [7]. The interpretation of the model
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is very similar to the generalized models that peo-
ple have derived for neutral risk-taking traders [8].
Naturally, the model was not representative of the
actual economic world where there are many di↵er-
ent factors that come into play, such as the release
of useful information [9].

5.3 Future research

Future research can include the incorporation of
real life data and compare it with the simulation.
There is also the possibility of using machine learn-
ing as a way to fine-tune the behaviors of the agents
to reflect the true reality of information markets.
There is also the possibility to combine multiple
market strategies which would then show a much
more dynamic market trading scenario. Another
way to make the market more dynamic would be
to allow multiple agents to adjust their investment
in each iteration varying the number of agents at
random to make it as reflective of a real market as
possible. Another possibility is to use the model to
gamify the approach so as to improve knowledge
sharing in the real world in business organizations
[10]. Lastly, instead of using a normal distribution
based on a normalized distribution, one could use
Bayesian theorem to determine the beliefs of agents
based on priors, agent accuracy and information
signals.
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