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Abstract: Prediction markets have in-
creasingly received interest as a tool for
information aggregation from both re-
searchers and corporations due to their util-
ity in forecasting of various types of (bi-
nary) events. Some models have been pro-
posed and put under scrutiny. This paper
considers a new model and looks to give in-
sight on the ability of prediction markets
to stabilise and elicit information on the
underlying beliefs of participants, as well
as the robustness of this information given
various market parameters such as market
size. It uses a software implementation of
the model to generate simulated data. The
results indicate that price stabilisation is al-
most certain and that if some conditions are
met, the markets are able to provide very
accurate information on their participants.

1 Introduction

Suppose you have the night off and are getting
ready to watch a sports match, the analysts have
finished talking about the match expectations and
the match is formally introduced. Generally this
means you get to see the names of the teams, play-
ers, the venue and possibly the audience count and
weather conditions. That’s nice enough. Occasion-
ally however, you also see an estimation of the
outcome of the match: “60% chance of victory for
Team Local Heroes, brought to you by your local
betting outlet”. It makes sense, if it can be assumed
that the people that are betting are smart about it,
they will bet on the team most likely to win. What
a nice use of data!

Prediction markets like the Iowa Electronic Mar-
kets (Arrow et al., 2008) are similar to sports bet-
ting sites, in the sense that they allow participants

to bet their money on the (often binary, but not al-
ways) outcome of an event like for example an elec-
tion. Unlike betting sites, these markets are gen-
erally set up somewhat similar to stock markets
(Wolfers & Zitzewitz, 2004). Where instead of just
putting in your money on a specific outcome (e.g.
candidate A will win the election), you can both
buy and sell contracts that will pay out when that
specific outcome occurs. However, if the alterna-
tive is true you get nothing. Bids are submitted to
the market and then matched by the operator of
the market. This continues until the market ends,
usually shortly before the outcome is definitively
determined. (For a more in-depth review of predic-
tion markets Wolfers & Zitzewitz (2004) is recom-
mended.)

The idea behind prediction markets is specifically
to elicit the beliefs of participants about the event
the market is based on. The idea being that if prices
of contracts for a certain outcome are high, that
might mean that the actual chance of that outcome
occurring is high or at least that the participants in
the market believe it to be so. If it can be assumed
that these participants are well informed on the
topic at hand, this information might well be very
useful.

Research into prediction markets has generally
confirmed this idea, presenting them as an ef-
ficient method to aggregate information from a
large pool of experts into a single reliable statis-
tic (Hearst, Hunson, & Stork (1999), Wolfers &
Zitzewitz (2004), Borison & Hamm (2010)) while
giving them an incentive to remain honest. Over
time, they have been tested for accuracy and have
been found to be quite good (Wilson (2012), Man-
ski (2006), Arnesen & Bergfjord (2014)) at predict-
ing public matters but also when used within cor-
porations (Cowgill & Zitzewitz, 2015).

There has been some interest in mod-
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elling prediction markets and efforts
have been made in creating models
(e.g. Jumadinova, Matache, & Dasgupta (2011))
to demonstrate and explain various effects that
are in prediction markets. Examples include the
favourite-longshot bias (Page & Clemen, 2013),
the effect of differing information (Jumadinova &
Dasgupta, 2011) and risk-averse agent populations
(He & Treich, 2017). It has been argued that these
models need to be of sufficient complexity in order
to capture all the dynamics that can be found
in prediction markets well enough (Restocchi,
McGroarty, Gerding, & Johnson, 2018).

Many things still remain to be researched when it
comes to the topic of prediction markets. For exam-
ple: What can be learned about the participants of
prediction markets from the price and does it mat-
ter how many traders participate? What are the
effects when there are differences in the amount
that participants invest? Does the distribution of
the beliefs of the participants matter at all? In this
paper these topics will be explored and a simulation
is developed in order to provide a base to possibly
explore even more questions like these in the future.

Research question A model of prediction mar-
kets as provided in Grossi (unpublished) will be
considered, in an attempt to answer the following
question: Do prediction markets elicit their par-
ticipants’ beliefs?. To do so the following ques-
tions with regard to the model are answered: When
modelling prediction markets do market prices sta-
bilise? and When modelling prediction markets do
the market end prices correlate with the beliefs of
the participants?

2 Method

Data is generated by running simulations of an
implementation based on the model proposed in
(Grossi, unpublished). For an in-depth discussion
of the model and the changes with regards to the
model in Grossi (unpublished) please refer to sec-
tion 3.

The model is an abstraction of prediction mar-
kets in that there is no trading/interaction between
agents themselves and there is no limit to the sup-
ply of contracts.

The model is implemented as a simulation that
allows for testing of parameters individually and
aims to maximise reproducibility. Any data set
generated using the simulation (including the ones
used in the analyses for this paper) using whatever
parameters should always be reproducible.

The simulation is written as a C++ program,
as the possibility for object-oriented programming
lends itself well for implementing multi-agent sys-
tems such as the one in the model. Additionally
the potential efficiency and speed may possibly al-
low for easy generation of large sets of data points.
The program will be able to write data to file in
a .csv format which is then further processed and
visualised using the R and RStudio software pro-
grams.

To answer the question the main variable of in-
terest will be the market end price, i.e. the price
when the market has reached either the maximum
number of iterations or has stabilised. Especially if
it is found that the markets do stabilise under the
parameters it will be interesting to see how and if
the market end price correlates with the belief dis-
tribution of the agents in the simulation.

Data generation A baseline data set is gener-
ated based on a specific parameter set that will
suit further exploration by altering parameters of
interest one at a time and comparing to the base-
line, looking at the stabilisation rate of that set of
parameters and the end price correlation with the
average belief.

A random seed is used to generate the values for
the agent beliefs (and in some cases endowments),
such that the same seed should result in the same
values and thus the same data set.

To make sure that any difference between the
data sets can be easily attributed to the parameter
change, only the baseline set will be generated using
a random seed. All other sets will use the seed that
was generated in the baseline set. This will make
it so that the differences between the sets should
come exclusively from the change in parameters.

This can be considered feasible as it is possi-
ble to readily generate such a large amount of
data points, there should be little doubt about the
(im)possibility of these results being specific to one
seed.
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3 Model

The used model is described in Grossi (unpub-
lished) but also explained here as it has been
adapted in a few areas. The model is a market game
in which the agents can apply a mixed investment
strategy. The model is simplified in that the signals
(s) from the original model have been replaced by
a fixed belief (b).

The model contains a set of agents
N = {1, . . . , n}, that have to invest their en-
dowment into a prediction market that trades
contracts on the odds of the outcome of event θ.
It is a binary event so θ ∈ {A,B} i.e. when the
contracts end either θ = A or θ = B.

Each agent has its own belief b ∈ [0, 1]. This
belief can be interpreted as their confidence that
θ = A will be true, i.e. if b = 0.5 they belief that
there is a 50% chance of A being the outcome of
the event. Since binary events are under considera-
tion here 1− b is the belief of an agent that θ = B
(the alternative) will be the outcome. b is the belief
profile, which contains the set of beliefs bi | i ∈ N
where i is an agent. Additionally each agent has
an endowment wi ∈ w, a positive numerical value
representing the wealth they can invest.

In the game agents submit a fraction of their
endowment (σi, their investment strategy) in con-
tracts for α according to some strategy update
method. A contract for α pays out 1 if θ = A and
0 otherwise, and the same goes for β with respect
to B. Agents always spend their complete endow-
ment and so 1 − σi(b) is the fraction of wealth in-
vested in contracts of type β. When all agents have
placed their bets the investment strategy profile is
obtained σ = (σ1, ..., σn).

Given the investment strategy profile the assets’
market clearing prices can be calculated as:

pα(σ) =
∑
i∈N

σi · wi (3.1)

pβ(σ) =
∑
i∈N

(1− σi) · wi (3.2)

Given that an agents endowment wi sums to 1
for all agents: ∑

i∈N
wi = 1 (3.3)

Therefore:
pα(σ) + pβ(σ) = 1 (3.4)

Now with the prices set it can be determined how
many contracts an agent would be able to buy given
its endowment.

xαi (σ) =

{
σi·wi
pα(σ) if σi > 0

0 otherwise
(3.5)

xβi (σ) =

{
(1−σi)·wi
pβ(σ)

if σi < 1

0 otherwise
(3.6)

Which, given our agents’ endowments will add
up to: ∑

i∈N
xαi (σ) = 1 (3.7)

and ∑
i∈N

xβi (σ) = 1 (3.8)

Equation 3.5 holds as long as some agent has
σi > 0, i.e. there is some agent that believes that
θ = A with some probability and vice versa for
θ = B. This is a sensible assumption, since if agents
agree unanimously on a subject the outcome of the
event θ must be clear anyway. So in this model the
supply of contracts is fixed and normalized to one
unit, and perfectly matched to the demand.

To clarify, these assertions mean that in the
model both the summed wealth of the agents as
well as the amount of contracts available to them
is normalised to 1. This means that an agent’s en-
dowment (wi) can be interpreted as their share of
the total wealth in the system. The price of a con-
tract (e.g. pα) is the proportion of the total wealth
invested in the asset α. That also means that an
agent does not (unless he is the only one interested)
buy whole contracts but buys a fraction of the one
contract available to all agents.

The complete market game now becomes M =
(N,Θ, (bi, wi, σi, ui)i∈N ) with θ = {A,B} the bi-
nary set of outcomes of the event the market mod-
els, bi ∈ [0, 1] the possible belief that an agent may
receive (essentially defining an agent as this is their
only differing factor), wi ∈ (0, 1] an agents’ endow-
ment, σi ∈ [0, 1] signifying the fraction of its en-
dowment invested in α contracts.
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The symbol ui represents an agents’ expected
utility function:

ui(bi,σ) = bi · xαi (σ) + (1− bi) · xβi (σ) (3.9)

Which is equal to an agents’ expected returns
from the market game.

3.1 Agent Strategy Update

In the implementation, an agent’s initial strategy is
simply dependent on their belief, as that is all the
information they have available at the start. Buying
their belief (i.e. σi = bi) is a reasonable strategy in
this case. However, when the agent has knowledge
of the price it can use that information to adjust
their strategy in order to increase their expected
utility. This is implemented by means of a strategy
update function.

Before continuing equation 3.5 and 3.6 is ex-
panded in equation 3.9 in order to provide a ba-
sis to develop some strategy update methods. This
results in:

ui(b,σ) =
bi · σi · wi
pα(σ)

+
(1− bi) · (1− σi) · wi

pβ(σ)
(3.10)

Continuing on this equation the endowment (wi)
is moved to the left-hand side and 3.4 is used to
get:

ui(b,σ)

wi
=
bi · σi
pα(σ)

+
(1− bi) · (1− σi)

1− pα(σ)
(3.11)

Equation 3.11 thus gives the expected utility of
an agent per unit of endowment it possesses, al-
though it should be noted that pα is calculated us-
ing the agent’s (previous) strategy and its endow-
ment. The implication of this fact is considered in
a strategy update presented in section 3.1.2.

It is also important at this point to remember
that bi and 1 − bi signify an agent’s belief in re-
spectively outcome A and B and that σi and 1−σi
are dependent on each other and signify the portion
of their endowment invested in contracts of either
type. Here σi ∈ [0, 1]) is the only variable in this
equation as all other parameters can be considered
a constant.

The following sections propose a number of pos-
sible strategy update functions.

3.1.1 Simple all-in

Define:

ROIα(pα, bi) =
bi
pα

(3.12)

and

ROIβ(pα, bi) =
1− bi
1− pα

(3.13)

realising both are constants (given an asset price)
where these parameters are understood to corre-
spond to the return on investment of choosing a
strategy that invests everything in contracts α and
β respectively (i.e. σi = 1 | σi = 0). When put into
equation 3.11 one possible strategy an agent could
adopt becomes apparent.

ui(b, σi)

wi
= σi ·ROIα(pα, bi)+(1−σi)·ROIβ(pα, bi)

(3.14)
A good strategy could be to select σi = 1 if

ROIα > ROIβ and σi = 0 if ROIα < ROIβ . If
the expected returns are equal, all strategies have
the same expected utility, and an agent might want
to attempt to simply minimise losses by setting
σ = 0.5.

However as it is right now the strategy is not
sound, which is why it is adapted in the next sec-
tion.

3.1.2 Smart all-in

A caveat in the Simple all-in strategy update is that
if an agent changes its strategy, then the asset price
will adapt to that change. Given this information
an agent might want to amend the new strategy
somewhat to account for this. To do this the strat-
egy update must be adapted. A way of doing this
is to use a variable pα′ instead of the constant pα

when computing the utility.

pα′(σi) = pα(σprev) + (σi − σiprev) · wi (3.15)

This equation uses what is known from equation
3.1, which is that part of the market price is directly
influenced by each agent(by an amount of σi·wi), so
when subtracting an agent’s previous strategy from
it (σprev, a constant) the price if this agent were to
change to that different strategy is obtained.
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A different strategy could then be one based on
the previous strategy but substituting pα′(σi) for
pα when computing the ROI’s. This gives us the
following:

σi =


1 if ROIβ(pα′(0), bi) < ROIα(pα′(1), bi)

0 if ROIβ(pα′(0), bi) > ROIα(pα′(1), bi)

σprev otherwise

(3.16)
I.e. if it is profitable to invest maximally into

either asset, the agent will choose to do so. If both
assets are equally attractive, the previous strategy
is kept.

3.1.3 Brute Force Maximisation

As discussed the utility function (3.11) should also
take into consideration the price change. Substitut-
ing 3.15 into 3.11 the following is obtained:

ui(b, σi)

wi
=

bi · σi
pα + (σi − σprev) · wi

+
(1− bi) · (1− σi)

1− pα + (σi − σprev) · wi
(3.17)

This change to the utility calculation can be sig-
nificant. In figure 3.1 it can be observed that the
utility function represents (for these cases) a curve,
but it is bounded by the values the strategy can ac-
tually assume ([0.0, 1.0]). In order to maximise the
utility, the maximum of the function needs to be
computed. It should be noted however, that most
of the time this reduces to the simple all-in strategy
given previously because the gradient of the curve
scales with the endowment of the agents which in
turn scales with the number of agents. The con-
sequence is that for large N , generally there is no
proper maximum within the bounds of the func-
tion so the optimal strategy will still be to invest
maximally in either asset.

This can be seen in figure 3.1 in the solid blue
line, here the agent has only a fraction 0.1 of the
total wealth and his expected utility given his strat-
egy is almost a straight line due to the fact that the
price is not influenced much by him. If the agent
does posses a larger portion of the total wealth (as
with the dotted curves) there are clearly visible lo-
cal maxima.

There are possibly situations in which there
might well be a local maximum available for some
agent. For example, if a small number of agents
possess a large portion of the endowment and a
majority a small amount (i.e. if their endowments
are distributed unevenly) some agents might very
well have an optimal strategy that is not 1 or 0.
To find this maximum one could try to solve the
derivative for zero, but in practice here brute force
computation is used.

A note on uneven distributions of wealth
in prediction markets It is interesting to ex-
plore different distributions when it comes to en-
dowments (and doing so is available through a pa-
rameter in the simulation) but it is important to
remind oneself that prediction markets are often in-
tended as scientific tools to aggregate information
and so in practice this type of distribution might
not actually occur due to the limit to how much
can be invested that is often imposed (as in Iowa
Electronic Market (2020)). This makes it so that
in practice most participants in prediction markets
invest the same or a similar amount.

3.1.4 Prudent

A final strategy that is proposed here is as follows:

σi =

{
σprev + δi if ui(p

α′, σprev + δi) > ui(p
α, σprev)

σprev otherwise

(3.18)

δi =

{
0.1 if ROIα(pα, bi)) > ROIβ(pα, bi))

−0.1 if ROIβ(pα, bi)) > ROIα(pα, bi))

(3.19)
That is to say, an agent will update its strategy

(by a fixed amount) if the agent believes that it
might gain a benefit from this change and the strat-
egy remains within the [0, 1] bounds. This strategy
is considered because the small increments in strat-
egy that are performed here might lead to different
stable points than for example the maximisation
strategies.

3.2 Update order

The order in which agents update their strategy
can be viewed as a parameter in itself, and is avail-
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Figure 3.1: Some sample utility curves with wi ∈ {0.01, 0.1, 0.5} and varying bi, p
α
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able in the simulation. Both methods will be briefly
explained, of which the first seems the most reason-
able and will be used as a baseline. For both update
methods the first iteration will be computed using
the aforementioned buy-your-belief scheme in order
to establish a base price.

Random order Every iteration a (seeded) ran-
dom order will be generated and the agents will be
given the chance to revise their strategy in that or-
der. Every time an agent submits its bid, the price
will be updated according to that bid, and this price
is given to the next agent in line.

Simultaneous update In this update scheme all
agents will generate their bid based on the same
price, which was generated on the previous itera-
tion. This causes greater fluctuations in price and
could prove to be more resilient to stabilisation.

4 Program Specification

The requirements and specification for the simula-
tion are fairly simple. In the following sections first
the practical requirements of the simulations are
explained, and after that a more formal specifica-
tion of what the elements of the program will look
like and what they can do is given.

4.1 Program Outline

The simulation can do the following:

1. Simulate a prediction market-like game of a
variable number (N) of agents as specified in
the section 3.

2. Each agent has a fixed belief (b) which can
be pulled from a specifiable distribution. The
following distributions are provided in the pro-
gram.

(a) Uniform random distribution.

(b) Normal distribution with given mean and
variance.

(c) Pareto distribution with given shape.

3. The agent endowment may also be pulled from
a specifiable distribution, but the values are
normalised such that they sum to one.

4. In the first iteration of the simulation the
agents use a basic buy-your-belief strategy to
decide how to invest their endowment.

5. In all other iterations the agents use one of the
strategies discussed, selectable at the initiali-
sation of the simulation as a parameter.

6. The simulation continues iterating until a
given number (one hundred) of iterations is
reached or the game reaches a stable state.

7. The game is stable if the asset price stays the
same for ten iterations.

8. Market data can be saved to file.

9. The random elements of the simulation (such
as order and beliefs) can be seeded to allow for
reproducibility.

10. All agents will have the same investment strat-
egy update and can compute the expected util-
ity of any given investment (given an asset
price and a strategy).

Distribution Implementation The way that
the distributions are implemented internally is by
generating numbers from bounded normal and
Pareto distributions (based on the parameters
given to the program) in the range [0.0, 1.0] in or-
der to fit the model requirements. The same gen-
erator is used for the endowments, which therefore
are normalised in order to sum to 1.

4.2 The Agent and Market objects

The agent objects only maintain absolutely neces-
sary state variables:

• Their belief.

• Their endowment.

• Their preferred strategy update.

• Their most recently submitted bid/strategy.

No other information is required. The agent has
the following abilities:

• The ability to compute utilities given a price.
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Table 4.1: Baseline simulation parameters

N 100
Endowment distribution Equal
Belief distribution Uniform random
Update sequence Random order
Number of resets 100,000
Agent strategy Smart all-in

• The ability to select a strategy based on a
price.

All other information required for the simulation
is held by the Market object:

• The current price.

The market has the following routines:

• The ability to request bids from agents.

• The ability to iterate, requesting bids from all
agents and generating a new price.

In practice, more values and routines may be
available (such as the minimum and maximum
price), but what is presented here are the bare es-
sentials.

4.3 Data sets

To explore the model several data sets will be gen-
erated using various sets of parameters. The first
data set will be used as a baseline to compare the
other results, which are generated with a set of pa-
rameters based on the baseline but altered on a
parameter of interest. The baseline parameters are
outlined in table 4.1. These parameters represent
an ideal situation in which the market is expected
to be the most informative.
N is chosen such that there are enough agents in

the system that a single agent is unlikely to affect
the price too much, but is still relatively small. Dis-
tribution of endowment is set to equal, as this will
make it so that each agent is able to influence the
market price equally. The beliefs are set to be ran-
dom, to make sure that agents are different enough
that you can assume their expected utilities for any
price state to be quite different (meaning they make
different decisions). The random order update se-
quence is used in order to prevent the order of the

agents from becoming a confounding factor to the
price. Smart all-in is the base strategy as it seems
the most simple plausible strategy while still being
rational.

Additionally the number of simulated markets to
generate is set to 100,000 and they are run for up
to 100 iterations or until stabilisation is achieved.
A market is considered stable if the price does not
change for ten consecutive iterations. In theory a
market can be considered stable if it has the same
price for two consecutive iterations but to reduce
the chances of errors ten is set as a safe amount.

Parameters of interest The following parame-
ters will be altered from 4.1 in order to generate
data sets:

1. N : tiny (10), small (30), large (1000).

2. Endowment distribution: random, Pareto
and normal.

3. Belief distribution: random, Pareto and nor-
mal.

4. Update sequence: simultaneous and random
order.

5. Strategy: Smart all-in, prudent and brute
force maximisation.

Each parameter will be changed one-by-one to
one of the given alternatives, with all the other pa-
rameters remaining the same.

5 Results

As mentioned the baseline set will be generated ac-
cording to the parameters in table 4.1 with the re-
sulting spread of the equilibrium prices visible in
the plot in figure 5.1.

Table 5.1 shows the correlation values for the av-
eraged belief of the agents in a market to the end
price. This is done for all the different parameters of
interest mentioned in section 4.3, with the baseline
results in the top row. What becomes immediately
apparent is that all strategy update variations seem
to result in the same correlation values. For all the
results in the table it is true that every market sta-
bilised (well) within 100 iterations.
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Table 5.1: End price and average belief correlations for the different parameter tweaks

Strategy Smart all-in Brute force Prudent
Altered parameter Correlation value
Baseline 0.99 0.99 0.99
N = 1000 >0.99 1.00 1.00
N = 30 0.97 0.97 0.97
N = 10 0.90 0.91 0.91
Normal belief distribution
(µ = 0.5, σ = 0.15)

0.96 0.96 0.96

Pareto belief distribution
(shape = 0.4)

0.98 0.98 0.98

Normal endowment
distribution
(µ = 0.5, σ = 0.15)

0.90 0.90 0.90

Pareto endowments 0.46 0.46 0.46
Randomised endowments 0.76 0.76 0.76

5.1 Endowment Distributions

To further explore the results when altering the
endowment distribution, a data set was generated
with various numbers of agents (N). The results of
that are in Table 5.2.

Table 5.2: Results for unequal endowments dis-
tribution and varying N

N Pareto en-
dowments

Normal
endowments

Large N (1000) 0.46 0.91
Baseline N (100) 0.46 0.90
Small N (30) 0.46 0.87
Tiny N (10) 0.49 ∗ 0.78

For the normal distribution this results in a slight
positive trend for larger N . For the Pareto distribu-
tion the results are mostly the same as the results
from the initial data set, except for tiny N where
the correlation is slightly stronger.

5.2 Simultaneous update

Tables 5.3, 5.4 and 5.5 were generated using the
baseline parameters except for the strategy updates
and the price update method. All results came from
using the simultaneous update method.

∗Two of the runs from the simulation did not stabilise,
and the data showed that they had reached invalid prices.
(pα < 0 and pα > 1). These data points have not been
counted towards the correlation value.

Table 5.3: Results for simultaneous price update

Strategy update Correlation
value

Stabilised
prices only
(stable %)

Brute force -0.02 0.17 (32%)
Prudent 0.87 0.86 (89%)
Smart all-in 0.11 0.88 (64%)

Table 5.4: Results for simultaneous price update
(more iterations)

Strategy update Correlation
value

Stabilised
prices only
(stable %)

Brute force -0.02 0.17 (32%)
Prudent 0.87 0.87 (>99%)
Smart all-in 0.11 0.88 (64%)

When looking at the results (5.3) under the si-
multaneous update condition it is immediately ap-
parent that the correlation is much lower and for
two of the strategy updates there is seemingly no
correlation at all. Under this condition the systems
also no longer always stabilise, but when only con-
sidering those that did do so the results get closer
to the baseline for the Smart all-in strategy.

Because of this fact the data set was generated
another time, this time with the maximum number
of iterations set to 300 (three times the default).

What can be seen in table 5.4 is that more than
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Table 5.5: Results for simultaneous price update
(counting oscillations)

Strategy update Correlation value
(all stable or oscillating)

Brute force -0.02
Prudent 0.87
Smart all-in 0.11

99% of the prudent markets have now stabilised,
but otherwise the results seem to be basically iden-
tical.

Due to the volatility of the market prices when
all agents submit their bids at the same time, the
possibility of a sort of pseudo-equilibrium in which
the market price oscillates between two points is
also considered. The end price in this case is defined
as the average of the two points.

Table 5.5 shows what happens when counting os-
cillating markets as equilibria. All markets eventu-
ally reach a stable or oscillating state but the cor-
relation values remain the same.

Spread To support an understanding of what
these correlation values mean a plot of the data
spread of these sets is provided. Most of the plots
are very similar to the baseline so only the plots
of the data sets generated with non-normal endow-
ments are included (figure 5.1).

What can be seen is that in general the end price
seems to have a linear (one-to-one) relation to the
average belief, and that even in the cases where
inequality of endowment is introduced the linearity
still seems to hold to some extent.

6 Discussion

What immediately becomes apparent when looking
at the results in table 5.1 is that in the baseline data
there is an almost one-to-one correlation between
the average belief and the end price of the assets.
Varying the number of agents seems to slightly in-
fluence this, which would be expected as individual
agents have a greater influence for small N and so
agents with a belief that deviates much from the
average will have a stronger impact on the price.
However, even with N = 10 the correlation stands
strong.

Not much of a difference can be seen when it
comes to the various methods of distributing be-
lief but when altering the endowment distributions
the correlation becomes a lot weaker, especially for
the Pareto distribution. Again, this is in line with
what would be expected as a few ‘rich’ agents get
to influence the price more strongly. Even so the
correlation is still quite strong for the normally dis-
tributed endowments, but it is evident that a key
component of an informative prediction market is
that participants invest an equal or similar amount
of funds. This is quite intuitive and for example the
Iowa Electronic Markets’ prospectus (Iowa Elec-
tronic Market, 2020) already contains a clause that
limits a trader’s investment to up to 500 US Dol-
lars. On top of that there might possibly be other
reasons to limit a person’s investment in a market
especially if the goal is to use it as an informative
tool rather than to provide income to the operator.

The assumption that the smart all-in strategy
update should perform similarly to the brute force
strategy update seems to be correct. This is good
as simple strategies are in general intuitively more
plausible.

Even when using the simultaneous update pa-
rameter it seems that equilibria can still be reached,
however due to the volatility of the price it is less
likely for the market to settle. The reason that the
market stabilises more often for the prudent agent
strategy is because the volatility is kept in check
due to the fact that the agent only changes their
strategy by a value of δ at a time the price can
only change by at most N · δ ·w. This modulation
makes it so that the market price fluctuates less
and is thus more likely to reach a stable point.

As mentioned, the initial price (iteration one) is
calculated by soliciting a buy-your-belief bid from
all agents. In the case of equal endowment distri-
bution, this will mean that the initial price will be
exactly the average belief of the agents in the mar-
ket and this is also true to an extent for some of the
other parameter sets. To be able to assure ourself
that the end prices are not simply a consequence
of this fact it would also be interesting to compare
the data sets to other sets that start with a ran-
dom/adjusted price. This will also give some insight
in the possibility of price convergence towards the
average belief, because if it is found that the corre-
lation holds under these circumstances the average
belief value might be an attractor for the market
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Figure 5.1: Spreads using different endowments distribution
(baseline/equal, normal distribution, Pareto)
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price.

Possible implementation improvements As
mentioned in section 4, the way distributions are
currently implemented means that the beliefs and
endowments in the simulation are not generated
using a regular normal distribution or pareto dis-
tribution(since they are bounded). That being said,
the resulting belief and endowment profiles in the
systems are expected to fit well enough for the pur-
poses of this research.

An updated implementation could generate all
values required in a simulation before hand, after
which they can then be normalised for use as beliefs
or endowments. In this case the benefit would be
that any parameters for the distributions could be
used without values for the beliefs having to be
rejected, but normalisation also makes it so that
the parameters of the distribution are no longer
directly related to the beliefs and endowments in
the system due to the extra step.

The model as used in this research also does not
use an explicit source of information. Beliefs are
generated from a distribution, which could be in-
terpreted as modelling the true probability but this
is not the intention. An expanded model could gen-
erate a true probability π which is either shared
with the agents with a layer of noise or some func-
tion that represents uncertainty and interpretation
(like the signals in Grossi (unpublished)).

7 Conclusion

To answer the question: When modelling prediction
markets do market prices stabilise? The answer
seems to be yes, even markets with small numbers
of agents should be able to arrive at a stable price.
If it can be assumed that the brute force strategy
is optimal and that the smart all-in strategy is a
close approximation of that strategy, it is even rea-
sonable to assume that these are Nash equilibria.
However, this is not proven here. It does provide a
solid incentive however to find a formal proof as it
seems plausible there should be one.

With regards to the question: When modelling
prediction markets do the market end prices corre-
late with the beliefs of the participants? The answer
seems also to be a definite yes, given that endow-
ments are distributed evenly and the volatility of

the market price is kept in check, the market end
price shows a strong correlation to the population
belief.

The answer to the main question: Do prediction
markets elicit their participants’ beliefs? seems to
be yes, if certain conditions are known to hold true.
This combined with existing data suggesting that
prediction markets are a good and accurate tool
for forecasting and prediction (Wolfers & Zitzewitz
(2004), Wilson (2012)) might be an incentive to use
them even on small scales, if the facilities for cre-
ating such a market are available. Perhaps it might
even be interesting to create such facilities to spread
their usage.

It should be considered however that compared
to some other models of prediction markets (Ju-
madinova et al. (2011), He & Treich (2017) and
Restocchi et al. (2018)) the model used in this
paper is quite simple. This can be considered a
strength of the model as simple models are often
preferable but it also means that it can not capture
certain complexities. An example of such complex-
ities could be how a market reacts to the introduc-
tion of new information. Specifically in Restocchi et
al. (2018) the importance of complexity in order to
capture characteristics observed in real prediction
markets is emphasised, and Restocchi, McGroarty,
& Gerding (2019) proposes some validation meth-
ods to be used on models of prediction markets.
It would be interesting to see if the current model
could be expanded and tested using such validation
measures, and an improved implementation could
perhaps even be tested against real prediction mar-
ket data as in Wilson (2012).

Further research The model used in this re-
search shows that given a set of rational agents in
a market game, the end price will almost directly
correlate with the average belief (aggregated knowl-
edge) of the agents. It also seems from the results
that this correlation is very strong with regards to
the parameters that have been considered, showing
that (perhaps surprisingly) not a lot of individuals
are needed for the end price to be indicative of the
underlying beliefs. Of course the fact that in this
model the agents buy their contracts from an un-
limited source, which in the real life is implausible,
can not be disregarded. If supply and demand were
modelled in the system, it is quite likely problems
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would arise that are akin to the thin market prob-
lem (Hanson, 2003).

Some further expansions to what is provided in
this research could be to introduce agents into the
system that are not rational, to see to what extent
they could sabotage the reliability of the informa-
tion. This could be useful as in practice traders
could have an incentive to influence the market
price in a certain way, and market holders must
consider their options when they detect this kind
of interference or at least account for the possibility.

In general the robustness of the results presented
here could be further investigated (e.g. by altering
multiple parameters at a time), which might then
allow for provision of a recommendation of how a
prediction market should be set up to ensure that
it fulfils its goal of providing honest, unbiased and
valuable information.
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