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prediction markets encourage people to reveal private 
information, leading to accurate predictions of future 
events.1 The fi rst modern prediction market (Iowa 
Electronic Markets) was established more than 25 
years ago.2 Prediction markets have since attracted a 
lot of attention from researchers and practitioners. In 
this article, we focus on the cognitive load of prediction 
market mechanisms and argue for focused study on 
low-cognitive-load (that is, light) prediction markets.

As in a stock market, prediction market partici-
pants can buy or sell contracts on the market, in 
which they must assess the probabilities for each 
event outcome. Four steps make up a user’s cog-
nitive load for a particular event in the prediction 
market (see Figure 1). These steps are

• timing—when to purchase a contract;
• pricing—how much to pay for a contract;
• revisiting—whether to monitor the market after 

purchase; and
• benefi t—whether the expected payoff is a deter-

mined value.

If the cognitive load of the four steps is too high 
and the economic and psychological return is not 
high enough, users’ incentive to participate in fu-
ture prediction market activities could be lowered.

In this article, we examine the cognitive load of 
the four steps of prediction markets and discuss 
how to design a prediction market mechanism 
with a low cognitive load.

Cognitive Load: Auction 
versus Posted Price Markets
Auctions, such as continuous double auctions 
(CDAs),1 are commonly used to organize  prediction 

markets. In a CDA-based prediction market, a 
user (that is, trader) can specify her intended con-
tract price and submit a bid or ask request, which 
will be matched by the market platform with oth-
ers’ requests and form a transaction. The price for 
the bid or ask request directly refl ects users’ di-
gestion of information related to the event.3 The 
 contract price formed on the market aggregates all 
related event information and can be used to pre-
dict event probability.

An alternative to an auction is the posted price 
market, in which one party reports her required 
price and waits for the other side to accept. In 
prediction markets, the posted price is often pro-
vided by a market maker (through an artifi cial 
trader). Prior studies have developed several mar-
ket scoring rules (MSRs), that is, contract pricing 
algorithms, for market makers.4 (In addition to 
their use in posted price markets, the MSRs can 
also be applied in CDA markets, where the artifi -
cial trader makes bid and/or call requests together 
with other users.)

From a user cognitive load perspective, auction-
based mechanisms require users to specify their 
private price (indicating event probability),5 which 
puts a high and continuous cognitive load on us-
ers in the pricing step of Figure 1.6 However, a 
posted price market requires only that users make 
purchase decisions, which signifi cantly lessens the 
load for users at this step.

Cognitive Load: Dynamic 
versus Deterministic Price 
and Payoff Markets
Two other features related to prediction market 
mechanisms are the contract price and payoff, 
which affect users’ economic benefi ts. In CDAs, 
the contract price is dynamic and formed jointly 
by market participants’ offers, whereas the payoff 
is often predetermined and known to participants 
from the beginning. The contract price refl ects the 

A prediction market is a futures market in 

which participants trade contracts on the ba-

sis of probable outcomes of future events. Because 

individuals are rewarded for correct predictions, 
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crowd’s private information on future 
probabilities.

There also exist market mecha-
nisms with fixed-price and dynamic 
payoffs, such as Pari-mutuel bet-
ting.7 Pari-mutuel betting is a win-
ner-takes-all mechanism in which all 
users buy contracts at the same price, 
and the correct predictors share the 
bid money in proportion to their 
bets. The payoff depends on the fi-
nal bids on each side and is not pre-
determined. In this market, the final 
payoff odds reflect participants’ esti-
mated event probability with a favor-
ite-longshot bias.8 

Pari-mutuel betting can be com-
bined with CDAs to form the Dynamic 
Pari-mutuel Mechanism (DPM).9 DPM 
has an automatic market maker that 
sells the contract at a price determined 
by inventory, which changes nonlin-
early with the amount of bets on each 
side. Its contract payoffs are deter-
mined by the total bids on each side 
when the market closes. Thus, DPM 
is a dynamic price and dynamic payoff 
mechanism.

From a cognitive load perspective, 
dynamic price increases users’ cog-
nitive load on deciding the timing 
to join the game and whether to re-
visit and monitor game progress af-
ter making purchases. Dynamic pay-
off affects users’ certainty on payoff 
value and their information collec-
tion efforts.

Dynamic price mechanisms are 
also subject to market price ma-
nipulation.10 As in financial mar-
kets, dishonest users can use their 
claimed price as a tool to distort 
the market price and earn economic 
benefits.11 Furthermore, they can 
manipulate price to influence other 
users. For example, the 2008 US 
presidential election markets on 
 Intrade.com were manipulated to 
urge more supporters to vote for 
one candidate.12

Simple Is Beautiful
The combination of pricing mecha-
nisms and price and payoff charac-
teristics leads to multiple plausible 
prediction market mechanisms with 
different cognitive loads. Figure 2 il-
lustrates some mechanisms with the 
three dimensions of mechanism de-
sign, highlighting the decision steps 
with high cognitive loads in a darker 
color for each mechanism. (Note that 
auctions cannot be fixed price, and 
those cells are not shown on the table.) 

In this figure, the mechanisms to 
the right of the red curve have a rela-
tively higher cognitive load. (We cre-
ated a DPM without a CDA mecha-
nism to represent using the pricing 
and payoff mechanisms of DPM in a 
posted price market. Such a mecha-
nism does not seem to have been used 
before.) The mechanisms to the left 
of the red curve, such as Pari-mutuel, 
have a relatively lower cognitive load.

In a prediction market, cognitive 
load is a major participation cost for 
users. Given a stable economic stim-
uli, a high cognitive load could lead 
to a smaller number of users.6 This 
is probably the reason that the high-
cognitive-load DPM method has been 
used only in some experimental pre-
diction markets. The low-cognitive-
load Pari-mutuel method, however, 
has been widely employed in sports 
and entertainment prediction web-
sites. For example, Goldderby.com 
uses the Pari-mutuel method to pre-
dict entertainment events, such as 
Oscar winners, and can often attract 
500 users per prediction game. 

In Figure 2, the MSR without CDA 
mechanism represents using the MSR 
for pricing in a posted price market. 
An example is the Microsoft predic-
tion lab website launched in Septem-
ber 2014, which offers prices for  users 
to accept. Its posted price  nature 

Figure 1. Four steps in the process of a prediction market game that affect a user’s 
cognitive load, starting from timing, to pricing, revisiting, and benefit. The arrows 
in the outer circle represent prediction market features that could affect the 
cognitive load in each step.
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 attracted great interest from the me-
dia in discussing this “game-like poll-
ing technique.” Although the market 
works on a classic topic—presidential 
election prediction—the reduced 
cognitive load from CDAs seemed to 
make the game more popular than its 
antecedents.

In this article, we argue that cogni-
tive load is an important factor in con-
cerns about participating in prediction 
markets. It will affect users’ long-term 
incentive to stay in the prediction mar-
ket and contribute their private infor-
mation. Because  prediction markets 

are based on individuals’ private infor-
mation, a simpler prediction market 
has a higher chance to sustain, espe-
cially in situations where more partici-
pants are necessary.

Fixed-Odds Prediction 
Market
In Figure 2, one cell reduces the cog-
nitive load to a maximum extent: a 
posted price, fixed price, and deter-
mined payoff prediction market. This 
mechanism is essentially “fixed-odds 
betting” in gambling. According to 
our framework, it is a light market 

mechanism. However, can it really be 
used as a prediction market? 

In fixed-odds betting, bettors (that 
is, users) buy contracts at a fixed 
price. Bookmakers (that is, market 
makers) set a fixed payoff (odds) be-
fore the betting starts. On the ba-
sis of the offered odds, users decide 
which side to bet to maximize their 
profit.13 There is an obvious obstacle 
of using fixed-odds betting as a pre-
diction market mechanism: its price 
and payoff are fixed, and it does not 
have a direct measure to capture the 
aggregated users’ private information 
and report event probability. (If the 
odds are mispriced, the bookmaker 
will face significant economic loss.13 
Therefore, bookmakers usually strive 
to employ experts and sophisticated 
models to predict future event out-
comes and to set odds. As a result, 
odds are correlated with future event 
probabilities. However, odds-based 
predictions are based on traditional 
modeling methods and do not reflect 
the crowd’s intelligence.)

A Design for Fixed-Odds  
Prediction Markets
To address this concern, we sug-
gest an architecture for a fixed-odds 
prediction market (see Figure 3). It 
has two major components: a bet-
ting platform and an event probabil-
ity estimator. The betting platform is 
similar to a regular betting platform. 
When the betting stops, participants’ 
assessments of event information are 
reflected in the bets on each side, 
which are influenced by the market 
odds. Such bets are fed into the event 
probability estimator f() to decode an 
event probability from participants’ 
stake:

Pevent = f(odds, bids).

Building an event probability es-
timator for fixed-odds betting is not 

Figure 3. A generic fixed-odds prediction market architecture. The architecture 
combines an event probability estimator after a fixed-odds betting platform and 
makes predictions considering odds’ impact on users.

Figure 2. Cognitive load for different prediction market mechanisms. The pie chart 
shows the cognitive load for each of the four decision steps in Figure 1, where a 
darker color indicates a high cognitive load. 
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a trivial task. One approach is to 
model users’ betting decisions. Each 
user’s betting decision depends on 
the tradeoff of gain and loss, which 
is affected by the user’s risk aver-
sion function (on belief of an event’s 
outcome) and odds (on return of an 
event’s outcome). Higher belief and 
higher odds on an outcome will lead 
to higher expected utility. By assum-
ing a relationship between crowd 
belief distribution and event prob-
ability, we can determine the most 
likely event probability that leads to 
a crowd belief distribution causing 
the fi nal bet share of the game. 

Under this framework, we em-
ployed regression on simulated data 
to approximate a reduced-form 
model on the crowds’ mean belief, 
fi xed odds, and the fi nal betting ra-
tio.14 In recent studies, we built a 
structural model with crowd belief 
distribution as a linear combination 
of beta distributions and used max-
imum likelihood to estimate the pa-
rameters of the beta distributions.15

They showed that with the help of 
such probability estimators, fixed-
odds betting can achieve a com-
parable performance with auction-
based prediction markets.

Expectations for a Fixed-Odds 
Prediction Market
If fi xed-odds betting can be put into 
practice as a light prediction market 
mechanism, what should we expect?

• Simpler and more crowded auc-
tions. As we’ve discussed, fi xed-
odds prediction markets have the 
lowest cognitive load among all 
prediction market mechanisms. The 
mechanism’s simplicity lessens the 
load for users and could lead to 
a larger population of users and 
more information sources. The ex-
tra information has the benefi t of 
more accurate predictions.

• Shorter auctions are better. In 
fi xed-odds prediction markets, us-
ers have an incentive to bid later 
and wait for extra information, be-
cause the payoff is fi xed. The odds 
set up by the market maker might 
also be more biased depending on 
how soon before the event they are 
set. Thus, a fi xed-odds prediction 
market is better for a short-span 
game within which users’ beliefs do 
not change much.

From these two conditions, we 
project most users of fi xed-odds pre-
diction markets will take a bet-and-
leave strategy in playing the game, 

which is different from the auction-
based prediction markets that expect 
experienced users to keep updating 
their information through trading.

In short, we expect light predic-
tion markets, such as those based on 
fi xed-odds betting, to be an impor-
tant branch of prediction markets. 
They will target the large population 
of less-experienced users involved in 
shorter games. The ongoing use of 
Pari-mutuel prediction markets and 
the Microsoft prediction lab shows 
the attractiveness of low-cognitive-
load prediction  markets. Ongoing 

research shows the feasibility of us-
ing fi xed-odds betting as a predic-
tion market mechanism. We project 
a great future for light prediction 
markets in research and practice. 

Particularly, for fi xed-odds predic-
tion markets, there are several prob-
lems that need computer scientists 
and economists to work together to 
improve the mechanism design.

First, from a computer science per-
spective, it is necessary to explore 
more accurate, consistent, and effi -
cient models to build the probability 
estimator for fi xed-odds prediction 
markets. One possible direction is to 
model the dynamics of betting activi-
ties. We can also develop different 
models for different decision scenar-
ios and applications.

Second, from an economics per-
spective, it is necessary to study the 
setup of odds in fi xed-odds predic-
tion markets. Previous literature on 
the odds of fi xed-odds betting usu-
ally focused on the bookmaker’s pos-
sible economic loss.13 However, the 
goal of prediction markets is to ac-
quire and aggregate information. It 
might reasonably operate at a fi nan-
cial loss for the benefi t of gaining 
users’ information.16 It is also pos-
sible for fi xed-odds betting to oper-
ate with virtual money (incentivizing 
participants by leaderboards), where 
fi nancial loss is no longer a concern. 
In such scenarios, it is necessary to 
gauge the odd’s impact on users’ 
decisions and the fi nal prediction, 
which will need the input of experi-
mental economists.

Third, it is necessary to study the 
interaction between traditional and 
light prediction markets, which at-
tract different segments of users. Ex-
perienced users can employ the infor-
mation aggregated in light prediction 
markets to trade in a traditional pre-
diction market. Such hierarchal in-
formation aggregation could lead to 

We expect light 
prediction markets, 
such as those based on 
fi xed-odds betting, to be 
an important branch of 
prediction markets.
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changes in user behaviors and predic-
tion performance.

Finally, it would be interesting to 
investigate multistage fixed-odds bet-
ting. As we mentioned earlier, fixed-
odds prediction markets better suit 
short-timespan games. In reality, we 
might want the game to be longer and 
attract more users. In such a scenario, 
it could be possible to set up a series 
of fixed-odds prediction markets that 
have related but different fixed odds. 
Such a setup will raise many design 
questions for computer scientists and 
economists. 
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