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a b s t r a c t

Predictionmarkets have been an important source of information for decisionmakers due to
their high ex post accuracies. Nevertheless, recent failures of predictionmarkets remind us
of the importance of ex ante assessments of their prediction accuracy. This paper proposes
a systematic procedure for decision makers to acquire prediction models which may be
used to predict the correctness of winner-take-all markets. We commence with a set
of classification models and generate combined models following various rules. We also
create artificial records in the training datasets to overcome the imbalanced data issue in
classification problems. These models are then empirically trained and tested with a large
dataset to see which may best be used to predict the failures of prediction markets. We
find that no model can universally outperform others in terms of different performance
measures. Despite this, we clearly demonstrate a result of capable models for decision
makers based on different decision goals.
© 2018 International Institute of Forecasters. Published by Elsevier B.V. All rights reserved.

1. Introduction

Prediction markets (PMs), defined as speculative mar-
kets that provide forecasts for future events or variables,
have been broadly used to predict outcomes in elections,
sporting events, economic performance, and other fields
in recent years. Ever since the establishment of Iowa Elec-
tronic Markets (IEM) in 1988, prediction markets have
been praised for their high accuracy in predicting future
events. The success of IEM was documented in Berg, Nel-
son, and Rietz (2008), and other studies also demonstrated
that prediction markets have higher accuracy over other
forecasting methods (Gürkaynak & Wolfers, 2005; Leigh
& Wolfers, 2006; Ortner, 1998; Pennock, Lawrence, Giles,
& Nielsen, 2001; Servan-Schreiber, Wolfers, Pennock, &
Galebach, 2004; Tung, Chou, Lin, & Lin, 2011; Vaughan
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Williams & Reade, 2016a; Wolfers & Leigh, 2002; Wolfers
& Zitzewitz, 2004).

Prior assessment of PMs’ prediction accuracy of any
particular future event is important for individuals, orga-
nizations, and even societies to manage risks and seize
opportunities. Given the overall high accuracy of PMs ob-
served in past studies, it appears that we should be con-
fident of the prediction accuracy of any particular future
event currently traded in a PM. However, the failures of
PMs in events such as Brexit and the 2016 U.S. Presidential
Election, remind us of the risk of basing our decision on
a PM’s prediction simply because PMs have shown high
accuracy in the past.1 The reason is that the current predic-
tionmarket for a particular eventmight differ considerably

1 Since prediction markets gave non-zero probabilities to ‘‘Leave’’ in
Brexit and ‘‘Trump’’ in the 2016 U.S. presidential election, one can defend
prediction markets by contending that they did not really fail from the
probability point of view. Because what PMs collected were people’s
beliefs, the discrepancy between PMs’ predictions and the actual results
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from past ones in terms of their market properties. To
decision makers, what is needed is not the ex post overall
accuracy for past PMs, but an ex ante assessment of the
prediction accuracy of the current PM. Can we provide
such assessment for prediction markets as we do for other
prediction methods, such as surveys and opinion polls?

Berg, Nelson, and Rietz (2003) proposed three dis-
tinct methods to measure the forecast standard errors
for prediction markets: the structural model developed by
Berg, Forsythe, and Rietz (1997), the time-series model, and
the implied volatility model. The structural model tries to
predict a vote-share (VS) PM’s absolute average predic-
tion error with linear regression. This regression model
is intuitive because it uses variables related to election
properties and market properties to explain the prediction
errors. Berg et al. (2003) tested the structural model with
two out-of-sample predictions from IEM’s 1996 and 2000
US presidential election markets but found it performed
poorly in the tests. The time-series model assumes that
the evolution of the spread forecasts (differences in two
candidate contracts’ market prices) follows an AR(1) pro-
cess if VS PMs are efficient. In this case, one can estimate
the mean and standard deviation of the error term using
market data and then compute the standard error of the
forecast accordingly. Even if there is empirical evidence of
underreaction or overreaction in financial markets, Berg et
al. (2003) still showed that the time-series model can be
used to compute the confidence intervals for VS PM pre-
dictions over time. The third model—the implied volatility
model—uses both theVS andwinner-take-all (WTA) PMs to
compute the implied volatility of the vote-share forecast. In
a two-candidate election event, the VS market price can be
regarded as the forecast of the mean, and the WTA market
price measures the probability that the vote share exceed
50%. Under the assumption that the vote share is normally
distributed, one canuse an inverse normal function to com-
pute the implied variance of the vote share. Nonetheless,
there are two practical limitations in applying this model.
First, one needs to have both a VS and a WTA market for
the target event. Secondly, this method applies only when
there are two candidates in an election.

We notice three issues regarding Berg et al. (2003)’s
methods. First, their methods were designed only for vote-
share PMs. Second, to provide assessments of PMs’ predic-
tions is one thing, whether those assessments are helpful
in decision is another. Last but most importantly, they only
considered information contained within market prices.
In theory, PMs’ predictions will be accurate if they aggre-
gate dispersed information efficiently. Although, in gen-
eral, prediction markets can be regarded as efficient, there
is also evidence of prediction biases (Sauer, 1998; Vaughan
Williams, 1999).2 Prior literature has identified many fac-
tors influencing market efficiency, such as market types
(Ali, 1979; Asch & Quandt, 1987; Bird & McCrae, 2008;

merely reflected the surprise nature of these two events ex ante. We thank
an anonymous referee for indicating this point of view.

2 For example, the favourite-longshot bias (Berkowitz, Depken, &Gan-
dar, 2017; Busche, 2008; Busche & Hall, 1988; Gandar, Zuber, & Dare,
2000; Gandar, Zuber, & Lamb, 2001; Ottaviani & Sørensen, 2008, 2010;
Schnytzer & Weinberg, 2008; Snowberg & Wolfers, 2010; Snyder, 1978;
Vaughan Williams & Paton, 1998; Woodland &Woodland, 1994).

Blackburn & Peirson, 1995; Cain, Law, & Peel, 1997; Franck,
Verbeek, & Nesch, 2010; Gabriel &Marsden, 1990, 1991; Lo
& Busche, 2008; Smith, Paton, & Vaughan Williams, 2009;
VaughanWilliams & Paton, 1997), trading volume (Busche
& Walls, 2000; Walls & Busche, 2003), sources of infor-
mation or how information is disseminated through social
media (Brown, Rambaccussing, Reade, & Rossi, 2016; Crox-
son & Reade, 2014; VaughanWilliams & Reade, 2016b), etc.
These findings suggest a new route to the assessment of
PMs’ prediction accuracy: we should consider additional
information which is not contained within market prices
when evaluating PM’s predictions.

In response to these issues, Lin, Tung, and Yeh (2013)
proposed a pioneering method which, drawing on a large
set of non-price factors, combines principal component
analysis (PCA) and discriminant analysis (DA) to judge
winner-take-all markets’ predictions ex ante. For any
winner-take-all contract, the PM predicted that a candi-
date would be elected if its contract price is the highest
among all candidate contracts. Then, the PCA-DA model
predicts whether PMs’ binary predictions are correct or not
based on a set of market variables. In the out-of-sample
test, their PCA-DA model exhibited high accuracy in iden-
tifying correct PM predictions—for those being predicted
as correct PM predictions, 97.72% of them were indeed
correct. However, their PCA-DA model performed poorly
in identifying incorrect PM predictions—only 19.58% of the
PM predictions being categorized as incorrect predictions
by PCA-DA were indeed incorrect.

To improve the ability of predicting the correctness of
PM’s predictions, Tai, Chih, Lin, and Tung (2016) extended
Lin et al. (2013)’s tool box and included three additional
models—the Logit model, decision tree (DT), and support
vector machine (SVM)—to predict whether a WTA PM’s
prediction would be correct in advance. The idea proposes
that differentmodels exploit information in differentways,
thereby enabling us to make the best use of information if
we combine these models’ predictions in a proper way. Tai
et al. (2016) compared several combination methods and
found that in general, combined models performed better
than single models. Furthermore, their study suggests that
the best combined models would change under different
decision goals; a decision maker can determine a utility
function first and then select the combined model which
meets their need.

Although Tai et al. (2016)’s method can be readily
used to predict any winner-take-all PM, they ignored an
important issue concerning the proper identification of
incorrect market predictions—the imbalanced dataset. An
imbalanced dataset refers to a dataset where the classifica-
tion categories are not approximately equally represented
(Chawla, 2005). There are twomain reasonswhywe should
pay attention to an imbalanced dataset. First, the cost of
misprediction of the minority class is usually higher than
that of themajority class, e.g. in medical domains (Rahman
& Davis, 2013) or credit scoring problems (Crone & Finlay,
2012). Secondly, an imbalanced dataset will lead classifica-
tion algorithms to focus on the majority class, because for
those algorithms it would be easier to reduce the overall
loss or errors in identifying the majority class. In general,
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you need to have enough samples for both categories (cor-
rect and incorrect) so that the models can learn how to
identify them well.

For the purpose of identifying PM failures in advance, it
is clear that we do suffer a lot from these two problems. For
example, although they only constitute two cases of failure
since the birth of IEM and would not drastically lower
the overall accuracy of prediction markets, the failures of
PMs to predict Brexit or the 2016 US Presidential Election
were very costly to decision makers in many societies and
greatly harmed PMs’ credibility. Also, prediction markets
usually have high overall accuracy rates. ForWTAmarkets,
this means that for the market samples we have, almost
all of them made correct predictions. As a result, a classi-
fication model can still have a high accuracy rate even if it
erroneously predicts that all PMs’ predictions are correct.
Requesting an algorithm to control Type II errorswill not be
very helpful because there are not enough data points for it
to learn the true structure. Consequently, many of Tai et al.
(2016)’s models tended to predict that all PM predictions
were correct in the out-of-sample tests. This observation
suggests that the imbalanced dataset did hinder theirmod-
els from learning to identify incorrect PM predictions.

The aim of this paper is to provide a procedure which
helps the decision maker acquire a useful model to foresee
the correctness of PMs’ predictions. We tackle the im-
balanced dataset problem by generating artificial samples
where the number of incorrect records were largely in-
creased. We propose a new procedure in which models
were trained with artificial samples before the out-of-
sample test. Our goal is to discover models which have
high-accuracy in predicting the correctness of PMs’ pre-
dictions, especially those PMs which failed to predict the
actual outcomes.

The rest of this paper is organized as follows. Section 2
presents our methodology. Section 3 reports the training
results and outcome of the out-of-sample test. Section 4
discusses the choice of the best predictionmodel. Section 5
concludes.

2. Methodology

In this paper, we propose a procedure consisting of the
following stages:

(1) Sample adjustment
(2) Training single models
(3) Model combinations
(4) Out-of-sample tests
(5) Selecting the best model

In this section, we introduce the elements of our method-
ology, including:

• The data and variables
• The strategies to tackle the imbalanced dataset

problem
• The four single models we used to predict the cor-

rectness of our WTA markets
• The methods of model combination
• Methods by which we conducted the out-of-sample

test.

How to select the best model will be discussed in Section 4.

2.1. Data

This paper uses data from xFuture (http://xfuture.org),
which is an online prediction market system established
in July 2006, and operated by a Taiwanese company. XFu-
ture attracts Chinese-speaking participants worldwide and
is the largest Chinese prediction market system. As of
September 2015, xFuture had issued 115,564 contracts of
6,111 contract sets, with more than 190 thousand regis-
tered members, and 6 million transactions.

The data used in this paper consists of 650 futures
contracts of Taiwan’s elections from the xFuture database.
These elections in Taiwan include the 2006 mayoral elec-
tions, the 2008 legislators’ elections, the 2008 presiden-
tial election, the 2009 county magistrate and mayoral
elections, the 2009–2011 legislator by-elections, and the
2010 five-metropolis mayoral elections. Among these 650
winner-take-all markets, only 35 of them lead to incor-
rect predictions, which means that the overall accuracy is
94.6%.

2.2. Variable description

The accuracy of PMs’ predictions depends on whether
markets work efficiently to aggregate disperse informa-
tion possessed by market participants. There are a lot of
potential factors which could influence market efficiency.
In this paper, we consider six types of factors which were
mentioned in the PM literature. The first type of factor is
marginal traders. Forsythe, Nelson, Neumann, and Wright
(1992), Forsythe, Rietz, and Ross (1999), and Oliven and Ri-
etz (2004) emphasize the importance of marginal traders,
which significantly affect PMs’ prediction accuracy. There
is, however, still no consensus on the operational defini-
tion of marginal traders, and obtaining the corresponding
data is problematic. On the basis of Luckner, Weinhardt,
and Studer (2006)’s methodology, we define two proxy
variables for marginal traders: the traders with previously
better transaction results, vis-à-vis all traders, and the ratio
of the number of transactions with limit orders to the total
number of transactions.

Fromprevious studies, there are an additional five types
of factors affecting the prediction accuracy of PMs: market
consensus (Berg et al., 1997; Gruca, Berg, & Cipriano, 2005),
market properties (Berg et al., 1997; Gruca et al., 2005;
Ho & Chen, 2007; Kambil & Heck, 2002; Ledyard, 2006;
Luckner et al., 2006; Snowberg,Wolfers, & Zitzewitz, 2005),
the difficulty of predicting election outcomes (Forsythe et
al., 1999; Rhode & Strumpf, 2004; Wolfers & Zitzewitz,
2004),manipulation (Deck, Lin, & Porter, 2013), andmarket
price (Wolfers & Zitzewitz, 2006). As a result, we have
40 variables belonging to six categories, as summarized
in Table 1. Among them, the Avatar variables, defined as
the ratios of players with multiple accounts to manipu-
late market prices (Lin, Tung, Lin, & Cho, 2015), are proxy
variables of the degree of price manipulation. The basic
descriptive statistics of all variables are listed in Table A.10
in Appendix.

http://xfuture.org
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Table 1
Definitions of input variables.

Variable type Variable name Variable description

Marginal traders

GP_share_lyc_R For traders involved in this contract, the ratio of the top R performing traders of the last
calendar year to the total number of traders till the election eve, R = 100, 200, 300.

GP_share_lyc_S% For traders involved in this contract, the ratio of the top S% performing traders of the
last calendar year to the total number of traders till the election eve, S = 1, 5, 10.

GP_share_365d_T For traders involved in this contract, the ratio of the top T performing traders of the last
365 days to the total number of traders till the election eve, T = 100, 200, 300.

GP_share_365d_U% For traders involved in this contract, the ratio of the top U% performing traders of the
last 365 days to the total number of traders till the election eve, U = 1, 5, 10.

GP_share_30d_V For traders involved in this contract, the ratio of the top V performing traders in the last
30 days to the total number of traders till the election eve, V = 100, 200, 300.

GP_share_30d_W% For traders involved in this contract, the ratio of the topW% performing traders of the
last 30 days to the total number of traders till the election eve,W = 1, 5, 10.

Limit_ratio_volume Ratio of the number of transactions with limit orders to the total number of
transactions.

Degree of market consensus WBAS
∑

offer price×selling volume−
∑

bid price×buying volume∑
selling volume+

∑
buying volume

Buy_sell Ratio of shares to buy to shares to sell.

Market properties

Trades Number of transactions of this contract.
Traders Number of traders of this contract.
Days Number of days between the day that the contract is firstly traded and the election eve.
Volume Traded volume of this contract.
Two_way Ratio of two-way traders to the total number of traders.
IP_share Ratio of traders in Taiwan to the total number of traders. We define traders in Taiwan as

those who used IP addresses registered in Taiwan to trade.

Traded_order_ratio Ratio of the total number of traded orders to the total number of orders.

Difficulty of predicting a topic
Highest-price The contract with the highest weighted average price in a contract set.
NC Number of contracts for the linked contract set.
Price_gap The difference of the highest price and the second highest price of contracts in a

contract set.

Avatar

Avatar_ratio_3 Assume an avatar account exists if at least three traders share the same password. This
variable is the ratio of the number of avatar accounts involved in this contract to the
total number of traders of this contract.

Avatar_Xd_ratio_3 Assume an avatar account exists if at least three traders share the same password. This
variable is the ratio of the number of avatar accounts involved in this contract to the
total number of traders of this contract in the last X days before liquidation, X = 15, 30,
365.

Avatar_volume_ratio_3 Assume an avatar account exists if at least three traders share the same password. This
variable is the ratio of the number of transactions made by avatar traders to the total
number of transactions of this contract.

Avatar_volume_Yd_ratio_3 Assume an avatar account exists if at least three traders share the same password. This
variable is the ratio of the number of transactions made by avatar traders to the total
number of transactions of this contract in the last Y days before liquidation, Y = 15, 30,
365.

Properties of election contracts Pw The weighted average price of each election contract on the last trading day.

2.3. Sample adjustment methods

Among the 650 PM contracts in our dataset, only 35 of
them lead to incorrect predictions. Consequently, our data
consists of two imbalanced classes: correct (615 contracts,
94.6%) and incorrect (35 contracts, 5.4%). There are two
general ways in the literature to overcome the problems
which result from an imbalanced dataset: undersampling
and oversampling (Chawla, 2005). Undersampling means
downsizing the majority class by dropping some data
points from the majority class so as to match the number
of data points in the minority class. Oversampling means
increasing the data points of the minority class so as to
match the number of data points in the majority class.

Although previous studies show mixing results regarding
which method is better (Batista, Prati, & Monard, 2004;
Chawla, 2003; Drummond & Holte, 2003; Maloof, 2003),
undersampling is not suitable for our study because we
would have too few (only 35) cases for both classes.

For the method of oversampling, there are two
techniques commonly used in the literature: random over-
sampling and the synthetic minority over-sampling tech-
nique (SMOTE). Random oversampling means that cases
in the minority class are randomly chosen and replicated
a number of times, then these new cases are added to
the training dataset. While there is a concern that random
oversampling will lead to overfitting of the selected cases
(Crone & Finlay, 2012), we adopt a modified version of
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this technique: we replicate the whole set of the minority
class so as to mitigate the overfitting problem as much as
possible. SMOTE was proposed by Chawla, Bowyer, Hall,
and Kegelmeyer (2002), and it deals with the overfitting
problem in a different way. SMOTE artificially creates syn-
thetic examples rather than oversampling the same set of
examples with replacement—it generates a new data point
by taking the weighted average in the feature space of
two selected data points in the k nearest neighborhood. By
doing so, SMOTE effectively generalizes the minority class
to mitigate the overfitting problem.

In this paper, we adopt both oversampling and SMOTE
to expand our minority class—the PM contracts which lead
to incorrect prediction—in the training dataset. However,
our goal is not to compare the pros and cons of these two
techniques. We planned to utilize simple methods to help
uncover the best model in predicting the failures of PMs,
and these two techniques are simpler than other models
in creating balanced datasets.3 Using simple techniques
to achieve our goal is important as it may allow decision
makers to dynamically generate correctness predictions
for our prediction markets in the future.

2.4. Single models

Asmentioned earlier,we have 40 independent variables
to describe each of the 650 PM contracts in our dataset.
However, there could be problems such as overspecifica-
tion and multicollinearity if we put all of these variables
into a linear regressionmodel. One solution to this problem
is to check these variables one by one, as did by Berg et
al. (1997). Alternatively, we can use multivariate analysis
or machine learning algorithms to discover potential in-
formation contained within a large set of variables. On the
basis of Chen, Tung, Tai, Chie, Chou, and Wang (2011), Lin
et al. (2013), and Tai et al. (2016)’s experimentations, this
paper adopts fourmodels to predict the correctness of each
future contract traded inwinner-take-all PMs: Logit, princi-
pal component analysis plus discriminant analysis (PCA-DA),
support vector machine (SVM), and decision tree (DT). We
choose these four models for their broad applications in
classification problems. As to our knowledge and literature
survey, Logistic regression and PCA-DA are two standard
linear classification procedures, while SVM and Decision
tree are two widely adopted non-linear methods. Also,
these four models had good performance in predicting PM
accuracy in the aforementioned studies.4

3 There are more complex hybrid models than the two techniques we
used in this paper. For example, some studies combined oversampling
and undersampling, while the others integrated SMOTE with other ap-
proaches. See Chawla (2005) for an early summarization. On the contrary,
oversampling can be easily done with any statistical software, and there
is a ready-made R package for SMOTE so that one can easily use it with a
single command.

4 Despite this it doesn’t mean that these four methods are the only
reasonable choices. Each forecasting model has its own advantages and
weakness. For example, with recent development in deep learning tech-
nique, one may expect that artificial neural networks (ANN) could be
considered as well.

2.4.1. Logit
Our goal is to judge whether or not WTA markets’

predictions will be correct, therefore Logit is a reasonable
choice because it represents a correspondingmodel to Berg
et al. (1997)’s linear regression model. In the Logit model,
we estimate the coefficients of the following function:

ln(
ŷ

1 − ŷ
) = â + b̂1x1 + b̂2x2 + · · · b̂nxn, (1)

where ŷ is the estimated probability of being a correct
PM, and xn are the n explanatory variables. After that, if a
WTA contract has an estimated odds larger than the sample
mean, Logit model will classifies it as correct, otherwise
incorrect.5

2.4.2. PCA-DA
The PCA-DA model first uses PCA to reduce the dimen-

sionality of the original data and determine a smaller set of
principal components. These components are then fed to
linear discriminant functions thereby generating the final
classification judgments. The PCA-DA model has been ap-
plied to forecast many different problems (Dillon, Mulani,
& Frederick, 1989; Jombart, Devillard, & Balloux, 2010;
Newman & Sheth, 1985; Rosen & Granbois, 1983;Wilton &
Pessemier, 1981; Zhao, Chellappa, & Krishnaswamy, 1998).

The PCA-DA model will first map a vector of n explana-
tory variables into a vector ofm principal components:

yk = wk1x1 + wk2x2 + · · · + wknxn, (2)

where yk is the kth principal component, wki is the ith
loading of the explanatory variable for the kth component.
After that, the model uses these principal components to
construct discriminant functions as follows:

f 1 = α0 + α1y1 + α2y2 + · · · + αmym,

f 2 = β0 + β1y1 + β2y2 + · · · + βmym,
(3)

where f 1 is the discriminant variable for being correct, and
f 2 is the discriminant variable for being incorrect. PCA-DA
estimates f 1 and f 2 for each PM contract, and classifies
that contract as correct or incorrect depending on which
variable has a larger value.

2.4.3. Support vector machine
Support vector machine (SVM), proposed by Cortes and

Vapnik (1995), is a supervised learning model which cap-
tures multivariate and nonlinear relationships hidden in
the data. Support vector machines (SVMs) are widely used
for classification problems (Delen, Cogdell, & Kasap, 2012;
State, Cocianu, & Fusaru, 2010;Weron, 2014). In this paper,
we use radial basis function (RBF) as the kernel function

5 Regarding the issue of multicollinearity, we refer to Greene (2017)
and use statistical software STATA to select the independent variables
so as to reduce its undesirable effect. To be precise, once STATA detects
a high collinearity between two independent variables, it drops one of
them. Furthermore, instead of identifying key explanatory variables, our
goal is simply to classify PM’s predictions as correct or incorrect. Themain
consequences of multicollinearity, namely, the direction and significance
of coefficients, will not cause a huge problem in our study because,
according to statistical theory, accurate forecasts may still be possible
if the nature of the collinear relationship remains the same within new
sample observations (Griffiths, Hill, & Judge, 1993).
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Table 2
The confusion matrix of classification models’ predictions.

Predicted outcome

PM’s prediction is correct (O) PM’s prediction is incorrect (X)

Actual outcome PM’s prediction is correct (T) TP FN
PM’s prediction is incorrect (F) FP TN

Note: ‘‘TP’’ denotes true positive cases, ‘‘FP’’ denotes false positive cases, ‘‘FN’’ denotes false negative cases,
and ‘‘TN’’ denotes true negative cases.

and use LIBSVM proposed by Chang and Lin (2011). 10-fold
cross-validation was used to determine the hyperparame-
ters of SVM.

2.4.4. Decision trees
The decision tree method originated from Morgan

and Sonquist (1963)’s Automatic Interaction Detector (AID)
program and became popular after the introduction of
Breiman, Friedman, Olshen, and Stone (1984)’s Classifica-
tion and Regression Trees (CART) program. The tree models
have evolved into a family of concurrent techniques (Loh,
2014), andwe adopted CART as our fourthmodel because it
remains the current standard of tree modeling (Su, Azuero,
Cho, Kvale, Meneses, & McNees, 2011).6 10-fold cross-
validation was used to determine the optimal tree size.

2.5. Evaluating PM’s predictions

Following the highest-price principle for our winner-
take-all markets, we predict that a candidate would be
elected if their corresponding contract has the highest
price in the election contract set.7 After the election, we
acknowledge that our PM is correct if that candidate were
indeed elected. Similarly, the PM is confirmed correct if
a candidate’s corresponding contract price was not the
highest one in the contract set and that candidate was not
elected in the end, either.We use ‘‘T’’ to denote the group of
PM contracts whose predictions were proven to be correct,
and ‘‘F’’ to denote the contracts which lead to incorrect
predictions.

Since our goal is to determine the correctness of PMs’
predictions in advance, we use the four models mentioned
earlier to classify PMs’ predictions into two groups: Group
‘‘O’’—PMs being determined to have correct predictions,
and Group ‘‘X’’—PMs being determined to have incorrect
predictions. Based on the aforementioned definitions, Ta-
ble 2 summarizes the classification results of our models.

Table 2 is the confusion matrix of our models’ predic-
tions. We use three indexes to evaluate our classification
models:

(1) The Accuracy Rate of Correct Identification (ARCI)
=

TP
TP+FP ,

6 We also tried another popular tree-based algorithm—random forest,
but it demonstrated no superiority over standard decision tree model in
both the training and the out-of-sample test.

7 An election contract set is a set of contracts which represents the
candidates in the same election event. For example, if there are three
candidates in a mayor’s election, we will set up an election contract set
which consists of three contracts representing the three candidates.

(2) Accuracy Rate of Incorrect Identification (ARII) =
TN

FN+TN ,
(3) Specificity =

TN
FP+TN .

As the names suggest, by using ARCI and ARII we want our
models to be as accurate as possible when they classify a
PM’s prediction to be correct or incorrect. Specificity, on
the other hand, measures the ratios of incorrect PMs being
successfully identified.

2.6. Model combination

In order to improve the capability of predicting the cor-
rectness of WTA markets, this paper introduces a method
of combined forecasts. Clemen (1989) collected more than
200 papers to support the advantage of combined forecasts
and demonstrated that a simple mean of all forecasting
tools could be a superior forecasting solution. On the basis
of their survey on election predictions, Armstrong (2001)
and Graefe, Armstrong, Jones, and Cuzán (2014) reached
the same conclusion that combined forecasts could be bet-
ter than any individual forecasting method.

Combining single models’ predictions is straightfor-
ward. Nevertheless, integrating binary predictions into a
single conclusion when models have different opinions is
not a trivial task.We propose two distinct rules to integrate
predictions from our single models:

• The Majority Rule: If the majority of the models
predict that a PM would be correct, the combined
prediction is ‘‘correct’’, otherwise the combined pre-
diction is ‘‘incorrect’’.

• The Consensus Rule: If all models predict that a
PM would be correct, the combined prediction is
‘‘correct’’; if all models predict that a PM would be
incorrect, the combined prediction is ‘‘incorrect’’.

To be precise, let f be the weighted average of a single
model’s prediction, and F be the combined prediction:

f =

4∑
i=1

wifi (4)

where wi represents the weightings for the four single
models. The majority rule says

FM
=

{
1 if f ≥ 0.5,
0 if f < 0.5. (5)

The consensus rule says

F C
=

{1 if f = 1,
0 if f = 0,
no conclusion if 0 < f < 1,

(6)
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Table 3
Original training sample and testing sample.

Note: The number of contracts for Set 1, 2, 3, 4, and 6 are expressed as ‘‘total number of contracts = number of correct contracts + number of incorrect
contracts.’’ Contracts belonging to Set 5, 7, and 8 are all correct.

where F C is the prediction of the combined model follow-
ing the consensus rule. F = 1 means that the target PM
contract is classified as ‘‘O’’; F = 0 means that the target
PM contract is classified as ‘‘X’’.

There are two further issues concerning combined fore-
casts. First, which and how many models should we com-
bine? Secondly, what kind of weighting rule produces the
most accurate results? For the first question, we tried
out all combination possibilities. As for the second ques-
tion, Armstrong (2001) suggests equal weightings unless
there is sufficient evidence that particular forecasting tools
should be given higher weights based on their previous
performance. Consequently, we implemented four differ-
ent weighting rules to discover the best combined model
to predict our WTA markets:

• Equal weightings
• ARCI-weighting: weightings determined based on

the models’ ARCI during training.
• ARII-weighting: weightings determined based on

the models’ ARII during training.
• Specificity-weighting:weightings determinedbased

on the models’ specificity during training.

To determine the weightings, we first trained our single
models using a subset of our 650 PM contracts (in-sample
test). After training, the weightings were calculated based
ondifferent performance indexes; thenwe combinedmod-
els according to different weighting rules.

2.7. Out-of-sample test

The data used in this paper consists of 650 prediction
markets held between 2006 and 2010. Table 3 presents
the detailed composition of our dataset. Among the eight
subsets of elections, only five of them have incorrect PMs—
a total of 35 PM contracts which lead to incorrect predic-
tions. Consequently, we divide our data into training and
testing datasets, as demonstrated in Table 3: subset 1 and
2 (which contains 24 incorrect PM contracts) constitute the
training dataset and others (which contains 11 incorrect
PM contracts) are left for the out-of-sample test.

We adopt two methods to tackle the imbalanced data
problem: oversampling and SMOTE. Our goal is to have
roughly the same amount of correct and incorrect PM con-
tracts in our training dataset. By oversampling,we replicate
the 24 incorrect contracts in the original training dataset
twelve times so that we have an additional 288 incorrect
contracts. As a result, the new training dataset is composed
of 309 correct contracts and 312 incorrect contracts, a total
of 621 PM contracts.

By SMOTE, we create synthetic samples from the 24 in-
correct contracts by twelve times so that we have the same
number (312) of incorrect contracts as the oversampling
method. Meanwhile, we also slightly increase the correct
contracts from 309 to 311 with random oversampling.8 As
a result, we have a total of 623 contracts in the new training
dataset, in which we have roughly the same number of
correct and incorrect contracts (311:312).

Now we have two different training datasets from the
oversampling method and SMOTE. The whole experimen-
tal process is as follows:

(1) We use these two training datasets to train our
single models separately and record their perfor-
mances in terms of ARCI, ARII, and specificity.

(2) We calculate the weightings according to differ-
ent weighting rules based on single models’ perfor-
mances during training, and then generate a set of
combinedmodels on the basis of different combina-
tion rules as described in Section 2.6.

(3) We test all the single and combined models using
the testing dataset, which contains 306 correct con-
tracts and 11 incorrect contracts.

(4) We compare all models’ performances and identify
the best one.

8 Chawla et al. (2002) proposed that researchers can use SMOTE to
expand the minority class and undersample the majority class at the
same time to reverse the learning bias. However, our goal is to have a
balanced learning between the ‘‘correct’’ and ‘‘incorrect’’ class. Therefore,
we oversample the ‘‘correct’’ class a little bit to match the expanded
‘‘incorrect’’ class.
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Table 4
Training results for single models.

Training dataset TP FP FN TN ARCI ARII Specificity

SVM
Original 307 20 2 4 0.939 0.667 0.167
Oversampling 307 0 2 312 1.000 0.994 1.000
SMOTE 311 3 0 309 0.990 1.000 0.990

PCA-DA
Original 287 18 22 6 0.941 0.214 0.250
Oversampling 283 208 26 104 0.576 0.800 0.333
SMOTE 293 196 18 116 0.599 0.866 0.372

Logit
Original 303 7 6 17 0.977 0.739 0.708
Oversampling 257 26 52 286 0.908 0.846 0.917
SMOTE 287 20 24 292 0.935 0.924 0.936

DT
Original 307 20 2 4 0.939 0.667 0.167
Oversampling 282 0 27 312 1.000 0.920 1.000
SMOTE 290 17 21 295 0.945 0.934 0.946

3. Empirical results

In this section, we overlook all the models used and
evaluate their capability in predicting the failures of PMs.
We evaluate them in terms of the three indexes introduced
in Section 2.5; an additional index of identified PM failures
is also used to judge the quality of our classificationmodels.

The first step of our analysis is to train our singlemodels
with three training datasets: the original training dataset,
the oversampling training dataset, and the SMOTE training
dataset. Table 4 reports the training results of each single
model using the three different training datasets. Note how
oversampling and SMOTE improve the models’ ability to
identify incorrect contracts. The specificities of SVM, DT,
and Logit surpass 90%with these two sampling techniques.
Nevertheless, we should focus on models’ performances
in the out-of-sample predictions to effectively gauge these
models’ capabilities.

Before the out-of-sample test, we build combinedmod-
els following two different rules (themajority or consensus
rule) with four different weighting rules (equal weighted,
ARCI-weighted, ARII-weighted, and specificity-weighted),
using training performances from three different training
datasets. We also consider different combinations of single
models. Tables 5–7 presents the results of out-of-sample
predictions from single models and various combined
models, whichwere trainedwith the original dataset, over-
sampling dataset, and SMOTE dataset, respectively.

Table 5 reports the out-of-sample prediction results for
models trained with the original training dataset. There
are several points we may ascertain from this table. First,
almost all models, whether they are single or combined
models, have very high ARCI, meaning that they are very
accurate in predicting that a PM would lead to correct
predictions. This may result from the fact that our PM has
a high overall accuracy; even a classification model which
mistakenly classifies all PM contracts to be correct would
have a ARCI as high as 96.5% (306/317 = 0.965).

Secondly, the models have quite different ARII—they
can be as high as 1 or as low as 0.088. There are twomodels
with ARII of 1: M12 and C134 under equal weightings. M12
is a model which combines SVM and PCA-DA’s predictions
with equal weightings under the majority rule, and C134
is a model which combines SVM, Logit, and DT with equal

weightings under the consensus rule. It seems that they
are accurate when classifying a PM contract as incorrect.
However, their specificity is low (0.091 and 0.2, respec-
tively). Furthermore, out of the 11 incorrect PM contracts
in the testing sample, they only identify 1 of them (TN= 1).
Consequently, wemay conclude thatM12 and C134 cannot
effectively predictwhen a PMwill fail. In fact, this is not just
a feature of M12 and C134. When trained with the original
dataset, no matter whether they are combined models or
not or how they are combined, all models in Table 5 have
either low ARII or low specificity.

Thirdly, except for the specificity, using different
weighting rules does not foster much improvement. The
average ARCIs of equal weighted combined models and
ARCI-weighted combined models are 0.976 and 0.978; the
average ARIIs for equal weighted combined models and
ARII-weighted combined models are 0.572 and 0.428; the
average specificity for equal weighted combined models
and specificity-weighted combined models are 0.184 and
0.286, but they are only marginally different (p-value =

0.08909, Wilcoxon rank-sum test).
Table 6 reports the out-of-sample prediction results for

models trained with the oversampling training dataset.
We make the following observations. First, we find that
using different weighting rules does not bring much im-
provement, except for the specificity. The average ARCIs
of equal weighted combined models and ARCI-weighted
combined models are 0.980 and 0.983; the average ARIIs
for equal weighted combined models and ARII-weighted
combined models are 0.606 and 0.481; the average speci-
ficity for equal weighted combinedmodels and specificity-
weighted combined models are 0.240 and 0.351, but they
are not significantly different.

Secondly, all models have very high ARCI, but what
interests us iswhetherwe can find bettermodels to classify
our WTAmarkets relative to models in 5. In general, we do
have higher ARII and specificity by using the oversampling
training dataset. The average ARII increases from 0.371 to
0.403, and the specificity increases from 0.306 to 0.326
(but not significantly different). However, this is only a
general comparison. In practice, a decisionmakerwill need
to choose a specific model to classify WTA markets. Do
we have a better model after training our models with the
oversampling dataset?
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Table 5
Out-of-sample test results—models trained with the original dataset.

Model Equal weighted ARCI weighted

TP FP FN TN ARCI ARII Specificity NC TP FP FN TN ARCI ARII Specificity NC

(1) SVM 305 10 1 1 0.968 0.500 0.091 0
(2) PCA-DA 275 8 31 3 0.972 0.088 0.273 0
(3) Logit 288 6 18 5 0.980 0.217 0.455 0
(4) DT 278 5 28 6 0.982 0.176 0.545 0
M12 306 11 0 0 0.965 NA 0.000 0 275 8 31 3 0.972 0.088 0.273 0
M13 306 10 0 1 0.968 1.000 0.091 0 288 6 18 5 0.980 0.217 0.455 0
M14 305 10 1 1 0.968 0.500 0.091 0 305 10 1 1 0.968 0.500 0.091 0
M23 305 10 1 1 0.968 0.500 0.091 0 288 6 18 5 0.980 0.217 0.455 0
M24 302 8 4 3 0.974 0.429 0.273 0 275 8 31 3 0.972 0.088 0.273 0
M34 300 7 6 4 0.977 0.400 0.364 0 288 6 18 5 0.980 0.217 0.455 0
M123 305 9 1 2 0.971 0.667 0.182 0 305 9 1 2 0.971 0.667 0.182 0
M124 301 7 5 4 0.977 0.444 0.364 0 301 7 5 4 0.977 0.444 0.364 0
M134 299 7 7 4 0.977 0.364 0.364 0 299 7 7 4 0.977 0.364 0.364 0
M234 297 5 9 6 0.983 0.400 0.545 0 297 5 9 6 0.983 0.400 0.545 0
M1234 305 9 1 2 0.971 0.667 0.182 0 300 7 6 4 0.977 0.400 0.364 0
C123 257 4 0 0 0.985 NA 0.000 56
C124 251 5 0 0 0.980 NA 0.000 61
C134 266 4 0 1 0.985 1.000 0.200 46
C234 239 4 1 1 0.984 0.500 0.200 72
C1234 239 4 0 0 0.984 NA 0.000 74

Model ARII weighted Specificity weighted

TP FP FN TN ARCI ARII Specificity NC TP FP FN TN ARCI ARII Specificity NC

M12 305 10 1 1 0.968 0.500 0.091 0 275 8 31 3 0.972 0.088 0.273 0
M13 288 6 18 5 0.980 0.217 0.455 0 288 6 18 5 0.980 0.217 0.455 0
M14 305 10 1 1 0.968 0.500 0.091 0 305 10 1 1 0.968 0.500 0.091 0
M23 288 6 18 5 0.980 0.217 0.455 0 288 6 18 5 0.980 0.217 0.455 0
M24 278 5 28 6 0.982 0.176 0.545 0 275 8 31 3 0.972 0.088 0.273 0
M34 288 6 18 5 0.980 0.217 0.455 0 288 6 18 5 0.980 0.217 0.455 0
M123 305 9 1 2 0.971 0.667 0.182 0 288 6 18 5 0.980 0.217 0.455 0
M124 301 7 5 4 0.977 0.444 0.364 0 301 7 5 4 0.977 0.444 0.364 0
M134 299 7 7 4 0.977 0.364 0.364 0 288 6 18 5 0.980 0.217 0.455 0
M234 297 5 9 6 0.983 0.400 0.545 0 288 6 18 5 0.980 0.217 0.455 0
M1234 299 7 7 4 0.977 0.364 0.364 0 288 6 18 5 0.980 0.217 0.455 0

Note: (1) The top-left panel presents the results frommodels based on equal-weighted methods; the top-right panel is for the ARCI-weighted models; the
bottom-left panel is for the ARII-weighted models; the bottom-right panel is for the specificity-weighted models. (2) For combined models, the prefix ‘‘M’’
denotes models following the majority rule, prefix ‘‘C’’ denotes models following the consensus rule; the numbering denotes the constituent models—‘‘1’’
denotes the SVM model, ‘‘2’’ denotes the PCA-DA model, ‘‘3’’ denotes the Logit model, and ‘‘4’’ denotes the DT model. (3) The results do not vary under
different weighting rules for models using consensus rule, so we only report them once in the Equal weighted panel. (4) NC means ‘‘no conclusion’’, see
Eqs. (5) and (6) for definitions.

The third observation is that, C234, which is a model
combining PCA-DA, Logit, and DT’s predictions with equal
weightings under the consensus rule, can reach the highest
possible ARCI, ARII, and specificity. The fact that C234 has
ARCI, ARII, and specificity of 1 means that it may provide
extremely accurate predictions about the correctness of
PM’s predictions. However, it also has 116 NC cases, which
means that it can only provide definite predictions for 201
PM contracts out of 317 contracts in the testing sample. It
turns out that C234 is a very conservative model, which
only classifies a PM contract when all three single models
it considers have the same opinions. As a result, it only
identified 1 out of 11 PM failures in the testing sample (TN
= 1).

Fourthly, by comparing Tables 5 and 6, we find that
after training with the oversampling dataset, the single
models become more assertive in predicting PM’s failures,
while combined models become more conservative. This
can be seen in terms of ARII and the number of incorrect
PM contracts being identified. For the four single models,
the average number of incorrect PM contracts being iden-
tified increases from 3.75 to 4.75, but their average ARII

decreases from 0.246 to 0.131. By contrast, for combined
models, the average number of incorrect PM contracts be-
ing identified decreases from3.29 to 3.14, but their average
ARII increases from 0.382 to 0.427.

Lastly, acknowledging this fact leads us to another
model which attempts to predict the failures of PMs in a
differentway. TheDTmodel trainedwith the oversampling
dataset has the secondhighest specificity (0.909) in Table 6,
but it also succeeds in identifying almost all PM failures
in the testing dataset (10 out of 11). It achieves this by
aggressively classifying suspicious contracts as incorrect
and therefore has a very low ARII (only 0.167).

Table 7 reports the out-of-sample prediction re-
sults for models trained with the SMOTE training
dataset. Still, all models have a very high ARCI. Ad-
ditionally, we make the following observations. First,
using different weighting rules than usual does not
render much improvement, except for the specificity.
The average ARCIs of equal weighted combined mod-
els and ARCI-weighted combined models are 0.978 and
0.982; the average ARIIs for equal weighted combined
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Table 6
Out-of-sample test results—models trained with the oversampling dataset.

Model Equal weighted ARCI weighted

TP FP FN TN ARCI ARII Specificity NC TP FP FN TN ARCI ARII Specificity NC

(1) SVM 306 11 0 0 0.965 NA 0.000 0
(2) PCA-DA 255 6 51 5 0.977 0.089 0.455 0
(3) Logit 281 7 25 4 0.976 0.138 0.364 0
(4) DT 256 1 50 10 0.996 0.167 0.909 0
M12 306 11 0 0 0.965 NA 0.000 0 306 11 0 0 0.965 NA 0.000 0
M13 306 11 0 0 0.965 NA 0.000 0 306 11 0 0 0.965 NA 0.000 0
M14 306 11 0 0 0.965 NA 0.000 0 306 11 0 0 0.965 NA 0.000 0
M23 306 10 0 1 0.968 1.000 0.091 0 281 7 25 4 0.976 0.138 0.364 0
M24 292 6 14 5 0.980 0.263 0.455 0 256 1 50 10 0.996 0.167 0.909 0
M34 300 8 6 3 0.974 0.333 0.273 0 256 1 50 10 0.996 0.167 0.909 0
M123 306 10 0 1 0.968 1.000 0.091 0 306 10 0 1 0.968 1.000 0.091 0
M124 292 6 14 5 0.980 0.263 0.455 0 292 6 14 5 0.980 0.263 0.455 0
M134 300 8 6 3 0.974 0.333 0.273 0 300 8 6 3 0.974 0.333 0.273 0
M234 286 4 20 7 0.986 0.259 0.636 0 286 4 20 7 0.986 0.259 0.636 0
M1234 306 10 0 1 0.968 1.000 0.091 0 300 8 6 3 0.974 0.333 0.273 0
C123 230 3 0 0 0.987 NA 0.000 84
C124 219 1 0 0 0.995 NA 0.000 97
C134 237 0 0 0 1.000 NA NA 80
C234 200 0 0 1 1.000 1.000 1.000 116
C1234 200 0 0 0 1.000 NA NA 117

Model ARII weighted Specificity weighted

TP FP FN TN ARCI ARII Specificity NC TP FP FN TN ARCI ARII Specificity NC

M12 306 11 0 0 0.965 NA 0.000 0 306 11 0 0 0.965 NA 0.000 0
M13 306 11 0 0 0.965 NA 0.000 0 306 11 0 0 0.965 NA 0.000 0
M14 306 11 0 0 0.965 NA 0.000 0 306 11 0 0 0.965 NA 0.000 0
M23 281 7 25 4 0.976 0.138 0.364 0 281 7 25 4 0.976 0.138 0.364 0
M24 256 1 50 10 0.996 0.167 0.909 0 256 1 50 10 0.996 0.167 0.909 0
M34 256 1 50 10 0.996 0.167 0.909 0 256 1 50 10 0.996 0.167 0.909 0
M123 306 10 0 1 0.968 1.000 0.091 0 306 10 0 1 0.968 1.000 0.091 0
M124 292 6 14 5 0.980 0.263 0.455 0 292 6 14 5 0.980 0.263 0.455 0
M134 300 8 6 3 0.974 0.333 0.273 0 300 8 6 3 0.974 0.333 0.273 0
M234 286 4 20 7 0.986 0.259 0.636 0 286 4 20 7 0.986 0.259 0.636 0
M1234 306 10 0 1 0.968 1.000 0.091 0 300 8 6 3 0.974 0.333 0.273 0

Note: (1) The top-left panel presents the results frommodels based on equal-weighted methods; the top-right panel is for the ARCI-weighted models; the
bottom-left panel is for the ARII-weighted models; the bottom-right panel is for the specificity-weighted models. (2) For combined models, the prefix ‘‘M’’
denotes models following the majority rule, prefix ‘‘C’’ denotes models following the consensus rule; the numbering denotes the constituent models—‘‘1’’
denotes the SVM model, ‘‘2’’ denotes the PCA-DA model, ‘‘3’’ denotes the Logit model, and ‘‘4’’ denotes the DT model. (3) The results do not vary under
different weighting rules for models using consensus rule, so we only report them once in the Equal weighted panel. (4) NC means ‘‘no conclusion’’, see
Eqs. (5) and (6) for definitions.

models and ARII-weighted combined models are 0.308
and 0.253; the average specificity for equal weighted
combined models and specificity-weighted combined
models are 0.235 and 0.320, but are not significantly dif-
ferent.

Secondly, using the SMOTE training sample improves
the specificity, but not the ARII. The average ARIIs using the
original dataset, the oversampling dataset, and the SMOTE
dataset are 0.371, 0.403, and 0.244, respectively, while the
average specificities using the three datasets are 0.306,
0.326, and 0.352, respectively.

Thirdly, training with the SMOTE dataset does bring
some general benefits in terms of the number of detected
PM failures. The average numbers of PM failures being
identified by single model with the original, oversampling,
and SMOTE dataset are 3.75, 4.75, and 4.75; and the av-
erage numbers by combined models are 1.88, 1.69, and
2.25, respectively. This observation signifies that using the
SMOTE dataset makes both single and combined models
more aggressive in predicting that a PM will fail.

Lastly, is there any model which outperforms the ones
we found in Tables 5 and 6? It turns out that we cannot

find any model with ARCI, ARII, or specificity of 1. Indi-
vidually, the models using the SMOTE dataset do not have
better performances than their counterparts in Table 6.
However, models such as DT, C134, M23, and M24 do have
higher ARCI or specificity than models using the original
dataset.

In summation, the following general remarks clarify
the application of our techniques in building classification
models:

• Combinedmodels aremore conservative than single
models in predicting PM failures.

• Using equal weightings when combining models is
good enough to generate reliable combined models.

• Using the oversampling dataset to train our models
enhances their ARII and specificity, suggesting that
models are better at identifying PM failures in a
more balanced way.

• Using the SMOTE dataset to train our models im-
proves specificity but lowers the ARII, suggesting
that models are more aggressive in predicting the
PM failures.
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Table 7
Out-of-sample test results—models trained with the SMOTE dataset.

Model Equal weighted ARCI weighted

TP FP FN TN ARCI ARII Specificity NC TP FP FN TN ARCI ARII Specificity NC

(1) SVM 303 10 3 1 0.968 0.250 0.091 0
(2) PCA-DA 249 6 57 5 0.976 0.081 0.455 0
(3) Logit 284 7 22 4 0.976 0.154 0.364 0
(4) DT 253 2 53 9 0.992 0.145 0.818 0
M12 306 11 0 0 0.965 NA 0.000 0 303 10 3 1 0.968 0.250 0.091 0
M13 305 10 1 1 0.968 0.500 0.091 0 303 10 3 1 0.968 0.250 0.091 0
M14 303 10 3 1 0.968 0.250 0.091 0 303 10 3 1 0.968 0.250 0.091 0
M23 302 10 4 1 0.968 0.200 0.091 0 284 7 22 4 0.976 0.154 0.364 0
M24 292 6 14 5 0.980 0.263 0.455 0 253 2 53 9 0.992 0.145 0.818 0
M34 297 7 9 4 0.977 0.308 0.364 0 253 2 53 9 0.992 0.145 0.818 0
M123 301 9 5 2 0.971 0.286 0.182 0 301 9 5 2 0.971 0.286 0.182 0
M124 289 5 17 6 0.983 0.261 0.545 0 289 5 17 6 0.983 0.261 0.545 0
M134 295 7 11 4 0.977 0.267 0.364 0 295 7 11 4 0.977 0.267 0.364 0
M234 285 3 21 8 0.990 0.276 0.727 0 285 3 21 8 0.990 0.276 0.727 0
M1234 302 9 4 2 0.971 0.333 0.182 0 295 7 11 4 0.977 0.267 0.364 0
C123 229 3 0 0 0.987 NA 0.000 85
C124 210 2 0 0 0.991 NA 0.000 105
C134 240 2 1 1 0.992 0.500 0.333 73
C234 198 2 3 1 0.990 0.250 0.333 113
C1234 198 2 0 0 0.990 NA 0.000 117

Model ARII weighted Specificity weighted

TP FP FN TN ARCI ARII Specificity NC TP FP FN TN ARCI ARII Specificity NC

M12 303 10 3 1 0.968 0.250 0.091 0 303 10 3 1 0.968 0.250 0.091 0
M13 303 10 3 1 0.968 0.250 0.091 0 303 10 3 1 0.968 0.250 0.091 0
M14 303 10 3 1 0.968 0.250 0.091 0 303 10 3 1 0.968 0.250 0.091 0
M23 284 7 22 4 0.976 0.154 0.364 0 284 7 22 4 0.976 0.154 0.364 0
M24 253 2 53 9 0.992 0.145 0.818 0 253 2 53 9 0.992 0.145 0.818 0
M34 253 2 53 9 0.992 0.145 0.818 0 253 2 53 9 0.992 0.145 0.818 0
M123 301 9 5 2 0.971 0.286 0.182 0 301 9 5 2 0.971 0.286 0.182 0
M124 289 5 17 6 0.983 0.261 0.545 0 289 5 17 6 0.983 0.261 0.545 0
M134 295 7 11 4 0.977 0.267 0.364 0 295 7 11 4 0.977 0.267 0.364 0
M234 285 3 21 8 0.990 0.276 0.727 0 285 3 21 8 0.990 0.276 0.727 0
M1234 300 9 6 2 0.971 0.250 0.182 0 295 7 11 4 0.977 0.267 0.364 0

Note: (1) The top-left panel presents the results frommodels based on equal-weighted methods; the top-right panel is for the ARCI-weighted models; the
bottom-left panel is for the ARII-weighted models; the bottom-right panel is for the specificity-weighted models. (2) For combined models, the prefix ‘‘M’’
denotes models following the majority rule, prefix ‘‘C’’ denotes models following the consensus rule; the numbering denotes the constituent models—‘‘1’’
denotes the SVM model, ‘‘2’’ denotes the PCA-DA model, ‘‘3’’ denotes the Logit model, and ‘‘4’’ denotes the DT model. (3) The results do not vary under
different weighting rules for models using consensus rule, so we only report them once in the Equal weighted panel. (4) NC means ‘‘no conclusion’’, see
Eqs. (5) and (6) for definitions.

In addition to these general remarks, what really in-
terests decision makers is not the techniques themselves,
but the model discovered in our procedure. The final stage
of our procedure is to select the most useful model to
predict PM’s correctness. We discuss this issue in the next
section.

4. The best prediction models (under different criteria)

We have four measures to evaluate a model’s ability
to predict the correctness of PMs’ predictions: ARCI, ARII,
specificity, and NC (number of inconclusive cases). First of
all, if a model can attain high ARCI, ARII, and specificity at
the same time, its classifications will be very accurate no
matter the type of prediction it is going to make about a
PM. Table 8 lists the models that attain the highest values
for these three target measures, with the highest values for
these indexes all being 1.000. Among thesemodels,C234-O
is the only onewhoseARCI, ARII, and specificity reach 1.000
at the same time.

C234-O combines the PCA-DA, Logit, and DT model un-
der the consensus rule and is trained with the oversam-
pling dataset (see Table 6 for detailed numbers). C234-O’s
high accuracy results from the rule it uses to combinemod-
els. It is a very conservative classification model because
it only gives a prediction when all the constituent models
have the same opinion. Its high accuracy is achieved at the
expense of its applicability. Note that the number of NC (no
conclusion) cases of C234-O is large—it cannot give definite
predictions to 116 out of the 317 PMcontracts. Despite this,
C234-Omay be employed by decisionmakers whowant to
minimize the risk of making erroneous judgments.

Although C234-O is very accurate, decisionmakers may
suffer from one obvious problem in practice: it cannot
provide definite predictions in every case (NC = 116). As
a result, it only identifies 1 out of the 11 PM failures in the
testing dataset (Table 3). For decision makers, it could be
more essential to utilize a model that can always give pre-
dictions and has a high accuracy aswell. For this reason, we
discard models with positive NC cases, and select another
set of candidate models in Table 9.
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Table 8
Selection of the best model: no constraints.

ARCI-targeted ARII-targeted Specificity-targeted

Model ARCI NC TN Model ARII NC TN Model Specificity NC TN

C134-O 1.000 116 1 M13 1.000 0 1 C234-O 1.000 116 1
C234-O 1.000 117 1 C134 1.000 46 1
C1234-O 1.000 117 0 M23-O 1.000 0 1

M123-O 1.000 0 1
M1234-O 1.000 0 1
C234-O 1.000 116 1

Note: (1) We attach a letter ‘‘O’’ to a model to denote the model trained with the oversampling dataset; we attach a letter ‘‘S’’ to a model to denote the
model trainedwith the SMOTE dataset; models without any letter attached are the ones trainedwith the original dataset. (2) NC stands for ‘‘no conclusion’’,
and TN stands for ‘‘true negative’’.

Table 9
Selection of the best model: NC = 0.

ARCI-targeted ARII-targeted Specificity-targeted

Model ARCI NC TN Model ARII NC TN Model Specificity NC TN

DT-O 0.996 0 10 M13 1.000 0 1 DT-O 0.909 0 10
M24-O 0.996 0 10 M23-O 1.000 0 1 M24-O 0.909 0 10
M34-O 0.996 0 10 M123-O 1.000 0 1 M34-O 0.909 0 10

M1234-O 1.000 0 1

Note: (1) We attach a letter ‘‘O’’ to a model to denote the model trained with the oversampling dataset; we attach a letter ‘‘S’’ to a model to denote the
model trainedwith the SMOTE dataset; models without any letter attached are the ones trainedwith the original dataset. (2) NC stands for ‘‘no conclusion’’,
and TN stands for ‘‘true negative’’.

From Table 9, it is clear that there is no model which
has high ARCI, ARII, and specificity at the same time. DT-
O, M24-O, and M34-O have almost perfect ARCI and very
high specificity. In fact, M24-O and M34-O can be entirely
represented by DT-O, because these two combinedmodels
simply reflect DT-O’s predictions under the majority rule
with performance-based weightings (Table 6). DT-O is a
single model (decision tree) trained with the oversampling
dataset (see Table 6 for detailed numbers). If decisionmak-
erswant to identify PM failures ex ante asmuch as possible,
DT-O would be the first choice because it can identify 10
out of the 11 PM failures in the testing sample (specificity
= 0.909).

In spite of DT-O’s excellent ability in identifying PM
failures, its success actually comeswith a cost of prediction
accuracy: Its ARII is only 0.167, which means that it reacts
disproportionately to dubious PM contracts and therefore
classifies too many contracts as incorrect (Table 6). The
four models in the middle panel of Table 9 provide an
alternative choice. These four models have exactly the
same performance in every index (Tables 5 and 6), so we
take M13 as the representative. M13 is a combined model
that integrates SVM and Logit’s predictions following the
majority rule and trained with the original dataset (see
Table 5 for detailed numbers). If a decision maker wants a
classification model with a high accuracy in predicting PM
failures, and which always gives unequivocal predictions,
M13 would be the ideal model because it has ARII of 1.000,
but no NC cases.

To summarize, we find that there doesn’t exist an opti-
malmodel which outperform others in every aspect within
our study. We select C234-O, DT-O, and M13 due to their
superiority in distinct performance measures. If a decision
maker is very cautious and doesn’t want to make any erro-
neous conclusion when interpreting PM predictions, they

may find C234-O the most applicable. If a decision maker
wants to predict PM failures as accurately as possible for
every case, M13 is an effective choice. If the decision mak-
ers want to identify PM failures as much as possible, even
if they may sometimes have miscalculations, DT-O is the
most suitablemodel. Of course, decisionmakers can always
propose new criteria tomeet their diverse needs and goals.
For example, onemay look for amodelwhichhas amedium
ARII and specificity, or even design a composite objective
function as the model selection criterion. No matter the
nature of their purpose, we argue that decisionmakers will
find a favorable predictionmodel of PM failures ex ante, by
adhering to our methods.

5. Conclusion

Accurate forecasts are an essential part of superior de-
cision making and risk management for individuals, orga-
nizations, societies and states. PMs have been praised for
their ex post prediction accuracies of future events, and
it appears that PMs could greatly assist critical decision
making and risk management. Although historically, PM
predictions are quite accurate on average, sometimesmar-
kets could be inefficient. Our knowledge about the patterns
of market inefficiency is scarce. For example, in betting
markets, there is no universal consistency in prediction
bias from all published studies (Vaughan Williams, 1999).
There is a need of prediction models which can identify
market failures in advance, and our procedures can be used
to find out such models.

For decision makers, actions must be taken to better
manage the risk ex ante when facing uncertain future
events. As a result, it is risky if real-world investors or
decision makers take actions based on PMs’ predictions
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when we have almost no clues about when PMs may fail.
Therefore, we need analytical tools to assess the accuracy
or correctness of PM predictions prior to the events them-
selves. Such assessments could then serve as a basis for
advantageous decision making and risk management.

This paper examined a procedure determining a re-
liable model that can predict a winner-take-all market’s
prediction correctness ex ante. Following this procedure,
our aim was to discover a model that classified a WTA PM
as correct or incorrect in advance with high accuracy. We
also proposed three performance measures—ARCI, ARII,
and specificity—to assess a model’s classification accuracy.

This procedure consisted of five stages:

(1) sample adjustment
(2) model training
(3) model combinations
(4) out-of-sample tests
(5) selection of the best model.

In the sample adjustment stage, we deal with the im-
balanced data problem commonly known in classification
problems with two techniques: oversampling and SMOTE.
By oversampling, we duplicated the records of PM fail-
ures in the training dataset several times, so that we have
roughly the same sizes for the correct and incorrect cate-
gories. By SMOTE, we increased the records of PM failures
in the training dataset by artificially creating synthesized
data. In the model training stage, four single classification
models—SVM, PCA-DA, Logit, and DT—were constructed
and trained with our datasets to assess the prediction
correctness of our WTA PMs. We used data from xFuture,
which is the biggest Chinese prediction market platform
based in Taiwan, to train and test our models. Our dataset
has 650 election contracts from elections held between
2006 and 2010, and half of them were used as the source
of the training dataset. In the model combination stage,
we used two different rules—the majority rule and the
consensus rule—to combine the predictions from the four
trained models using different weighting rules. In the out-
of-sample test, we examined the prediction performances
of our single and combined models in terms of the three
performance indexes. In the model selection stage, we
evaluated and compared the classification models using
different criteria based on different decision goals.

We do acknowledge that within the scope of our re-
search there may be limitations in our methods. First, our
models use a large set of explanatory variables, to which
an ordinary decisionmakermay not have access. Secondly,
it is possible that different models would be selected us-
ing different training and testing datasets, even under the
same decision objective. As a result, there may not be a
‘‘best’’ model that can classify all prediction markets uni-
versally well. To understand how these two issues impact
the generalizability of our findings, withmore experiments
using additional datasets with a cautious selection of vari-
ables, is a task for the future.

Nevertheless, despite the constraints of our methods,
this study clarifies significant benefits to the utilization
of prediction markets. Through this procedure, we found
that combined models are more conservative than single

models in predicting the failures of PM, and equal weight-
ing is good enough to generate reliable combined models.
Furthermore, oversampling and SMOTE techniques both
improvedmodels’ ability to identify PM failures in advance,
though by differentmeans. Lastly butmost importantly,we
demonstrated that there aremodels which predict PM fail-
ures with high accuracy. C234-O is a very accurate model
in the sense that it never makes erroneous classifications,
although it may not provide definite predictions for every
PM contract. M13 can provide predictions for every WTA
contact and has the same accuracy as C234-O with a lower
specificity. DT-O, on the other hand, succeeds in predicting
almost all PM failures in advance. We therefore conclude
that our procedure can effectively discover reliable models
whose predictions can successfully serve as a basis for
decision making and risk management.

Our procedure is flexible in the following sense. First,
which model is the ‘‘best’’ classification model actually
depends on decisionmakers’ intentions, and decisionmak-
ers can always propose new criteria to meet their distinct
needs and goals. Secondly, excepting the Logit model, our
procedure does not make assumptions about the data. As a
result, one may improve the accuracy of combined models
by introducing more classification models. Thirdly, this
procedure can be used during the course of an actual elec-
tion,wherein the decisionmakers can evaluate a prediction
market in real time.

Unlike vote-share markets of which statistical models
can be built to evaluate the prediction accuracy, how to
assess the prediction accuracy of winner-take-all markets
is a challenging task for both researchers and practition-
ers of prediction markets. With a large set of explanatory
variables which extract information not contained within
market prices, our first contribution is to show that reliable
models can be discovered to provide assessments of PM
predictions in advance. Secondly, while market price itself
contains information about people’s beliefs, our results
suggest that non-price factors contains valuable informa-
tion about market efficiency. A future step would be an
anatomical examination of these models. With hindsights
learned from these models, we may contribute to the un-
derstandings of why PMs fail from the theoretical perspec-
tive.
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Appendix. Descriptive statistics of the explanatory vari-
ables

See Table A.10.
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Table A.10
Descriptive statistics of the explanatory variables.

Variable Mean Maximum Minimum Standard deviation Kurtosis Skewness

GP_share_lyc_100 0.002 0.083 0 0.007 70.51 7.69
GP_share_lyc_200 0.003 0.083 0 0.008 39.35 5.59
GP_share_lyc_300 0.003 0.083 0 0.009 30.36 4.89
GP_share_lyc_1 0.003 0.083 0 0.009 29.73 4.82
GP_share_lyc_5 0.02 0.2 0 0.032 5.3 2.03
GP_share_lyc_10 0.078 0.5 0 0.081 3.23 1.46
GP_share_365d_100 0.001 0.04 0 0.003 68.42 7.21
GP_share_365d_200 0.001 0.04 0 0.004 34.27 5.16
GP_share_365d_300 0.004 0.5 0 0.023 338.44 16.39
GP_share_365d_1 0.004 0.5 0 0.023 339.23 16.41
GP_share_365d_5 0.019 0.5 0 0.037 54.62 5.42
GP_share_365d_10 0.051 0.5 0 0.065 9.61 2.4
GP_share_30d_100 0.031 0.5 0 0.055 13.14 3.06
GP_share_30d_200 0.04 0.5 0 0.06 8.85 2.49
GP_share_30d_300 0.1 1 0 0.127 5.56 2
GP_share_30d_1 0.001 0.083 0 0.007 83.58 8.47
GP_share_30d_5 0.008 0.143 0 0.02 16.72 3.8
GP_share_30d_10 0.036 0.5 0 0.058 10.49 2.73
Limit_ratio_volume 0.841 1 0.246 0.139 −0.33 −0.62
WBAS2_all 39.275 99.879 −98.766 33.498 −0.02 −0.14
Buy_sell 247.439 94315.283 0 4132.237 431.28 20.01
Trades 559.549 36057 1 2385.413 96.73 8.57
Traders 128.432 11074 2 564.435 230.12 13.26
Days 108.755 675 15 131.771 6.43 2.47
Volume 1.67E+05 2.40E+07 1 1.16E+06 299.01 15.83
Two_way 0.212 1 0 0.166 0.48 0.49
IP_share 0.259 1 0 0.194 1.72 1.18
Traded_order_ratio 0.506 0.818 0.029 0.163 −0.48 −0.4
Highest-price 85.106 100 20.32 17.684 1.27 −1.32
NC 6.017 19 2 4.332 2.51 1.82
Price_gap 67.737 99.98 0.379 32.581 −0.99 −0.68
Avatar_ratio_3 0.447 1 0 0.326 −0.92 0.57
Avatar_15d_ratio_3 0.324 1 0 0.224 −0.55 0.1
Avatar_30d_ratio_3 0.334 1 0 0.216 −0.36 0.09
Avatar_365d_ratio_3 0.373 1 0 0.185 0.09 0.08
Avatar_volume_ratio_3 0.655 1 0 0.332 −0.86 −0.66
Avatar_volume_15d_ratio_3 0.566 1 0 0.4 −1.52 −0.34
Avatar_volume_30d_ratio_3 0.589 1 0 0.385 −1.37 −0.43
Avatar_volume_365d_ratio_3 0.654 1 0 0.333 −0.87 −0.65
Pw 25.254 100 0 37.307 −0.46 1.12
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