Charles University

Faculty of Social Sciences
Institute of Economic Studies

SN AP ONY
SO OOROONIR

MASTER THESIS

Forecasting Election Results in the Czech
Republic

Author: Bc. Katerina Doskocilova
Supervisor: doc. PhDr. Tomas Havranek Ph.D.
Academic Year: 2018/2019


http://www.cuni.cz/UKEN-1.html
fsveng.fsv.cuni.cz
ies.fsv.cuni.cz
mailto:kacka.doskocilova@gmail.com
mailto:tomas.havranek@ies-prague.org

Declaration of Authorship

The author hereby declares that he compiled this thesis independently, using

only the listed resources and literature, and the thesis has not been used to

obtain a different or the same degree.

The author grants to Charles University permission to reproduce and to dis-

tribute copies of this thesis document in whole or in part.

Prague, July 30, 2019 Signature



Acknowledgements

This thesis is part of a project that has received funding from the Furopean
Union’s Horizon 2020 research and innovation programme under the Marie
Sktodowska-Curie grant agreement No. 681228. I would like to thank here
to Pavol Bosko who helped me with the data for the analysis. Next, I would
like to thank to my supervisor Tomas Havranek for his patience and useful
comments throughout the writing process. Finally, I am also grateful for my
work colleagues, who encouraged me and allowed me to take some time off for
writing the thesis. Last but not least, I would also like to thank to my sister, for
taking the time to go through the thesis to check for any spelling and grammar

mistakes.



Abstract

In this thesis, a forecasting model for the 2017 legislative election in the Czech
Republic is built. As the Czech Republic has a multi-party system, the out-
comes of the model are the expected vote shares for each party. There are two
types of forecasts calculated. Firstly, a poll-based forecast using a dynamic
linear model and Kalman filter to weigh the information in the polls. Secondly,
the prices on betting markets are translated into probabilistic forecasts for the
expected vote shares. This is a novel approach as prediction markets were pre-
viously used to forecasts only the probabilities of winning an election. Finally,
the two types of forecasts are combined into one and weighed by their variance.
Comparing the forecasts, we conclude that the betting market is able to predict

the exact vote shares the most accurately right before the election.
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Abstrakt

V této praci je vytvoren model pro prognézu vysledku voleb do Poslanecké
snémovny Ceské republiky v roce 2017. Protoze v Ceské republice je nékolik
mensich stran, vysledkem tohoto modelu jsou procentualni zisky kazdé strany.
Spocitané jsou dva typy predpovedi. Zaprvé, odhad zalozeny na prizkumech
verejného minéni pomoci dynamického linedrniho modelu a Kalmanova filtru,
ktery vazi informace obsazené v jednotlivych priuzkumech. Zadruhé, sazkové
kurzy jsou prevedeny na pravdépodobnostni predpovéd ziskaného podilu hlasii.
To je originalni pristup, protoze sazkové kurzy byly zatim vyuzivany pouze k
predpovédi pravdépodobnosti vyhry. Nakonec jsou oba typy predpovédi zkom-
binované do jedné, vazené rozptylem. Ze srovnani predpovédi miizeme soudit,

ze sazkové kurzy jsou schopné urc¢it procentualni zisky hlast tésné pred volbami

nejpresnéji.
Klasifikace JEL Ch3, D72, C32
Klicova slova predpovidani, volby, dynamicky linearni
model
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Motivation When predicting the results of upcoming elections, we genrally rely
on pre-election surveys. However, these surveys do not usually predict the outcome
of the actual elections, but they show what the results would be on the day of the
survey. Therefore, events happening between the survey and the election itself are
not accounted for. Also, there may be substantial uncertainty because of the unde-
cided people and depending on the share of the undecided voters, this uncertainty
may be very important. Another source of information is the so-called ’prediction
markets’, where people can trade the outcome of events. Building on the efficient
market hypothesis, the assumption is that the prices on these prediction markets
reflect the beliefs of traders over an unknown outcome and thus show the underlying
probabilities of these outcomes. If the prices did not correspond to the beliefs, there
would be a potential for profit, which would be used by a rational market player.

The prediction markets on their own have an advantage against the pre-election
surveys as they include the information from the polls, which is public, but also
any relevant unpublished information not known to the general public. Rothschild
(2009) compares poll-based forecast and prices from a prediction market for the 2008
US Presidential election and concludes that the market prices provide more accurate
prediction than the aggregate polls. Nevertheless, these markets are susceptible to
speculative bubbles and self-reinforcement. A similar mindset of users of prediction
markets may lead to biased opinions and taking the market odds as correct and not
updating for new information may worsen the forecasts.

The forecast does not necessarily have to predict the actual outcome of the elec-
tion, but rather assign a probability for each possible outcome. This maintains the
underlying uncertainty in the prediction and shows the most likely outcome. The
uncertainty then decreases as the election approaches and the forecasts become more

precise as more information is revealed.
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Hypotheses

Hypothesis #1: Aggregating numerous pre-election surveys improves the re-
sults in terms of predicting the outcome of elections as compared to looking
only at one survey. In other words, the aggregated average performs better in

the long-term than any individual survey for predicting the election results.

Hypothesis #2: Including soft information in the form of prices on betting

markets improves the performance of the election forecast.

The first two hypotheses will be tested on a few of the most recent elections
in the Czech Republic. The final model will then be used to predict the results of

municipal elections in Prague taking place in October 2018.

Methodology The first step for building the forecasting model is to collect the data

for polls and pre-election surveys from previous elections in the Czech Republic and

rating them based on their historical performance. This rating will then be used to

calculate the aggregate forecast. Each poll has its corresponding statistical error and

therefore aggregating them into an average improves the precision of the predicted

outcome as it decreases the overall error of the forecast. The information from the

betting markets will be added to the model. The methodology will follow models

used by David Rothschild (predictwise.com) and Nate Silver (fivethirtyeight.com).

The forecast is created in five steps:

1.

Collection of polling data. Determining weights for each poll based on the
historical accuracy, sample size, recentness, etc. Then calculating the weighted

average.

. Adjusting polls when necessary, depending on the type of the elections, the

methodology of the poll conducted. Adjusting for trends and possible biases.

. Combining polls with demographic and economic data. Determining regional

and demographic differences in voters’ preferences and evaluating the cur-
rent economic situation. The forecast assumes that better economic situation
favours the incumbent. Allocating the undecided voters. The demographics
have decreasing weight in the forecast as the actual election approaches and

more and more voters are decided as well as more polls are available.

. Calculating forecast form prices on the betting market, which should include

all available information in a given time. Combining this forecast with the

averaged polls-only forecast and averaged polls-plus demographic data.

. Accounting for uncertainty and simulating the election to get the probabilities.

The uncertainty decreases towards the elections. There are three types of
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errors included in the forecast. Firstly, the national error, which accounts for
systematic bias in the polls across the country, it is based on the time until the
elections, the number of undecided voters. Secondly, there is a demographic
error, which considers common demographic factors such as religion, race,
education and accounts for bias in the polls for these groups. And thirdly, the
region-specific error which accounts for bias in polls in a given region as the

elections are conducted by regions or voting districts.

Expected Contribution The aim of this thesis is to provide a general method for
forecasting election results in the Czech Republic, by aggregating the information
obtained by pre-election surveys as well as using the information contained in betting
market prices about the beliefs of betters on the market. It has been shown the
publication of forecasts for election may influence the public opinion and therefore
these predictions might be partly self-fulfilling (Rothschild & Malhotra, 2014), which
suggests that providing as accurate forecasts as possible is crucial.

The developed forecasting model can then be used to predict the outcome of
future elections in the Czech Republic with all information available at the given

time.

Outline
1. Motivation

2. Literature Review: Survey of the relevant literature on forecasting and predic-

tion markets..
3. Methodology: Theoretical description of the forecasting model.
4. Data
5. Results

6. Conclusion
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Chapter 1
Introduction

Election forecasting has become popular in the academic sphere as well as in
general life. Similarly to weather forecasting, election forecasts can be judged
ex-post and their accuracy evaluated. However, whereas weather forecasters
aim to predict the evolution of a dynamic chaotic system, election forecasters
predict changes in public opinion. Election forecasting models can be based,
among others, on economic and political measures, such as inflation, unemploy-
ment, or the duration of previous governance, on opinion polls, voters’ inten-
tions or voter’s expectations, or on prediction markets. One thing that should
be pointed out, is that the election forecasts can be partially self-fulfilling. Re-
search suggests, that polls can influence voters’ behaviour on the election day,
whether they will vote, but also who they will vote for (Sudman (1986), Mor-
witz & Pluzinski (1996), Rothschild & Malhotra (2014)), which has important
implications for public policy as well as for survey methodology of the polls.
In two-party systems, the outcome of the forecast models is usually the
probability to win. This thesis focuses on elections in the Czech Republic,
specifically the legislative election which took place in October 2017. Multi-
party representative systems, such as the one in the Czech Republic, pose a
unique challenge for forecasters, as there might not be a clear winner, and even
distinguishing the party with the highest vote share as the winner is not enough
to assess the results of the election as a whole. From that follows that in this
thesis, the aim is to predict the exact vote shares gained by each party.
Traditionally, election forecasting models were most often built on two types
of data - vote intention polls and structural models. More recently, researchers
also started using voters’ expectations and prediction markets to expand the

prediction models and attain new information (as examples for prediction mar-
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kets we can mention Reade & Williams (2019) and Berg & Rietz (2019), for
voters’ expectation see Murr (2011) and Temporao et al. (2019)). Both predic-
tion markets and voters’ expectation work on the assumption that aggregating
the beliefs over the whole population reveals the true probabilities of an event.
There are some conditions which need to hold for that to be true, such as the
independence of decisions and diversity of information. Amongst other issues
connected with these two types of forecasting models is that participants on
the prediction markets might not behave in a risk-neutral manner, which re-
sults in the prices not reflecting the true mean belief (Wolfers & Zitzewitz,
2004). Furthermore, for voters’ expectations in a multi-party system, the task
to simultaneously predict vote shares for multiple parties can prove to be too
difficult for the respondents (Ganser & Riordan, 2015). On the other hand,
voters’ expectations tend to be precise at the local level (Murr (2011) and
Temporao et al. (2019)).

As structural models are not suitable for multi-party systems for multiple
reasons (Walther, 2015), in this thesis poll data and betting market prices are
used to form forecasts and then combined into one forecast weighing it by
variance. This is a novel approach, as to my knowledge, the betting market
prices have not been used for predicting the exact vote shares in the academic
literature before.

For the polls, we model the development of parties’ preferences throughout
the election cycle using dynamic state-space model. Then the Kalman filter
algorithm is used to distinguish between the true movements in the preferences
and simple inaccuracies caused by sampling errors. The Kalman filter weighs
the individual polls, creating a weighted average after each new poll, which
comprises all the information from the previous ones. We also test for differ-
ences between the polling agencies, with the results suggesting the need for
adjusting for the so-called house effects.

After comparing the polls, odds and the combined forecasts, the results
suggest, that the betting market is able to predict the vote shares more accu-
rately than the polls right before the election. However, as the betting market
prices are very flexible, they can be adjusted close to the election in reaction
to last-minute changes in preferences, whereas polls cannot be published by
law three days before the election starts in order not to influence the voters’
decision.

The structure of this thesis is as follows, the next chapter offers some back-

ground on forecasting in general and then presents an overview of the literature
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on election forecasting, focusing mainly on opinion polls. We also briefly discuss
the prediction markets and outline the political system in the Czech Republic.
The third chapter outlines the methodology, first broadly for election forecast-
ing models, followed by a more detailed description of the methods used in this
thesis. Chapter 4 describes the data with the results being presented in chap-
ter 5 together with a discussion on possible further expansions of the model.

Finally, chapter 6 summarizes and concludes this thesis.



Chapter 2

Background and Literature Review

2.1 Forecasting

A vast number of forecasts, some formal and some only informal, is done every
day in various areas of interest, from the weather and earthquakes, through
sports to economic activity and political events. However, measuring the per-
formance of a given probability forecast is quite complicated as one needs many
observations to be able to correctly asses if the forecasted probability corre-
sponds to the actual frequency in which the outcome is happening. A well-
calibrated forecast will assign a 20 % probability to an outcome which occurs
once in every five times after the event. An overconfident forecast will assign,
for example, a 20 % probability to an outcome which will occur only once in
twenty times and an underconfident outcome, on the other hand, will assign

the 20 % probability to an outcome occurring once in three times.
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To be able to measure the performance of a forecast, one needs to either
forecast an event that happens regularly or make enough forecasts on many dif-
ferent events and keep track of all the forecasts’ accuracy. Weather forecasting,
for example, is one where the accuracy can be measured quite easily, weather
forecasts are made every day, therefore one can easily observe if it was raining
once in five times after the forecast said there is a 20 % chance of rain. How-
ever, when a rare event is forecasted, such as a major earthquake happening
once every two thousand years, evaluating the accuracy of this forecast in such
a way is not possible.

Forecasts of political events are one example, where the accuracy is hard
to measure and if the forecasts are not evaluated after the event, they might
lose proper meaning as the perception of probability is very subjective. Many
informal forecasts are done only in the way that an outcome is said to be
probable, almost certain or unlikely, but every person might understand these
words differently in terms of how often is an unlikely outcome actually realized.
People tend to have a binary viewing of the world. If a forecaster gives a 10
% probability to an outcome, they do not expect this outcome to occur and if
it does, they will say that the particular forecast was incorrect. Nevertheless,
the 10 % forecasting probability said that the outcome will happen once in
every ten realizations of the event. Therefore, if the event was repeated under
the same conditions ten times and the particular outcome happened once, this
forecast would be actually correct. Precisely because of that, we need multiple
realizations of the events to be able to correctly asses the accuracy.

Any good forecast has to be probabilistic, providing a range of possible
outcomes rather than just one number. This is because many events cannot
be forecasted precisely, such as the example with weather forecasts. Weather
is the result of a dynamic non-linear system, which means that the so-called
‘chaos theory’ applies. The behaviour of the system at one point influences
how it will behave in the future, which brings uncertainty and makes it rather
complicated to predict. Therefore, long-term weather forecasts might be less
accurate than just taking the historical records and calculating the average
temperatures in a given season, and that would not be caused by bad forecast-
ing, but by the nature of the system. Similar limitations will apply to forecasts
of election results, as they might be influenced by many different factors, that
are simultaneously very hard or even impossible to measure.

With uncertainty about the accuracy of the forecasts come doubts whether

the forecasts are conclusions of some meaningful expert analysis or just wild
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guesses, with no expertise behind them. And furthermore, there are also doubts
whether or not outcomes of political events in a dynamic world can even be
predicted. As a result of that in the mid-1980s, Philip Tetlock, a professor
of psychology, decided to run an experiment with the aim to measure the
accuracy of forecasts about the outcomes of political events made by experts.
He recruited almost three hundred experts for the experiment and asked them
to make predictions about outcomes during more than ten years, naming the
experiment “Expert Political Judgment” project and publishing the final result
in 2005 in a book of the same name. The results of this experiment showed
that on average the experts’ predictions were actually as accurate as random
guesses. However, a group of experts was determined, who were consistently
more accurate than the average forecaster, meaning that their forecasts were
well-calibrated. !

In the next section, we move on to election forecasting specifically, which
has a long tradition as well. Election forecasts can have an important economic
impact, by influencing stock prices, for example, as well as possibly affecting
the behaviour of voters. For this reason, it is not only an academic interest be

to able to determine which forecasts consistently perform the best.

2.2 Opinion polls

Surveys are a useful tool for researchers to get important information about
population by using specifically designed samples of respondents, which repre-
sent the entire population, as surveying the whole population is not possible.
Surveys are used in many fields such as market research, sociology, psychology,
etc. Opinion polls are a type of surveys, which serves to asses the distribution
of opinion about various social and political issues among the public. Political
polling, as one category of opinion polls, including parties’ preferences, has the
advantage of being able to be regularly compared to the actual state during
elections. Whereas in other fields, how well the poll results reflect the pub-
lic opinion about a certain issue can be hardly verified, while the accuracy of
election polls can be quantified and measured quite easily. And thus political
polling is in the interest of researchers and has been studied in the literature

thoroughly.

! Tetlock labeled this group “Superforecasters” and in a follow-up book, published in 2016,
he tries to define the attributes that make a regular forecaster into a superforecaster as well
as providing guidelines to accurate forecasting obtained during the experiment.
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2.2.1 Getting information from polls

Political polls are conducted regularly during the political cycle by multiple
polling agencies. As the preferences are not constant, each poll represents
the distribution of preferences in the population at the time at which the poll
was conducted. Naturally, there will be differences between each poll, which
may come from numerous sources. The variation between the polls is widely
discussed in the literature on survey methodology as well as in political science
in the case of election polling (see for example Zukin (2004)). We will now go
through the factors, that make the polls different one from another.

Firstly, each poll has its corresponding sampling error, which describes the
difference between the sample and the population, since no sample can perfectly
represent the whole population. If the sampling error is random, it can be
reduced by aggregating the polls, as it should sum up to zero over the polls,
we will discuss this later on.

Secondly, there are different types of polls depending on if all eligible vot-
ers are included, only likely voters or only decided voters. Also in some polls,
respondents choose multiple parties that they are considering voting for. Fur-
thermore, it depends on how the polls are conducted and how the samples are
created. There can be polls conducted by phone or online which will exclude
all households with potential voters who do not have access to phones or the
Internet, etc. These are collectively called design effects and are associated
with each specific poll.

Thirdly, there are the so-called house effects, which relate to the differences
between each polling agency. These might be correlated with the design effects,
as typically one agency uses a similar design for their polls. However, the
agencies usually provide multiple types of polls as well. The house effects then
represent, for example, the inherent bias in polls, when a given agency favours
a specific party on a long-term basis as compared to other polls. Historically,
some polling agencies tend to be leaning towards the left or the right of the
political spectrum (Wang et al., 2015).

Finally, we have the time effect. Therefore, if we account for all the dif-
ferences in the polls mentioned above, the only difference left among the polls
should represent the true opinion change in the population in time. Some shifts
in public opinion may be permanent, but others are only temporary. Wlezien
& Erikson (2003) model the preferences as a time series using a basic ARIMA
model, where the opinion changes are represented by shocks. The ARIMA
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model allows for persistent as well as decaying ’shocks’ to the preferences.

To be able to study the changes in preferences in the population, it is impor-
tant to distinguish between the poll errors and the true underlying preferences.
Green et al. (1999) demonstrate the use of Kalman filtering on polling data to
distinguish between actual shifts in preferences and movements caused by sam-
pling error. Due to sampling error in polls, we cannot directly observe the true
preferences in the population. Kalman filter calculates a weighted average from
the time series with weights based on the uncertainty about each observation.
We can calculate the filtered value for each observation, using the information
from previous periods. In the first period, we will take the filtered value equal
to the observed value F; = X; and we calculate the uncertainty as

2
er?

P1:0'12L+0'

where o7, is the sampling error and o7 is the variance in preferences. Now the

weight to calculate the filtered value in the next period is set as

15!

Wy = m. (2.1)
Finally, the filtered value for the second observation will be equal to
F=WyXo+ (1 —Wy)F, (2.2)
and the uncertainty for calculating the weight for the next observation is
Py = P (1 —Wy) + o2 (2.3)

The advantage of Kalman filtering is that once we calculate the correspondent
filtered value for a given observation, it contains all the information from pre-
vious observations. As we can see from 2.1 if the sampling error is high, the
weight given to the observations will be lower, whereas the weighted informa-
tion from previous polls will be given larger weight. On the other hand, if the
true variance in preferences is high, the observation from the most recent poll
will be given higher weight as it gives the most information about the true
preferences. Generally, the variability of opinion is important, the larger it is,
the less the previously conducted polls tell about the current state of the public
opinion (Green et al., 1999).

Thus Kalman filtering offers a useful method to study the changes in public
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opinion over time. Polls are conducted throughout the election cycle, more
frequently close to the election as would be anticipated. The polls get more
accurate the closer the election is, as more voters decide who to vote for. How-
ever, by analyzing the movements in opinion during the election cycles, Erikson
& Wlezien (1999) show that the electoral decision is in place before the start
of the election campaign. Jackman (2005) also uses a dynamic linear model to
study the changes in preferences during an election campaign. He corrects for
variation in the polls caused by the house effects to identify the true changes

in voters’ preferences.

Measuring poll accuracy

Each election presents an opportunity to look back at the pre-election polls,
to compare them with the actual results and determine, how accurate the
polls were. Researchers have dealt with this topic, Mosteller et al. (1949) first
proposed measures to evaluate the accuracy of election polls which became
prevalent in the following years. Out of the eight proposed measures, six were
based on the estimated proportion of votes received by the leading candidate
or the estimated margin between the leaders. Later on, the appropriateness
of these measures has been discussed as well. Mitofsky (1998) responded to
criticism of polls after US presidential election in 1996, when the majority of
polls overstated Clinton’s lead. Comparing the 1996 election to the presidential
election in 1948, when the polls actually predicted the wrong winner, they show
that by most of the measures of poll accuracy the 1996 polls were more accurate
then polls in 1948. Martin et al. (2005) review the measures and propose a new
one, serving as a summary measure. As the pre-election poll forecasts can be
evaluated directly after each election, they can considerably influence the public
opinion on polls” and surveys’ accuracy in general, which makes measuring the
accuracy important not only for election forecasting but for other research fields

as well.

2.2.2 From polls to forecasts

For a long time, raw polling data were used as the sole base for predicting the
results of any upcoming election. In early 2000s, poll aggregation became pop-
ular, especially with the use of the Internet. However, the aggregated polling
data, while increasing stability and accuracy of the prediction, still shows only

what the result would be, if the election was held on the day of the polls.
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Therefore, the prediction models were gradually transformed into probabilistic
forecasts with the predicted outcome changed from the share of votes gained
to the probability of victory.

The limitations of using only polling data are numerous and have been
discussed in literature thoroughly. Wlezien & Erikson (2003) show what the
polls tell about the preferences of voters over time. Using the polling data as
a forecast, we implicitly assume that all previous changes in preferences will
persists, which is usually not true as many movements in the preferences may
be only temporary. The authors model the voters’ preferences using a basic
ARIMA model, which allows for persistent as well as decaying ’shocks’ to the
preferences.

Aggregating the polls might improve the accuracy, still it does not solve all
the issues. It will decrease the variance of the forecast, but if there is some
implicit bias present in multiple polls, the performance will not improve (Wright
& Wright, 2018). Aggregating works on the assumption that the sample error
is random and therefore should sum to zero across the polls, however it does
not improve the performance if there are non-random errors.

Generally, representative samples are taken as a necessary condition for
opinion polls to be able to reflect the population as a whole. However, con-
ducting polls on representative samples may be costly and time ineffective.
Wang et al. (2015) show that using non-representative samples for election
forecasting can produce similar or even more accurate forecasts with appropri-
ate adjustments, including poststratification and multilevel regression. These
findings are promising even for other fields relying on public opinion polls, as
collecting data from non-representative samples, e.g. with online surveys or on

social media, is much cheaper and less time consuming.

2.3 Forecasting models

Another approach for predicting the outcome of an election is the so called cit-
izen forecasting (Lewis-Beck & Skalaban, 1989). This method uses the wisdom
of crowds by getting information from the general public. Whereas traditional
election polls ask the respondents who they will, or consider to, vote for, in citi-
zen forecasting respondents are asked what they think the result will be, which
makes this approach similar in some way to prediction markets. If we assume
that the expectations are randomly distributed, by aggregating them we cancel

out the random errors and therefore the aggregated prediction should be more
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accurate. Nevertheless, same as with the vote intention polls, this approach
cancels out only random errors, whereas non-random errors will not be canceled
and can still offset the forecast. Citizen forecasting in theory is an extension
of Condorcet’s jury theorem originally stated in 1785 (Condorcet, 1785). The
theorem states that if individual group members have probability of predicting
the correct outcome higher than 0.5, the probability of correct group prediction
will increase rapidly towards infinity with increasing the group size. The theo-
rem was derived under three main assumptions: group members’ expectations
are independent, the probability of correct prediction is equal for all members,
and the concerning decision is binary. Later on, researchers have generalized
the theorem and showed that it still holds without these assumptions (see for
example Grofman et al. (1983) and List & Goodin (2001)).

Lewis-Beck & Skalaban (1989) tested citizen forecasting on US elections and
showed that voters are generally able to predict the winner in advance of the
election itself. They also tested factors which may affect the ability to forecast
such as political involvement, partisanship, or vote intention. The results show
that vote intention often makes the prediction biased towards the party the
respondent is going to vote for. Further on, Lewis-Beck & Stegmaier (2011)
show that the citizens were able to predict not only the election winner, but
also the resulting seat share in the UK General Election through the aggregated
citizen forecast.

Murr (2011) focuses on British elections and by applying the citizen fore-
casting at local level, asking the respondents to predict the results in their
corresponding constituencies, he directly predicts the actual seat share as the
election outcome. He argues that the citizens have more information about the
local political situation and therefore are able to form more precise forecasts.
Temporao et al. (2019) also apply citizen forecasting at constituency level to
predict the election in Canada with positive results.

Ganser & Riordan (2015) extend the research on citizen forecasting on the
case of German federal election in 2013. As Germany has a multi-party system,
rather then predicting the winner, they ask the respondents to predict exact
vote shares for each party. However, this task proved to be too complex as
the voters’ expectations were less accurate than vote intention polls. They also
identify higher volatility in the election results and weaker partisan preferences
in recent years, which makes election prediction more complicated.

Furthermore, Rothschild & Wolfers (2011) show that in the case of the

two-party long established system in the United States, voters’ forecasts are
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more precise than voters’ intention polls. Regardless of the fact, that voters’
expectations are to some extent influenced by their party affiliation or their
own decision of who they are intending to vote for.

There are also forecasting models based on fundamentals, which may be
useful especially in more stable political system with long established parties
with strong political programme. In multi-party political system, where the
governing body is formed from a coalition of parties, structural models are
much harder to use, as it is difficult to assign responsibility for economic and
political issues to individual parties. It is unclear if good economic situation
helps all the parties in the current coalition similarly, or how it affects the
parties in opposition (Walther, 2015).

Brown & Chappell Jr (1999) combine poll data with a fundamental model
and form continuous forecasts throughout the election cycle. They show that
including the polling data significantly improves the forecast based on historical
fundamentals only and that, in fact, with an appropriate approach, the polling
data leads the forecast. Rothschild (2015) builds forecasts based on polling
data, fundamental data and prediction market data. He shows that all three
data types have a significant effect on improving the efficiency of the forecasts.
He adjusts the weights of the different data types in the forecasts over time
and shows that combining them improves the outcome especially early on in
the cycle, as with the election approaching, the prediction market and polling
data get very close. He also explores the translation of raw polling data and
prediction market data into the forecast and gives further insight into those
issues.

Generally, many other variables may be included in the forecasting models
with the aim to improve their performance. Lewis-Beck & Tien (2018) use
candidate-specific variables as predictors in their model and show that it in-
creases the accuracy, however the effects are minimal. Nevertheless, as elections
are not that frequent and therefore the number of observations is very limited,

including multiple variables in the model may very often result in overfitting.

2.3.1 Multi-party systems

The stable two-party system, such as in the USA, makes an ideal target for
forecasters. The elections always have one clear winner, which is not the case
in countries with multi-party parliamentary systems with proportional repre-

sentation. To forecast those types of elections, the models have to be adjusted,
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among other things, the need for at least some polling data is clear as pure
structural models are hard to apply (Walther, 2015). Alternatively, researchers
can change the outcome variable from the election winner to the combined votes
share of the governing parties (e.g. Norpoth & Gschwend (2010), Aichholzer
& Willmann (2014)).

Walther (2015) show that the dynamic linear model can be applied to multi-
party systems as well, to predict the election outcome from polling data, testing
it on election data from Germany and Sweden. This approach also works well
for newly established parties, whereas models based on fundamentals cannot
predict the result for parties with no political history.

The issues arising in multi-party systems can be overcome by changing the
predicted outcome. Norpoth & Gschwend (2010) build a structural forecast
model, similar to models developed for US presidential elections, predicting the
combined vote share for the currently governing parties in German Bundestag
elections. Their model also includes data from opinion surveys with the main
predictors being the long-term partisanship, chancellor approval and declining
incumbent support. Aichholzer & Willmann (2014) forecast the combined vote
share of the ‘grand coalition’, comprising of two mainstream parties, in the 2013
Austrian parliamentary election. They use unemployment rates, incumbency
and dealignment over time as the predictors in their fundamentals forecast
model. Using the combined vote share as the outcome variable, which is to be
predicted, allows building the model based on economic performance, where
it is assumed that the voters hold all governing parties accountable for the

economic performance of the country during their tenure.

2.3.2 Model comparison

Further research has been done to evaluate the performance of forecasting mod-
els using different types of information. Rothschild (2009) showed that for
predicting the 2008 US presidential election, prediction markets based models
were more accurate early on in the cycle as compared to the poll-based fore-
cast. However, both types of forecasts suffer from inherent biases, therefore the
model predictions are de-biased and the results might be different depending
on the method used for minimizing the biases. In Rothschild (2015) the author
argues, that combining various data sources into one forecast brings advantage
mainly early on in the election cycle, with time coming closer to the election

the individual forecasts converge together. Another forecast comparison was
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done by Reade & Williams (2019), who combine polls with multiple prediction
markets. They transform opinion polls into probabilistic vote share forecast,
correcting for known and unknown bias, to be able to compare it with predic-
tion markets. They conclude that the polls, after correcting, exhibit only little

bias, whereas the prediction markets are more precise.

2.4 Election forecasting in the United States

The main idea behind the methodology of this thesis is built mostly on fore-
casting models for elections in the United States. Election forecasting has a
long tradition in the US, as the stable two-party political system allows for

building forecasting models on a lot of available data.

FiveThirtyEight.com

FiveThirtyEight is run by Nate Silver and started as a poll-aggregation web-
site in 2008. In the same year, he correctly predicted the outcome of the US
2008 presidential election in all but two states. The primary forecasting model
is based on polling average, with weights assigned to different polls based on
their historic track record, recentness, and the sample size. FiveThirtyEight
have developed an elaborate five-step pollster rating system, collecting polls
for presidential general elections, presidential primaries, senate elections, gu-
bernatorial elections and US House elections dating from 1998 and assessing
their accuracy (Silver, 2014), which is then used to appropriately calculate the
polling average. The website provides a detailed description of their method-
ology as well as the data collected to the public.

The polling average is then combined with a regression-based model ana-
lyzing the demographic data. As shown in figure 2.2, the polls are given more
weight in the forecast getting close to the election date itself, as there are more
polls available and they are more accurate, because more people have decided
who they are going to vote for (Silver, 2016). During the pre-election period,
the authors of the website usually present three types of models - the poll av-
erage, polls-plus forecast and a nowcast. The poll average weighs all available
polls, the polls-plus forecast incorporates also the fundamental data into the
model, the nowcast predicts what the election result would be if the election

was held today.
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Polls-plus becomes pure polling by Election Day
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Figure 2.2: Shares of polls and the regression model in the forecast

Source: FiveThirtyFEight

PredictWise.com

PredictWise, on the other hand, is a website which provides forecasts by com-
bining polls and market data from prediction markets, it was founded by the
economist David Rothschild. Prediction markets aggregate different beliefs
over an unknown future outcome by trading binary options. They can be seen
as crowdsourcing all the relevant information available about an event. Accord-
ing to the Efficient market hypothesis (EMH), which will be discussed in more
detail in the next section, if the beliefs are formed independently and infor-
mation is diversely distributed, aggregating the beliefs on prediction markets
should result in revealing the true probability of an event. PredictWise col-
lects information from six different prediction markets, the collected prices are
then de-biased and normalized. The website publishes predictions on politics,

sports, entertainment and finance.

Pollster.com

Pollster.com is a website that focuses on aggregating various polls, it does not
provide forecasts about outcomes, but the polling average is calculated using
the locally weighted moving average or local regression (LOESS) method. It
has the longest tradition out of the three websites.? They aggregate all avail-

2The original Pollster.com has been since renamed as HuffPost Pollster, now available at
https://elections.huffingtonpost.com/pollster


https://elections.huffingtonpost.com/pollster

2. Background and Literature Review 16

able polls conducted on representative samples. Similarly to FiveThirtyFight,
Pollster publishes and regularly updates topical statistics, such as the current

presidential approval rating.

Apart from these online services, US elections are also in the interest of
many academic researchers. Campbell & Lewis-Beck (2008) provide a lucid
overview of various forecasting models for the US presidential elections in the
academic literature. They include fundamental models based on economic mea-
sures (e.g. Lewis-Beck & Tien (1996), Erikson & Wlezien (1999)) as well as
poll-oriented forecasts (such as Pickup & Johnston (2005)).

2.5 Efficient market hypothesis

The idea to use betting markets as a forecasting tool for elections is in theory
based on the efficient market hypothesis. The EMH, as discussed in finance
as an investment theory, says that the market prices of assets are efficient,
in the sense that they reflect all available information and therefore investors
cannot consistently beat the market as the price movements represent only ran-
dom shocks which cannot be predicted. The EMH requires utility-maximizing
agents with rational expectations, who update their expectations after any new
information is revealed to them, which is then fully reflected in the prices.

The hypothesis has three different forms:

» weak-form efficiency - for the weak-form efficiency, past prices do not bear
any information that could be used for predicting the future prices, as

the current price reflects all available information

o semi-strong-form efficiency - the semi-strong-form contains an instanta-

neous reaction of prices to new information

o strong-form efficiency - with the strong-form efficiency the prices do not

reflect only the public information, but any private information as well

As it is assumed that the agents on the market are maximizing their utility,
whenever the current stock price does not reflect the actual value of the asset,
people will buy or sell stock and thus change its price until it corresponds to
the beliefs based on all available information. Prediction markets work on a
similar idea, but instead of trading stocks, they let people bet on the outcomes

of various events. Betting exchange is such a place, where agents can trade
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in real-time on the outcome of a discrete event. Each agent forms his own
beliefs about the probabilities of the different outcomes and compares them to
the betting odds. If they believe that the probability of the outcome is higher
than what the odds on the market represent, and if the agent is rational and
maximizing his utility, they should bet on the outcome to maximize his profit.
On the other hand, if he believes the probability to be lower, he should sell
to minimize the possible expected losses. In this way, whenever there is any
new relevant information, which might influence the event, the agents on the
market will update their beliefs and buy or sell accordingly, driving the odds
to the real probability.

Prediction markets reflect the so-called “wisdom of crowds”, people will
have different beliefs about the probabilities, but on average, the beliefs should
be correct and demonstrate the real probability of the outcome. The market
odds should contain all available information, public and private as well, as
agents who have access to any private information can also bet. Therefore
the prices on prediction markets predict the future events in a similar sense
as futures markets. The EMH is only a theory, which will hold under specific
circumstances, Manski (2006) analyzes the price determination on prediction
markets. He concludes that the prices do not reveal the mean belief, but rather
just a boundary for the belief, with the market participants often behaving as
risk-loving. The prices are also influenced by players’ budget, which means that
if we assume that the market price represents the average belief of the market
participants, the average should be weighed by their respective budgets. Similar
findings are also reached by Wolfers & Zitzewitz (2004) and Gjerstad & Hall
(2005). Wolfers & Zitzewitz (2004) summarizes that the prediction markets
have three important roles - they provide an incentive to seek information as
well as an incentive to truthfully reveal the information, and last but not least,

they act as an aggregator of diverse opinion.

2.6 Electoral system in the Czech Republic

The legislature in the Czech Republic is elected at a national level. Since 2013,
the president is elected directly every five years using a two-round runoff voting.
Members of the Chamber of Deputies are elected by proportional representation
with a four-year mandate, there are 200 deputies in total. The Senate has 81
members, each representing one constituency, they are elected by similar two-

round runoff voting as the president in their respective constituencies with a
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six-year mandate. One third of the seats are re-elected every other year. For
local governance, regional and municipal elections are held every four years.

The forecasting model has to be adapted to each election type. Generally,
the polling average with different weights for each kind of poll may be similar,
however the polls are conducted mainly for presidential and legislative elections,
for other types, the number of polls will be limited. The same applies to the
betting markets as bookmakers do not open betting for all elections.

The focus of this thesis is the legislative election held in October 2017, where
members of the Chamber of Deputies were elected. There is a minimum limit
set at 5 % of the popular vote that a party needs to gain in order to be voted
into the Chamber of Deputies. We will form forecasts for all parties, that were
above this minimal line in the election, which was nine parties altogether. In
appendix A a list of the political parties with their respective acronyms used
throughout this thesis is available. As often no one party obtains the majority
of the seats, the party with the largest seat share can either form a coalition

with other parties to have the majority or act as a minority government.



Chapter 3
Methodology

The main focus of this thesis is to build a general forecasting model for pre-
dicting the outcomes of elections held in the Czech Republic. The methodol-
ogy partly follows Nate Silver’s fivethirtyeight.com and David Rothschild’s
predictwise.com who forecast, among others, the results of elections in the
United States. However, it is adjusted to fit the different electoral system in
the Czech Republic. This section first describes a general forecasting model,
such as is most commonly used in the US, then the approach used in this thesis
is discussed in more details. As the aim of this thesis is to forecast the results
of a legislative election in a multi-party system, the outcome to be predicted is
the exact vote share gained by each party. The final model uses polling data
and betting odds.

A general forecasting model has three main components.
« polling average
o regression model

e betting market prices

Polling average

The first step for building the model is to collect, weigh and average polling
data. Before each election, there are numerous opinion polls conducted by
polling agencies and other institutions. If all of them are done with random
samples, then intuitively, averaging multiple polls should provide more precise

results, as the size of the sample is increasing. Also given that the measurement
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error of each poll is normally distributed, averaging the polls should eliminate
it, or at least decrease it. Nevertheless, some polling companies tend to be
more precise than others, depending on the methodology of the poll (Wright
& Wright, 2018). For example, the polls can be done on a sample of all eligi-
ble voters, on decided voters, or on likely voters, which will all give different
results. The precision also depends on the time of the poll, with the election
approaching the polls should get more precise as pre-election campaigns reach
their peak and most voters have decided who they are going to vote for. For
this reason, the polling average is not just a simple average of all the polls,
but each poll is given a different weight based on its historical accuracy, on the
sample size, and on the timing in regards to the election itself.

Generally, polls give information about what would the results be if the
election happened on the day when the poll was conducted, which means that
they do not account for uncertainty coming from events that will possibly
influence the voters’ decision after the polling data are collected. Therefore,
the polls themselves do not form a forecast, but they can be used as a Bayesian
prior probability for the resulting forecast.

One option to weigh the polls is to use dynamic state-space model (e.g.
Jackman (2005), Green et al. (1999), Pickup & Johnston (2005)). The model
extracts measurement and other poll-specific errors, to get the true changes
in preferences and weighs the polls by variance. If the variance is high, the
long-term average is given more weight, whereas if the variance is low, each
new observation should reflect the state of preferences at the given time better.
It is also useful if there is not much information to properly assess the historic
accuracy of individual polling companies or in multi-party systems, where there
might be newly established parties and the political scene is more dynamic in

general.

Adjusting polls

There are some factors that suggest the need to adjust the raw polling num-
bers. Typically, polls tend to have an anti-incumbency bias, which increases
when the current economic situation is not optimal (i.e. the bias is stronger
during economic recessions and weaker when the economy is going through an
expansion, for a more detailed discussion on incumbency bias, see e.g. Fowler
(2018)). Also, we might need to control for polls’ party-biases, historically,

some polling companies may tend to favour the candidates of a given party
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(or may traditionally be leaning towards the left or the right, (Wang et al.,
2015)). This would apply especially to polls conducted by the political parties
themselves, or by companies or media affiliated to a party or some politician.

Another option for improving the polling results is the trend line adjust-
ment. If several consecutive polls show a steady growth of support for one
candidate, we might expect this trend to continue towards the election and
therefore increase their chances given by the current poll numbers.

By aggregating the polls we decrease the variance. If we assume that the
measurement error is randomly distributed, it should sum to zero across all the
polls. Nevertheless, aggregating does not improve the prediction if there are
some non-random errors, such above mentioned party-bias or anti-incumbency

bias (Wright & Wright, 2018).

Regression model

The regression model includes information about fundamentals, such as the
current economic situation (inflation, unemployment,...), demographics, etc.
It is given more weight in the final forecast early on in the election cycle,
when not that many polls are available, however, the share of weight in the
forecast is decreasing in time. Regression models often suffer from overfitting,
especially if there are not enough observations as will be the case with Czech
elections. Therefore, such models cannot provide accurate forecasts for future
events (Babyak, 2004). The lack of observations and the resulting overfitting
is a serious problem for building a regression-based model for forecasting. For
example, when trying to forecast the outcome of the latest presidential election
in the Czech Republic, there is only one previous election that could be used
to build the model. Also with the traditional multiple-party system, it is more
difficult to forecast the results as compared to the two-party system in the
United States, where the two main parties have a strong consistent historical
track record of their views and policies on various topics and it is clear who the
voters take accountable for the present economic performance. In multi-party
systems, it is unclear how the economic performance will influence the voters’
preferences for a given a party, either in a governing coalition or in opposition,
as they might perceive each party accountable at a different level. Nevertheless,
to overcome this problem, the forecasting model can be built to predict the
combined vote share of the governing parties, viewing them accountable as a
whole (e.g. Aichholzer & Willmann (2014), Norpoth & Gschwend (2010)).
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Betting market prices

The idea behind including the prices on betting markets into the model for
forecasting comes from the efficient market hypothesis. Put simply, the prices
should reflect all available information at any given time. If someone had any
additional information which would make them believe that the current prices
are off, it would be rational for them to participate in the market (in the case
of betting market to place a bet) to gain a profit. This action would then move

the price to its fair value again comprising all available information.

Prediction markets

Prediction markets allow people to place bets on the outcome of different events.
They indicate what the public thinks is the probability of an event, following
the efficient market hypothesis, the prices on the market should reflect all
available information. There are three conditions which should hold, for that
to be true. Firstly, the information should be distributed diversely amongst
the public, secondly, the decisions should be made independently and thirdly,
the market organization should be decentralized.

The prediction markets have two main advantages. They aggregate vast
amounts of information, beliefs and data. Moreover, they are able to provide
truthful and relevant information through financial and other incentives. The
marginal trader hypothesis says that “there will always be someone seeking out
places when the crowd is wrong”, i.e. whenever there is a possibility of profit
coming from prices not reflecting the actual probabilities, a rational agent will
use it and drive the prices to the true probabilities. However, there are also
factors which may offset the prices.

Firstly, the prediction markets are susceptible to speculative bubbles, sim-
ilarly to any other investment-based financial markets. Speculative bubbles
occur when there are exaggerated expectations increasing the trading volume
and bringing more buyers than there are sellers pushing the price higher with-
out it actually having the underlying value.

Secondly, prediction markets can be used as a form of insurance against a
possible negative outcome of a particular event. By betting on the negative
outcome (negative meaning that the outcome leads to an expected financial
loss), even if the outcome has a low probability, the agents can insure them-

selves. Then in case the event results in the negative outcome and thus the
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expected financial loss occurs, it will be balanced by the winning bet. This
sort of self-insurance was, for example, common before the Brexit vote held in
United Kingdom in 2016 or during 2016 US presidential elections.

Thirdly, the prediction markets suffer from self-reinforcement. Generally,
the users of prediction markets have similar mindsets. When the players on
the market see that others have similar beliefs about the probabilities, they
might be persuaded to take the market odds as correct and not update for
new information. Therefore, they tend to get overconfident about their own
beliefs and if there is some information not supporting them they tend to not
account for it and only focus on the evidence supporting their convictions. This
kind of self-reinforcement could be observed before the Brexit vote, when the
prediction markets failed to anticipate the win of the ‘Leave’ side.

Finally, there is the so-called ‘favourite longshot bias’, which drives the
prices away from the actual probabilities at the tails. If an outcome has a very
high probability, the prices will not reflect it accurately, especially if it is a long
time before the event. It is because betting on the prediction markets comes
with transaction costs as well as opportunity costs from not holding the money

until the event occurs and the outcomes are revealed.

3.1 Model

The three components are then combined into one forecast and uncertainty is
introduced into the equation. The forecast does not give a precise prediction of
the actual results, but rather the probabilities of the most possible outcomes.
Bayesian inference is used to calculate the probabilities.

As mentioned above, the polling average gives the Bayesian prior probabil-
ity. The regression model and betting prices together form a signal, which is

used to update the prior beliefs to get the posterior probability.
E(posterior) = (1 — 0) - (value of the signal) 4+ 0 - E(prior),

Var(noise of the signal)

here 6 =
where Var(noise of the signal) + Var(prior)

The parameter 6 weighs the information coming from the signal and the
prior based on their variance. If the signal is noisy (the variance is large)
more weight will be given to the prior, if the prior has large variance, more

weight will be given to the signal (Rothschild, 2015). For example, as the
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election approaches, the polls get more precise and their variance goes down.
Therefore, the closer to the election, the more weight will be given to the
prior, whereas if there is a long time to the election, there are generally only
a few polls available, as well as a lot of undecided voters, which increases the
variance of the polls and in the forecast more weight will be given to the signal.
Figure 3.1 illustrates how the initial belief, i.e. the prior probability, is updated
using the information coming from the signal to form the posterior probability

distribution.
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Figure 3.1: Bayesian posterior distribution

If we assume that the measurement error of the polls is normally distributed
across them with a zero mean, the prior should be unbiased with the expected
value equal to the actual outcome.

The forecasting model in this thesis is an extended version of a model de-
veloped by kdovyhrajevolby.cz for the 2017 legislative election, the results

of which were published online.

3.2 Hypotheses

The final model built following the methodology described in this section is
used in this thesis to forecast the results of the legislative election in the Czech
Republic held in October 2017. Subsequently, the model can be used for future

elections as well with adjustments for the current situations.
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Hypothesis #1 Aggregating numerous pre-election surveys improves the re-
sults in terms of predicting the outcome of elections as compared to looking
only at one survey. In other words, the aggregated average performs better in

the long-term than any individual survey for predicting the election results.

Hypothesis #2 Including soft information in the form of prices on betting

markets improves the performance of the election forecast.

The performance of the model will be also evaluated with an out of sample
forecast for the most recently held elections. Furthermore, the accuracy of
each type of forecast will be evaluated on its own, as well as their different
combinations, with the aim to find the method which gives consistently as

accurate predictions as possible.

3.3 Dynamic linear model

Poll results are influenced by numerous factors, which may skew the polled
preferences, from the true preferences in the population. As was discussed in
section 2.2.1, these include the sampling error, but also house and design ef-
fects connected with the poll’s structure and the polling agency. Figure 3.2
shows the polled vote share for ANO, during three year period before the 2017
legislative election together with the changes in the preferences between each
poll. The poll results are very volatile and it is obvious that the movements
in the raw polling data are not reflecting only the true shifts in the underly-
ing preferences, but are affected by other factors. Therefore, to estimate the
preferences from the polling data, Kalman filter method is used (according to
Green et al. (1999)).

Traditionally, Kalman filtering is a statistical method used mainly in engi-
neering to analyze state-space models. The method helps to extract the signal
from the noise in the data. In this thesis, Kalman filtering is applied to polling
data to distinguish between genuine movements in public opinion and random
movements caused by sampling error.

We are interested in the true preferences which are not observed but are
measured by polls. However, as polls are conducted only on a small portion
of the population, the information they give about the true preferences is not
perfect. We want to estimate the underlying preferences from the polling data,

therefore, we need to remove the noise caused by sampling errors. The state-
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Figure 3.2: Vote share from polls for ANO

space model in a general form is described by a set of two equations - the

measurement equation:

Y(t)=H- - X(t)+v(t), wv(t)~ N(,R) (3.1)

Where Y (t) are the observed values, X () are the underlying preferences (or
states in the state-space model), H is the transformation of states matrix and
v(t) is a vector for the measurement errors. Secondly, there is the transition
equation, which represents the dynamic process driving the preferences, the
current state is a modification of the state in the previous period, with w(t)

being the transition (state) error:

X(t)=A+F-X(t—1)+ult), v(t)~N©0,Q), (3.2)

We will assume that the measurement error and transition error are inde-
pendent, i.e. Cov(u(t),v(t)) = 0.

The measurement equation 3.1 can be decomposed into trend and cycle, to
better represent the cyclical changes in the preferences. The two equations will

then have the following form. First the measurement equation is expressed as

trend(t)
Y(t) = [hmhohs] - | cycle(t) |+v(t), v(t)~ N(0,sigmaR). (3.3)
cycle(t — 1)
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And the transition equation is

trend(t) ay fir fie fis| [trend(t —1) uq (t)
cycle(t) | = lag| + |for fao fos|-|cycle(t —1)| + |ua(t)|,
cycle(t — 1) as far fa2 fas| |cycle(t —2) us(t)
u(t) ~ N(0, sigma@Q). (3.4)

To be able to identify the model, we need to set some restrictions on the
parameters, otherwise, the estimation will not converge. For the measurement
equation, we restrict hy = 1, ho = 1 and hg = 0. For the transition equation,
we need restrictions for each of the decomposed parts. For the trend equation,
we set fi1 = 1 and fi5 = fi3 = 0, for the cycle equation fs; = as = 0 and the
last equation, which is representing the lagged cycle identity, we have f3» = 1
and f3; = f33 = ag = 0. And finally, the variance matrix ) for the transition

error is diagonal. The final model now has the following form:

e measurement equation

trend(t)
Y(t) =[110] - | cycle(t) |+v(t), wv(t)~ N(0,sigmaR) (3.5)
cycle(t — 1)
e transition equation
trend(t) a| |1 0 0| [trend(t—1)] |ui(?)
cycle(t) | =10+ |0 fao fosz| |cycle(t—1)|+ |ua(t)|,

cycle(t — 1) 0 0 1 0 cycle(t — 2) ug(t)
stgma)y 0 0
u(t) ~ N, 0 sigma@s 0]). (3.6)
0 0 0

The variance matrix R for the measurement error will be represented by
sample errors from each poll. The parameters left to be estimated by the model
are then aq, fo9, fo3, sigma@, and sigma(),. The Kalman filter algorithm uses
the maximum likelihood method to estimate the parameters of the model.
Polls with larger sample error are given less weight, for example, polls with

larger sample size should have lower sample error and therefore will be given



3. Methodology 28

higher weight. The model is first calculated with guessed parameters which
are optimized in the next step using the maximum likelihood estimation. Each
party’s preferences are taken as a separate time series, therefore the model
parameters are estimated individually for each of the parties.

The final model with estimated parameters can then be used to forecast
the changes in preferences and thus the election results. The forecast is created
using Monte Carlo simulation and calculating the prediction from the estimated
Kalman filter model going into the next period. 95 % confidence interval is then
calculated from the simulations for the forecast.

Kalman filter uses only the previously observed values for the estimation,
which is why it is useful for forecasting. Nevertheless, for ex-post estimation we
can also use Kalman Smoother, which uses also observations from the following
periods for the maximum likelihood estimation of the parameters and therefore

should be more precise as it benefits from more information in the data.

3.4 Translating odds into probabilities

The next part of the model is based on betting market odds, we need to make
some transformations to be able to properly translate the odds into probabili-

ties, which are described in the following section.

3.4.1 Estimating the mean

The odds offered on the probabilities to win will not give us much information
in the case of a multi-party system, as we are interested in the actual vote
share gained by a given party, rather than the winner of the election. For the
forecast, we can use the odds offered on exact vote share for each party. They
are set in a way, in which the agency determines a probable vote share level
for the given party and sets the probabilities that the actual vote share will
be below or above this level based on their beliefs. Early in the election cycle,
when the odds are set for the first time, the probabilities are often symmetric
around the determined vote share level. Such was the case for the party ANO,
for which the first odds offered on the 30th of May were 1 to 1.85 that the
vote share will be between 0 and 26.99 % and 1 to 1.85 that it will be 27 % or
higher. Translating these into probabilities and scaling to sum to 1, we get a 50
% probability, that the vote share will be lower than 27 % and 50 % probability
that it will be higher than 27 %. We assume that the actual vote share can
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be represented by a random variable following normal distribution around the
determined level of 27 %, which illustrates the underlying uncertainty. This is
represented in figure 3.3, where the mean is set at 27 % of the vote share and
we assume, that the actual vote share will fall, with the probability of 95 %,
somewhere in the shaded area, which is calculated from the standard deviation

of the assumed distribution.

Normal Curve, mean= 27,8D= 1.5
Shaded Area = 0.95
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Figure 3.3: Normal distribution - probability distribution function

Nevertheless, this works well only when the odds are symmetric, and in
most cases the probabilities given by the odds that the actual vote share will
be above or below the determined level differ. Figure 3.4 illustrates that case,
in the figure the threshold, at which the odds are set, is equal to 27 % of the
votes. However, the probability that the vote share will be lower than these 27
%, represented by the shaded area, is equal to 84.13 %. Consequently, the true
mean in this example would be equal to 25.5 % as the expected vote share.
Therefore, we need to adjust the mean to form the actual forecast. To do
so, I first generate a sample from normal distribution as if the probabilities
were symmetric (i.e. the mean of the normal distribution is the boundary of
the odds), but then resample again with probabilities assigned according to
whether the observation is below or above the determined vote share level.
By resampling, a new sample is created, which corresponds perfectly with the
probabilities given by the odds. From this sample, we calculate the mean as

well as the 95% confidence interval, which creates the forecast.
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Figure 3.4: Normal distribution - probability distribution function -
adjusting the mean

3.4.2 Estimating the standard deviation

So far, we have focused on the mean of the underlying normal distribution
for the vote share. However, we also need to estimate the second parameter,
the standard deviation, to know how steep the curve plotting the probability
density is. I will approximate the standard deviation, using the case when two
different sets of odds with different vote share level are set for a given party
at the same time. This gives us two points on the curve, and by adjusting the
parameters to fit the odds, we can approximate the standard deviation. As we
assume, that the vote share is normally distributed, the odds represent points

on the cumulative distribution function given as:

P(X<x):F(a:):/$ L Gl gty

—c0 O\ 2T 202

Table 3.1 shows two sets of odds offered for ANO at the same time, from
them we get the two points on the distribution function P(X < 25.5) =
F(25.5) = 0.62 and P(X < 27) = F(27) = 0.9. Using these two points I
have approximated the distribution by adjusting the parameters and the stan-
dard deviation is roughly equal to 1.5.

We will assume that this is the basic standard deviation that the betting

agency is calculating with. However, it is still only an approximation of the true
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odds probability

0-2549% 1:1.75 62%
25.5 % and more 1:1.95 38%
0-26.99 % 1:1.2 90%
27 % and more 1:4 10%

Table 3.1: Odds - ANO, 20.9.2017 10:32

distribution representing the attached uncertainty. Therefore we will also cal-
culate forecasts and corresponding confidence interval with increased standard

deviation.



Chapter 4

Data

The forecasting model in this thesis combines two types of data, firstly, the

voters’ intention polls and secondly, the betting market odds.

4.1 Polling data

There are several different types of polls depending on the structure of the
questions and on which respondents are included. Generally, we can distinguish

five main types:

o Electoral model - an estimate of the election results, included are only
the answers of respondents, who intend to vote. Undecided voters are

not included.

o Party preferences - an estimate of the party’s popularity. Contains also

respondents who do not intend to vote.

« Election potential - how many votes would the party gain if everyone who
considers voting for it would do so. Respondents can state multiple par-
ties, included are all respondents who do not exclude their participation

in the election.
o Electoral core - voters who are firmly decided to vote for a given party.

o Election prognosis - forecast of the election results made by polling agen-

cies. The actual methodology for creating the forecast is usually not
published.
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The most accurate representation of the situation on the election day, that
can be used for building a forecasting model is, therefore, the electoral model
(excluding the election prognoses, which are forecasts in themselves). The
other types of polls indicate movements and changes in public opinion. Polling
agencies publish all types of polls regularly during the whole election cycle. We
start the model for the 2017 election with polls from January 2015 onwards,
up until the election (the Czech law prohibits to publish election polls in the
period starting three days before the election until the voting closes, in order
not to influence voters’ decision). In those almost three years, 118 electoral
models were published by 9 different polling agencies. Figure 4.1 shows the
number of polls conducted each month during the period. Depending on the
agency’s methodology, some polls can be conducted over multiple days, some
are taken over a month, some collect data only one day. There can also be a
delay between when the poll was conducted and when it was published. For

each poll, we take the last day that the data was collected for it as its date.

£

W

number of polls

Q'\-IGJ Q"f’ 0-,:: d\‘:: Q"::' Q":J d\-% 0'!50 Q}‘a Q"\b Q,'\.b 0‘&‘0 d‘:‘ g'!:‘l Q{\' Q-"G Q’G
1“!' P S N Sl e by - ol NG Ly e iy Sy ol N i
B R S N B W R e e W R

Figure 4.1: Number of polls conducted each month

Table 4.1 summarizes the number of polls published by each agency together
with their average standard errors. We calculate the sampling errors from
the polls’ sample sizes, most often the polling agency reports an approximate
sampling error with a range of around 2 percentage points. The calculated
sample errors are usually slightly above the average of the reported range. Some
of the polls include coalitions of two or more parties, in that case, the polled

vote share is divided equally between the parties included in the coalition, as
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in the case of the 2017 legislative election all main parties stood separately
as candidates. Two parties announced their separate candidature later on in
the election cycle, namely SPD, which was established only in June 2015 and
announced its candidature in November 2016, and STAN, which stood as a
separate movement for the first time in this election. For this reason, the polls

started including these parties only later on.

number of polls average standard error

SANEP 24 1.52%
CVVM 24 2.92%
TNS Aisa 19 2.62%
MEDIAN 21 2.63%
PPF Factum 6 2.6%

STEM 11 2.82%
Médea Research 4 2.94%
Kantar TNS 5 2.72%
Focus 4 3.23%
total 118 2.51 %

Table 4.1: Polls by polling agencies - number of polls and standard
errors

Each party’s preferences are treated as a separate time series in the model.
However, the polls have their associated standard errors, which apply to all
parties in the given poll. This causes some issues for the parties with low
expected vote share, which will also be discussed later, as the poll’ standard
error is relatively higher for parties with lower vote share as compared to parties
with higher vote share. We estimate the preferences of all parties, whose vote
share on the election day was higher than the minimum threshold to get in the
Chamber of Deputies set at 5 % of the public vote. Altogether, nine parties
obtained at least those five per cent and were therefore elected into the Chamber

of Deputies.

4.2 Betting odds

The odds are primarily set by betting offices, who offer bets on different events.
They set the initial odds based on their beliefs, which are then continuously

updated with new information. That can be either events connected with the



4. Data 35

election campaigns, including television and online debates, the publication of
new polls or the behaviour of betters, which can reveal some private information
not reflected in the betting prices so far.

Most often, when the prices on prediction markets are used to predict elec-
tions, they are set as probabilities to win in two-party (or two-candidates)
systems, such as the case of US elections. However, as the aim here is to fore-
cast the exact vote shares for each party, the probabilities of winning do not
give sufficient information. Therefore, odds that are set on exact vote shares
are used in the model. The odds and how they are translated into probabilities
have been already described in the methodology, section 3.4.

As the election campaign officially started in May 2017, the first odds were
offered by the polling agencies around the same time. We mainly focus on
three parties, for which we have the complete data on the changes in the odds
up until the time of the election itself. In figure 4.2 the number of updates in
the odds in the months before the election for each party is shown. We can
see that close to the election, the odds are updated more frequently, as there
is new information coming, more people place their bets and the expectations

are formed more precisely.
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Figure 4.2: Number of changes in odds

For the actual election forecast, we use the last odds that were available on
the betting market right before the start of the voting. This gives an advantage
to the odds forecast as the polls cannot be published before the election, but
betting market prices can change up until the election itself, reacting to last-

minute changes in the preferences.



Chapter 5

Results

5.1 Preferences from polls

To get the underlying preferences from the polling data, the Kalman filter
method was used to separate the signal from the noise in the data. The algo-
rithm updates the model parameters with each new observation, i.e. with each
published poll. Figure 5.1 plots the polled vote share for ANO together with
the filtered values representing the true preferences. From the graph, we can
see that the Kalman filter decreases the variance and computes a smoothed
average from the polls. Figure 5.2 shows the filtered poll results for all parties,
which were voted into the Chamber of Deputies (i.e. obtained at least 5 % of
the popular vote) in the 2017 legislative election, starting from January 2015.

FPaoll results and true preferences |

]
o
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Foll results

[\//JL — True preferences
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Figure 5.1: Estimated preferences for ANO from polls using Kalman
filter

Each poll has its specific sampling error, which is taken as the measurement
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error in the state space model. The average sampling error across all polls is
around 2.5 percentage points. This is rather high for parties with low expected
vote share, because for parties with estimated preferences at around 5 % of the
public vote, this regular sampling error means possible differences of up to 50
% between the polled value and the actual one. This means that the Kalman
filter puts most of the weight on the long-term average as the variance in the
individual polls is relatively high and the resulting estimated true preferences

are almost perfectly smoothed.

5.2 Poll forecast

Using the maximum likelihood method, I have estimated the parameters of the
underlying dynamic linear model, which describes the movements of preferences
for each party. The model with the estimated parameters is then used to
forecast the vote shares gained in the election by each party using the Monte
Carlo Simulation. Figure 5.3 shows the 95 % confidence interval for each party’s
vote share calculated from the simulations. The red dots represent the actual

results of the election.
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Figure 5.3: Forecasts with confidence intervals

As was mentioned above, for parties with a lower vote share the sampling
error in the polls is very high as compared to the vote share. This results in
Kalman filter putting most of the weight on the long-term average, which means
that the final polls’ forecasts then have very low variance, as the algorithm
predicts that the vote share will follow the long-term average after accounting

for the measurement error. This is also caused by the fact that we calculate the
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forecast right before the election, therefore the model assumes that the latest
poll-average will be a close representation of the true preferences. If we create
the forecast more in advance, some additional variance should be included in
the poll forecast accounting for the future possible changes in the preferences.
The actual vote shares are within the confidence intervals only for two parties
- ANO and KDU-CSL, three other parties are relatively close - namely ODS,
TOP 09 and STAN. For the remaining four parties the forecasts are more than

three percentage points off.

5.3 Betting odds

As was described in section 3.4, the odds from the betting market are translated
into estimated vote shares, which creates the forecast. First, taking the odds
on gained vote share for each party, a normal distribution with the boundary
of the odds being the mean is generated and then a sample is drawn from this
distribution based on the probabilities calculated from the offered odds. The
first odds on percentages of the votes were offered at the start of the official
election campaign in May 2017. They are then regularly updated, based on
new information, such as newly published polls, important events in the election
campaign, or realized bets, which may reveal previously unknown information.
Figure 5.4 shows the development of the odds forecast, i.e. the estimated mean
for the vote share, for the three selected parties, for which we have the complete
data.

Taking the final odds offered right before the start of the election, we will
calculate the predicted vote share and its confidence interval for each party that
was above the minimal level of 5 % of the popular vote to be voted into the
Chamber of Deputies. Figure 5.5 shows the forecasts with their 95 % confidence
intervals, calculated from the samples drawn based on the probabilities. The
red dots represent the actual result of the party in the election. The results
of two parties, SPD and KDU-CSL, are within the confidence intervals, next
three parties, ODS, TOP 09 and STAN, are just on the edge of their confidence
interval. For the remaining four parties, namely ANO, Pirates, KSCM, and
CSSD, the actual election results are outside the forecasted confidence intervals

for the vote shares.
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Figure 5.5: Odds forecasts with confidence intervals, sd = 1.5

As the parameters for the odds forecasts are only an approximation, we also
create forecasts with increased standard deviation. The confidence intervals are
again calculated from samples drawn based on the probabilities from the odds
from the generated normal distributions. The resulting confidence intervals are

plotted in figure 5.6 with red dots depicting the election results.
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Figure 5.6: Odds forecasts with confidence intervals, sd = 4.5

Now we have the results of five of the parties within their confidence inter-
vals. Two others are on the edges and two are still outside of their respective
confidence intervals. Nevertheless, by increasing the standard deviation and
thus allowing for more uncertainty in the forecast, we were able to create more

accurate forecasts.

5.4 Combined forecast

Next, we want to combine the information from the polls with the information
from the betting odds to form one forecast. The polls are taken as a Bayesian
prior distribution, which is updated by the betting odds, i.e. the signal, to
get the posterior probability. The signal represents some observed data, based
on which we can update our prior beliefs about the probabilities. The two
are weighed by variance. If there is high variance in the polls, they will be
given less weight, if the variance in the polls is low, the information from polls
will have more weight. As was already discussed, the Kalman filter puts most
of the weight on the long-term average for parties with low vote share and
does not allow for much variance in the poll forecasts, as it treats most of the
fluctuations in preferences as pure measurement errors. We, therefore, restrict
the variance at a minimal value equal to 0.10, in order for both of the data
types being still at least somehow accounted for in the combined forecast, as
otherwise, the variance of the poll forecast converges to zero for some of the
parties and the combined forecast would put all of the weight only on the polls.
With the exception of ANO, the combined forecast still puts most of the weight
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on the polls and only very little on the odds. Table 5.1 summarizes the odds
and polls forecasts for each party, together with the weights used to calculate

the combined forecast.

signal - odds prior - polls posterior

mean variance weight mean variance weight — mean

ANO 24.63 2.27 0.85 | 27.66 12.49 0.15 25.10
ODS 10.12 2.17 0.12 9.75 0.30 0.88 9.80
Pirates 7.58 2.22 0.04 2.70 0.10 0.96 5.78
SPD 9.86 2.09 0.05 7.52 0.10 0.95 7.63
KSCM 11.21 2.26 0.04 | 12.06 0.10 0.96 12.03
CSSD 12.50 2.27 0.04 | 12.99 0.10 0.96 12.97
KDU-CSL 5.80 2.28 0.04 5.87 0.10 0.96 5.87
TOP 09 6.29 2.25 0.04 6.30 0.10 0.96 6.30
STAN 3.87 2.28 0.04 4.04 0.10 0.96 4.03

Table 5.1: Combined forecasts

Nevertheless, similar results are presented by Rothschild (2015), who weighs
three types of data in his forecast - fundamental model, the polls, and prediction
markets. Towards the election day, the weight on polls in the forecasts is over
80 %, with most of the remaining weight being put on the fundamental data
(which we do not use here as it is not suitable for multi-party systems) and
only a very little weight put on the prediction markets. In this sense the model

for the combined forecast in this thesis is analogous.

5.5 Comparing forecasts

Now, we can compare the forecasts and determine, which was the most accu-
rate. First, we look at the development of the polls’ and odds’ forecast in the
months coming to the election. The filtered poll data comprise information
from all previous polls, as the algorithm is updated with each new observation,
whereas the odds are taken as a new forecast each time they were updated by
the polling agency. Figure 5.7 shows the filtered poll results and odds forecast
for ANO. The dashed line represents the actual vote share obtained by ANO
in the election in October. We can see that the polls were relatively closer to

the actual vote share during the whole time period, however, both polls and
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odds, predicted a decline in the preferences close to the election, which did not

turn out to be true.
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Figure 5.7: Comparison of polls and odds - ANO

For CSSD, the odds started higher than the polls, however, they got close
over time and the odds forecast also detected a decline in preferences before
the election. The filtered polls show only a slow steady decline over time. The

comparison is shown in figure 5.8.
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Figure 5.8: Comparison of polls and odds - CSSD

We also looked at the development of polled expected vote shares and odds
forecasts for the Pirate Party shown in figure 5.9. The odds were predicting
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higher vote share throughout the election cycle, than what was expected based
on the conducted polls. Even though the odds’ predicted vote share increases
right before the election, it still underestimates the actual result. Especially
for the Pirate party, we can see that the odds follow the polls quite closely.
For ANO, on the other hand, the betting agencies might have been calculating
with some bias in the polls, as they were expecting the resulting vote share to

be lower, although it was in the end actually higher, than the polls suggested.
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Figure 5.9: Comparison of polls and odds - Pirate party

To assess the accuracy of the forecasts, we will use two measures. The mean

absolute error, calculated as

S lyi — 4
n

MAE =

is the average absolute difference. We also calculate the root mean square

error, which is the square root of averaged square errors.

n . 2.2
RMSE — \/le(yl xl)
n

Both measures are scale-dependent, with the RMSE being much more sen-
sitive to outliers. Table 5.2 shows the individual forecasts and their respective
MAEs and RMSEs.

Comparing the results by the RMSE and MAE, the odds’ forecast is in total
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polls  odds combined election results

ANO 27.66  24.63  25.10 29.64
ODS 9.75 1012 9.80 11.32
Pirates 57 758 578 10.79
SPD 752 980 7.3 10.64
KSCM 1206 11.21  12.03 7.76
CSSD 1209 1250 1297 7.27
KDU-CSL 587 580 587 5.8
TOP 09 6.30 629  6.30 5.31
STAN 404 387 4.03 5.18
RMSE 1061 883  12.23

MAE 266 235 292

Table 5.2: Forecasts’ comparison

the closest to the actual results. This is mainly due to the fact, that the odds
were able to predict increase in preferences for two parties, which were newly
elected into the Chamber of Deputies, namely the Pirate party and SPD. On
the other hand, polls were closer to the actual result for the biggest party ANO.
The combined forecast performs the worst as would be expected based on the
weights as it is mostly similar to the polls only with the exception of ANO,
where it puts most of the weight on the odds, which were however further from
the final results. As Rothschild (2015) notes, combining the forecasts brings
the most advantage early on in the election cycle. The more time between the
polls and the election the more uncertainty that brings to the forecasts. We
did not deal with thoroughly with the timing of the polls and the increasing
uncertainty, as we made forecasts based on the data available at the time just
before the election. The time aspect should be further acknowledged when

applying the model on any upcoming elections.

5.6 Discussion

From previous research, both types of data used in the forecasting model offer
room for adjustments to make the forecasts more precise (Rothschild, 2015).
The prices on betting markets are skewed by the margin of the betting agency;,
which needs to earn some profit. The prices may also be distorted due to the
players participating behaving in a risk-loving manner (Wolfers & Zitzewitz,
2004). For polls, we need to properly weigh the individual polls to calculate the
average (Silver, 2014). Some researchers also adjust the polls for present bias,
e.g. Jackman (2005) who pools the polls, which reduces the sampling errors

and adjusts them, distinguishing between the random sampling errors and non-



5. Results 46

sampling errors, namely house effects, at which we will look more closely in the

next section.

5.6.1 House effects

House effects as a term cover the differences between polls caused by the fact
that polls are conducted by multiple different agencies. As was discussed in
section 2.2.1, these can include different methodologies or bias of a polling
agency towards one party. To analyze this effect, a set of factor variables
was created, representing each of the polling agencies. Then, using the simple
linear model, each party preferences were regressed on the set of the agencies’
factors. The results shown in table 5.3 display significant effects for most
agencies’ polled party vote shares. This implies that polls from the given agency
systematically tend to favour or disfavour certain parties with their vote share
being higher or lower than in polls from other agencies. However, this does not
mean that the agency might be purposely biased, but rather that the effects
can be influenced by the timing of the polls, the sample selection, method in
which the polls are conducted, or how the agency treats undecided voters.
The results suggest the need for further analysis of the house effects in the
polling data. However, as compared to the United States, for example, where
there are two major long-established parties and it can be shown that some
polling agencies historically tend to favour e.g. the Republican candidates, the
political situation in the Czech Republic is much more complex. With nine
parties currently in the Chamber of Deputies, no clear division between the
left and the right, and the biggest party with the most seats being established
only five years before the last legislative election, the house effects are more
difficult to estimate as there are not enough data. Nevertheless, in Jackman
(2005), the author finds that up to 40 % of the variation between the polls
is due to the house-to-house differences between the polling agencies, which

supports the need to adjust the polls with regards to the polling agencies.
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Chapter 6
Conclusion

This thesis describes forecasting models for predicting election results. The
focus is the 2017 legislative election in the Czech Republic, which has a multi-
party political system, and for that reason the model outcome is a forecast of
the exact vote shares each party will gain in the election. Election forecasting
has a long tradition, however, it is always necessary to take into account the
country’s specific situation, such as the political system, the political stability,
or the quality of polls. Unlike most forecasting models, which are built for two-
party systems, this thesis adds to the literature on predicting election results in
countries with multi-party systems, which pose some unique challenges for the
researchers. Alongside with the polling data, prices on the betting market are
used to predict the vote shares for each party which, to my knowledge, have
not been done in academic literature before.

The model has three main parts. Firstly, the development of parties’ prefer-
ences during the election cycle is analyzed based on vote intention polls. Using
the dynamic linear model and Kalman filter, the underlying true preferences
are retrieved from the observed polled data. The state-space model is then
used to form a forecast for the election result. Secondly, odds from the betting
market are transformed into probabilistic forecasts with the underlying uncer-
tainty illustrated by the normal distribution. And thirdly, the polls and odds
are combined into one forecast, treating the poll average as a Bayesian prior
and updating it with the information gained from the odds. In the combined
forecast, most of the weight is put on the long-term poll average, as its vari-
ance is low, especially for parties with low vote share. This originates from
the nature of the Kalman Filter method, which smooths the fluctuations in the

preferences. We calculate the forecasts right before the election, which means
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that the latest polls should be a close representation of the preferences in the
population at that time. If we were to calculate the forecasts more in advance,
we would need to reflect that by increasing the variance of the poll forecast,
because the polls always say only what the results would be, if the election was
held in the time of the poll.

Averaging the polls helps to improve the performance supposing that there
are random sampling errors. However, it will not help with non-random errors
(Wright & Wright, 2018). According to previous findings in the literature,
we, therefore, test the polls for the presence of the so-called house effects and
find significant differences between polls conducted by different agencies. This
suggests the need to further adjust the polls, for example using a similar method
as Jackman (2005).

When comparing the forecasts’ accuracy by calculating the mean average
and root mean square errors, the betting odds were the closest to the actual
election results. While the long-term poll average may be more precise in the
long run, it reflects changes in the preferences short before the election with
difficulties. On the other hand, the odds are much more flexible and can be
updated right up to the election, which gives them an advantage. Nevertheless,
we were comparing the final forecasts before the election and as the previous
research has shown, combining different types of data in the forecasting model
can bring advantage especially early on in the election cycle, whereas close to
the election the forecast is usually mostly based on the polling data (Rothschild,
2015).

Even though Rothschild & Wolfers (2011) show that in the case of the
United States, voters’ expectations are more precise than the more generally
used voters’ intention polls, Ganser & Riordan (2015) conclude in their appli-
cation of citizen forecasting in Germany, that simultaneously predicting eight
interdependent vote shares is too complex an exercise for respondents of voters’
expectations surveys. The results of this thesis offer a solution for countries,
with such a dynamic political situation, in the form of betting markets, which
aggregate the beliefs across the population and do not ask each individual to
predict the outcome as a whole. As Wolfers & Zitzewitz (2004) have shown,
betting markets incentivize the participants to gather and subsequently re-
veal truthful information. Even though the prices should be adjusted when
translated into aggregated beliefs, depending on the market design and its par-
ticipants’ characteristics.

This thesis represents the first attempt to build a comprehensive forecasting
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model based on polling data and betting markets prices in the Czech Republic.
As for any good probabilistic forecast, the consistency is very important, so it
would be recommended that the results should be tested on other upcoming
elections. As the analysis suggests, the poll-average should be adjusted for
house effects and other possible factors as well. Further research is also needed
into transforming the odds into exact vote share forecasts. Finally, the timing
of the forecasts should be addressed, as the more in advance of the election

itself we are able to form a precise forecast the better.
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Appendix A

List of the political parties

List of the acronyms used in the thesis for each party, together with their Czech

official name.

« ANO - ANO 2011

ODS - Obcanskd demokraticka strana

« Pirates - Ceské piratska strana

e SPD - Svoboda a prima demokracie - Tomio Okamura
« KSCM - Komunistickd strana Cech a Moravy

o CSSD - Ceské strana socidlné demokraticks

e KDU-CSL - Krestanskd a demokratickd unie - ¢eskoslovesnka strana li-

dova
« TOP 09

e STAN - Starostové a nezdvisli
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