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A B S T R A C T

Social media is getting more and more important in society. Social
media is actively used by 32 percent of the world population and the
amount of active users has grown 10 percent in 2015. Social media
has changed how people communicate with each other and is taking
over the way people obtain information such as (financial) news by
replacing newspapers and how companies carry out their market re-
search. Social media can be described as uncurated and uncontrolled
and its messages can serve as a real-time propagation of information
with an enormous reach. In several popular papers, the usefulness of
so called social media mining has been shown and this has attracted
other researchers to perform similar experiments with social media
data. Next to these success stories with social media data, social me-
dia can have negative impact on society in which it, among other
popular examples, enables rioters a communication channel and en-
ables users to spread false rumours which causes panic in society and
thus will have far-reaching consequences.

By understanding this context, the tremendous opportunities to
work with social media data and the acknowledgement of the neg-
ative effects, a way of determining truth in claims on social media
would not only be interesting but also very valuable. By making use
of this ability, applications using social media data could be sup-
ported (for example by using this ability as a filter step by discard-
ing the false tweets) or this ability can be used as a selection tool in
research regarding the spread of false rumours.

In this thesis, we show that we can determine truth by using a
statistical classifier supported by three preprocessing phases; filtering,
detecting types of facts and extracting facts. We base our research on
a dataset of Twitter messages (including meta-information) about the
2014 FIFA World Cup. We determine the truth of a tweet by using 7

popular fact types (involving events in the matches in the tournament
such as scoring a goal) and we show that we can determine truth by
using a feature based classifier achieving an F1-score of 0.988 for the
first class; the tweets which contained no false facts and an F1-score
of 0.818 on the second class; the tweets which contained one or more
false facts. We show that we can determine truth for the selected kind
of facts by using features which determine which fact type the facts
in the tweet belong to in combination with features which determine
the popularity of the facts (how many times users have repeated the
fact), the reach of the facts (how many people were able to see the
fact) and the number of replies on the facts in the tweet.

Our discoveries look promising and we expect that there are sev-
eral situations, which we describe in this thesis in detail, in which the
reliability classifier will perform similarly as good as our obtained
results. We expect that the classifier only performs well in situations
comparable to the dataset we have used in the thesis and that more
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research is needed to provide the same results in incomparable situa-
tions, for which we offer some advice.
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1
I N T R O D U C T I O N

1.1 problem statement

According to Nielsen, Internet users continue to spend more time
with social media websites than any other type of website[15]. Web
the help of social media, people all over the world can broadcast mes-
sages to everywhere, anytime about anything. Although social media
is not always reliable, people do rely a lot on social media. According
to Reuters [17], social media appears one of the most important ways
for people to find news online. This means that social media influ-
ences the sources of the news and therefore the interpretation and
content. In 2015, Twitter had over 300 million active users and Face-
book over 1550 million active users. 1 These enormous amounts of
users produce enormous amounts of messages and a lot of them con-
tain factual information. This factual information may contain any-
thing: opinions, news, remarks about recent events; on social media,
everyone can engage in a conversation about anything. Because of
these vast number of users and because of the diverse number of top-
ics people discuss on twitter, social media has become a widespread,
diverge platform containing a lot of factual information which makes
it a very valuable platform for a lot of people.

In several popular papers, the usefulness of Twitter data has been
shown and this has attracted other researchers to perform similar
experiments with social media data. A couple of popular examples
are the generation of accurate reports of occurrences of earthquakes,
costumer satisfaction analysis by companies and the usefulness of the
early spread of news on Twitter. Because of the popularity of social
media and the research done with social media data, the question
which automatically comes to ask is: how reliable are the messages
on social media and should we trust social media messages? If we
could determine the reliability of social media messages, this could
result in a very interesting preprocessing step to take for researches
who work with social media datasets.

A couple of papers have shown that the credibility of social media
messages is low. Although there has been done a lot of research in
credibility of social media, research relating to the reliability of social
media is lacking. Although there is little research on the reliability, the
limited research available does show that a lot of people spread false
facts through social media and show a couple of examples where
Twitter has lead to false spreadings of misinformation. Apparently,
social media is not always reliable, and that will surprise no one,
given the open uncontrolled nature of social media.

1 http://www.statista.com/statistics/272014/global-social-networks-ranked-by-
number-of-users/
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4 introduction

In everyday life, people process a lot of facts, obtained from nu-
merous sources, such as colleagues, friends, newspapers and internet
sources. A part of these facts are factually wrong. People make mis-
takes, spread facts which they deemed to be true or try to spread lies.
A lot of people know this, and create internal mechanisms to cope
with this such as creating context around a fact, reflect on findings,
check someone’s authority on a subject etc. Most of these mechanisms
are indicators; they do not determine the truth with an assurance, but
rather give someone an idea of the probability of truth. Sometimes, an
authority or way of determining truth is simply unavailable or lack-
ing. For example, someone who tweets his daily activities around his
house, there is no way to validate these facts. Next to determining
the truth of a fact, important step in this process, and therefore an im-
portant step in this thesis, is the step of knowing what is meant in a
twitter message. A lot of facts are not presented in a straightforward
way; tweet’s content is often brief, contains mistakes, lacks context
and is uncurated 2. An example of such a tweet is: "The first red card
in World Cup". In this tweet, there is no reference to which World
Cup the author is referencing, the tweet is very brief, there is no ref-
erence to a player nor team nor match, but after some investigation
determined as false because at the moment of posting the number
of red cards in the tournaments surpassed 3. Another example of a
tweet is "Algeria achieved a good result against Germany". How do
we have to interpret this opinion? Do we have to assume they won,
or that because Germany historically has a better team assume the
match resulted in a tie or ’acceptable’ loss? The last example we will
mention is "Marcelo scored in the 11nd minute BRAZIL 0 - 1 CROA-
TIA". Without any context, this tweet is fairly unmistakeable; there is
a score, there is a team, there is a player and there is a minute. How-
ever, Croatia and Brazil both have a player called Marcelo in their
squad: the full name of Croatia’s Marcelo is "Marcelo Brozovic" and
the full name of Brazil’s Marcelo is "Marcelo Vieira da Silva Júnior".
A logical reasoning would be that Croatia’s Marcelo scored the goal
since the score favours Croatia. However in this case, Marcelo from
Brazil scored an own goal.

1.2 goal and contribution

In this thesis, we explore if we can find features which can determine
the reliability of the facts in tweets. By doing so, we contribute to
research in various ways:

• We contribute to the field of information extraction by putting
a combination of rule based and NLP algorithms into practice

• We contribute to the field of reliability and credibility of infor-
mation on social media

• We contribute to the field of feature discovery

2 https://gate.ac.uk/wiki/twitie.html
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1.3 datasource 5

Furthermore, it is important to state that in this thesis we do not
aim to improve natural language programming algorithms or opti-
mize classifiers by hyperparameter optimization. In this project, we
are aiming to optimize results by choosing between various classifier
and NLP tool options, but improving them is out of the scope of this
project.

1.3 datasource

Sport is a very popular subject being discussed on Twitter. Twitter
users like to inform their followers about what kind of sports they
like, which matches they follow, how a particular match progresses
and their emotions belonging to all of those. Furthermore, athletes
and twitter are an inseparable match as well. Just like in any other
entertainment sector, athletes use Twitter to keep in touch with their
fans. They tweet about training schemes, their views on sport events
and private life. Another important part in the relation between Twit-
ter and sports is the increase of industry to use Twitter as a marketing
tool. A lot of TV programs also try to influence the social conversation
as described in "Social Networks in a Battle for the Second Screen"[12].
Twitter even provides tools and tips for broadcasters to use Twitter
to make shows more appealing and provide tools to use Twitter for
advertisements[32]. The popularity of Twitter has led to the creation
of lots of official accounts of sport associations on Twitter. For exam-
ple, the FIFA34, UEFA56 and KNVB7 have one or even several Twitter
accounts which they often fill with up-to-date news.

A popular sport event is the FIFA world cup football, held every
4 years. It is one of the biggest sport events in the world, and conse-
quently, many people tweet about it. After the FIFA World Cup 2014,
Twitter Inc. reported [31] that Twitter users have sent about 670 mil-
lion tweets about the world cup, making it the biggest sport event on
Twitter. At the end of the finals of the World Cup, knowing Germany
won the FIFA World Cup 2014, Twitter reported that users sent a peak
volume of 618 thousand tweets per minute.

Needlessly to say, these tweets contain a lot of information. A big
part of these tweets contain information, which does not have to be
very meaningful for everyone. A lot of tweets, as is well known, cover
private affairs: for example how someone is watching the World Cup.
Many tweets cover emotions or cover the basics of "watching some-
thing" or are not more than a cheer to a team or the sport event.
On the other hand, many tweets cover the World Cup in a detailed
and comprehensive way. They cover goals, substitutes and yellow and
red cards; important events in a match worthy to be mentioned in a
summary about the game. Next to true important and true but unim-
portant facts, there are also a lot of tweets containing false, untrue

3 https://twitter.com/fifacom
4 https://twitter.com/FIFAWorldCup
5 https://twitter.com/uefacom
6 https://twitter.com/uefaeuro
7 https://twitter.com/knvb
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6 introduction

information regarding the World Cup. These tweets may contain mis-
guided information, lies or small errors. Many are copied from false
sources, contain reversed facts or are not accurately adopted from
true sources.

The University of Twente’s Database group is hosting a database
containing 64 million tweets about the FIFA World Cup 2014. The
World Cup is played during 32 days, involving 64 matches. This
database was filled by collecting all tweets which contained one ore
more of the following hashtags: #worldcup, #worldcup2014, #fifa-
worldcup, #brazil2014, #brasil2014 and #fifaworldcup2014. An exam-
ple of a tweet and the corresponding meta-information about the
tweet in JSON format can be found in appendix A. Note that those
64 million tweets are original tweets, retweets and replies combined.
Although tweets can originate from a website which already pre-
populates a tweet, these tweets are still original tweets.

One of the most important remark we can make about the dataset
is that Twitter text differs a lot from normal written text a lot of
classifiers are trained on. Most classifiers, such as the Stanford NLP
classifier8, are trained on dataset such as the Stanford NER classi-
fier is trained on: the CoNLL-2003 dataset9, which contain collection
of news wire articles from the Reuters Corpus. Twitter messages of
course differ a lot in relation to that training set, making it perform
less on Twitter messages. In ’Extracting Knowledge from Twitter and
The Web’[26], the authors called these Twitter messages "noisy" and
"unique". Noisy, meaning it for example contains a lot of grammatical
errors, poor formatted sentences and not using capitals were need to.
Unique, meaning it contains a lot of new words and using ’SMS lan-
guage’ (abbreviations and slang commonly used with Internet-based
communication10).

1.4 association football

Football is a team sport, played between two teams of 11 players each,
by making use of a ball. The objective of the game is to score a goal
by getting the ball in the goal of the opposing team, scoring 1 point.
The team with the most points wins or, if both teams have the same
amount of points, a draw is declared. If a match ends in a draw, the
game can go into extra time or a penalty shootout, but in this project
we only focus on the first 48 matches which can end in a draw. A
match consists of 2 periods, each taking 45 minutes. Both periods
can be extended by the referee of the match, making it possible for
something to happen in the 45+Xth minute of the game. Beware of the
notation; the 45+1th minute is not the same as the 46th minute (the
first one takes place in the first half and the second one in the second
half), but without extra time, the 90+2nd minute is the same as the
92nd minute. Each goal is always credited to one player, even if the
player scores in his own goal. In a match, a player can be punished

8 http://nlp.stanford.edu/
9 http://www.cnts.ua.ac.be/conll2003/

10 SMS language - https://en.wikipedia.org/wiki/SMS_language
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1.5 ground truth 7

by a misconduct by receiving a yellow card (a caution) and a red card
(dismissal). A player who received a second yellow card in the same
game results into a red card. When a player received a red card, the
player has to leave the field, resulting the team to play further with
one player less.

1.5 ground truth

The FIFA World Cup is FIFA’s biggest event and it is documented
thoroughly. There are several reports written about every match which
contain summarizing match reports, player statistics and heat maps.
Although these reports are detailed and extensive, they are not specif-
ically made to be easily extractable. Using the Open football project11,
we received a prepared list of players, end score and score develop-
ment for every match in the World Cup. Other needed statistics like
substitutions, yellow and red cards and country codes, were extracted
manually from the FIFA website12. In our research, we focused our
work on the group stages of the tournament. This gave us the advan-
tage of the match able to result in a draw and not to be extended by
extra time or a penalty shootout. Altogether, this resulted in 48 group
games, players scoring 136 goals, coaches substituting 279 times, ref-
erees giving 124 yellow card and 9 red card bookings. Altogether,
32 countries played against each other each team making use of 23

players.

1.6 introduction to the architecture

Before we present the research questions, we want to give a brief in-
troduction to the architecture of the system presented in chapter 3

because the research questions are based on knowledge of this ar-
chitecture. In this thesis we present an architecture of several phases
(components) leading to a mechanism which can determine truth in
tweets. In phase one, presented in chapter 3 and 5, we use a feature
based classifier to identify and classify and extract different types of
facts. In phase two, presented in chapter 3 and 6, we use an extraction
mechanism to extract facts classified in the first phase. In the third
phase, presented in chapter 3 and 7, we designed a feature based
classifier to determine the truth in tweets using input of the previous
phases and features based on tweets and groups of tweets.

In figure 1, an overview of the system composition can be found.
In chapter 3, we will explain the system composition more in detail.

11 Open football - http://openfootball.github.io/
12 www.fifa.com
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8 introduction

Tweet Filter
Fact

classifier
Fact

extractor
Reliability
Classifier

Database

Result

Figure 1: Overview of the system composition.

1.7 research questions

The main research question of this research project is:
Can we automatically determine truth in tweets using feature based super-
vised statistical classifiers?

From this, we have gathered the following research questions that
need to be answered before we can provide a solution to our prob-
lem:

1. What architecture can we compose and implement to test and
train features and classifiers to check if facts presented in tweets
are true or false?

2. How effective can we extract facts from tweets?

3. What kind of features can we design and implement which de-
termine truth in tweets?

1.8 research method

For the first sub-question, we need to design and implement an archi-
tecture where it is possible to do the following:

• We want to be able to determine the attributes of messages,
attributes of collections of messages and correlations between
them.

• We want to define (multiple) steps where we can determine
which facts are present in messages and if those facts are true
or not
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1.9 structure 9

• We want to be able to save and query data about the Twitter
messages and FIFA tournament in every part of the architecture

For the second sub-question, we want to design and implement a
system where it is possible to extract facts from twitter messages.

For the third sub-question, we analyse if the designed implemen-
tations also work in a live environment. For example if the system
can be deployed to work as an online service and be able to perform.
If the design does not function directly in such an environment, we
discuss the specific adjustments it will need to do so.

1.9 structure

This thesis is divided into 9 chapters, starting with this chapter con-
taining an introduction to the thesis. In chapter 2, we provide the
reader with background information of the topics of this thesis and
introduce various concepts which has an essential role in this project.
In chapter 3, the architecture of the prototype is laid out and explains
how we are going to answer the research questions in this chapter.
After this chapter, which gave an introduction to the implementation,
each following chapter, from chapter 4 till chapter 7, describes the in-
troduced parts of the system individually. In each of those chapters,
we lay out the ideas behind that part of the system, explain the imple-
mentation detailedly, provide the evaluation of that part of the system
and complete the chapter with a discussion and future research ideas.

[ July 21, 2016 at 8:49 – classicthesis version X?X ]
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2
L I T E R AT U R E S T U D Y

2.1 truth , reliability, credibility and social media

The truth - the real facts about something, the things that are true
Truthful - telling the truth, containing or expressing the truth
Trustworthy - able to be relied on to do or provide what is needed or right,
deserving of trust
Reliable - able to be trusted to do or provide what is needed, able to be be-
lieved, likely to be true or correct
Credibility - the quality of being believed or accepted as true, real, or honest

from 1.

Research on truth, truthfulness and trustworthiness are immensely
old and have occupied scientist and philosophers for thousands of
years. The Roman Governor Pontius Pilate’s famous question "What
is truth", around 30 AD, was answered by Jesus Christ with "And ye
shall know the truth, and the truth shall make you free". Research
on truth has been part of research subjects around natural laws, hu-
man conscience and peoples desire for justice. People admit using
deception in 14% of emails, 27% of face-to-face interactions, and 37%
of phone calls. [13] One in four persons lie on their Facebook profile.
[25] The opposite of telling the truth, deception, is an everyday aspect
of social interaction, and has been researched extensively[24]. Where
information is present, deception can be present. Research address-
ing deception is very broad: ranging from very old communication
channels like handwriting[21], nervous system analysis (lie detectors)
to new media such as Wikipedia and all kinds of social media plat-
forms.

An interesting but simple practical example of the importance of
the pursuit for distinction between truth and deception is the work
of the police and Ministries of Justice. In a justice system for exam-
ple, the investigations of prosecutors is an example of search for the
truth of an offence on a higher level. The investigations of the police
through forensic research, interrogations and for example by making
use of lie detectors is an example of search for the truth on on a lower
level.

Next to the research on reliability of what persons say in front of
you, a lot of research has been done on reliability of printed media.
On elementary school, children learn how to judge different types of
media. They learn that they should not trust every kind of source,
but also learn which kinds of source mostly are trustworthy. Society
holds a lot of opinions about reliability of different kind of newspa-
pers, especially the popular ones. A lot newspapers get a label for be-

1 Merriam-Webster.com. 2016. http://www.merriam-webster.com (9 April 2016)
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12 literature study

ing ’quality press’ or being sensational or opinionated. In NRC Next,
a popular Dutch newspaper, a daily column ’NRC Checkt’ is dedi-
cated to check recent popular quotes or recent presented results in
other newspapers or media articles. Because the media landscape has
changed a lot in the recent years, with the rise of online media and
the decline of readers of printed newspapers, there has been a lot of
debate about the reliability of news and sources of news. A lot of jour-
nalists talk about the new ways of news spreading and the credibility
and reliability coming along with those. [3]

A good and interesting example around the reliability of infor-
mation source is the reliability of Wikipedia. Since the founding of
Wikipedia in 2001, Wikipedia has grown to a very important source
of information in a short time for many pupils, students and the
rest of society. There has been a lot of research about the reliabil-
ity of Wikipedia[34]. Many of the reports differ in outcome but the
latest studies say that although everyone should approach Wikipedia
with caution, since 13 percent of the articles on Wikipedia contain
errors [6], articles were as reliable as other sources comparable with
Wikipedia. Next to the reliability of Wikipedia, a lot of papers present
research regarding the credibility of Wikipedia. In ’Predicting Trust in
Wikipedia Articles’[7], Cheung presents research where so called ’sur-
face features’ (references, links, pictures) predict the credibility of a
Wikipedia articles. In this research, users are asked how credible they
perceive a certain Wikipedia article and Cheung tries to correlate the
credibility scores to these surface features. In ’Evaluating WikiTrust:
A trust support tool for Wikipedia’ [20], a tool is presented which
assigns a credibility score to words in a Wikipedia article. By using
features based on the accepted and reversed edits, by using the revi-
sion history of an article, WikiTrust is able to build up a reputation
of an author. By making use this reputation, it can assign a credibil-
ity score to a particular piece of an article edited by a specific au-
thor. Tools determining the credibility of Wikipedia articles are not
unique. In ’Extracting trust from domain analysis: A case study on
the Wikipedia project’[9], Dondio et al also present a tool comparable
to WikiTrust, building a model using features such as article length,
number of edits and the amount of discussion about an article. In
another tool presented by McGuinness et al [23], trust in a Wikipedia
article is computed by using a ’link-ratio’; a feature based on the num-
ber of times an article is linked to by other Wikipedia articles and the
number of times that the topic of an article is mentioned but not
linked to.

Social media is immensely popular. In January 2016, there were 2.3
billion active social media users and the prediction was an annual
growth of 10 percent. [8] Spreading news and opinions via social me-
dia is very popular and has played a very important role all around
the world. In the "Arab Spring", social media has been very important
to spread news, rumours and to serve as communication tool between
different parties in several revolutions across the Arab world in 2011.
[14] As a communication tool, Twitter has been used and functioned
well during natural disasters, like hurricanes, wildfires and floods
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[5]. Next to being a communication tool, Twitter has been used as a
source of data to create prediction models of earthquakes. In Japan,
Twitter is used to detect earthquakes real-time by using keywords in
tweets as machine learning features.[27] Social media is one of the
most important ways to find news nowadays. [17]. One example is
that financial news on social media seems to have a very high impact
on consumers. Social media also is important in the development of
reputation and brand preference for organizations.[1]

The amount of research regarding veracity in social media is lim-
ited. According to Castillo in ’Information credibility on twitter’[5], a
lot of Twitter messages are truthful, but Twitter is also used to spread
misinformation and false rumours, although most of that is done un-
intentionally. The amount of research regarding the perceived cred-
ibility of online news is higher. In ’Journalisten: social media niet
betrouwbaar, wel belangrijk #SMING14’[3], it is indicated that the
perceived credibility of social media is rising, now at the same level
of television and radio, but that the perceived credibility of newspa-
pers is still much higher. A recent research report indicated that the
credibility of online news such as social media is heavily linked to the
presentation of the news and not so much correlated to the content
of the news. A research report published in 2009 stated that if the
same news headlines were shown in various types of online media,
participants gave Twitter the lowest credibility score. [28]. According
to Castillo in ’Information credibility on twitter’[18], this is caused,
among other things, by the increased number of spam on Twitter and
many big incidents of misinformation spreading.

A very interesting research project which is heavily related to this
thesis is the European funded Pheme project2. The Pheme project is
named after the goddess of fame and rumours. The Pheme project is
a 36 months research project establishing the veracity of claims made
on the internet. Two prominent case studies in the Pheme project
cover information about healthcare and information used by journal-
ists. Another interesting paper we found which is very much related
to this research is presented in ’ClaimFinder: A Framework for Iden-
tifying Claims in Microblogs’.[4] In this paper, Lim et al present a
system using existing open information extraction techniques to find
claims in a tweets, resulting in subject-predicate pairs. Using these
claims, tweets are grouped according to their agreement on events,
based on the similarity of their claims. In this way, ClaimFinder is
able to group opinions on social media; an important prepossessing
task as we will show in this thesis. The credibility assessment task
is beyond the scope of this work. Two important remarks we want
to make regarding the papers are the goals they are aiming for. Both
papers signify the adverse effects of untruths and rumours on social
media during times of crisis. The Pheme project recalls the 2011 Eng-
land riots and the corresponding flood of rumours on social media.
In ClaimFinder, they work with a dataset with tweets regarding the
MH370 disappearance, containing several rumours, true and false,

2 https://www.pheme.eu/
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about the current status and cause of the disappearance of the aero-
plane. Both papers show the (increasing) relevance of these kinds of
research projects.

2.2 classifiers

A statistical classifier is an implementation of an algorithm which
classifies an observation to a set of classes. In most classifiers, the
observations are accompanied by quantifiable properties/attributes
called features. A popular example is an algorithm which classifies e-
mails to SPAM or NON-SPAM and uses properties within the e-mail
(words, length) to classify it to the right class. There exists numerous
classifiers models and in this section, we present the very basics of
some of them which are popular in the field of natural language pro-
cessing (NLP) and data mining. Statistical classification is considered
an instance of supervised learning, which means that the classifier
classifies an observation based on a training set. The unsupervised
equivalent of statistical classification is clustering.

2.2.1 Decision tree learning ID3, C4.5, J48

Decision tree learning is a method where a decision tree (see figure
2) is used as a model for classification. The output of the algorithm
is the generated decision tree in which the values of the attributes of
the sample data decide the class of the sample.

C4.5, developed by Ross Quinlan, is a popular implementation of
such an algorithm and was the number 1 ranking algorithm in a
highly rated paper called "Top 10 Algorithms in Data Mining" pub-
lished by Springer LNCS in 2009. [35] C4.5 is based on ID3, also de-
veloped by Ross Quinlan. ID3 builds a decision tree by making use
of entropy (amount of information) of an attribute. In its algorithm,
it select the attribute to be a node of the decision tree by calculating
its information gain and selecting the attributes with the highest in-
formation gain first. C4.5 is an extension of ID3 which, in relation to
ID3, is improved on for example accepting both continuous and dis-
crete features (attributes) and handles incomplete data points. J48 is
the open-source Java implementation of C4.5.

2.2.2 Support vector machines

Support vector machines is a learning model and associated algo-
rithms where attributes are transformed to points in space and com-
puting an optimal separating hyperplane to classify the data two one
of the two classes.

As can be seen in figure 3, the attributes (or features) are found
on the axis and samples are plotted in the space. In its algorithm, it
computes the optimal hyperplane w · x+ b = 0 which separates the
two classes so that the distance between them is as large as possible.
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Temperature

Stay inside

<15 degrees

Outlook

Stay inside

Raining

Play ball
Sunny

>15 degrees

Figure 2: Example of a simple decision tree representing a choice to play
ball or stay inside by making use of two decisions: temperature
and outlook.
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Figure 3: Example of a computed hyperplane of a Support Vector Machine
with the support vectors in red.
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Figure 4: Diagram of the relation between several related classifiers ex-
pressed in directed and factor graph (source: ’An Introduction to
Conditional Random Fields’ [30])

2.2.3 Hidden Markov model, conditional random field

A hidden Markov model is a Markov model modelling a Markov
process with ’hidden’ states which output (emit) visible observations.

As can be seen in figure 4, the observations (in grey) are dependant
on the hidden states (white) which are dependant on only the previ-
ous state and not on other states before that by therefore can take con-
text into account. In the figure, the relation between the other models
is expressed, for example the relation between hidden Markov mod-
els and conditional random fields.

2.3 natural language processing tasks

In this section, we present several natural language processing tasks.
Several of these tasks are used in the implementations in this thesis.
Some of them will be presented to give the reader a modest overview
of the field.

2.3.1 Word/sentence segmentation

Word segmentation is the tasks of splitting up sentences into indi-
vidual words. In English, the space character is mostly used to di-
vide sentence into words, but not every segmentation implementa-
tion uses this way of word segmentation. The Unicode Consortium
has published a guideline on text segmentation, applicable for many
languages and scripts, using several rule based techniques. [22].

2.3.2 Part-of-speech tagging

Part of speech (POS) tagging is the task of assigning words to part
of speech categories. In English, there exists 9 parts of speech (nouns,
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Figure 5: An example of a dependency graph (source: Neural Network De-
pendency Parser - nlp.stanford.edu)

verbs, adjectives, among others), but most Part of Speech taggers use
the Penn Treebank Project’s part of speech tag list, consisting of 36

part of speech tags. Part of speech taggers use both the definition
of the words and its context among other words to determine in to
which part of speech a word belongs.

One of the more classical approaches of part of speech taggers is
using (higher order) Hidden Markov models. In this model, the POS-
tags are hidden states which must be calculated/optimized using the
visible observations which are the words in the sentences. In this way,
the part of speech tags are dependant on the previous part of speech
tags. Although hidden Markov models are a great way to visualize
part of speech tagging, it is just one of the many models used nowa-
days to perform part of speech tagging.

2.3.3 Grammatical dependency parsing

Grammatical dependency parsing is the task of identifying the se-
mantic relation between the words in a sentence. In most NLP tools,
the dependency parsing builds a semantic dependency graph of the
words in a sentence. An example of such a dependency graph can be
seen in figure 5.

2.3.4 Named entity recognition

Named entity recognition (NER) is the task of locating and classify-
ing words or word sequences into categories, often being names of
persons, locations and organizations. A popular model approach of
Named entity recognition is using a Conditional random field (see
2.2.3) and use a combination of features including the words sur-
rounding the word to be classified, the part of speech tags of the
surrounding words and local features (of the word itself) such as the
word shape (for example the ending characters of the word and if
the word starts with a capital). In ’Incorporating non-local informa-
tion into information extraction systems by gibbs sampling’, Finkel
et al described a popular named entity recognition model. [11] An
example of named entity recognition can be seen in 6
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Figure 6: An example of a Wikipedia Article tagged with the Stanford NER
tool (source: http://nlp.stanford.edu:8080/ner/)

2.3.5 Sentiment analysis

Although sentiment analysis is a broad concept, it is mostly known
for the tasks of classifying text to an attitude score, mostly ranging
from ’very negative’ to ’very positive’. Implementations use, among
others, a combination of approaches using a bag of words (words
as ’bad’ or ’angry’ as negative sentiment and words as ’happy’ and
’good’ as positive sentiment), semantic orientation of combinations of
words (n-grams) and machine learning approaches.

2.4 natural language processing tools

2.4.1 Stanford natural language processing software

The Stanford natural language processing software is an open source
set of natural language analysis tools from the Stanford University’s
NLP group. Existing out of multiple packages, the software tools of-
fers word segmenting, POS tagging, Named Entity Recognition, de-
pendency parsing and many other NLP analysis functions.

2.4.2 Noah’s ark Twitter NLP

Noah’s ark Twitter NLP is a set of software tools and dataset includ-
ing a tokenizer, a part-of-speech tagger, hierarchical word clusters,
and a dependency parser for tweets. One of the strengths of this NLP
suite is that the tools are trained on a tweet corpus and therefore the
POS-tagger for example is able to classify several popular ’social me-
dia’ words to their correct part of speech, for example "ikr" means "I
know, right?", and is tagged as an interjection.

2.4.3 Natural Language Toolkit (NLTK)

Natural Language Toolkit (NLTK) is an open-source set of libraries
for natural language programming for Python. The toolkit includes a
tokenizer, POS-tagger, named-entity recognizer.
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2.4.4 Gate

The General Architecture for Text Engineering (GATE) is open source
software consisting of natural language analysis tools. Within GATE
distribution, many plugins are available for use including the Stan-
ford NLP models and Open NLP models. GATE offers various graph-
ical interfaces for creation, measurement and maintenance of software
of natural language processing tasks.
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P R O T O T Y P E A R C H I T E C T U R E

Fact - a piece of information presented as having objective reality
from 1.

In this chapter, we explain how we are going to answer the research
questions by giving a detailed implementation plan. We begin with
explaining the relation of the research with the dataset and ground
truth which is used to construct the foundations of this research on.

3.1 introduction

By making use of these two sources, the tweets about the 2014 FIFA
World Cup tournament and the ground truth of the FIFA, we con-
struct the foundations of this research which is the prototype. The
aim of the research is to find indicators which can determine the
truth in tweets, and by making use of the tweets in the dataset and
by using the ground truth we are able to realize a prototype which
applies this ideal on this dataset. In this thesis, we present a proto-
type which applies this ideal by defining several kinds of facts (called
’fact classes’ in this thesis) and try to find truth determining features
for these kinds of facts. Furthermore, when we have determined the
performance of these features in relation to these kinds of facts, we
can generalize these to other facts and forecasting the performance of
other situations.

This research approach will have several implications. After we
have determined a final list of types of facts which we can work
with, we will not consider other facts in determining truth in a tweet.
Therefore, we will actually look if there are truth indicators which
determine if these specific facts are true or false. After we have deter-
mined how these features perform on these facts, we can analyse how
these (or other features) will perform on other facts and datasets.

3.2 facts

The facts we chose to asses in this thesis must satisfy the following
characteristics:

• They are verifiable. That means that the fact can be checked to
be true or false. Some facts, for example personal ones like ’I
ate an apple today’ are very hard to verify and therefore we are
unable to use them easily.

• The truth of the fact is easily classifiable. That means in this
project that we only take facts which we can easily classify with

1 Merriam-Webster.com. 2016. http://www.merriam-webster.com (9 April 2016)
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"true" or "false" and not something in between. For example
’Robben played well’ can rely on opinions. Of course we could
design a model which would assign a fair, well balanced score
to each player, but we have determined that this is out of the
scope of this thesis and those types of facts will therefore not be
used in this thesis.

• There must be a decent amount of tweets containing the type
of facts, otherwise we will not be able to experiment with the
data.

• There must be a decent amount of training data classified ’true’
and a decent amount classified ’false’, otherwise we will not be
able to train the classifier.

As can be seen in table 1 and in figure 7, each fact class has a fact
comparison and a fact scope. The first attribute, the fact comparison,
we express the type of data which is compared when we check if the
fact is true or not. For example, when we check if the fact "Van Persie
scored in the 34th minute", which belongs to the "Score minute" fact
class which belongs to the minute category, we check if the minute
"34" is the correct minute in which Van Persie scored the goal. The sec-
ond division we make is the fact scope. As can be seen in figure 7, we
have determined three fact scopes namely "Tournament", "Team" and
"Match". We expect these fact scopes to have an important relation
with the performance of the features.

Next to the implemented fact classes, we have also listed several in-
teresting, but unimplemented fact classes in table 2. When we started
exploring several options for fact classes, these fact classes did not
meet one of the requirements in the list above or we decided not the
implement the fact class because it cost us to much time to imple-
ment. One of the most important reason to not implement several
fact classes in table 2 is the number of tweets in the dataset which
contain such a fact. For ’Yellow card count’ and ’Country referee’, the
number of tweets containing this fact was to low to train the clas-
sifiers and implementing them would not have a big impact on the
total number of facts gathered. One very interesting and popular fact
class is the ’Player name’. This fact class is very interesting because
it is very popular and we also found that a lot of player names are
misspelled.

One of the first observations one could make when looking at the
number of facts, is that most of the time, the number of true facts
outnumber the number of false facts several times. That is interesting,
because before we had no knowledge about these numbers before we
collected the tweets. A very important remark to make, is that we
only can base this conclusion on the types of facts (fact class) in table
1. We observe for example that number of true and false facts of the
fact class ’Yellow card minute’ are distributed a lot more balanced:
56%/44%.

[ July 21, 2016 at 8:49 – classicthesis version X?X ]



3.
2

f
a

c
t

s
2

3

Fact class
Fact
comparison
type

Factscope Description and example
Number of collected tweets con-
taining the fact class

Classified true Classified false

Red card
count
(CRC)

Count Tournament The fact stating the count of red cards in the whole
tournament, when a red card is received by a player.
For example: ’Robben received the 3rd red card of
the tournament’.

1037 242

Score final
time (FT)

Score Match The fact stating the final time score of a match. For
example: ’Final time NED - AUS 3-0’.

6826 99

Score half
time (HT)

Score Match The fact stating the half time score of a match. For
example: ’Half time Australia - Netherlands 0:1’.

7123 37

Score other
time (OT)

Score Match The fact stating the score at a random time of a
match. For example: ’Netherlands scored! 1-0’.

100 271

Score
minute
(MS)

Minute Match The fact stating in which minute a goal was scored in
a match. For example: ’Van Persie scored in the 34th
minute’.

3615 617

Red card
minute
(MRC)

Minute Match The fact stating in which minute a red card was re-
ceived by a player on the field. For example: ’Robben
received a red card in the 23rd minute’.

34 42

Yellow card
minute
(MYC)

Minute Match The fact stating in which minute a yellow card
was received by a player on the field. For example:
’Robben received a yellow card in the 25th minute’.

235 184

Table 1: List of implemented fact classes
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24 prototype architecture

Fact class Description and example

Yellow card count
(CYC)

The fact stating the count of yellow cards in the whole tournament,
when a yellow card is received by a player on the field. For example:
’Van Persie received the 2nd yellow card of the tournament’.

Player name (MN) The fact stating the name of a player.

Country referee (CR) The fact stating the country the referee of the tournament is originating
from.

Table 2: List of researched but unimplemented fact classes

For most fact classes, the dataset is unbalanced and we would of
course rather have worked with a more balanced dataset. One of the
first suggestions one could come up with is generating the dataset
ourselves, by asking a panel of people to create tweets which contain
false facts. Of course, the problem we would face if we would imple-
ment this strategy is that the attributes that would translate into the
features in the reliability classifier in chapter 7, would not be the same
as the attributes which would naturally occur in the dataset. In fact,
any interference on the dataset will lead to different results which
would potentially harm the results.
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Fact classes

Match

Score

Final time Half time Other time

Minute scored

Wrong teams

Bookings

Minute

Red card

Minute

Yellow card

Teams

Player names

Tournament

Booking

count

Count

red cards

Count

yellow cards

Referee

Country referee
Other

Score

Minutes

Count

Figure 7: Overview diagram of the facts classes.
The yellow nodes indicate the structure of the fact classes. The white boxes indicate the implemented fact classes

and the grey nodes indicate the unimplemented fact classes. Surrounding the facts with a dashed box are the fact comparison types.
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3.3 architectural model

To classify a tweet, we designed a system made up of 5 main parts,
as can be seen in figure 8. Each phase of the system mentioned be-
low, except for the filter phase, is supported by the database, which
saves and communicates important information to each part of the
system. Two examples of functions are saving intermediate results in
each system phase and queries in several parts of the system to the
ground truth. In the chapters explaining each part of the system, the
functioning of the database in relation to that part is described.

3.3.1 Filter

When a tweet enters the system, the filter is there to check if the
tweet can be classified by the system. There are a numerous amount
of tweets which contain advertisements, predictions and spam-like
content. This part of the system is made up of a rule-based classifier
and is further explained in chapter 4. The input of the filter is the text
of the tweet. The output of the filter is the classification if the tweet is
used or is filtered out.

3.3.2 Fact classifier

If the tweet has passed the filter, the tweet is fed to the fact classifier.
The fact classifier consists of several parts; each fact class (type of fact)
introduced in section 3.2 has its own trained fact classifier which de-
termines if the tweet contains that particular fact or not. This part of
the system is made up of several feature based supervised learning
classifiers and is further explained in chapter 5. The input the classi-
fier is the text of the tweet. The output of the classifier is a list of (zero
or more) non-duplicate fact classes, listed in table 1.

3.3.3 Fact extractor

If the types of facts have been determined by the fact classifier, the
tweet is fed to the fact extractor. In this part of the system, when the
fact classifier mentions the presence of a particular type of fact in the
tweet, the fact extractor tries to extract that type of fact by making use
of a numerous amount of techniques, e.g. rule based classifiers and
natural language programming. This part of the system is further
explained in chapter 6. The input the fact extractor is the text and
meta-information of the tweet, the ground truth and the classification
output of the fact classifier. The output of the classifier is a list of (zero
or more) facts.

3.3.4 Reliability classifier

When the facts in the tweets are extracted, all of the results of previ-
ous steps are fed to the last part of the system called the reliability

[ July 21, 2016 at 8:49 – classicthesis version X?X ]



3.3 architectural model 27

classifier. In this part of the system, the tweet is classified to contain
’false facts’ or to contain all ’true facts’. This part of the system is
based a feature based supervised learning classifier and is further ex-
plained in chapter 7. The input of the reliability classifier is the text
and meta-information of the tweet, the output fact classes of the fact
classifier and the extracted facts from the fact extractor. The reliabil-
ity classifier is also able communicate with the database to save and
load attributes and data from other tweets. The output of the reliabil-
ity classifier is false if one of the extracted facts is false or true if all
extracted facts are true.

Tweet Filter
Fact

classifier
Fact

extractor
Reliability
Classifier

Database

Result

Figure 8: Overview of the system composition. In this diagram, the links be-
tween the various components of the system are represented. As
can be seen, a tweets enters the system via de filter, which filters
unwanted tweets from the dataset. If the tweet has passed the fil-
ter, it enters the fact classifier which detects the fact classes in the
tweet. The fact extractor, which receives the fact classes from the
fact classifier and the tweet from the filter, extracts the facts from
the tweets by also making use of the database which contains a lot
of domain specific resources. The last component of the system,
the reliability classifier, is able to access every part of information
in the system. An important part of the performance the reliabil-
ity classifier is the fact that it can aggregate information of other
tweets which entered the system by making use of the database.
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F I LT E R

4.1 introduction

The central purpose of this part of the system is to filter out tweets
which are hurting the performance of the system. Since the start of
the thesis, we have investigated the dataset thoroughly by analysing
the structure of several messages and querying the dataset numer-
ous times in search for different types of facts. As been said in the
previous chapters, we have primarily focussed on the types of facts
regarding the FIFA 2014 World Cup tournament. By analysing a lot
of tweets, we have come to the conclusion that most of the tweets
are about the tournament, primarily because the dataset is build up
by making use of keywords belonging to the tournament, but we
have also discovered that a lot of tweets do not focus on stating facts
regarding the game. Most of those tweets are tweets concerning the
daily life of the Twitter user. Those tweets contain messages regarding
the experience of watching the tournament, the emotions they have
when they do and the things they do between watching the matches.
Another big group of tweets contain advertisements or spam-like mes-
sages from spam-like Twitter accounts (according to Pear Analytics
4% of the Twitter volume consists of spam 1). In those tweets, people
are invited to gamble on (matches of) the tournament or to visit dubi-
ous web pages. Also, there are a lot of tweets regarding predictions of
people about the tournament. Those tweets are exceptionally hurting
our results because they are very similarly structured as the facts we
have presented in section 3.2. Although these tweets will be removed
by the filter, these tweets are very interesting to use for other research
projects because of their relation to reliability and the opportunities
to build models of truth in predictions. A diagram of the filter phase
can be found in figure 9.

Input: The input of the filter is the text of the tweet.
Output: The output of the filter is the classification if the tweet is
used or is filtered out.

Filter
Tweet

Filtered out

Passed

Figure 9: Diagram of filter

1 http://pearanalytics.com/blog/2009/twitter-study-reveals-interesting-results-40-
percent-pointless-babble/

29

[ July 21, 2016 at 8:49 – classicthesis version X?X ]



30 filter

Number of tweets in the dataset +- 63 million

Number of tweets after the filter +- 61 million

Table 3: Number of tweets filtered by the filter phase

4.2 implementation and evaluation

The implemented classifier is a rule-based classifier which based on
specific expressions in the tweet message, filters tweet from the rest of
the system. We have chosen a very minimalistic approach because of
two reasons. The first reason is that we only have to filter the tweets
which affect the performance in this thesis. It does not have to be a
filter for any other purpose. The second reason is that we have chosen
for this somewhat ’high precision, low recall’ approach is because we
want to make sure the tweets which pass the filter, are as ’pure’ as
possible. In this way, we can more safely work with the dataset after
the tweets have passed the filter. This has a direct consequence that
we will filter out some tweets which should not be filtered but be-
cause we are working with a very big dataset, we expect still enough
tweets will pass the filter to ensure a good performance. The number
of tweets filtered by the filter phase is shown in table 3.

4.3 improvements and future research

One of the most obvious ways of improving the filter is to replace the
rule based approach with a statistical a classifier, by building a train-
ing set. One of the most hurting tweets in the dataset are the tweets
containing predictions about the upcoming matches. A few of them
are predictions Twitter users make by themselves, but a lot of them
are spam tweets. There has been a lot of research done concerning de-
tecting spam on Twitter. A possible approach could be to implement
one of those ideas presented.
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FA C T C L A S S I F I E R

5.1 introduction

The central purpose of this part of the system is to determine which
kinds of facts (that is, which fact classes) are present in a given tweet.
By introducing this phase in the system, we are aiming for three goals.
The first goal is the creation of attributes (features) which other parts
of the system depend on to work properly. As will be presented in
the upcoming chapters regarding the fact extraction and the reliabil-
ity classifier, the output of this classifier is directly used by the other
parts of the system to work. For example, the fact extractor makes
use of the output of this classifier to know which fact classes it has to
extract from the tweet. The second goal of the fact classifier is to be
able to evaluate the final system more precisely. For example, we are
able to draw conclusions regarding certain fact classes or fact compar-
ison types or fact scopes, instead of all fact classes combined together.
The third goal of this part of the system is automation. Our goal is to
design a completely automatic system which can, given a tweet as in-
put, determine automatically if the facts within the tweets are correct
or not. By introducing this part of the system, the system as a whole
can operate and be trained more automatically. A diagram of the fact
classifier can be found in figure 10.

Input: The input the classifier is the text of the tweet.
Output: The output of the classifier is a list of (zero or more) non-
duplicate fact classes.

Fact classifier
Tweet {Fact_class_1, Fact_class_5, ...}

Figure 10: Diagram of fact classifier

5.2 mallet topic modelling

To implement the classifier, we initially implemented a topic model.
In machine learning, a topic model is a statistical model for determin-
ing "topics" in a collection of documents. When a document is about
a certain kind of topic, for example about a particular game like chess,
you would expect certain kind of words to appear in the document
that can indicate which kind of topic(s) it belongs to, for example the
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pieces as "Rook" or "King" or "Pawn". Often, topic models can define
several topics and indicate which words belong to that topic, as well
as specify for each topic a percentage to a document to point out how
much that document belongs to a certain kind of topic, for example
80% Chess and 20% Draughts.

MAchine Learning for LanguagE Toolkit (Mallet) 1 is a package for
natural language processing and was mainly developed by Andrew
McCallum of the University of Massachusetts Amherst. Mallet con-
tains several NLP tools, including document classification, sequence
tagging and numerical optimization and a topic modelling toolkit.

When we conducted the first experiments, we noticed that the clas-
sifier has difficulty with classifying different scores. The facts which
we introduced in the previous section mostly make use of structure
based facts. For example, each fact which belongs to the fact com-
parison type ’score’ makes use of a score entity such as ’1-0’ (for
example: ’Final time Australia - Netherlands: 2-1’). Which particular
score-expression (2-0, 1-0, 1-5) is mentioned in the tweet, does not
matter to the fact class. But the fact that the tweet contains a score-
expression does and the exact location in the sentence does matter.
The problem with Mallet is that it sees those different scores as differ-
ent words and therefore also tries to classify those in different facts.
Notations of minutes, players and teams suffer the same problem. To
solve this problem, we have replaced various important basic struc-
tures such as the score entities with unique words which do not ap-
pear in the tweets. An example of such a word, replacing a score en-
tity is ’**UniqueMalletScorePattern**’. By doing so, Mallet does not
differentiate between those words any more and tweets are not af-
fected by those words. When applying this ’filter’, we still have kept
it very basic. We did not affect high level structures of entities, for
example the ones we would expect at fact level such as replacing a
combination of player and score, but only low level entities. By doing
so, we have been beware to not introduce preconceptions in the data,
in such a way that Mallet is unable to find the relations or in a way
that we would force certain relations on Mallet.
After some experiments with the training data, we were discontent
about the performance of Mallet. We did not find a proper mapping
of words or tweets into fact classes. We have tried to tune Mallet in
two ways. In the first experiment, we have asked Mallet to assign as
much classes as the number of fact classes, trying for a 1 on 1 match
between the Mallet output classes and our fact classes. In the second
experiment, we have asked Mallet to assign more classes, trying for
a n to 1 match between the Mallet output classes and the fact classes.
In the first experiment, we saw that a lot of classes contained the
same words which we would expect in different classes, they were
far to generic; almost every Mallet output class had a score structure
or a ’final time’. When we tried to increase the number of Mallet
output classes (to assign one or multiple to one fact class), this afore-

1 MAchine Learning for LanguagE Toolkit (Mallet) - http://mallet.cs.umass.edu/

[ July 21, 2016 at 8:49 – classicthesis version X?X ]



5.3 implementation 33

mentioned problem still remained. Next to this problem, we also still
remained with the problem that we were unable to replace every ba-
sic entity to a basic entity unique word. Because there are so many
different ways of these entities to be expressed (especially players and
teams), this steps is far more challenging then expected and because
of the poor performance of this part of the filter, Mallet still divides
those entities over different Mallet output classes. After those two ex-
periments, we could have chosen to focus more on replacing those
entities, which would increase the performance of the filter step and
by making use of that step, try to increase the performance of the
topic modelling. However, we were not convinced to keep working
with Mallet’s topic modelling, because we were more and more con-
vinced that the performance was going to rely on the filter step, in-
stead of the underlying model of the topic modelling. Our hypothesis
was that several words and structures of characters would form the
essence of this classification. Words like ’FT’, which is a popular way
to represent ’Final time’, indicating that a final time of the match has
been reached and providing a score to indicate what the score was at
that moment. Which kind of players scored a goal does not matter to
the type fact, in fact: most words will not matter.

5.3 implementation

By making use of the conclusions and implementation preparations
of the topic modelling experiments, we have designed and imple-
mented the final implementation of the fact identifier. The most im-
portant conclusions we have drawn from the previous chapter are the
following:

• To identify the facts; important indicators are ’word categories’
such as a score indication which can result in several options
such as ’1-0’, ’1-2’

• Those combinations of words and words categories will indicate
which facts are present in a tweet

• But that we are not sure which combinations of words and
which word categories will lead to a good result

By analysing the conclusions, we have chosen to use a feature based
classifier, which in our opinion will fit the needs of this problem per-
fectly. We have decided to implement the classifier by making use of
supervised learning. To do so, we have designed 14 features, listed in
table 4. A big part of these features target the entities we have pre-
sented in the previous sections such as a Minutes, Cards and Counts.
Others make use of the ground truth, for example feature ’Player’,
which uses the list of players from the FIFA.

Adding a new type of fact (fact class) is fairly easy. One has to
perform 3 steps:

1. Add a new fact class, by determining a name, description and
identifier.
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Feature name and description Feature implementation (regular expression)

Feature ’Minute 1’. Targets minute
entities. For example ’93+3"’.

(^|[^a-zA-Z0-9\+])([0-9]?[0-9])\s?(\+([0-9]))?["’]\
s?(\+[0−9])?(\s|$)

Feature ’Minute 2’. Targets
minute entities. For example
’32nd minute’.

\b([0-9]?[0-9]?)(1st|2nd|3rd|[4-90]th)\s(?i)(

minute|min(\s|\.|$))

Feature ’Count’. Targets count enti-
ties.

\b((([0-9]?)(1st|2nd|3rd|[4-90]th))|(?i)(first|

second|third|fourth|fifth|sixth|seventh|eighth

|ninth))

Feature ’Yellow card’. Targets parts
of yellow card expressions.

(?i)(((?=.*?\byellow\b))^.*$|(?=.*?\bbooked\b)^.*$

|(?=.*?\bbooking\b)^.*$|((?=.*?\byellow\b)

(?=.*?\bpick(s|ed)?\b))^.*$)

Feature ’Red card’. Targets parts of
red card expressions.

(?i)(((?=.*?\bred(card)?\b)(?=.*?\b(red)?card(ed)

?\b))^.*$|((?=.*?\bbooked\b)(?=.*?\bred\b))^.*
$|((?=.*?\bbooking\b)(?=.*?\bred\b))^.*$)

Feature ’Score’. Targets score ex-
pressions.

\b[0-9](\s?)(:|-|v)(\s?)[0-9]\b

Feature ’Score 2’. Targets score ex-
pressions.

((\#|\b)(?i)(...)\s?[0-9]\s?(\-|\:|\,)?\s?){2}

Feature ’Score verb’. Targets score
verbs.

(?i)(score(s|d)|(g+o+a+l+s?)+)

Feature ’Final time’. Targets final
time words.

\b(FT|ft\:|Ft\:|(?i)(final[\-\s]?time)|(?i)(final

[\-\s]?(score)?)|(?i)(full[\-\s]?time(\:)?)|(?

i)(result\:))(\b|$|\s)

Feature ’Final time 2’. Targets final
time words.

\b(?i)(beats?|wins?|lose|loss)(\b|$|\s)

Feature ’Half time’ Targets half
time words.

\b(HT|HT\:|ht\:|Ht\:|(?i)(half[\-\s]?time))(\b|$|\

s)

Feature ’Player’ Targets player
names. The ... in the expression is a
list of player name components, for
example ’Robben’ from the name
’Arjan Robben’.

(\b|\#)(?i)(...)\b

Feature ’Player 2’. Targets player
names. The ... in the expression is a
list of player name components, for
example ’Robben’ from the name
’Arjan Robben’.

\(((?i)(...)\s([0-9]?[0-9])(\+([0-9]))?["
’](\+[0−9])?\,?\s?)+\)

Feature ’Other time’. Targets other
score expressions. For example (1-
0)

(\(|\[)(\h?)[0-9](\h?)(:|-|v)(\h?)[0-9](\h?)(\)

|\])

Table 4: List of features used in the fact classifier
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Figure 11: Screenshot of the self-designed tool which we used to annotate
tweets which resulted in the training data.

2. Compose features which will determine if a fact class is present
in a tweet, and add those to the existing list of features.

3. Prepare a training set which can train the fact class specific clas-
sifier and add those to the existing training set.

By making use of the Waikato Environment for Knowledge Anal-
ysis 3 (Weka 3) suite, we have experimented with several classifier
algorithms. The results of the experiments can be found in the next
section.

5.4 evaluation

To train and evaluate the fact classifier, we have manually labelled
1883 unique tweets. For each fact class, we have randomly taken a
few hundred of tweets (if possible) and manually labelled the fact
classes which were presented in the tweets. This resulted in 2341 fact
classes being present in 1883 tweets. The results can be seen in table
5 and 6.

Fact class Number of tweets containing
the fact class

Red card count (CRC) 267

Score final time (FT) 493

Score half time (HT) 356

Score other time (OT) 531

Score minute (MS) 389

Red card minute (MRC) 68

Yellow card minute (MYC) 203

Total number of tweets 1883

Table 5: List of number of tweets manually labelled tweets

For each fact class, a separate classifier is trained and evaluated.
By making use of the Weka suite, we have experimented with sev-
eral classifier algorithms and achieved the best performance with the
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J48 classifier. As presented in the second chapter, the J48 classifier
is a Java-based implementation of the C4.5 algorithm and generates
a decision tree. By making use of 10-fold cross-validation, we have
accomplished the following results:

Fact class Confusion
matrix 1

Precision Recall F-measure

Red card count (CRC)
264 3

1 1614

0.996 0.989 0.992

Score final time (FT)
457 36

4 1385

0.991 0.927 0.960

Score half time (HT)
356 0

3 1523

0.992 1 0.995

Score other time (OT)
511 20

35 1316

0.936 0.962 0.949

Score minute (MS)
356 33

8 1485

0.978 0.915 0.945

Red card minute (MRC)
66 2

1 1813

0.985 0.971 0.978

Yellow card minute (MYC)
202 1

3 1676

0.985 0.995 0.990

Table 6: List of performance results of the fact classifier. In the confusion ma-
trix column (1), a 2x2 matrix is shown in which, from left to right
and top to bottom the following numbers are shown: the number of
cases where the corresponding fact class was correctly predicted as
’present’ in the tweet, the number of cases where the fact class was
incorrectly predicted as ’not present’ in the tweet, the number of
cases where the corresponding fact class was incorrectly predicted
as ’present’ in the tweet, the number of cases where the correspond-
ing fact class was correctly predicted as ’not present’ in the tweet.

As can be seen in the table, each fact class classifier performs satis-
factory. The only fact class which performs below average level is the
Score other time classifier. One of the most important reasons for that
is that the ways of presenting a Score final time are quite diverse. If
we would improve on features detecting Score final time, we would
improve the performance of the Score final time (recall) and Score
other time (precision).

In the implementation, we are aiming for a satisfactory precision
because we believe that a low precision does more damage to the
performance of the whole system than a low recall. Because we use a
big dataset, a lower recall will still result in a satisfactory amount of
results. As you can see in the table, the goal, to attain a good precision
while maintaining a decent recall, has been achieved. Because the fact
extractor relies heavily on the performance of the fact classifier, we are
content with the performance results of this classifier.
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The diagram of the fact classifier in figure 10 is updated to the
diagram in figure 12.

C1

C2

..

Cn
True/False

Tweet {Fact_class_1, Fact_class_5, ...}

Figure 12: Updated diagram of fact classifier. Each fact class has a dedicated
fact classifier with a tweet as input and a boolean as output. The
outputs are aggregated and passed on as the final output of the
fact classifier.

5.5 improvements and feature research

One of the most important improvements we can perform on this
classifier is the introduction of more refined features. Because of the
fusion of several verbs into one feature, the features are getting some-
what coarse. Because of the good results, we have not been tempted
to change that, but we think that we can we achieve better results if
we introduced some refinement.

Another improvement would focus on the ’Score other time’ fact
class. This fact class classifier is performing below the average perfor-
mance of other classifiers. One of the reasons is that the number of
false positives is high, which means that the classifier thinks a Score
other time is present, but a similar fact class (Score final time) should
have been identified. One of the reasons for that is the high diversity
of the ways of declaring a Score final time, which makes it hard to
identify the fact class. The other reason is that the ’false negative’ rate
is high, which means that the classifier is unable to determine the
presence of a Score other facts in the tweet. One of the reasons we
can point out for that are the various ways a score is expressed in
the dataset, which if not recognised causes the classifier’s inability to
classify tweets correctly. A rather obvious suggestion to improve this
type of fact is to add more expressions (words, character sequences)
to the list of features. We do not think this will be a very sustain-
able approach. We think that the post promising approach would be
to use the context of the fact. Events taking place in the World Cup
are often directly posted on Twitter; is little time between the time of
Tweeting and the time of the event taking place. A ’Score half time’
would likely to be tweeted around half time, a ’Score final time’ at
the end or a long time after the match. This is also related to the pa-
per "Automatic Extraction of Soccer Game Events from Twitter"[33],
in which the authors used the average moment of tweeting to ex-
tract the minute of the event in a soccer match. The authors were not
entirely satisfied with the result, but the progress they made would
certainly improve the fact class detection.
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6
FA C T E X T R A C T O R

6.1 introduction

The central purpose of this part of the system is to determine which
kinds of facts (that is, which instances of the known fact classes) are
present in a given tweet and extract them. The ultimate goal of the
system is to determine if the listed fact classes in the previous chap-
ters within a tweet are factually true or factual false. To do so, our aim
is to build a classifier (the reliability classifier) which can determine
whether this is the case or not. This step, determining which kinds of
facts are in a particular tweet, aims for three goals. The first goal is
the creation of attributes (features) for the reliability classifier, which
will be shown in chapter 7. The second goal of the fact classifier is
to be able to evaluate the final system more precisely. For example,
we are able to draw conclusions regarding certain fact classes or fact
comparison types or fact scopes, instead of all fact classes combined
together. The third goal of this part of the system is automation. By
making use of the output of this part of the system, we are able to
build a training set which can be used to train the classifier models in
the reliability classifier, by extracting the facts in tweets automatically
and determine their factual truth by making use of the ground truth.
In this way, we do not have to annotate the tweets manually, which
would otherwise take us an enormous amount of effort.

The general strategy of the fact extractor is to find words or struc-
tures of words in tweets. Most of the Twitter messages are written in
plain natural language but there are some key differences.

• Twitter users are permitted to Tweet in any language they de-
sire. Because the FIFA World Cup is an international event, the
dataset shows a lot of variety in languages used. A lot of Twitter
users use different kinds of languages in the same tweet. A spe-
cific example is the facts that a lot of users use the words they
know; they start their message in English, but use some words
from their native language because they are unable to express
themselves in English completely.

• Twitter messages are not bound to any structure. Twitter mes-
sages are encoded in UTF-8 and that means that a lot of charac-
ters become available for people to use. Two examples are:

1)

2)

Twitter messages are not controlled by an authority, or require
the use of proper sentence structures and correctly spelled words.

39
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This means you cannot demand any grammatical structure from
the Twitter messages.

• We aim to extract a specific kind of tweet. Those tweets will
contain the fact classes we have described and Twitter users use
certain kind of structures to express those.

A diagram of the fact extractor can be found in figure 13.

Input: The input the fact extractor is the text and meta-information
of the tweet, the ground truth and the classification output of the fact
classifier.
Output: The output of the classifier is a list of (zero or more) facts.

Fact classes

Tweet

Fact
extractor

Database

Facts

Figure 13: Diagram of the fact extractor

6.2 implementation

6.2.1 Introduction

The extraction of facts works in three stages. The fact extractor re-
ceives a list of fact classes from the fact classifier. For each fact class
found in the tweet, the fact extractor internally calls an extraction
mechanism dedicated for that specific fact class. At the end, all the
facts are combined in a list and passed on to the reliability classifier
and saved in the database.

The fact extractor is based on several key entities. The most impor-
tant entity is the one representing the most important concept, the
main goal of the fact extractor to output; a fact. In the fact extractor
model, a fact is only a very general wrapper concept which serves as
a parent for the actual concretization of a fact, which is done by the
so called fact classes which we listed in the table 1. The model can be
found in figure 14;

Each fact, and therefore each fact class, has a fixed number of pieces
of information which makes it a fact in our project. For example, a
final score fact always has a match and a score. The match component
in a final score match is a unique link to a specific happening (namely
the fact that a match has been played) and the score is a piece of infor-
mation about the happening (namely the fact that the match ended
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Fact

CRCFact

HTFact FTFact OTFact

MSFact

MRCFact MYCFact

Figure 14: Class diagram showing the relations an abstract Fact and a fact
class. As implied in this diagram and described in the upcom-
ing sections, the grouped fact classes (HTFact-FTFact-OTFact and
MRCFact-MYCFact) have a very similar implementation and con-
tain the same fact entities.

in 3-2 for example). Because of this fixed combination of information
components for each fact, we are able to perform several operations:

• We can point out happenings. Facts are pieces of information
about that happening. For example, if that happening existed
or when it happened. This is an important step for the other op-
erations, for example, we are able to identify several statements
to link to the same happening.

• We can compare facts. For example, a final score fact always has
a combination of a match and a score. In this way, we can com-
pare final score facts if identified the matches to be the same.

• We can verify facts. By using the combination of pointing out,
comparing and using the ground truth, we can verify if a fact is
true or false.

Each fact is made up of one or more of the following entities:

With these entities and a description of the relation between these
entities, each fact we implement in this thesis can be described. There-
fore, the aim for the fact extractor is to find these pieces of informa-
tion and find the correct relation between them:

• The fact extractor has to find out how many facts are in the
tweet, the fact classifier only determines which fact classes are
in the tweet, not how many.

• The fact extractor has to find the information needed for each
fact in the tweets. Each fact class needs a certain amount of
information to satisfy the conditions of that specific fact class.
This information, if available, needs to be extracted from the
tweet or meta-information of the tweet.

• The fact extractor has to make sure the information is correctly
linked to each fact. Most tweets will contain several facts, even
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Match A match in the tournament, consisting out of two
teams. Each match can be identified by an integer
linking to a unique match in the tournament .

Team A team in the tournament, consisting out of a selec-
tion of 23 players. Each team can be identified by an
integer linking to a unique team in the tournament.

Player A player in the tournament, belonging to 1 team.
Each player can be identified by an integer linking
to a unique player in the tournament.

Minute Every happening in association football is logged
by stating the minute in which it happened. Each
Minute entity consist of two positive integers. The
first minute describes the minute in the normal play-
ing time. If the normal playing time is expired, but
the game is still running because of additional time
due to for example substitutions or injuries, an ad-
ditional integer is added in which the minute of the
additional time is represented.

Score The score of a specific match, consisting of two coun-
ters counting the number of goals each team scored.

Count A counter referring to an ordinal number of a specific
happening. For example the <1>st yellow card of the
tournament.

Table 7: List of fact entities

several facts of the same fact class. If two Score final time facts
are present in a fact, the score of one match has to be linked to
the right match.

A very valuable piece of information of a piece of text in a tweet
linking to an entity is the position of that piece of text in the twitter
message. Especially in the fact class specific extractors, see section
6.2.3, we will use the position of entities in the tweet to extract in-
formation. To do so, we introduce the ObjectLocation, which will be
used by most entity extractors in the next section. An ObjectLocation
is a combination of a position (in a Twitter message) and an entity.
For example, if a player is found in the tweet, an ObjectLocation will
indicate the position of the entity and hold a reference to the entity
which was extracted. An example can be found in figure 16

6.2.2 Entity extractors

Before we going to focus on the specific implementations of the fact
extraction of each specific fact class, we first want to focus on a cou-
ple of generic functions which we implemented to support the fact
class extractors. Because we already know which information we are
looking for for each fact type, we can already specify very specific
objectives. We already know a Final time score fact needs a score, so
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1

*

* 2 1 221..*

Match

id: integer

name: string

Goal

Team

id: integer

name: string

Player

id: integer

name: string

Minute

basic: integer

extended: integer

Score

home: integer

away: integer

Figure 15: Class diagram showing the relations between the declared enti-
ties in the tournament

0 1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16 17 18 19 20 21 22

W O W A r j a n R o b b e n s c o r e s

4 - 16

ObjectLocation <Player>

start: 4

end: 16

Player

id: ...

name: Arjan Robben

Figure 16: An example of an ObjectLocation

we have to find a way to extract a score from a tweet. We can already
implement dedicated extractors for each of the entities (Match, Team,
Score, Minute) expressed in the table above. Because of this step, the
only thing the specific extractors are concerned with is the interpre-
tation, combination and coordination of those pieces of information.
Those are different for each fact class and need to be addressed in the
fact class specific extractors.

Player extraction

Player extraction is an important part of the extraction fase. Almost
all of the fact class specific extractors use the entity player to extract
facts. The player extractor is heavily based on the knowledge of the
database about the players participating in the world cup. We make
use of two available list of players, one from the FIFA and one from
Football.db 1. We make use of two sources because the spelling of
the names which FIFA uses and Football.db use differ a lot. This is
because a lot of names are translated from other alphabets (Cyrillic
alphabets, Korean alphabet) to the Latin Alphabet and this transla-

1 football.db - Open Public Domain Football Data - http://openfootball.github.io
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tion causes different spellings to be used by different authorities. The
differences include examples such as "Thomas Müller" vs "Thomas
Mueller" or "Hong Jeong-ho" as "Hong Jeongho". This problem leads
to the main problem of this task and that is the fact that people make
a lot of spelling mistakes when they spell names of football players. A
simple example is the misspelling of the name "Marcelo", a Brazilian
football player; the name "Marcelo" has been misspelled "Marcello"
3000 times and has been spelled 140k times correctly (resulting in a
2% error rate). These mistakes are made regularly.

The implementation of the player extraction is as follows. Within
a tweet, each word gets scanned and compared if it could be part of
a name. If there is a match (for example ’Arjan’), this partial match
gets saved and the words after the match are checked if they belong
to the partial match as well. By doing this we achieve the following:

• We are more sure that a name is found. It could be possible
that a word like "rose", which has multiple meanings and is
also used as a name, could match a players’ name "Rose". If
a word sequence "rose jackson" is matched, the probability of
"rose" being a name instead of a flower has increased. That is
because the name "Rose Jackson" is a popular name and there-
fore a common occurrence and the bigram "rose jackson" when
rose being a flower is less common.

• We can eliminate certain players if for example their first name
are similar, but their surnames are not.

• We can achieve a better performance on location determina-
tion. If we know more precisely where the names are located
and have the knowledge of knowing we are dealing with only
one player instead of multiple, we can also do a better job in
analysing structures in sentences and therefore receive a better
result. For example, because we have

Within the player extractor, to solve some problems matching dif-
ferent spellings of words, the names and tweets are normalized. This
means that "Müller" becomes "Muller" and "Mandžukic" becomes
"Mandzukic". By normalizing the Tweets and the names, several dif-
ferent spellings are normalized into one.

One of the problems we faced when extracting names was the prob-
lem of matching several players because a) names are not as unique
as we had hoped and b) in a lot of cases, names are not written out
fully, but only a first name or surname is given. We solved a lot of
cases by introducing a team filter. Because a lot of tweets mention
facts belonging to each other, the team filter first scans the tweet for
teams and only extracts names from that tweet belonging to those
particular teams, reducing the number of player matches.

Team extraction

When extracting a team entity, the problems we faced were very sim-
ilar to the problems we faced when extracting players. Like players,
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people use a lot of nicknames for their team, ranging from "Holland"
when they mean "The Netherlands" to "Oranje", the famous shirt
colour of the Dutch team, "Our guys" and many others. Although
we faced a lot of similar problems, we also noticed that when refer-
encing teams, Twitter users seem to use a lot less spelling variations.
One of the possible reasons is that it is very popular to use hashtags
in combination with the abbreviation of the team to represent teams.
The most popular abbreviations used is the official FIFA country code
for each team which is very similar (but not completely similar) to the
official "ISO 3166-1" country codes. For example, Brazil is references
by "#BRA" and the Netherlands as "#NED", making it very easy to
extract these kinds of notations. One of the reasons to use these hash-
tags is that the Twitter messages are more accessible to the Twitter
search engine and therefore can more easily be found and participate
as message in the discussion and in trending topics.

To extract teams, we use a set of words consisting of full names,
partial names and abbreviations of teams. We combine these words
in a regular expression so we can also detect variations and combi-
nations of the words, but also make sure the words found are truly
referencing the teams instead of other entities.

Match extraction

Match extraction has a lot of similarity with team extraction. The
main way of representing a match is to refer to the two teams playing
against each other. The difference, obviously, with team extraction is
that two teams have to be extracted and that the combination of the
two teams has to be found. For example, a lot of Twitter messages
report results of a specific group in the tournament’s group stage (the
FIFA World Cup always begins with a group stage, where teams are
divided into multiple groups, which play separate round-robins in
parallel). Therefore the combination of each team in those tweets are
likely (they will all play against each other eventually) and finding
the correct combination is more difficult.

In the same way the team extractor does, the match extractor also
makes use of several regular expressions (which are mostly combina-
tions of the team extractor’s expressions) which make sure the team
combinations belong together and refer to a match.

Another type of match extractor we use, which is not part of the
match extractor in the previous section, bases its extraction of matches
on the time the tweet was sent, using the meta-information of the
tweet. When tweeting about the World Cup, as described in section
1.3, it is very popular to tweet updates of the game while the game
is still in progress. Because the tournament is spread out over a one
month period, most of the matches do not overlap and therefore a
tweet can be linked to a unique match. Some others matches are
played parallel to each other, with a maximum of two. Tweets in this
period of time are linked to a match by also making use of words
in the tweet. For example the team in a tweet can determine a match
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because a team cannot play two matches at the same time. In this way,
also these tweets can be matches to a unique match.

Minute extraction

In relation to the other extractors mentioned above, the minute extrac-
tor works pretty simple. As stated in the introduction of this chapter,
in Association football, all the happenings in a match are logged us-
ing the minute in which the happening happened. By analysing the
dataset, we have determined the most popular ways of people to ex-
press the minute and use regular expressions to extract them.

Score extraction

The score extraction works pretty simple as well, because the way
to present a score is fairly limited. Two of the most used expressions
both use the number of goals the teams scored which most sports use.
The most used expression combines the scores and uses a separator,
for example ’1-1’ or ’1v1’ or ’1vs1’ and many other variants. Another
popular expression of a score is locating the number of goals near the
team entity. For example like ’Nederlands 1 Italy 0’. We use several
regular expressions to detect and extract the various variants. The
regular expressions can be viewed in table 8.

\b[0-9](\s?)(:|-|v)(\s?)[0-9]\b

(\(|\[)\h?([0-9])\h?(:|-|v)\h?([0-9])\h?(\(|\[)

([A-Za-z\\#]+)\\s+([0-9])\\s?(:|-|v)\\s?([0-9])\\s+([A-Za-z\\#]+)

(\#|\b)(?i)(countryPattern)((\h?(v|vs|versus|against|beats?|vs.)?\h?\#?)(?i)(

countryPattern))?\b

\#?(?i)(countryPattern)\h*(\(.*\)|\[.*\])?\h*(\*?([0-9]))\h*(:|-|v)\h*(([0-9])

\*?)\h*(\(.*?\)|\[.*?\])?\h*\#?(?i)(countryPattern)

((\#|\b)(?i)(countryPattern)\h?[0-9]\h?(\-|\:|\,|v|vs)?\h?)+

(\#|\b)(?i)(countryPattern)\s?([0-9])\s?(\-|\:|\,)?\s?\#?(?i)(countryPattern)\

s?([0-9])(?!\s?(-|:|,)\s?[0-9])

(\#|\b)(?i)(countryPattern)\h?(\-|\:|\,|beats?)?\h?\#?(?i)(countryPattern)\h

?:?\h?(\*?([0-9]))\h?(:|-|v)\h?(([0-9])\*?)(?!\h?(?i)(countryPattern))

((\*?([0-9]))\h?(:|-|v)\h?(([0-9])\*?))?\h?\#?(?i)(countryPattern)(vs|v)?(?i)

(countryPattern)\h?((\*?([0-9]))\h?(:|-|v)\h?(([0-9])\*?))?

Table 8: List of regular expressions to find scores (often in combination with
teams). Note that ’scorePattern’ is replaced with a list of counties
participating in the tournament. Each country has multiple multiple
expressions, for example England has ’england’ and ’eng’.
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6.2.3 Fact class specific extractors

By making use of the entity extractors, we are ready to focus on the
fact class specific extractors.

Score final time (FT)

To extract a ’Score final time’ fact we need to extract a combination
of a match and a score. The ways to extract a match and a score are
presented in the previous sections. The goal of this section is to be
sure the combination of the entities belong to each other, such as that
a score is not linked to another match in the same tweet (also a Score
final time fact) but also that it is not linked to another fact with the
same entity, which in this case is a Score half time or Score other time
which could exist in the tweet.

As indicated in the previous sections, a Score final time fact is only
extracted if it has been found by the fact classifier. Therefore, we know
that certain entities are part of a tweet. To extract Score final time facts,
the fact extractor begins obtaining an overview to check which enti-
ties are present in a tweet. The type of the entities and the number of
entities determine which extraction strategy is chosen. The extractor
begins determining how many scores, matches and teams the tweet
contain. Because of this first step, the extractor can determine if the
number of entities can lead to a direct extraction of a fact without
making an effort to check which entities belong to each other. If only
one score can be found and if only one match can be found, with the
condition that the order of the parts of the scores can be linked to the
team, the fact can be extracted.

In the second step, different patterns are tested on the tweets. These
patterns, sequences of combinations of indicators for entities and se-
ries of characters, are step for step applied on the tweet. Each found
match is added to a list of Score final time extractions. After each pat-
tern is tested on the tweets, a final check is performed on the list of
extracted facts. The patterns we have tested on the tweets are sorted
on probability of extracting the correct match. In association football,
only one final score exists for each match, so if two scores are ex-
tracted pointing to the same match, the first extraction, and therefore
the first fact in the list, is the most probable and will be returned as
the extracted Score final time fact. Other extracted scores are removed
from the list and discarded.

Score half time (HT)

The extraction of a ’Score half time’ is extremely similar to the extrac-
tion of the ’Score final time’. To extract a ’Score half time’, we also
need to extract a combination of a match and a score. The three steps
which we introduced in the extraction of a ’Score final time’, we also
use with the extraction of a ’Score half time’. Also the patterns which
we use with the extraction of a ’Score final time’ are very similar to
the the extraction patterns of a ’Score half time’. Only the indicators
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which determine if a ’Score final time’ is present in the tweet are dif-
ferent from the indicators of a ’Score half time’. This is mostly caused
by the fact that a tweet almost never contains both a ’Score final time’
and a ’Score half time’. Therefore, the step to distinct these two facts
does not have to be executed which makes this extraction very similar
to Score final time.

Score other time (OT)

The extraction of a ’Score other time’ appears to be similar to ’Score
final time’ or ’Score half time’, but the strategy of extraction is a lot
more complicated. Comparable to the previous fact classes, to extract
a ’Score other time’, a combination of match and score has to be ex-
tracted. However, because a ’Score other time’ co-exist together with
other fact classes within the same fact group (facts containing a score),
the extraction strategy is very different to the other fact group extrac-
tors.

In the first step of the extraction, the extractor checks if a ’Score
final time’ or a ’Score half time’ is found in the tweet, because the
extraction strategy differs for each case. In the first case, if no Final
time or Half time is found in the tweet, the extraction of an Other
score is almost the same as the extraction of a Half time or Final
time. The biggest difference with extracting an Score other time, no
matter if a Score final time or Score half time is present, is that the
patterns(/structures) around a score entity which are present around
a score in a Final time or Half time are not always present around
a score belonging to a Score other time. These patterns are used to
link entities to each other and make it possible to extract a fact effec-
tively. Several patterns which we use to extract Score final time scores
and Score half time scores can be used for Score other time as well,
but a big part of the Score other time facts does not have the struc-
ture which makes it easy to link the teams to the correct score parts,
which makes it challenging to extract. A part of the ’Score other time’
facts, namely the ones with a tied score, do not suffer from this in-
creased difficulty, and are pretty common in association football. For
these scores, only the relation between the match and the score has to
be extracted and not the order of the score. For the scores which are
not tied, the score order cannot be extracted instantly. To determine
the order, we try to extract the order from other sources in the tweet.
Two examples of those sources are hashtags which contain two teams
(such as #NetherlandsBrazil) or other facts which already have deter-
mined the order of the score (Netherlands 3-0 Spain). Very often, the
order of all those sources are identical in a tweet which makes it pos-
sible for us to extract the order of a score. Similarly to the extraction
of a Score final time and Score half time, the extraction methods are
based on a correctness probability. For this fact class, because several
scores can belong to a match in contrary to a Final time and Half
time where the score is unique, the filter method is not only based on
the match. In this filter method, each score-expression is checked to
which extracted fact it belongs by making use of the location of the
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score-expression using the ObjectLocation. Each score-expression can
belong to only one fact, and therefore each duplicate less probable
fact is removed from the extraction list. In the second case, in case
that a Score half time or a Score final time is found in the tweet, an-
other extraction strategy is used. The main reason for using another
extraction strategy is that the way of expressing a Score other time
fact is very different when a Half time score or Score final time is
present in a tweet. To extract a Score other time, first the Score final
time extractor is used to extract every Score half time and Score final
time. By making use of the ObjectLocations of those facts, we know
which score-expression could be linked to a Score other time, and
which score-expressions are linked to Score final/half time facts. In
the second step, we check if we can perform the third step. In the
third step, we iterate over each score-expression which is not used
by the already extracted Score final/half time facts and extract these
scores as Score other time (which is differs in regards to the other
extraction methods, where we iterate over fact patterns). We can only
extract a score-expression as a Score other time fact in step three by
making sure we know the order of the teams in a score-expression.
In step two, we try to extract this order by using the techniques pre-
sented in the first half of this section (we made use of patterns such
as hashtags with contain teams).

Minute scored (MS)

The extraction of a ’Minute Scored’ is quite different than the extrac-
tion of a Final time, Half time or Other time. Firstly the entities which
have to be extracted are different. For the ’Minute scored’ fact, we try
to extract a combination of a Match, Player and Minute. Because the
number of entities increases from two to three, the extraction auto-
matically becomes more challenging.

Comparable to the extraction of a Score final time, the ’Minute
scored’ extractor also checks the entities in the tweet to determine the
extraction strategy. If only one Match, Player and Minute is found,
using the entity extractions listed in the previous sections, a Minute
scored fact can be extracted. After this initial step the main strategy
of the ’Minute scored’ extractor is initiated. In this strategy, the tweets
gets broken down into logical smaller components (how is explained
below) and for each smaller component, the same ’main strategy’ is
applied again. In this way, the tweet is broken down up to three times.
Each time the tweet is broken up into smaller parts, parts of the tweet
enter a new so called ’extraction phase’. Although the same main
strategy is applied on each smaller portion of the tweet, each extrac-
tion phases differ a little, which will be detailedly explained below as
well. The main strategy consists of the following steps:

• Check the types of entities and number of the entities in the
current part of the tweet.
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• If an indication of an other fact class with the same fact compar-
ison type (Minute) is detected, do not extract any fact and skip
to the tweet breakdown in the last step.

• If only one triple of Match, Minute and Player can be found,
return this as an extraction of a ’Minute scored’. If one match is
found in the current part of the tweet (or one match was found
in previous extraction phases) ánd one player is found in this
current part of the tweet, each Minute which is found can be
extracted with the combination of the Match and Player as a
’Minute scored’ fact.

• If multiple player entities are found in the current part of the
tweet, the current part of the tweet is broken up in smaller parts.
The found entities of the current part of the tweet are saved
because the smaller parts can use these in the previous (third)
step. For each of the smaller message parts, each extraction step
in this list is performed again.

As stated in the last step of the extraction strategy, the current part
of the tweet is split up in smaller parts, leading to different extraction
phases.

• Extraction phase: original tweet. The main strategy is applied
on the original tweet as well. This extraction phase is similar to
every other fact class extractors, which all check if a fact can be
extracted without analysing the tweet for a particular fact class
relation.

• Extraction phase: lines. In the first split, the original tweet is
broken up into individual lines. We have noticed that it is fairly
popular for Twitter users to state each Minute scored fact on a
different line, which makes it easy for use to utilize this way of
Twitter message layout. The tweet is broken up using end-of-
line characters.

• Extraction phase: sentences. After the original tweet is broken
up in to lines, the tweet gets broken up into sentences. In the
dataset, it is common to express different facts in different sen-
tences and by making use of the Stanford NLP software, we can
effectively separate each sentence from each other. Note how-
ever that the performance of this sentence splitting tasks is not
as effective on this dataset as it is on other non-Twitter text. Twit-
ter messages are not written in the same way other text would
be written, for example not using the correct punctuation which
the sentence splitter is reliant on.

• Extraction phase: part of sentence. After the tweet is broken
up into sentences, the most interesting extraction phase is used
in which we split the sentence into multiple smaller part by
making use of the most common way of expressing the Minute
Scored fact in the dataset. Often, when a Minute score fact is
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expressed in a tweet, the message looks something like this:
"Robben 31’, 41 Messi 21’" or ’21’ Messi, Robben 31’". Often,
these expressions are surrounded by parenthesis or brackets,
which is a good indicator for us and is used to split the sen-
tence into parts. For each part, a dedicated function is used to
extract the Minute scored fact.

To make the Minute score extraction more clear, we will now show
an example of a tweet extraction:

1 Netherlands 3 - 1 Argentina

2 (Messi 31’)

3 (Robben 21’, 29’ Van Persie 79’)

In the first phase, the extractor detects a match entity, 2 player enti-
ties and 4 minute entities. It cannot make any decisions now, because
the tweet is far to complex and it does not know which minute be-
longs to which player. In the second step, it splits the tweet into lines,
which makes it possible for the extractor to extract the first Minute
scored fact. It sees that there is only one player and one minute in
the second line, which in combination with the detected match in the
first extraction phase can be extracted as a Minute scored fact. The
third line however is still too complex to extract and moves to the
third extraction phase. In this extraction phase, the line will not be
split into smaller sentences because the sentence splitter does not de-
tect more than one sentence in this line. In the last extraction phase.
The parenthesis are detected which will result in three smaller parts
in which the second smaller part will be "Robben 21’, 29’ Van Persie
79’". This expression is given to a dedicated function which detects
that it has to use a left-to-right (player left, minute right) approach to
extract a player and then one or more minutes. In combination with
the found match, the three Minute scored facts are extracted.

Minute red card (MRC)

The extraction of a ’Minute red card’ is similar to the extraction of a
Minute Scored. The entities which need to be extracted are the same;
a Match, Player and Minute. This extractor also works with a main
strategy and extraction phases, but both implementations are a little
bit more simple than the Minute scored extractor. The main strategy
of Minute red card is:

• Check the types of entities and number of the entities in the
current part of the tweet.

• If one Match, one Minute and one Player and a red card indi-
cator can be found in the current part of the tweet or in com-
bination with higher fact extraction phases, return this as an
extraction of a ’Minute red card’. In addition to the standard
extraction of the required entities, we add a special extraction
in this fact class extraction which does not need every required
entity to extract a fact. Because a Minute red card fact has spe-
cial characteristics, such as that every player received not more
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than one red card in the tournament, or that the number of red
cards in one match did not exceed one, we are able to extract a
Minute red card fact by extracting less than the required entities
and using the ground truth to add the missing information after
the initial extraction. We have adopted this strategy because of
two reasons: this fact is very suited for this kind of fact because
of the special characteristics of this fact class and because in the
dataset, the required entities are often missing, which requires
us to modify our strategy to a better performing one.

• If multiple player entities are found in the current part of the
tweet, the current part of the tweet is broken up in smaller
parts. The found entities of the current part of the tweet are
saved because the smaller parts in the next extraction phase can
use these in the previous (third) step. For each of the other ex-
traction phases, each extraction step in this list is performed
again.

The extraction phases of Minute red card are the following:

• Extraction phase: original tweet. The main strategy is applied
on the original tweet as well, similarly to all the other fact class
extraction methods.

• Extraction phase: lines. In the first split, the original tweet is
broken up into individual lines, using end-of-line characters.

• Extraction phase: sentences. After the original tweet is broken
up in to lines, the tweet gets broken up into sentences by mak-
ing use of the Stanford NLP software. After each step in the
main strategy is carried out, a special dedicated Minute red
card function is applied to each sentence. In this function, the
Stanford NLP’s dependency parser is used to construct a de-
pendency graph for each sentence. If a sentence with a Minute
red card is found which is still hard to parse because for ex-
ample multiple player entities are in the same sentence, the de-
pendency graph will provide us information about which player
belongs to the Minute red card fact. In figure 17, three examples
are provided of dependency graphs leading to an extraction of
a Minute red card fact. The first two examples show two dif-
ferent graph structures which both will lead to an extraction of
a fact. A special type of structure is shown in the third graph
which shows that if a verb is found in the root of the fork of the
graph, a Minute red card fact is extracted.

Minute yellow card (MYC)

The extraction of a ’Minute yellow card’ is implemented in exactly the
same way as the extraction of a Minute red card. The only difference
in the implementation is that the keywords changed from targeting
red cards to targeting yellow cards.
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Figure 17: Example of three dependency graphs leading to an extraction of
a Minute red card

Count red cards (CRC)

The extraction of ’Count red cards’ is implemented by looking for the
following entities; a Count, a Player and a Match. These entities will
result a unique identification for each red card in every FIFA tour-
nament, because one player can only receive one red card per game,
but multiple per tournament. One of the difficulties we face when
extracting the entities is that in most cases, the tweet does not con-
tain all of the required entities, and therefore, the standard extraction
method does not perform well. One of the adaptations we have made
in this implementation is trying to extract a fact by making use of
less entities and using knowledge from the ground truth to accom-
plish a unique identification. For example, a popular way of tweeting
this fact class is "2nd red card of the world cup!!!". To extract a fact,
we have to extract a Count, Player and Match. One of the entities,
the Count, can be recognized instantly in the tweet: "2nd". The other
entities however are missing. One of the extraction methods we use
in other fact class extractions as well is by making use of the tweet’s
meta-information. By using the time the Tweet was sent and the time
a match was started, we are able to extract a match which serves as
the second extracted entity. By making use of these two entities, we
are now able to possibly extract the last required entity, by making
use of the ground truth. Because in the 2014 World Cup only one
player was fined a red card in each match, if the match and count
match a record in the ground truth, we can match that record as the
correct extraction.

6.3 evaluation

To evaluate the fact extractor, we have manually annotated 578 facts
in 412 tweets.

In total, the fact extractor extracted 461 facts of which 442 are cor-
rect. More performance details can be found in table 10 below.

In general, we are satisfied with the results we have achieved with
the main strategies we have introduced in the fact class extractors.
One of the benefits of these strategy is that we evade most of the
extraction of complex relations and focus entirely on the extraction
of the presented entities. Only in the last steps of the algorithms, we
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Fact class Number of tweets con-
taining the fact class

Number of facts

Red card count (CRC) 30 30

Score final time (FT) 134 141

Score half time (HT) 98 102

Score other time (OT) 102 104

Score minute (MS) 96 117

Red card minute (MRC) 31 31

Yellow card minute (MYC) 51 53

Total 412 578

Table 9: List of manually labelled tweets

Fact class # facts #retrieved #correct Precision Recall F-measure

Red card count (CRC) 30 22 22 1 0.72 0.84

Score final time (FT) 142 122 118 0.97 0.83 0.89

Score half time (HT) 102 89 86 0.97 0.84 0.90

Score other time (OT) 104 71 66 0.93 0.63 0.75

Score minute (MS) 121 98 94 0.96 0.78 0.86

Red card minute (MRC) 26 25 25 1 0.96 0.98

Yellow card minute (MYC) 53 34 31 0.91 0.58 0.71

Total 578 461 442 0.96 0.76 0.85

Table 10: List of results from the fact extractor.

perform relation extraction techniques, which mostly are supported
by natural language processing tools. A direct disadvantage of such
a strategy is that we run into problems very quickly if the entities
are difficult to extract. Because the fact classifier in chapter 5 and the
fact extractor are heavily based on the detection of entities, the failure
of detecting those in a tweet directly leads to a bad performance. A
requirement for this strategy to work, is that the messages fit this
way of extraction. But that is of course the analysis we made when
designing these extraction methods.

6.4 improvements and future research

Player extraction

A challenging and important entity extractor is the Player extractor.
In section 6.2.2, we have introduced the player extractor implementa-
tion and showed how the player extractor tries to solve the problem
of different spellings (often because of translations), different nota-
tions of names and how the extractor made sure the most probable
player was extracted. There are still numerous different ways to write
the names of players, which are not supported by the extractor. For
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example the use of the initials and surname if not supported by the
extractor; it will find the surname, but cannot distinguish names by
making use of the initials. Another problem is the various ways of
misspellings of names. This is a frequent problem and the current
implementation of the player extractor does not address this problem
explicitly. Of course, when only a first name is written wrong, the
surname can still lead to a match, but only if the surname is mention
as well. If only a surname is present and misspelled, the player ex-
tractor is unable to find the correct player. An interesting solution to
this problem would be to use the web to solve this problem. A lot of
popular search engines already can cope extremely well with the fact
that their users misspell queries. One could for example try to find
"Marcelo" by making use of the query "Marcelo". Because popular
football player names queries are popular on the most popular search
engines (Google, Bing) and those engines are extremely trained to
deal with misspellings, those search engines are still able to lead the
user to the result they desired. By making use of their API’s (for exam-
ple, Google Custom Search API), we can integrate those results and
use them to find the player mentioned in the tweet. Another possible
advantage would be that the search engines can cope with several
nicknames of national teams. For example ’Oranjeleeuwen’ (Orange
lions) is a popular way for the Dutch to describe their athletes at inter-
national sport events. By searching for this keyword, we would easily
get transferred to a Dutch fan-site with the name ’Nederlands elftal’
which would give us a reference to the Dutch national team. Another
way to improve the player entity extractor is to use a Named Entity
Tagger, as introduced in chapter 2. One of the reasons we did not
use a NER in the current implementation has two reasons. The first
reason is that we are working with a Twitter dataset in which the nat-
ural language processing tools, as explained in previous sections, do
not perform that well in relation to the training set they were trained
on. A possible solution would be to use a combination of classifiers
trained on Twitter data, for example Ritter’s Twitter NLP tools in-
tegrated named entity entity extractor. Although we would improve
the performance of the player extraction on misspelled names, we
still had to implement a way to link the names to the correct players.
The second reason for not directly implementing a named entity ex-
tractor, is that we already have a list of player names to our disposal.
In a possible other scenario, where we are unsure about which names
to extract, this solution will not be possible.

Another possible solution to several ambiguity problems is by us-
ing additional context in which the facts are presented. A specific
example is the situation at the 29th match at the tournament, when
Ghana played against the United States. As presented in the player
extraction section, players are often referred to with their surname.
Ghana however has a "André Ayew" and a "Jordan Ayew" in their
squad and both players were selected to be part of the starting lineup.
Jordan Ayew was substituted in the 59’ minute. In the 82’ minute,
André scored a goal, which meant that a lot of tweets referred to a
player named "Ayew" scoring a goal. By making use of the context,
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namely that his namesake was substituted, we could determine the
sought-after player directly. In a broader sense; we can use the start-
ing lineup and substitutions to extract players.

Information extraction

One of the post promising approaches would be to use a natural lan-
guage information extraction approach such as presented in "TwitIE -
An Open-Source Information Extraction Pipeline for Microblog Text"[2].
In this paper, the authors present a plug-in for the General Archi-
tecture for Text Engineering (GATE) in which they added a Twit-
ter plug-in in which several NLP tasks within the GATE process-
ing chain are enhanced to perform better on Twitter data. These en-
hancements include for example Social-media specific language foot-
prints for enhanced language detection and Twitter adapted models
for POS-tagging. By making use of this enhanced pipeline, we can
output a series of annotated documents which would be used by an
information extractor, which should perform better in relation to an
annotated document, by a standard model. The information extractor
we would choose would be independent of the annotation documents
we have produced in the previous step. Very often, information ex-
tractors make use of the same type of annotations which among oth-
ers are produced by the TwitIE annotation pipeline. A possible sub-
sequent step would be to use the build-in information extractor from
GATE. Another possible option would be to use the information ex-
tractor module from Stanford NLP. This information extraction mod-
ule from Stanford NLP is trained on particular relations such as ’Live
in’, ’located in’, ’organisation based in’ and ’work for’. The Stanford
NLP software also enables users to train their own relation model
by making it possible to supply your own annotated training set. An
example of a training set can be found in figure 18. In ’Customizing
an Information Extraction System to a New Domain’[29], parts of the
function of the Stanford relation extractor are explained. Indicated
is that when training data exists, the best performance in informa-
tion extraction is generally obtained by supervised machine learning
approaches. Important to note that research involving relation extrac-
tion is primarily focussed around binary relations. Facts which re-
quire a tertiary relation need another processing step to transform
multiple binary relations to a higher order relation. Several examples
of those transformations can be found in literature.

Another popular type of information extraction is open informa-
tion extraction. Open information extraction systems extract relations
between entities from massive corpora without requiring a pre-specified
vocabulary. A popular example of an open information system is Re-
verb. In Reverb, an algorithm is used which uses a POS-tagged and
NP-chunked sentence and returns a set of (x,r,y) triples in which x
and y are noun phrases and r is a relation verb. To extract these
triples, the algorithm searches for verbs by making use of the POS-
tags and looks for the nearest two noun phrases around the location
of the verb. My making use of various specialistic constraints on the
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Figure 18: An example of a part of a training set used for relation extrac-
tion. In this file, formatted in a popular way using columns for
each type of annotation, the first column indicates the two enti-
ties which hold a relation. In the second column, the NER tags,
the third column the word counter and fifth column the POS-tag.

types of verbs and noun phrases, Reverb is able to achieve a very
good performance. More information about Reverb can be found in
’Identifying Relations for Open Information Extraction’[10].
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7
R E L I A B I L I T Y C L A S S I F I E R

7.1 introduction

The central purpose of this part of the system is to determine truth
in tweets by making use of the sources of information provided to
the system. There are different ways of implementing the reliability
classifier. One possible option would be to let the classifier determine
if a tweet contains any untruths. In such implementation the classifier
aims to classify the tweet as false if one of the facts is false and clas-
sify the tweet as true if all the facts are true. This option is chosen in
our implementation of the reliability classifier, presented in this the-
sis. Another implementation choice could be that the classifier only
targets a specific set of facts. If one would for example only wants to
target facts which someone deems to be very important to recognize
(for example, detecting untrue final score facts would be important,
but recognizing a wrong minute would not be important), one could
train the classifier for only that purpose. Note that we only classify
original tweets in the reliability classifier. We use replies and retweets
to build features, but we do not determine the truth of those tweets.
A diagram of the reliability classifier can be found in figure 19.

Input: The input of the reliability classifier is the text and meta-
information of the tweet, the output fact classes of the fact classifier
and the extracted facts from the fact extractor. The reliability classifier
is also able communicate with the database to save and load attributes
from other tweets.
Output: The output of the reliability classifier is false if one of the
extracted facts is false or true if all extracted facts are true.

Facts

Fact classes

Tweet and meta-information

Reliability
classifier

Database

True/false

Figure 19: Diagram of the reliability classifier

59
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7.2 implementation

The reliability classifier has four sources to establish the attributes on:
the tweet, which means the text of the tweet and the corresponding
meta-information, the fact classes extracted by the fact classifier in
chapter 5, the facts extracted by the fact extractor in chapter 6 and the
database, which stores the information of every step in the process
and enables the reliability classifier to combine the data.

When designing the features, we have decided to keep an open
mind about which features to implement and which features not to
implement. In several papers we have seen that the researchers rather
chose an approach of gathering as much features as they could with
the information they have gathered instead of dismissing features
which are not deemed to work before implementing them. In table
11 till 16, the features the reliability classifier uses are presented and
sorted in categories, which ranges from a category of features based
on the Twitter message’s text to features based on aggregated fact
statistics throughout the dataset.

The three data types we use for the features are Integer, boolean
and category. The only type that needs explanation is category which
values are integers but they do not possess relationship which each
other such that 4 ’is bigger than’ 3; they only reference to a category
which can be the same or not the same. Note that not every feature
is available for each tweet; for example ’country sent’ is not always
available because Twitter users are not obligated to declare their loca-
tion in their tweets or user profile. If those attributes prove to perform
well, the classifier has to use other ways to classify the tweets, which
is done with observed non-missing attributes in some classifier im-
plementations.

As the reader is shown in the tables, the total number of features
identifiers is 59, but feature 56 and 59 result into 7 fact class specific
features each which bring the total number of features to 71. The de-
scription of the tweets is available for every tweet, and most of the
features reasoning is therefore sufficiently explained. Several of them,
however, are part of a feature strategy we have laid out in this thesis
as a foundation to achieve a good performance. The hypothesis of the
strategy is the following. There is a relation between the popularity
of a fact and the truth of a fact. True facts are claimed more often than
false facts. True facts have a bigger reach, measured by the amount
of users following the user posting the tweet and the follower count
of users retweeting the original tweet. Twitter users with a bigger
reach are inclined to pay more attention to their messages and make
less mistakes. Our reasoning behind that thought is that those tweets
are more important because those popular Twitter accounts are often
from professionals, official institutions such as the FIFA or UEFA, or
from big sites which report news. If people make mistakes or spread
disinformation, people will react to those facts. The chance of peo-
ple reacting to facts is a lot higher when the number of followers is
higher. Therefore, it is very important to transition the attributes from
one tweet to other tweets by using the knowledge that they contain
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the same fact. This part of the hypothesis, the reply to tweets, can
serve as a counter-balance to the first part of the hypothesis which
claims that true facts are popular. If a false facts gains popularity, for
example because a popular twitter user claimed the fact, the replies
to that claim will counter the popularity. An important part of this
hypothesis is to check what popularity means, some facts for exam-
ple will automatically be more popular than other types of facts and
therefore need another popularity ’score’ to be true or false. This is
the same with the number of replies.
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# Feature name identifier Feature description Data
type

1 Length in characters Length of the text of the tweet in number of characters Integer

2 Count words Number of words in tweet Integer

3 Contains question mark Tweet contains a question mark Boolean

4 Contains exclamation mark Tweet contains an exclamation mark Boolean

5 Contains multi quest or excl. Tweet contains multiple question or exclamation marks Boolean

26 Contains emoticons Tweet contains emotions **To implement this feature, we
have listed several combinations of characters leading to
emoticons, as well as a list of Unicode Emoji

Boolean

6 Contains positive emoticon Tweet contains a “smiling” emoticon e.g. :-) ;-) as well as
"positive" Unicode Emoji

Boolean

7 Contains negative emoticon Tweet contains a “frowning” emoticon e.g. :-( ;-( as well as
"negative" Unicode Emoji

Boolean

8 Count uppercase letters Fraction of capital letters in the tweet Integer

9 Contains URL Tweet contains an URL Boolean

10 Number of URLs Number of URLs contained on a tweet Integer

11 Contains user mention Mentions a user by using an at sign, e.g. @sneijder101010 Boolean

12 Count user mentions Number of user mentions Integer

13 Contains hashtag Tweet contains a hashtag Boolean

14 Count hashtags Number of hashtags Integer

15 Count spelling mistakes Number of spelling mistakes. This feature is implemented
by using Language Tool, an open source language tool
available via https://languagetool.org/

Integer

27 Count sentences Number of sentences, as given by the Stanford NLP toolset Integer

28 Count lines Number of lines in the tweet Integer

29 Complexity tweet The complexity of the tweet message, calculated by
the Flesch–Kincaid test. The Flesch–Kincaid readabil-
ity tests is a test to indicate how difficult a text
is to understand. We use the Flesch–Kincaid im-
plementation from GitHub user ’troywatson’ avail-
able at https://github.com/troywatson/Lawrence-Style-
Checker/

Integer

38 Contains media Tweet contains a link to a media item entity.
(https://dev.twitter.com/overview/api/entities-in-
twitter-objects#media)

Boolean

39 Count media Number of media items in tweet Integer

41 Same language user If the tweet is written in the same language as the user said
he would in its Twitter profile

Boolean

37 Count existence The number of days the Twitter account is existing Integer

53 Source of tweet The source of the tweet (Twitter Web Client, Twitter for
iPhone, Ubersocial for Blackberry, ...)

Category

Table 11: List of tweet text features
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# Feature name identifier Feature description Data
type

16 Day of week user The day of the week in which the tweet was written. Category

17 Local time user tweet sent The local time the tweet was sent by the user, rounded
down to the nearest whole hours

Category

18 Country sent The country in which the tweet was sent. Each Twitter user
can set a location to a tweet and can set a location to its
Twitter account. First we try to extract the location set to
the tweet, if not available, we try to extract the location of
the Twitter account.

Category

Table 12: List of tweet time and place features

# Feature name identifier Feature description Data
type

19 Sentiment positive words The number of positive words in the text, using the Stan-
ford NLP software.

Integer

20 Sentiment negative words The number of negative words in the text, using the Stan-
ford NLP software.

Integer

22 Sentiment score NLP The sentiment score of the whole tweet, using the Stanford
NLP software.

Integer

Table 13: List of sentiment features

# Feature name identifier Feature description Data
type

23 Count retweets The number of retweets Integer

24 Count replies The number of replies on the tweet Integer

25 Count replies positive senti-
ment

The number of replies with a positive sentiment Integer

21 Count replies negative senti-
ment

The number of replies with a negative sentiment Integer

30 Followers reach The number of Twitter users seeing this tweet. That is: the
number of followers the Twitter user has, plus the number
followers each user which retweets this message has.

Integer

Table 14: List of retweets and replies features

To try this hypothesis, we try to find and implement features which
relate as much as possible to the hypothesis. Notice that we only have
to implement individual parts of the hypothesis; the combination of
the features which will possibly result in a good performance will be
organised by the classifier itself.

To explain the features regarding facts, we make use of a custom
designed fact and tweet notation. A tweet is denoted by using the
letter T, and different kinds of tweets by using a subscript identifier;
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# Feature name identifier Feature description Data
type

31 Count tweets user The number of tweets a user has sent Integer

32 Count followers user The number of followers the user has Integer

33 Count following user The number of users the user is following Integer

34 User verified If the account of the user has been verified Boolean

35 Count favourites The number of favourite tweets the user has Integer

36 Count listed The number of listed tweets the user has Integer

51 Count tweets user dataset Number of original tweets in the dataset from the user Integer

52 Count retweets user dataset Number of retweets tweets in dataset from the user Integer

54 User has URL If the description of the Twitter user contains a URL Boolean

Table 15: List of user features

for example T1, T2, T3 are different tweets, but could still contain the
same facts. Fact are denoted by the letter F and, in the same way
tweets are, different facts by using subscript: F1, F2, F3. A tweet con-
tains one or more facts, which is denoted by T1 = F1 + F2. If the fact
class of a fact needs to be denoted, we use superscript. For example,
a fact identified by 1 with the fact class 2 is denoted by F21. A reaction
to a tweet is denoted by TR. A reaction to a tweet T2 is denoted by
TR@2. If a reply contains a reaction on a fact with a fact comparison
entity ’score’, it is denoted by TR@2 = Rscore

One of the pillars of the strategy is finding the reach of a tweet and
the facts in a tweet. We target these types of attributes in the following
features:

• Feature 23 ’Count tweets’ and feature 24 ’count retweets’. These
features only target the tweet itself.

• Feature 42, ’Count tweets least popular facts’. This feature counts
the number of times the facts in the tweet appear in other tweets.
The feature returns the number of times the least popular fact
appears in other tweets. For example if the dataset consists of
the tweets T1 = F1 + F2 and T2 = F1, this feature for tweet T1
returns 1.

• Feature 55 ’Reach least popular fact’. This feature counts the
number of times Twitter users could see this fact by calculating
the reach of a fact. If a tweet contains a fact, its reach is cal-
culated by the number of followers of the author of the tweet
plus the number of followers of all the Twitter users which have
retweeted the original tweet.

• Feature 56, ’Count tweets least popular fact category x’, is a
collection of features with the same name. The last number, de-
noted in the feature name identifier with an x, is referring to the
fact class. Every fact class we have implemented in the system
has a corresponding feature which only target the facts which
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belong to that class. Every feature, like feature 42, counts the
number of tweets that contain the fact, and return the number
of times the least popular fact in that fact class appears in the
dataset. For example, if a dataset would consists of T1 = F21+ F22,
T2 = F23 + F22, feature ’Count tweets least popular fact category
2’ would return 1. One of the reasons behind this feature is that
the fact classes differ a lot in popularity. Some fact classes are
mentioned very often, while some are only mentioned a couple
of times throughout the dataset. Now say that a particular fact
class, for example 5, is mentioned 500 times on average and fact
class 2 has an average of 50. Then, a tweet which would contain
a fact from fact class 5 which is false and has therefore has a
small count of tweets containing that fact, for example 60, still
would not get ’noticed’ by feature 42. By implementing this fea-
ture, we take the popularity of each class fact into account and
we would notice that the popularity of the false fact is below
average.

Another pillar of the strategy is finding a reaction and finding the
number of reactions on a tweet or fact. We target these types of at-
tributes in the following features:

• Feature 47 ’Has reply regarding facts’ and feature 48 ’Count
replies regarding facts’. With these two features, we try to find
a way to link comments on a tweet to a fact, by checking if a
fact contains a fact comparison entity which is the same as the
facts in the tweet. For example if the original tweet contains a
Score final time, the fact comparison entity is a score entity.

• Feature 49, ’Has reply facts tweet dataset’ and feature 50 ’Count
replies facts tweet dataset’. With these two features, we build
upon the idea of feature 47 and 48, but increase the search scope
to the whole dataset. We implement this feature by using each
reply to each tweet containing a fact which is part of the original
tweet.

• Feature 58 ’Has reply facts one fact group tweet dataset’ and
59 ’Count replies facts on fact group tweet dataset’ are two fea-
tures which build upon the idea from feature 49 and 50, but
refine both features in a way we will show by making use of an
example. Say that the dataset consists of T1 = F11 + F22, T2 = F11,
T3 = F11 + F13, TR@2 = Rscore, TR@3 = Rscore. Notice that tweet
3 has two facts with the same fact class. So if feature 49 and 50

calculate the number of replies on fact F11, the reply TR@3 would
be included because T3 contains the fact F11. However, although
the reply has the fact comparison entity ’score’, this reply could
also be a reaction on the fact F13. Therefore, feature 58 and 59 do
not include the reaction on T3. The reaction on T2 is included by
these two features, because T2 does not contain a fact with the
same fact comparison type.

• Feature 60 ’Highest individual count replies facts one fact group
tweet dataset’. This feature is implemented in the same way as
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feature 59 is, but only returns the number of replies on one fact
in the tweet, namely the fact which has the most replies.

# Feature name identifier Feature description Data
type

42 Count tweets least popular
fact

Returns the number of times the least popular fact in the
tweet is mentioned all other tweets in the dataset.

Integer

43 Count facts Number of facts (extracted by the Fact Extractor) in the
tweet

Integer

44 Count minutes Number of minutes in the tweet Integer

45 Count scores Number of score expressions in the tweet Integer

46 Count count indicators Number of count indicators in the tweet Integer

47 Has reply regarding facts Returns if a tweet has a reaction regarding a fact. We have
implemented this by checking if a reply contains a fact
comparison entity which is the same as the facts in the
tweet.

Boolean

48 Count replies regarding facts Number of reactions regarding a fact, implemented the
same way as feature 48 ’Has reply regarding facts’

Integer

49 Has reply facts tweet dataset Returns true if the dataset has a reaction on a fact also
present in this tweet

Integer

50 Count replies facts tweet
dataset

The number of reactions to on facts in the tweet in the
dataset

Boolean

55 Reach least popular fact The reach (number of followers which see the fact) of a
specific fact

Integer

56 Count tweets least popular
fact category x

The number of tweets of the least popular fact in each type
of fact in the tweet

Integer

57 Reach least popular fact cate-
gory x

The reach of the least impactful fact for each type of fact in
the tweet

Integer

58 Has reply facts one fact
group tweet dataset

Checks if there is a reply in the dataset regarding a fact in
the tweet. This feature regards a fact reaction ’valid’ if the
tweet on which the reaction is based contains only one fact
from the fact comparison type on which the fact reaction
is based on.

Boolean

59 Count replies facts on fact
group tweet dataset

Counts the number of reactions, implemented the same
way as feature 58 ’Has reply facts one fact group tweet
dataset’

Integer

60 Highest individual count
replies facts one fact group
tweet dataset

This feature is implemented in the same way as feature
59 is, but only returns the number of replies on one fact,
instead of the summation of every fact in the tweet.

Integer

Table 16: List of fact features

7.3 evaluation

In contrast to the evaluation of the other system parts, we cannot
create a manual test set for the reliability classifier. A lot of features,
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Class Precision Recall F-measure

Class A: tweets with 0 false facts 0.983 0.993 0.988

Class B: tweet with >1 false facts 0.923 0.818 0.867

Table 17: Performance results of the reliability classifier

Class Classified as A Classified as B

Class A: tweets with 0 false facts 15590 102

Class B: tweet with >1 false facts 274 1228

Table 18: Reliability classifier’s confusion matrix

most of them in table 11, are based on only one tweet, but most of the
features which are part of the strategy we have set out in the reliability
classifier are based of groups of tweets. To evaluate these features, we
would need to extract a lot of facts by hand. To test the reliability
classifier, we make use of the results we have achieved with the fact
classifier and fact extractor. By making use of the dataset in table 1, we
have created a dataset containing 17194 tweets which contain 21367

facts. By making use of these tweets, we collect every Retweet and
Reply on these original tweets in the University’s dataset. By making
use of the ground truth, we can now determine the truth of each fact
and classify which tweets contain untruths and which tweets contain
only true facts.

Similar to the previous evaluations, we have again tried out several
classifiers to maximize the performance of the features. Again the J48

classifier performed the best on our dataset. By using a combination
of wrapper based Correlation Feature Selection (CFS) feature selec-
tion and the J48 classifier, we have received an F1-score of 0.988 for
class A; the tweets which contained no false facts and an F1-score of
0.818 on class B; the tweets which contained one or more false facts.
The set of features which combine to the best performance can be
found in table 19.

Feature identifier Feature name

42 Count tweets least popular fact

44 Count minutes

45 Count scores

50 Count replies facts tweet dataset

55 Reach least popular fact

56-8 Count tweets least popular fact category 8

57-8 Reach least popular fact category 8

Table 19: Set of features which resulted in the best performance by the relia-
bility classifier
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Figure 20: The performance of the classifier using two filter feature selection
methods; information gain and the chi-squared statistic. On the
x-axis, the number of features available for the classifier is shown,
where the features are sorted and added to the feature set based
on the feature score of the feature selection method.
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Rank Feature based on the Chi-squared Statistic Feature based on the Information Gain

1 42 Count tweets least popular fact 42 Count tweets least popular fact

2 55 Reach least popular fact 55 Reach least popular fact

3 50 Count replies facts tweet dataset 50 Count replies facts tweet dataset

4 60 Highest individual count replies facts one fact group tweet
dataset

59 Count replies facts on fact group tweet dataset

5 59 Count replies facts on fact group tweet dataset 60 Highest individual count replies facts one fact group tweet
dataset

6 49 Has reply facts tweet dataset 58 Has reply facts one fact group tweet dataset

7 58 Has reply facts one fact group tweet dataset 49 Has reply facts tweet dataset

8 57-5 Reach least popular fact category 5 57-5 Reach least popular fact category 5

9 56-6 Count tweets least popular fact category 5 56-5 Count tweets least popular fact category 5

10 43 Count facts 43 Count facts

11 57-8 Reach least popular fact category 8 57-8 Reach least popular fact category 8

12 56-6 Count tweets least popular fact category 6 56-6 Count tweets least popular fact category 6

13 57-6 Reach least popular fact category 6 57-6 Reach least popular fact category 6

14 53 Source of tweet 56-7 Count tweets least popular fact category 7

15 56-7 Count tweets least popular fact category 7 53 Source of tweet

16 56-8 Count tweets least popular fact category 8 57-7 Reach least popular fact category 7

17 57-7 Reach least popular fact category 7 56-8 Count tweets least popular fact category 8

18 44 Count minutes 44 Count minutes

19 18 Country sent 18 Country sent

20 45 Count scores 45 Count scores

Table 20: Top 20 best performing features determined by the Chi-squared Statistic and Information Gain.
The combined performance can be viewed in figure 20.
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A very powerful tool in our feature design is the way of connect-
ing tweets by making use of the facts and combine the information
acquired in several places in the dataset and apply it as attributes for
every tweet. This strategy has worked well and is shown in the result-
ing set in table 19. One of the regrettable observations we can make is
that the features we have hoped for, ’Highest individual count replies
facts one fact group tweet dataset’ (60) and Count replies facts on fact
group tweet dataset (59), are not part of the result set. Although these
features are not part of the final feature set, they do score high on the
feature selection methods with a 4th and 5th place on both measures.
One of the possible reasons of the absence of the features in the final
set is that the implementation of the features is not refined enough.
One of the surprising and interesting features in the set is the ’count
minutes’ and ’count scores’. Both features do not score high individu-
ally but are performing very well in combination with other features.
A possible reason for that is that ’count scores’ and ’count minutes’
are really good indicators for which fact class are present in a tweet.
By making use of that, the classifier can make a link between the
count of the facts and the reach of the facts, just like we tried to in
feature 56 and 57. We think that a decision tree model, the conclud-
ing model we use as reliability classifier, is very applicable in this
situation.

An interesting discussion is how we should interpret the two F1-
scores of the two classified classes. There are several valid options,
but the most important condition is the fact that the choice has to be
applicable for the goal of the application. For example, if one would
use the classifier to search for false facts in a dataset, the F1-score of
class B is leading. On the contrary, for an application which would
filter out false facts in order to obtain true facts, the F1-score would
be leading. It is also possible to assign a weight to the F1-scores (with
weight w ranging from 0-1 resulting in F1 = w ∗ F1a+ (1−w) ∗ F1b)
which would fit the use case of the application.

There are several ways to rank the performance of each feature.
Two popular ways to rank features are two filter methods; the in-
formation gain and the chi-squared statistic. Both methods are filter
methods which determine the performance of a single feature in re-
spect to the class. The resulting list, the features sorted on the score of
both methods, is used to plot the graph in figure 20 which shows the
F1 score of the classification using n number of features starting from
the best features according to the two feature selection methods. As is
shown in the graph, both feature selection methods are unable to de-
tect the best combination of features, which is quite obvious because
although each individual features do not have to result in a good per-
formance, a combination of features could. An important remark to
make is that we ’cheated’ a little bit when we generated the graph
is figure 20, because in a normal setting, the test set, which would
result in the F1-scores presented in the figure, would not be touched
in the evaluation. However, the attribute selection tool already ’saw’
the set because it used that set to determine the performance of each
feature by calculating the information gain and the chi-squared statis-
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tic. The graph is only used to give the reader an indication about the
performance development of the classifier throughout the addition of
features, and is not used in the evaluation of the performance of the
classifier.

7.4 improvements and future research

Evaluation per fact class

An important part of the evaluation is the evaluation of different
types of facts. Our hypothesis is that the reliability classifier performs
differently on different kind of facts because Twitter users behave dif-
ferently around different kind of facts. People are more inclined to
react to facts which they regard as very wrong. For example when
they see that a ’Minute scored’ fact is off one minute, they are less
likely to react on that instead of a score being flipped (’4-0’ instead
of ’0-4’). They see the ’Minute scored’ fact as ’true enough’ or are not
aware that the minute is one off. We think the performance of these
types of facts is lower, but we still need to validate our hypothesis by
another evaluation.

Reply features

By making use of the replies in the whole tweet set and using the
powerful tool of combining the facts, we can also classify unpopular
tweets, which do not have reactions or replies. At this moment, we
use a rather primitive method to find a reply on a fact, by making use
of the fact comparison type. A very powerful improvement would be
to design a way to improve the extraction of a reply to a fact:

• We could determine if a reply says something positive or nega-
tive about the statement of the fact. For example, the reply could
state that a statement made in the original tweet is positive and
true or a reply could underline that a statement is false.

• We could improve the link between a reply and a fact. Most
tweets contain multiple facts and by improving the reply extrac-
tion, we could more accurately pinpoint to which fact a reply is
replying. By making use of the improvement, we could improve
the the features in the category fact features which now strug-
gle to see to which fact a reply is pointing to (see explanation of
feature 58 and 59). Therefore, we throw away a lot of available
data which could be used in this possible improved scenario.

Propagation of facts

A very interesting way of looking at facts is how they propagate
through Twitter. What are the first sources of the fact, how quick is
the fact picked up by others, are there multiple sources and who are
the sources who mention the fact? In this way, we could build a model
which could serve as a foundation to compare facts with each other.
A somewhat comparable example is the detection of facts using tweet
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volume, presented in ’Using Twitter to Detect and Tag Important
Events in Live Sports’ by James Lanagan and Alan F. Smeaton.[19]
In this paper, they present a technique which automatically detects
events using the detection of an increase of (or spike in) tweet vol-
ume for specific keywords relating to events. In this way, the paper
showed they could detect and extract sport related events very ac-
curately, but indicated that this technique only worked well for very
specific types of facts.

Context of facts

One of the most important concepts of understanding a claim is to
understand the context of the claim. We have shown in the fact ex-
tractor that by making use the time context, we have been able to
extract a the match which belongs to the facts mentioned in the tweet.
Very interesting features would use the context of other facts to deter-
mine the possibility of other claims. In this way, we could outweigh
contradicting claims against each other in order to retrieve the cor-
rect facts. An example of such an approach is used in "Sport-related
fact extraction in social media"[16], the author’s earlier study to offer
background information for this thesis. The approach in this project
was to use the popular vote as the determining factor for truth. By
using this approach, facts which contradicted the most popular vote
were discarded and another extraction based on the popular vote was
performed. A related example could be that by using the certainty of
truthfulness of a claim, another fact can be extracted as well. For ex-
ample, if the half-time score of a match is certain and is set to be 2-0,
the only possible other score in the first half of the match would be
1-0. By using this simple way of creating context around a fact, by
using the certainty of truthfulness in one place in combination with
knowledge about rules of the game, the performance of an extraction
system or truth determination system can be enhanced. This idea of
conflicting claims can be used in a broad sense and in more complex
situations as well; it is not limited to this situation we showed in this
thesis.
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Performance of the fact extractor

The performance of the reliability classifier is based on the other sys-
tems modules like the fact classifier and fact extractor. Improving
the precision and recall of those systems will improve the reliability
classifier. The improvement of the recall is heavily related to the per-
formance of the entity extractors. In chapter 6, we have summed up
various ways to improving the extraction of entities, which could im-
prove the recall a lot. Interesting techniques to improve the extraction
of facts are the machine learning information extraction techniques.

Performance of the features in other datasets

In this thesis, we have shown that we can achieve a good performance
on the dataset and fact classes we have introduced in this thesis. A
very interesting, and maybe the most important question after this
conclusion is how these features and performance would relate to
other datasets and other types of facts. Our hypothesis is that our
features work well on datasets similar to the dataset. Our features
aim for datasets were facts are repeated and originate from different
(independent) sources. In this way, the false facts are countered by
a lot of independent other ’correct’ sources. Because there are many
sources, and the facts can be verified by many sources, the false facts
can be countered by replies. Criticising falsities can be universal, but
we think there is a lot of difference in when people react to fact and
when they do not. For example, in this dataset we have seen that
reactions on false scores are a lot more common than reactions on in-
correct minutes. A reason for that could be that people see this errors
to be too insignificant to react on. Another important observation is
that people are more likely to react to authoritative and popular twit-
ter users. For example, a lot of unknown users could spread false
facts without getting a reaction from their small group of followers.
In contrast to the popular and authoritative users which, in the eyes
of their follower base, should be right. If they are incorrect, they have
a lot of users which potentially could react to an error. Another im-
portant property of the facts is their verifiability. If facts are easily
verifiable, a lot more people can discuss and react to the fact, which
increases the engagement of users from independent sources. If a
false fact is claimed by one user, other independent sources are not
likely to spread this because they have the tools to claim otherwise.
In contrary, facts which are only verifiable by a few users cannot be
rectified by other users because they do not have the sources to do
so. This scenario with verifiable facts and independent users is impor-
tant for our features to perform well. As claimed, a scenario in which
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facts are hard to verify or are still to know to have the engagement of
multiple users, the features will likely perform worse.

Performance of the features in a real-time situation

A very interesting scenario is how this prototype, if minimally altered,
would perform in a live situation. Because the features of the reliabil-
ity classifier focus on the whole dataset, an index needs to be build
for the data sources of the features. Not every tweets has to be saved
fully; only small parts, like the links between a reply and a tweet or
which facts are contained by which tweet or a list of tweet identifiers
for each fact. This index would significantly reduce the amount of
data which needs to be saved. It will also increase the performance
of the calculations. A very important change in the system will be
when the reliability classifier can determine if a fact is true or false.
The features which determine this are based on the popularity of the
tweet and the fact of people replying to tweets. The number of tweets
containing a fact and the number of replies a tweets gets is correlated
to the event; for example a FIFA World Cup would get more Twitter
volume than a sport tournament on the University of Twente. Fur-
thermore, the Twitter volume is related to the type of fact; there are
preferences to which facts and errors people reply and what type of
fact they tweet about. In an initial situation, for example when a tweet
enters the system which contains a still unknown fact, the reliability
classifier often is unable to determine the truth of that statement in
this situation. The features in this thesis are based on a period of time:
the amount of time the dataset is based on. As we have mentioned in
the thesis, most tweets about events are tweeted in the same period,
very close to moment the event was happening. Retrospective tweets,
a couple of hours after an event, are very popular as well. So the fea-
tures which are used in this thesis need development time. A certain
amount of time or a certain amount of Twitter volume needs to have
passed the system to give the reliability classifier time to ’make up
its mind’. In this period, the output of the classifier could for exam-
ple be different kinds of statuses like ’waiting’ or ’in progress’. The
classifier does not have to make up its mind directly, it could also
give a probability to the current classification it can make. It could
happen of course that 2 out of 3 facts can be validated, but that the
classifier has to wait for 1 other fact to determine the classification for
the whole tweet. This could also influence the probability of a classi-
fication ’still in progress’. It could also happen that the classification
of a tweet changes, because enough tweets have passed the system to
decide otherwise. The follow up question then would be how long it
would take the classifier to reach a valid classification. This is not an
easy question to answer because this very related to the types of facts
in the tweet and the event to which those claims belong. In an inter-
national event, facts are mentioned a lot more often, and therefore,
the classifier needs to be trained differently for small national events.
Ways to calculate which ’type’ of classifier has to be used can be done
using by calculating the number of hashtags or keywords mentioning
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an event or by calculating the number of languages involved in the
event or from how many countries Twitter users are mentioning the
event. By making use of such a model, an estimate can be calculated
how many tweets are expected and which model the reliability classi-
fier should use. When deploying the system, the developer could also
indicate to the system how many users or tweets it expects to make
the reliability classifier perform better in an earlier stage. Note that
if we could design features which would use the context of the other
claims (see the section ’context of facts’ in the previous chapter), we
could design a reliability classifier which could use the outcome of
one fact to classify another. If we would have classified a score of ’1-0’
to be true, we could classify an unseen fact ’0-1’ to be false because
those two claims can not coexists together.
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C O N C L U S I O N

Social media is very popular. Besides the fact that you can follow the
lives of your friends, social media today has become a very important
tool for companies, associations and media. Although the credibility
of social media is still low, partly because of the open, uncontrolled,
uncurated nature of social media, different types of research have
shown that social media can serve as an important information source
for different applications. Furthermore, social media has proven itself
as an important source of news; social media is known for its ability
to spread news very rapidly. This can serve as an important aid, but
also as a source of false rumours, which can be an instigator in a time
of crisis and turmoil. From these several perspectives, research on
veracity in social media extremely important. By making use of this
research, systems can be designed which can serve as a tool to filter
out misinformation in times of crisis, or serve as filter applications
for systems who make use of social media messages as a source of
information. Research relating to this is still very scarce, but recent
research done such as ClaimFinder[4] and the Pheme project, shown
in the second chapter in this thesis, show the increasing interest in
this field.

In this thesis, we have shown a system consisting of four parts
which are trained specifically on a dataset consisting of tweets about
the 2014 FIFA World Cup. The first part of the system consists of a
filter which deletes undesirable tweets (which for example interfere
in parts of the system with wanted tweets). The second part of the
system consisting of a fact classifier, which is able to recognize which
types of facts, from the set of facts we are targeting, are contained in
the tweet. The third part of the system is the fact extractor, which is
able, with help of the output of the fact classifier, to extract the facts
in the tweet. The fourth and final part of the system is the reliability
classifier; a feature based classifier which can determine if a tweet
contains a false fact. Generally, we are very satisfied with the perfor-
mance of the systems and system components presented in this thesis.
The fact classifier scores an F1-score of 0.96, the fact extractor an F1-
score of 0.85 and the reliability classifier an F1-score on class A, tweets
with zero false facts, of 0.988 and an F1-score on class B, tweet with 1

or more false facts, of 0.867. As shown in various parts of this thesis,
there is much room for improvement, especially an improved entity
extraction can give the recall of several systems a big performance in-
crease. In this thesis we have already mentioned several options that
can ensure a performance boost.

An important remark is that we have focussed our attention fully
on the dataset containing tweets about the FIFA World Cup. It would
be very interesting and important to see how this system performs
in other scenarios. We expect that there are enough scenarios were it,
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with minimal adjustments, also performs very well. We have talked
about those scenarios in the discussion chapter, were we have indi-
cated that we expect our features to perform well in scenarios where
facts are repeated and originate from different (independent) sources.
We of course also envision a lot of scenarios where the mentioned con-
ditions do not hold and therefore, the reliability classifier is expected
to perform worse, which leaves plenty of room for future research.

In order to answer the research questions of the thesis, we first will
start answering the three sub-questions.

1. What architecture can we compose and implement to test and train
features and classifiers to check if facts presented in tweets are true
or false?
This research question we have answered by building the system ar-
chitecture presented in chapter 3. We are satisfied with the choice to
divide the functions of identifying the types of facts and extracting
them, since the step of identifying the types of facts has proved to be
less difficult than extracting them and helps us in several stages in the
system. The database enables us to save individual features and effec-
tively combine them into other (higher order) features, which makes
training more efficient. Each part in the system can individually be
trained and tested because of the modularity.

2. How effective can we extract facts from tweets?
This research question has been answered in chapter 6. In this chap-
ter, we have shown an achievement of satisfying result; the ability of
extracting 7 different types of fact classes which performed with an
average F1-score of 0.85. By analysing the Twitter messages in this
specific dataset, using sport and tournament specific knowledge and
using several natural language programming techniques, we are able
to effectively extract different types of facts.

3. What kind of features can we design and implement which de-
termine truth in tweets?
In chapter 7, we have tested 87 features which resulted in a result set
of 7 features which in combination resulted in the best performance.
As we have showed in chapter 7, a combination of features which
counted the number of tweets which contained a specific fact, the
number of replies to a tweet and the number of users the facts could
have reached (our own implementation of engagement) in addition
to an indication of the fact classes which are present in the tweet.

Can we automatically determine truth in tweets using feature based super-
vised statistical classifiers?
By using popularity and reach based features in combination with
fact type indicating features and indicators for the number of replies
to a fact, we are able to determine truth in a very specific dataset. By
using a combination of wrapper based Correlation Feature Selection
and the J48 classifier, we have achieved an F1-score of 0.988 for class
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A; the tweets which contained no false facts and an F1-score of 0.818

on class B; the tweets which contained one or more false facts. Our
discoveries look promising and we expect that there are several situ-
ations in which the reliability classifier will perform very well. In the
discussion section in chapter 7, we have listed the requirements for a
good performance of the classifier, as well as indicated when we ex-
pect a worse performance and the corresponding enhancements we
propose for every phase of the system.
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A
T W E E T A N D C O R R E S P O N D I N G
M E TA - I N F O R M AT I O N

Below we have listed the JSON representation of the tweet and meta-
information of a tweet in the dataset.

1 {

2 "filter_level":"medium",

3 "contributors":null,

4 "text":"RUS 1-2 KOR #WorldCup",

5 "geo":null,

6 "retweeted":false,

7 "in_reply_to_screen_name":null,

8 "possibly_sensitive":true,

9 "truncated":false,

10 "lang":"en",

11 "entities":{ },

12 "in_reply_to_status_id_str":null,

13 "id":479021573169754113,

14 "source":"<a href="https://mobile.twitter.com" rel="nofollow">

Mobile Web (M2)</a>",

15 "in_reply_to_user_id_str":null,

16 "favorited":false,

17 "in_reply_to_status_id":null,

18 "retweet_count":0,

19 "created_at":"Tue Jun 17 22:03:37 +0000 2014",

20 "in_reply_to_user_id":null,

21 "favorite_count":0,

22 "id_str":"479021573169754113",

23 "place":null,

24 "user":{

25 "location":"Prishtine,KOSOVA",

26 "default_profile":false,

27 "statuses_count":13585,

28 "profile_background_tile":false,

29 "lang":"en",

30 "profile_link_color":"821010",

31 "profile_banner_url":"https://pbs.twimg.com/profile_banners

/460110010/1397846627",

32 "id":460110010,

33 "following":null,

34 "favourites_count":991,

35 "protected":false,

36 "profile_text_color":"333333",

37 "verified":false,

38 "description":"Little things...",

39 "contributors_enabled":false,

40 "profile_sidebar_border_color":"FFFFFF",

41 "name":"Netah",

42 "profile_background_color":"709397",

43 "created_at":"Tue Jan 10 11:53:54 +0000 2012",
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44 "default_profile_image":false,

45 "followers_count":499,

46 "profile_image_url_https":"https://pbs.twimg.com/

profile_images/476782495979933696/B5sFTGzN_normal.jpeg",

47 "geo_enabled":true,

48 "profile_background_image_url":"http://pbs.twimg.com/

profile_background_images/447040412750868480/qti7S6nn.

jpeg",

49 "profile_background_image_url_https":"https://pbs.twimg.com

/profile_background_images/447040412750868480/qti7S6nn.

jpeg",

50 "follow_request_sent":null,

51 "url":null,

52 "utc_offset":7200,

53 "time_zone":"Amsterdam",

54 "notifications":null,

55 "profile_use_background_image":true,

56 "friends_count":89,

57 "profile_sidebar_fill_color":"A0C5C7",

58 "screen_name":"albioneta",

59 "id_str":"460110010",

60 "profile_image_url":"http://pbs.twimg.com/profile_images

/476782495979933696/B5sFTGzN_normal.jpeg",

61 "listed_count":0,

62 "is_translator":false

63 },

64 "coordinates":null

65 }
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