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1 Introduction

On the 6th of January 2021, an angry mob attacked the United
States Capitol Building in an attempt to overturn the defeat of then-
current president Donald Trump by disrupting and threatening
the joint session of Congress convened to formally count the Elec-
toral College votes. This event has been described as a momentous
event in US history, marking the first occupation of a government
building by insurrectionists in recent history1. 1 Exact dates are difficult to establish

without establishing more exact defi-
nitions. The most recent similar event
would be either the 1954 shooting by
Puerto Rican Nationalists[?], or the
coup d’etat of 1898[?].

Insurrections and civil unrest have always been challenging so-
cietal problems to accurately predict, with relevant communication
taking place on both public and private channels, thereby providing
all parties involved with a fragmented picture of current threats
and the overall situation. Private channel communication is hard to
track and outside the scope of this research. Public communication
will generally be less sensitive and informative, yet its inclusion is
still necessary to achieve the critical mass required to have any soci-
etal impact. The problem in monitoring this public communication
resides not in the information being hidden away or inaccessible,
but instead is hidden in plain sight, in the sheer volume of non-
relevant communication sharing the same channels.
ToDo: rewrite this section to continue from above Present soci-
ety is more than ever connected, but simultaneously exceedingly
polarised[Wor]. Public discourse is dominated by complex and
divisive issues: the handling of COVID-19[Onr], the climate emer-
gency, Black Lives Matter and Brexit to name a few. The rise of
modern technology has created a world where everybody can have
a voice in such discussions, and thus everybody can be an influ-
encer, regardless of motivation, accountability or ability to envision
consequences. This has had the unintended side-effect that these
discussions can quickly escalate from being innocent online chatter
to becoming part of large societal issues[Lyn]. This online debate
is often publicly visible, occurring on websites such as Twitter and
Facebook, but it appears to be difficult for authorities to ascertain
whether a topic is going to cause a major stir or not. This is un-
fortunate, as it is in this online parlance that the seeds of societal
unrest are often instigated[Lyn].
ToDo: later For the purpose of this chapter, we will refer to the
concept of communication designed to incite a violent reaction as
incitement:

Definition (Incitement, provisionary). A series of statements, e.g. a
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tweet, designed to provoke societal violence in a target audience.

A more thorough definition is introduced in Chapter 2.

To accurately predict and prevent mobilisation and societal
violence, authorities employ newsrooms to monitor online con-
versations and intervene if necessary. Due to the large amount of
daily tweets, some form of filtering is required. This can be done
based on known keywords or hashtags, but this mainly relies on
pre-existing knowledge of then-current divisive subjects. That is to
say, a human operator will generally know the societal context re-
quired to differentiate trending from divisive, whereas software will
not. Conversely, by broadening the view large amounts of noise are
introduced along with any potential novel relevant discussions. In
the current situation, the tradeoff therefore comes down to opting
to miss relevant information because it is filtered out, or opting to
miss relevant information because it is lost within large amounts of
irrelevant data.

The subject of this research is whether and how AI can help
to solve this issue. Computers are very efficient at rapidly analysing
vast quantities of data, provided one can teach the computer what
to look for. If an AI-based application can be trained to get a good
estimate on whether a specific tweet contains incitement, or is likely
to lead to incitement further down the road, it can then relegate the
tweet to a human professional who can judge whether and how
to act. The role of AI here would be to speed up the process by
working through large amounts of information, reducing this to
only the more relevant threads, and prioritising the selection before
presenting it to human newsroom operators.

Unfortunately, current text-analysis algorithms are ill-equipped
to recognise subtext and sentiment in natural language text. Pre-
vious attempts focussing on Twitter data generally appear to have
been made to classify approval or disapproval with the intent of
classifying public reaction to products or cultural media such as
films or music. Outside the domain of Twitter data, the applications
of sentiment analysis are more broadly applied but still appear
skewed towards interpreting user reviews. Previous work to de-
tect intent such as incitement seems to be more limited, and not to
consider the limitations of shorter text messages such as tweets.

Problem Statement

ToDo: Huib: terugwijzen op wat je eerder geschreven hebt in in-
troductie: bedoel je hier met een letterlijke terugverwijzing of
door voorbeelden te herhalen? Is het OK om vanuit deze sectie
naar elders te verwijzen of moet dit deel opzichzelf staan (dacht
ik namelijk)? Social media such as Twitter have come to play an
important role in the public debate in recent years. Particularly on
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divisive issues, the unmoderated nature of these platforms lends
itself well for malignant actors to incite societal violence without
proper accountability[Tse]. Due to the growing trend in the number
of monthly active Twitter users[Twi], the scale of communication
on these platforms is likely to increase as well. This in turn com-
plicates adequate supervision intended to mitigate the unwanted
effects described above, by increasing the manpower required to
continue manual newsroom analysis. The expected result is that, if
this trend continues and no improvements to current workflow are
implement, this might result in providing criminals an increasing
means to effectively instigate and organise violence whilst denying
authorities the ability to react accordingly.

Addressing this problem without outlawing a platform2 based 2 Not only would this be an unde-
sireable direction, it is also unlikely
to effectively tackle the problem as
previous experience has shown that
this will only move the problem to
outside the perception of authorities
and public. Furthermore, the legal
basis for such a move would probably
be very thin indeed.

on the behaviour of a small subset of users and thus sacrificing
freedom of a majority of users requires a more effective way for
authorities to observe and moderate the discourse.

Project Goals

The ultimate desired outcome of the larger research project is the
application of artificial intelligence to detect incitement and proto-
incitement from tweets. The solution should be able to combine
techniques from discourse analysis, sentiment analysis and com-
putational semantics to consider conversations as they evolve over
time, and use the context this provides to estimate a priority rating
for newsroom analysts to direct their attention to the most rele-
vant tweets and threads. The challenges associated with this goal
include the following:

• The limited length of tweets;

• the amount of noise present in tweets;

• the large amount of daily tweets; and

• the lack of previous work and existing tooling to deal with this
issue.

This list of challenges is unlikely to be exhaustive; during the de-
sign of a prototype solution, more challenges are likely to be en-
countered, both within and without the scope of this project.

As will become clear in the following sections, the goals of this
project are too broad in scope to address within the limited amount
of time and other resources available for this thesis project. As
such, the scope of the portion described in this document has been
adjusted at several points during the execution of the project. The
following chapter will address the theoretical background, which
will lead to a more substantiated presentation of the final scoping
of the project in Chapter 3.
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Organisational Context

This research is performed in cooperation with the Artificial Intelli-
gence Research Group of the HU University of Applied Sciences[Res].
The primary connection is the research group for Artificial Intel-
ligence headed by Stefan Leijnen, which sponsors the research
project described in this document. The research group is commit-
ted to human-centred AI and is a subdivision of the Knowledge
Centre for Digital Business and Media. The mission of this knowl-
edge centre is to research human centred and data driven solutions
for digital transformation.

The research project proposed here is an exploratory compo-
nent of a larger collaboration between various instances including
four research groups of the HU University of Applied Sciences, a
number of Dutch municipalities (including Utrecht, Amsterdam,
Rotterdam en Den Haag), and the Association of Netherlands Mu-
nicipalities (VNG). This project, “Goed Gereageerd”, endeavours to
find novel data driven solutions to the issues descibed above. The
project described here explores a solution based on semantical and
syntactical information combined with the structure of Twitter con-
versations, the results of which will inform future direction for the
larger project.



2 Background

This chapter contains a broad overview of the theoretical basis of
this research, starting with the definitions of some central subject:
Utterances and incitement. It will subsequently explore some re-
lated work on analysis of Twitter data, which mainly focuses on
sentiment analysis, and briefly discuss why this approach falls
short for the matter of interest of this research.

Definitions

This section provides some definitions for terms that will be used
extensively in the remainder of this text.

Tweets, Utterances, and Discourse

For the purpose of analysing text, the first thing that must be
agreed upon is which unit of language to consider central. In this
research, the most obvious choice for this would be a single tweet.
A tweet can be seen as a unit of language which can be subdivided
into smaller units such as sentences, hashtags, etc. These subdi-
visions can be analysed for sentiment and intent, but the overall
intent of the tweet is central to consideration. On the other hand,
multiple tweets together can form a conversation, which can also
be attributed sentiment and intent. This level will be considered
as a central part in this research, but the intent of a conversation
is determined by the intent of its constituent tweets. The reason to
define the tweet and not the conversation as central is because the
tweet is the largest unit in which we can be reasonably certain that
the content reflects the sentiment and intent of a single author. By
combining multiple tweets into a conversation, the resulting en-
tity can have a dominant intent behind it, but this is unlikely to be
necessarily the case.

The remainder of this chapter explores existing fields of
knowledge dealing with analysing text on different levels and with
different goals. Though some prior work has been done on tweets
in particular, the vast majority of scientific writing predates Twitter
and as such considers other units of text. The unit most similar to
a tweet appears to be that of a discourse, in that it can be seen as a
building block of conversation. The concept of discource originates
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in the field of pragmatics, which together with discourse analysis
is explored in Section 4.1.3. Fetzer[Fet] describes discourse as being
built up from sentences or utterances. Despite the prevalence of the
latter term, most authors refrain from providing an exact definition
and presume reader familiarity. Levinson[Lev] attemps to do so by
juxtaposing the concept of utterance with the concept of sentence.
He notes that the sentence is defined based on grammatical consid-
erations, whereas the concept of utterance resides in the uttering of
a sentence within a context. Multiple utterances together can form
the aforementioned discourse, which in turn forms the building
blocks of conversation. Framing the concept of discourse in utter-
ances in lieu of sentences is more relevant in the context of this
research, due to the nature of tweets as a digital equivalent to spo-
ken text and will thus be preferred. The term sentence will be used
purely in a grammatical sense when discussing from a semantic of
syntactic perspective.

Incitement

In order to be able to detect incitement in tweets, or any medium
in general, the first requirement would be a usable definition of the
concept. Timmermann[Tim] spends the first chapter of Incitement in
International Law on providing a definition, which he summarises as
generally including five elements:

(i) Negative stereotyping of the target group.

(ii) Characterization of the target group as an extreme threat.

(iii) Advocacy for an “eliminationist” or discriminatory solution to the
perceived threat in the sense of excluding the target group members
from society or the human community.

(iv) The incitement is carried out in public.

(v) The incitement is part of a particular context which dramatically
increases the effectiveness of the inciting words, usually through the
involvement of the State or another powerful organization.

— Timmermann, 2014

It is not stated outright whether all of these should be present
to constitute incitement, or whether certain combinations are valid
on their own. The indicators quoted above are listed as “general
components” of incitement to hatred. Similarly, the author does not
put any clear requirements on the medium used for the delivery
of incitement, and can thus be taken to refer to spoken or written
text, images, etc. For the purpose of describing incitement within
the context of international law it stands to reason not to limit the
definition to a specific medium as new forms of communication can
arise and should be automatically included if the relevant indica-
tors are present. As an example, laws on content and (the limits of)
freedom of speech have been around for longer than the medium
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of video-games, but the same rules should generally apply as for
other forms of expression, insofar as this makes sense for the new
medium. Conversely, for the purpose of this research, a defini-
tion on incitement should focus on the more narrow scope of the
project: Twitter and similar forms of communication. This differ-
ence is reflected in the definition provided below by considering
discourse and utterances.

Returning to the indicators provided by Timmermann, the
third item appears to be the most relevant to this study as it cap-
tures a call to action which suggests imminent violence against a
targeted group — a situation that a newsroom should be able to
react to in short order. It therefore stands to reason to view the
presence of this indicator, even in isolation, as a priority in detect-
ing incitement.

Of the other indicators, the first and second describe what could
be considered hate-mongering, but these indicators alone lack the
call to action that warrants immediate response by authorities. This
missing aspect could follow from the context: if a user is known to
advocate violence against group A and in a later tweet compares
group B to group A, this can be viewed as a call to violence against
group B as well. The first two indicators, therefore, should not
be dismissed entirely, but in isolation do not warrant the level of
scrutiny as discourse including a direct call to action.

The fourth, and to a lesser extent the fifth of Timmermann’s in-
dicators are more of a given in the context, as tweets are by defini-
tion1 public and the amplifying context is provided by the platform 1 It is possible to put a Twitter profile

on private, thus removing the public
aspect of its tweets. Tweets on a
private profile cannot be seen by the
general public, which will also result
in those tweets not being visible to
newsroom analysts or any potential
AI-based solutions. This is per design
of Twitter and therefore private tweets
are left outside the scope of this
research.

and the people on it reading the tweets. Still, the amount of follow-
ers a user has, or more generally the projected reach the tweet has
can be considered a relevant aspect within the spirit of this element
of the definition.

Definition (Incitement). Discourse or utterance implying or advo-
cating hostile action against a demonised person, people or status
quo.

Additional Definitions

The following terms are used in the following chapter discussing
the research methodology. These terms generally refer to entire
areas of study, the relevant parts of which will be further explored
when they arise. This section provides a rough definition on some
unfamiliar terms so that these may be used in formulating research
questions and methodological discussion.

Semantics Within the context of linguistics and philosophy, seman-
tics refers to the study of meaning and truth assigned to words and
sentences.
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Discourse Pragmatics The two related areas of study Discourse
Analysis and Pragmatics are often used interchangeably to refer to
the study of meaning of natural language beyond literal semantic
meaning by regarding context and the way multiple sentences may
be combined to evoke meaning beside their individual contents.
ToDo: Add some references for basic definitions - SEP

Significance and Related Work

A lot of work has gone into the application of sentiment analysis to
Twitter data. This includes procedures to work with noisy data[BF,
BS] and emoji[GBH][Rea]. Also of potential interest is the work of
González-Ibánez, Muresan and Wacholder[GIMW] on identifying
sarcasm in Twitter, as this may also be used to code subtext into
tweets. Additionally, Nazir, Ghaznafar, Maqsood, Aadil, Rho and
Mehmood[NGM`] investigate the combination of tweet volume,
hashtags and sentiment analysis to perform signal detection.

Mukherjee and Bhattacharyya[MB] propose a method for
polarity detection of tweets using discourse relations. Their work
focusses on discourse relations within tweets, considering the tweet
as a whole instead of sentences, but not considering conversations
consisting of multiple tweets by different authors. The influence
of discourse analysis on their work is the consideration of rela-
tions between sentences within a tweet, by considering conjunc-
tions signifying coherence relations. This also serves to highlight
a different approach to stop words from most semantics oriented
work: Conjunctions are generally regarded as carrying no seman-
tic information and thus discarded, but are here considered on a
supra-semantic level.

Finally, Oluoch[Olu] in his masters thesis has studied the appli-
cation of sentiment analysis for the detection of radicalisation on
Twitter. The project follows a fairly standard approach of text clas-
sification machine learning approaches and does not consider the
syntactic structure of tweets, nor the aspect of conversational flow.

Sentiment versus Intent

Generally, the goal of the work cited above gravitates to determin-
ing whether a tweet is positive (happy or excited about a product,
person or situation) or negative (sad, angry or less than enthusi-
astic), which is subtely different from the concept of intent. The
intent of any form of communication can be considered benefi-
cious/constructive or malicious (signifying potential incitement)
regardless of positivity or negativity. Consider four example utter-
ances corresponding to the four possible combinations2:

2

positive negative
beneficial i ii
malicious iii iv

(i) “I am happy to live in a society were healthcare is accessible!”
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(ii) “Utterly dismayed at recent developments, I hope they’ll manage
to fix this soon!”

(iii) “This politician sucks, and something should be done about
him!”

(iv) “Today is a good day to die! We will bathe in the blood of our
enemies!”

In this example, (i) is both positive in sentiment and constructive;
it should not register as incitement. Example (ii), whilst negative,
does not express any incitement. The latter two examples do con-
tain inflamatory language and as such should be flagged, despite
(iii) sounding more negative and (iv) being likely to be flagged
as positive based on the semantics of the most obvious indicator
words. This distinction between sentiment and intent is important
when determining whether and how to apply previous solutions to
different problems to the subject of this research.

Summary

Based on a thorough search of available literature, the problem cen-
tral to this research has not been solved in this form but related
work is available to inform individual steps in the process of de-
tecting incitement from tweets. The fact that previous research on
Twitter data mainly focuses on sentiment than intent does not in-
validate this previously work for the context of this research. Whilst
the indicators utilised may not be directly applicable, they can pro-
vide insight regardless of what information needs to be recovered
from messages and how to deal with noise present in the medium.
Previous work on computational semantics provides a basis to
work with the meaning of the text within a tweet, whereas concepts
from discourse pragmatics can be used to inform how to combine
intent gathered from individual sentences to the level of tweets and
conversations.





3 Research Methodology

This chapter describes and motivates the methodology used in this
research project, its objectives, and the central research questions.

The primary methodological framework used for this re-
search project follows the principles of Design Science Research,
the application of which to information science was posited by
Hevner[HMPR] in 2004. In this approach, the central process con-
sists of of a practical problem, which is then to be progressively
solved by the creation of innovative artefacts. This design phase
is informed by interpretation on the desires as formulated by the
stakeholders and study of existing work in relevant fields. At the
same time, the results of this design phase are continuously eval-
uated, providing further direction for the cycle to repeat with the
refinement of existing or creation of new artefacts[JP]. This method
matches the objective of this project, where the desired outcome is
the creation, study and adoption of a novel solution, rather than
the study of an already present phenomenon or framework. The
focus, then, is twofold: On one hand, study of existing methods
and previous research is an integral part of this research. On the
other hand, no batteries-included solution is readily available, so
innovative exloration and recombination of existing techniques
will also be necessary to solve the issues at hand. Using these two
approaches, it is the intention of this project to explore the design
and evaluation of a possible conceptual model to tackle the is-
sue. The focus herein is on research, to evaluate whether and why
the chosen model is applicable, rather than producing a finished,
ready-to-market product.

For the scope of this project, the problem to be addressed is that
of identifying sentiment, specifically incitement, from short public
social media posts such as tweets. The problem arises from the fact
that existing methods of sentiment analysis depend on a certain
minimum amount of content in order to correctly predict the gen-
eral sentiment of a text. Most methods are based on a bag-of-words
model, wherein stop words1 are removed leaving even less text to 1 generally short common words with

little or no semantic content, instead
providing syntactic information on
how other words relate.

work with. A tweet, by definition, is short, and thus on itself may
fail to provide adequate textual information for the detection of
sentiment. This is further complicated by the fact that tweets are
generally comprised of informal language, and can include a large
amount of information not recognised as text by naive natural lan-
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guage processing: hashtags, accidental or delibarate misspellings,
links, emoji, etc. This leaves the amount of parseable text generally
even lower than the 280 character limit imposed by Twitter, and
causes every rejected word to have a relatively large impact.

To apply the design science approach to this project, the three
cycles of Hevner[Hev] are used as a guideline. The central design
phase cycles between the construction of artefacts to test out the-
ories, and using the results to refine the assumptions for the next
cycle.

Research Question

In order to structure and scope this project, a main research ques-
tion has been formulated to translate the relevant (as determined
by the scope of this sub-project) parts of the eventual desired out-
come — a prototype AI able to determine sentiment — into a re-
search oriented project. This project is aimed at providing not only
a prototype model for capturing intent, but also demonstrating its
adequacy and the constraints placed on its responsible real-world
application by the nature of the data used to feed the model. Given
this, the main research question is posed as follows:

How can a sufficiently complete model be designed to capture intent
from series of short informal text messages with minimal redundancy, in
such a way as to be applicable to responsibly predict incitement based on
their conversational structure?

Subquestions

This research follows three separate but codependent phases, each
principally attached to one of the cycles as described by Hevner:
(i) Collecting domain knowledge and formulating a model artefact
[rigour/design cycle], (ii) Verification of the artefact [rigour cycle],
and (iii) Application context and concerns [relevance cycle] The rest
of this section will discuss each cycle in more detail and formulate
the relevant subquestions.

Model Design and Architecture

R I1: “What indicators from discourse pragmatics and

sentiment analysis are applicable in the detection of

incitement and categorisation of intent?”

This question is intended to get a grounded overview of applicable
indicators in the domain of discourse pragmatics pertaining to
sentiment, and in the domain of sentiment analysis pertaining to
conversations, in order to detect emotion — specifically incitement.
This question will be used to fuel the design process required to
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answer De1 and will be part of the literature review for this project.
Relevant papers will include one or more of the following:

• The application of sentiment analysis as regarding to the detec-
tion of incitement or negative emotional content.

• The application of discourse pragmatics as regarding the evolu-
tion of emotional content within conversations.

DE1: “How can these indicators be translated into a

model able to capture intent? ”

This question is central to the design cycle of this research, as its
results describe the main artefact produced in this research project.

The answers to these questions, as well as a more detailed de-
scription of the factors forcing the inclusion of this extra question
and the considerations taken into account in the process of answer-
ing it will be described in Chapter 4.

Data Acquisition and Analysis

The next set of questions are intended to verify the results of the
main design cycle using rigour-based techniques of statistical analy-
sis. These are meant to ensure the coverage and lack of redundancy
required in the main research question.

R I2: “What is the coverage of the acquired dataset with

regard to the entire possible space of intentions as de-
termined by the chosen indicators?”

Here, the aim is to identify clusters within the space (again, using
algorithms such as t-SNE) to determine the completeness of the
data represented. The goal is to identify empty regions, attempt to
explain why these gaps show up, and whether these represent gaps
in the degree that the dataset represents relevant Twitter discourse.
ToDo: This question should concern more with the model than with
the specific dataset used to analyse the model. It is a prerequisite
to answer the following question, although the way it is answered
depends more on the specific data than the next question.

R I3: “What is the level of relevance of the indicators

identified in (Ri1) in capturing intent information of

tweets and providing explainability?”

This question addresses the choices made in the design of the
intent-space and its chosen basis vectors (axes). This question aims
to determine how well these bases where chosen, and how the com-
putational usability of the dataset could (if and when the usage
warrants it) be increased without sacrificing the content present.
To answer this question, explanatory factor analysis and the t-SNE
cluster-preserving dimensionality-reduction algorithm are utilised.
The goal is to determine to what extend dimensionality reduction
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can be applied without damaging the data contained in the set, and
preferably whilst maintaining explainable labels for the remaining
axes.

These questions together aim to verify the choices made in the
first phase of this project by subjecting the assumptions to real-
world data. The answers to these questions, as well as a more de-
tailed description of the factors forcing the inclusion of this extra
question and the considerations taken into account in the process of
answering it will be described in Chapter 5.

Application Concerns

The last two questions deal with the implications of the results
of this research, which precautions should be considered in its
application, and how to interpret results when using the model in
prediction tasks.

RE1: “What ethical pitfalls can be anticipated in the

application of the design artefact?”

This question aims to place the model designed in this research
project in the broader context of its application. As with all AI and
data based projects, ethical considerations form a major concern
informing how the results should be interpreted and applied to
real-world situations.

RE2: “To what degree can bias be identified in the dataset,
and how has this been introduced by the tagging process

used in its construction?”

This question is twofold, as the second part only makes sense to ask
if substantial bias can be shown to be present. The main goal of this
question is to determine how biased (and biased how) the tags used
to determine the embeddings of tweets within the space are. The
approach here is to analyse the (co)variances on each axis within
groups and compare this to the (co)variances between groups us-
ing methods such as Student’s t-test. This question aims to iden-
tify and isolate these biases insofar as these can be correlated to
known differences in the backgrounds of the taggers, in order to
determine whether (and in what way) factors such as educational
background (social vs applied exact science) colour the resulting
tags and whether the average that determines the final embeddings
should be weighed to better reflect a more general or specialised
population.

These questions together aim to address the responsibility con-
straint present in the main research question. The answers to these
questions, as well as a more detailed description of the factors forc-
ing the inclusion of this extra question and the considerations taken
into account in the process of answering it will be described in
Chapter 6.
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Summary

In summary, the project has been divided into three relevant sub-
problems, each represented in the rigour- and design cycles. These
three sub-problems correspond to the two domains of knowledge
relevant for the case at hand, supplemented with the need for
benchmarking the results. The relevance cycle is less substantive for
this project, as the results will be unlikely to be adopted in time for
the duration of this research project. Consequently, this cycle will
be limited to a consideration of the ethical implications of adopting
an AI system as considered in this study. The internal dependencies
of the total project are visualised in Figure ??.





4 Model Design and Architecture

This chapter details the results of the first hybrid rigour / design
cycle. It elaborates the research done informing the choices made in
the design of the artefact for this project. It will answer the first two
research questions, Ri1 and De1.

Theoretical Review

Computational Semantics

In order to make claims about whether an utterance contains in-
citement, we need be able to reason about the meaning or content
of natural language. The study of meaning in general is known as
semantics[Par], and various theories exist within this domain us-
ing different formalisms to capture semantic content. The study
of computational semantics[BB] specifically works with approaches
applicable to automated processing, considering representations
of meaning usable for computers. As the goals of this project lie in
an AI based solution, computational semantics are considered as a
starting point. Within this field, two broad approaches are explored
for application in this study: Distributional semantics and composi-
tional semantics. The former of these is explored in the following
section, as the latter ultimately did not appear in the solutions ex-
plored in this research project.

Distributional Semantics

Translating the concept of semantics to computers and AI is chal-
lenging: The language used in general purpose computers is one
of numbers1, where no real equivalents exists for most real word 1 In essence, these numbers are binary

integers. Using clever encodings,
floating point numbers can be worked
with as well.

concepts. The field of distributional semantics[Sch] aims to derive
meaning from the statistics of word cooccurrence and encode this
information in terms of word embeddings[JMb]: vectors, which are
essentially ordered lists of numbers.

Using a single number, values on a single scale can be given
meaning; adding a second number provides a two-dimensional
space in which meanings can be assigned to words. For example,
Figure 4.1 shows one possible way to encode a set of animals in a
2-dimensional semantic space. Whilst there are infinitely many pos-
sible ways to assign or embed these points in the space, the chosen
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embedding is not arbitrary[JMb]. Given the positions of the words
and our knowledge of the animals, we could interpret the x axis as
representing average size, and the y axis as a subjective measure of
pettability.

dog

cat
hamster

fire ant

elephant

whale

size Ñ

pe
tt

ab
ili

ty
Ñ

Figure 4.1: An example 2D word
embedding space

The result of the informed embedding given in the example is
that words assigned closely together represent words with some
similarity in semantic context. Pets, in the example in Figure 4.1,
are clustered towards the top (highly pettable animals) and mainly
centred on the x axis (not too large or too small to keep around).
The example here is limited, but serves to illustrate a central point
in distributional semantics: linguistic items with similar embed-
dings have similar meanings. By adding additional axes, more
semantic context can be encoded.

To encapsulate the complexity of human language semantics,
the number of dimensions required is generally in the order of
magnitude of a few hundred axes[JMb]. In general, greater dimen-
sionality allows for greater granularity in expressing the meaning
of terms and the space available for relational connections. At the
same time, high dimensionality incurs a computational cost which
gives rise to a tradeoff.

The vector space model for semantics is powerful in that it al-
lows computers to reason about the semantics of words using vec-
tor arithmetic operations[BZ], and as such will be referenced in
other research areas going forward.

As each word encountered in a text needs an associated
vector, and each vector requires a large amount of numeric values,
assigning these embeddings manually is unfeasible, nor will ran-
domly assigned vectors work in providing the desired semantic
context. The field of distributive semantics therefore also deals with
methods to automatically generate such vector spaces[AX]. The
ability to do so depends on the statistical nature of language: cer-
tain combinations of words occur more or less frequently together,
for example “green grass” vs. “green ideas”. In order to capture
these observations, distributional models are trained on corpora,
large datasets of text, based on the assumption that words that
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occur together, or are used in similar sentences, are more closely
related than words that do not. During this process, a set of stop
words[WS] is often ignored. Stop words are generally taken to
be short, common words without any real semantic context. Ex-
amples are articles, prepositions and similar words, all of which
have signifance in syntax rather than semantics. There are multiple
ways[DDF`][ST] to extract the distributional information to pro-
duce the desired word vectors, which can be subdivided into two
categories:

Count based models[DDF`] work by counting, for each word in a
corpus, how often it occurs near each other word and storing this
information in a cooccurrence matrix. The definition of near can vary
according to the specific strategy used in calculating the word em-
beddings, but usually means something like “next to eachother”
or “both occur within a shared 3 word window”. Generally, stop
words are removed when building this cooccurrence matrix. The re-
sulting matrix is typically sparse[Duf], i.e. containing lots of zeroes.
This is undesirable both from a computational point of view, and
because this cause for example similarity measures to tend to 0.

The answer to this issue is to apply some form of dimensionality
reduction, using linear algebra to effectively find the most rele-
vant axes for a lower dimensional space and embedding the sparse
count-based vectors (rows or columns of the cooccurrence matrix)
via a change of basis into this new space.

Predict based models[ST] begin by assigning each word in the pro-
vided corpus to a one hot encoded vector or basis vector: A vector
with only 0s and a single 1 the position of which uniquely identifies
the word. Again, stop words have generally been removed from the
corpus at this point. Then, training examples are generated based
on the chosen model and the cooccurrence of words in the corpus.
For example, we consider a Continuous Bag of Words (CBOW) model
with windows size 1: each word is only associated with the words
directly before and after it. For each word in the corpus, a positive
training example is generated as follows: Given a sentence such as
“Jackdaws love my big sphynx of quartz”, the combined input of
the vectors associated to the pair (“jackdaws”, “my”) should be as-
sociated to “love”2, the input (“love”, “big”) should be associated to 2 This example could be read as a fill-

in-the-blanks for “Jackdaws _ my . . . ”,
the answer to which should be “love”.

“my”, etc. These training examples are supplemented by negative
training examples (signifying word combinations that should not
occur together) which can be generated by randomly combining
words and removing randomly generated examples corresponding
to actually occurring training examples. This training data will then
be fed to a single layer neural network. The final resulting weight
matrix can then be used to transform a one hot encoded input vec-
tor to a word embedding.

The field of distributional semantics and the concept of word
embeddings deriving from it form the basis of many forms of tex-
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tual analysis, which warrants their consideration for this project.
Distributional semantics capture one aspect of natural language:
statistics. There is, however, another aspect to language of similar
importance, which is compositionality[Bra].

Discourse Pragmatics

The mentioned existing work on semantics provides a foundation
to determine the sentiment of a tweet. However, it should be taken
into account that text rarely exist in a vacuum; additional context
is required to make sense of an utterance. In the case of tweets,
part of this context is determined by the conversational structure
provided by Twitter. Tweets can act as a reply to another tweet, and
can themselves be replied to. In other words, they form part of a
conversation, the content of which is built from the semantics of the
individual tweets, but also their interdependence.

The domains concerned with this contextual aspect to meaning
in text are the closely related fields of pragmatics[Lev] and discourse
analysis[JMa]. The focus of the latter appears to be on the linguistic
components of the context, and that which can be inferred from the
surrounding discourse[AhS]. The former discipline tends to shift
this notion of context to focus more on external or physical con-
text and to analysing speaker intention. In this regard, discourse
analysis appears to be more applicable to the platform at hand,
whereas pragmatics more closely aligns to the stated goals of this
project as incitement is one potential form of speaker intention.
Most ideas referenced from both of these fields exist in the intersec-
tion between the two, or arose in one field but find application in
the other. The term discourse pragmatics[AhS] is used to describe the
hybrid field arising from the collaboration between the two subjects
and as such will be preferred as the general term for the combina-
tion of these fields in this writing; in most instances, more specific
terms will be used to refer to concepts used within discourse prag-
matics, as described in the following subsections.

For the purpose of this research, two main ideas appear to
be of interest: Speech acts and conversational implicature. Both are
briely considered in the following sections. We futhermore investi-
gate the dialogic principle and pragma-dialogue due to its relevance to
the conversational aspect of tweets.

Speech Acts

A central concept to the field of discourse pragmatics is the con-
cept of speech acts, also referred to as an illocution, as posited by
Austin[Aus] and expanded upon by Searle[Sea]. The central the-
sis of this concept is that an utterance can be more than merely a
statement of information, but can itself be seen as an act with real-
world consequences. As human reality is shaped by the power of
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words, we allow words to impact that reality just as physical ac-
tions would. For example, a head of state has the power to enact
law or declare or end wars by words — spoken or written — alone.
Similarly, a parent naming their child will in essence do so by stat-
ing a new fact about the world and thereby creating a world in
which a newborn child is named.

It should be noted that the result of any speech act depends
on context and speaker. The sentence “The match has begun!” will
have the intention and effect of starting the match when uttered by
an umpire, on a pitch where two teams have assembled for a match
of cricket. The same sentence, uttered by another person in the
exact same situation, or by the same person in a different situation,
might have the same intention but will not accomplish the same
effect. In the former case, the speech act is considered to have been
felicitous; in the latter case, the speech act fails to be performed in
what is referred to as a misfire — the person making the declaration
has no authority to start a match in the given circumstances, and as
such nothing happens.

A second way in which a speech act can fail to be felicitous is in
the case of abuse. An example would be when Alice promises Bob
to peform an action without intention to follow up on it. In this sce-
nario, the speech act can be considered to have been performed, but
the act is not felicitous. The rules which dictate whether a speech
act can be considered felicitous are called felicity conditions.

An utterance cannot be seen separately from intention. For
example, the intention behind a question such as “Do you think it’s
cold in here?” will in many contexts be to get a person to close a
window or turn up the heat, not to start a debate on that person’s
perception on the temperature. Austin[Aus] describes three levels
on which a speech act can be analysed:

• The locutionary act is the actual act of speaking or writing the
sentence.

• The illocutionary act signifies the implied request or demand and
represents the intention or purpose of the speech act: What is the
speaker trying to accomplish by making a statement?

• The perlocutionary act is the actual effect of the speech act.

In the example of “Do you think it’s cold in here?”, the locution-
ary act consists of a speaker uttering the question, the illocutionary
act is to request the addressee closes the window, and the perlocu-
tionary act is at the very least conveying the speaker’s discomfort
with the temperature, and potentially persuading the addressee to
help solve source of the problem.

Searle[Sea] goes on to categorise illocutionary acts into five cate-
gories:
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• Assertive or representative, which state a fact one believes to be
true, committing to the validity of the preposition, and attempt-
ing to convince the receiver thereof;

• directives, where one wishes to persuade the receiver to do
something, including but not limited to ordering, requesting
or suggesting;

• commissives, where one makes a promise or threat, or enters a
verbal contract;

• expressives, which reflect emotions or attitudes such as apologies
and expressions of gratitude or (dis)approval;

• declarations, which by their utterance (attempt to) change the
world by representing its new state, such as christening a child
or declaring war.

It should be noted that utterances can fall in an overlap between
some of these categories: The sentence “I promise to obey” both
commits the speaker to obediance, and declares the promise. The
difference between these types of speech acts is relevant to inter-
preting the intent of the speaker. In the context of incitement,
assertives and expressives can for example serve to convince the
receiver of a perceived threat or injustice, thereby providing a con-
text for commissives (in this case, threats), directives (suggesting
violence) and declarations (of a state war3). This flow could play a 3 In this case, war is used in its broader

definition; it is meant to include wars
on peoples, groups or concepts within
a nation state, not just war between
separate political entities.

part in determining the intended effect of a series of statements.

Conversational Implicature

In order to gauge speaker intention, which has been established
can differ from the literal meaning of an utterance it is important
to separate what is said from what is implied. The latter is called
the conversational implicature, and can be detected by how a speaker
deliberately fails to obey certain unwritten rules of conversation.

These unwritten rules or maxims have been postulated by Grice[Gri]
in the theory of the cooperative principle. In it, the assumption is that
both speaker and listener are trying to communicate effectively. The
listeners should be confident that in any case of ambiguity, the most
likely intended meaning is the correct one. In order to achieve this,
the speaker will generally obey 4 maxims:

The maxim of quantity states that the speaker should communicate
the right amount of information; they should not leave relevant
information out or include unnecessary details. For example, when
discussing what main course to order in a restaurant, one could list
the available options on a menu. By excluding a dish without good
reason4 or including a dessert, one breaks this maxim. 4 An example of a good reason to

exclude a dish would be to conform to
a listeners dietary preferences, thereby
favouring the maxim of relation above
the maxim of quantity.
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The maxim of quality states that the speaker should not commu-
nicate information believed to be false, or for which there is insuf-
ficient evidence. In the restaurant example, one could break this
maxim by suggesting dishes not on the menu. Both deliberate lies
and overstatement of confidence in a fact are included in counterex-
amples to this maxim.

The maxim of relation states that the speaker should only commu-
nicate relevant information to the context at hand. Continuing the
example of the restaurant, starting a discussion on the weather or
the state of politics whilst deciding what to eat would in general
violate this maxim.

The maxim of manner states that the speaker should communicate
in a clear manner, avoiding obscure or ambiguous terms, being
succint and not leaving out crucial steps in reasoning. In most
cases, listing the original Chinese names of dishes to an English
speaker, or adding irrelevant information about the origins of each
dish, one could be in violation of this maxim.

Grice states that in general conversation people implicitly and
unconsciously try to obey these rules. Any overt deviance, then,
could be interpreted as a deliberate flouting of a maxim, which in
turn signals to the receiver that the information conveyed is not
or not merely the information semantically contained within the
sentence.

For example, a tweet containing a turn of phrase such as “It
would be a shame if someone were to X” can be understood as,
depending on context, being either an honest expression of desire
not to see X happen, or an covert suggestion to a target audience to
perform X. If the concept of X has not been hitherto mentioned and
can generally be perceived to be a negative thing, this utterance
would at the same time flout the maxim of quantity by introduce
more information than needed — as the negativity of X is com-
mon knowledge, flout the maxim of relation — as prior to this
noone was openly considering X to happen, and flout the maxim
of manner — by being more verbose and indirect than appropriate.
Incidentally, the remaining maxim of quality is also flouted by the
author, who themselves do not accept the generally agreed upon
truth of X being negative, which further signals to an informed
audience the intended meaning. In this example, the tweet can
reasonably be flagged to potentially inciting.
ToDo: Huib: is dit waar je op doelde? One challenge in the ap-
plication of Grice’s maxims in this research is that it is not imme-
diately obvious how to automatically determine when a maxim
is being flouted, as this process requires a lot of context. Some
work[VHLH] has been done on using machine learning, specifically
support vector machines, on the automatic detection of irony on
Twitter inspired by the Gricean notion of maxim flouting, but it
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seems this process is mainly informed by Grice instead of directly
based on it.

More generally, the concept of implicature relates to the po-
litical idea of dog whistling[GS], where a speaker uses a specific
euphemistic phrase to signify one thing to one part of the audi-
ence (the in-group), and another thing to the rest (the out-group).
For a historical example, the phrase “state rights” has been used
to platform racial segregation in the United States[War]. Instead
of providing a direct answer to a question regarding the issue of
desegregation, a politician campaigning to maintain the status quo
(thereby campaigning against desegregation) would shift the de-
bate to the issue of state rights. By answering a question about A by
starting about B, the politican can flout the maxim of relation.

In the case of online communication such as tweets, this process
can be used to signify meaning to a target audience — those being
aware of a certain context — whilst at the same time being readable
by a more general audience without conveying the same message.
A modern example can be found in the usage of the okay sign
emoji in tweets: in certain alt-right communities the associated
hand gesture came to be understood as representing the phrase
“white power”[Lea], lending context to the usage of the symbol
beyond the more generally understood original meaning of “It’s
okay” or “I’m okay”. Using this context a tweet can signal part of
an audience within an in-group a different reading of the same
text compared to what an out-group audience would understand.
For example, a tweet calling out a succesful person of colour and
containing the emoji could be read both as an endorsement by the
tweeter, or as a call to action for white nationalists. In this case, the
intentions of the author can then be considered harmful, while the
tweet itself provides a form of plausible deniability.

The Dialogic Principle

In Pragamatics, Discourse, and Cognition[KH], Horn and Kecskes
identify pragma-dialogue as one of three approaches within the
field of pragmatics, based on work by Weigand[Wei]. This field
shifts focus to the dialogic nature of interaction, where two interac-
tants act and react. The dialogic principle states that speech acts are
not communicatively autonomous, but that the smallest possible
subdivision is the sequence of action and reaction.

In the case of Twitter discourse, the general trend in conver-
sation does not exactly resemble dialogue, i.e. interaction between
two constant parties, but rather a multiway conversation where
interactants can join and apparently5 leave without formality. Nev- 5 Due to the nature of the platform,

it can be observed that a interactant
ceases to contribute to the discourse,
but not whether they actually continue
to listen in.

ertheless, the focus of this paradigm on action and reaction seems
highly relevant to the analysis of incitement and general intent be-
hind tweets. In a general conversation on Twitter, the initial action
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is a publicly visible tweet or thread6 of tweets by a single author 6 It is common practice on Twitter to
self-react in order to avoid the 280-
character limitation on tweet length.

which also forms an obvious starting point for any automated sys-
tem considering a conversation. The subsequent reactions can be
split into three broad categories: (i) replies and quoted tweets, i.e.
publicly interacting with the tweet and adding one own thoughts
on the matter; (ii) likes and retweets, i.e. publicly affirming having
read the tweet and expressing approval and (iii) having read the
tweet and internalised part of the message without visibly interact-
ing. The last form of reaction is clearly the most common — having
read and at least understood the content of a tweet can be seen as a
requirement for further interaction — and therefore most desirable
to use as an indicator. Unfortunately, this type of reaction is also
the least visible and thereby hard to consider in any automated ca-
pacity. Likes and retweets can be viewed as a rudimentary metric
of how often a tweet is read and internalised, but cannot be con-
sidered very accurate as the ratio between agreement and publicly
expressed agreement is not necessarily the same for different tweets
as it may depend on factors such as how vocal the public is and
how socially acceptable endorsing the view expressed in a tweet is.

For the purpose of this research, the reactions of replying and
quoting are of the most immediate interest, as these reactions are
themselves actions which can elicit further reaction. This perspec-
tive allows us to consider the tree-like structure formed by tweets
and their replies and quotations. Intent can then be analysed on
two levels: First on the level of a single tweet, and then on (paths
within) a conversation tree. It is part of our hypothesis that the way
intent within individual tweets evolves over the course of a discus-
sion can yield patterns which can be used to more accurately judge
the intent of individual tweets and the conversation as a whole,
allowing extrapolation to locate tweets of interest potentially in
advance.
ToDo: Huib: sectie hierboven is uitgebreid, hypothese valt hier
logisch maar goed om deze in BG te noemen?

Sentiment Analysis

The problem of detecting emotion from text has been explored
to a great degree, combining different fields visited earlier in this
chapter. The field of sentiment analysis (SA)[Fel] overlaps with distri-
butional semantics as described above, generally treating a piece of
text as a series of word vectors. This semantic information is com-
bined with part-of-speech (POS) tags to form the input for machine
learning techniques in order to extract information the sentiment
expressed in an utterance.

Part of Speech Tagging

Whereas distributional semantics generally disregards syntactic
information contained in a text in favour of the semantic content of
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the individual words, sentiment analysis frequently includes some
form of part-of-speech tagging to distinguish homographs7. A part 7 Homographs are akin to homonyms

in that they denote a set of words with
the same spelling, whilst dropping the
requirement of also sharing the same
pronunciation. For example, the word
“lead” can be interpreted as a verb,
meaning to guide, or as a noun, mean-
ing the element. Although these words
will rarely be confused in spoken text
due to a difference in pronunciation
all standard dialects of English, the
words are spelled the same and thus
in isolation indistinguishable in the
context of written text.

of speech in this context describes the grammatical role of a word
in a sentence: Verb, noun, determinant, etc. The process of POS
tagging is generally based on stochastic methods, frequently em-
ploying a Hidden Markov Model (HMM)[Mar12][Kup]. The hidden
states in this context are the parts of speech to be determined for
every word in a sentence.

For example, consider the sentence “Consuming lead will lead to
poisoning.” Here, all words can be interpreted as at least two parts
of speech, and the word “lead” occurs twice in different roles. In
order to figure out which POS should be assigned to each word,
a Hidden Markov Model is employed. The words in the sentence
correspond to the emissions of the model:

consuming Ñ lead Ñ will Ñ lead Ñ to Ñ poisoning

The token “consuming” likely corresponds to a verb, but might
also be an adjective or (rarely) even a noun. As this is the first word,
the probability for it being a verb does not depend on the previous
word, but only on the probability that a sentence starts with a verb8 8 This probability can be trained on a

corpus and forms part of the trained
model.

multiplied by the probability that any randomly chosen verb would
turn out to be “consuming”9. The probabilities that the word is an 9 This probability is similarly part of a

trained modeladjective or a noun are calculated similarly. For the second word,
there are two possible POS tags: verb or noun. This yields six pos-
sible taggings for “Consuming lead”: verb Ñ verb, verb Ñ noun,
adjective Ñ verb, etc. The probability for the tag verb Ñ verb is the
product of three probabilities:

• The probability that “Consuming” is a verb, as calculated before;

• the probability that a verb follows a verb, without considering
the specific verbs and

• the probability that a randomly chosen verb will turn out to be
“lead”.

By repeating this process, the probabilities for each possible tag-
ging of a sentence can be computed, after which the most probable
tagging is chosen.

Tagging Tweets and Conversation Trees

We tag each tweet with an initial intent/sentiment vector based
solely on the tweet itself. Afterwards, we can estimate tags for
the reply relations going back up. We view a conversation as a
tree-shaped graph. Vertices corresepond to tweets, edges to reply
relations.

Combining intent values on tweets is done in three steps. First,
the tweets are analysed in isolation, so without consideration of the
tweets it replies to, or the tweets that follow. This gives an initial
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label to each vertex within a conversational tree. After this, we will
traverse each path in the tree from top to bottom, which we call the
forward search step. Here, the relation between intent of a parent
tweet and its child tweet are analysed. This step yields labels for
the edges of the tree. Finally, we combine the results bottom to
top — the backward consolidation step. Here, the intent given to
child-nodes and the δ-intent given to vertices combine to form an
updated valuation for each non-leaf node in a conversation tree.
The reasoning behind this step is that if a tweet, which in itself
cannot be classified as inciteful, nonetheless solicits replies that are
largely recognised as inciteful, the parent tweet should be flagged
as interesting as new inciteful replies are more likely to appear in
the future.

NLP / SA on Dutch Tweets

State of the art seems to be mostly centred around the BERT model.
For the initial sentiment training, we require a model that

• Understands Dutch

• Outputs sentiment/intent vectors

which does not appear to exist. Transfer learning allows us to use
pre-trained models and fine-tune for specific languages and use
cases. I’m still figuring that out.

It appears Bert accepts labels as potential output, cannot find
anything on using vector embeddings. Labels can be translated to
1-hot encoded vectors in a sentiment/intent space which would
allow further processing. — Further reading: this is due to softmax,
let’s see if we can disable that!
ToDo: Need to find tagged data

Note on reuse of existing models in other languages[dVN].

Intent Embeddings

In order to tag data for training BERT, we need a standard for how
an intent vector space looks. The suggested format is to use R12,
specifically r0, 1s12 for manual tagging of data. The resulting train-
ing data vectors will be normalised per participant and then av-
eraged between participants before being used for training BERT.
The structure of the intent space for this tagging is hand-crafted,
as the initial data is entered by hand instead of learned automati-
cally from context. Table 4.1 details the meaning assigned to each
basis vector. This might be supplemented by other tweet statistics
such as number of likes/retweets and/or author statistics such as
number of followers. Main problem with this is that these values
are subject to change and add additional requirements on keeping
the local data storage up to date. Initial trial will leave these out but
this might be added in the future. It might also make more sense
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to include these statistics in a later stage, when viewing tweets in
context instead of in isolation.

e0 Assertiveness As described by Searle[Sea]
e1 Directiveness As described by Searle[Sea]
e2 Commissiveness As described by Searle[Sea]
e3 Expressiveness As described by Searle[Sea]
e4 Declarativeness As described by Searle[Sea]
e5 Naive Sentiment Positive wording as in regular SA
e6 Sadness Tweet expresses sadness / is a call

for emotional support
e7 Hostility towards Target (person, group, situation)
e8 Hostility towards Reader (general public reading the tweet)
e9 Call for Action Expresses specific incitement

towards (violent) action
e10 Use of coded language Use of language indecipherable to

out-group
e11 Use of euphemism Known dog whistles or metaphor
e12 Use of sarcasm
e13 Question
e14 Contradiction Tweet appears to directly con-

tradict another tweet or news
item

Table 4.1: Proposed basis vectors for
intent embedding space

Tweet Dataset Acquisition

Single search query in period of one hour. Coronapas? Then follow
each thread up in case of replies. Finally, download entire tree for
each tweet.
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ToDo: Meer introducerend (previously, on ..) - we hebben nu een
model van 15 dimensies, belangrijke termen /getallen herhalen
This chapter details the approach and results of the data acquisi-
tion step of this project. The chapter is split in five sections, the first
of which describes the acquisition process and the choices made
therin. The next three sections endeavour to answer the subques-
tions Ri2 and Ri3. Finally, the last section will conclude this chapter.

Data Acquisition approach

ToDo: doel (data nodig), probleem (geen data), oplossing(verzamelen)
The initial scoping of this project assumed the availability of tagged
data from a previous research project. This data soon turned out
to be untagged and missing the structure required for the intended
strutcural analysis. As of such, the data available was determined
to be insufficient, which added the requirement of collecting a set
of Twitter-conversations, including text and structure, and sub-
sequently tagging each tweet using the dimensions described in
chapter 4.
ToDo: Hier ongeveer: plaatje visueel proces Twitter -> Data trees -
resultaat beschrijven in plaats van focus op proces. Data nodig, was
er niet, hoe is dit verzameld?
ToDo: doel (threads), probleem (twitter), oplossing(bottom up
algo) To build the initial dataset, ToDo: 856 - getal eerder noemen,
later terugkomen tweets were read using the Twitter API and
stored locally. Threads are accessed using the API and include a
field referencing 0 ´ 1 parents. Threads are then retrieved from
the bottom up ToDo: Why - top down sensible but impossible by
repeatedly following the parent reference of a tweet. Building a
conversation tree down from an initial tweet is turned out to be
more convoluted. The only viable approach to this is as follows:

(i) ToDo: pseudocode

(ii) Search all tweets addressed to the author of an original tweet.

(iii) For each tweet found:

(a) Check whether the parent reference matches the id of the
original tweet.
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(b) If so, add the tweet to the tree structure.

(c) If not, the tweet remains in consideration as it might be a
response to a response.

(iv) After all tweets have been tried, repeat to place grand-children,
etc, until nothing changes.

(v) Now, repeat the process for each newly found node, until no
new tweets are found.

ToDo: Could be -> discussion / future? THIS requires poten-
tially filtering an repeatedly re-scraping a lot of tweets, especially
for older tweets1. Additionally, it became clear during testing that 1 This could be mitigated by limiting

reply-searching to replies made no
more than n days after the original.
THIS seems reasonable, as a conver-
sation progressing at a slower pace is
less likely to be a heated discussion.

Twitter’s API, specifically the search part, did not produce reliable
results: Searching via the API and via the web-interface did not
produce the same results, with the API apparently omitting large
amounts of information. As the process of searching for replies de-
pends on recursively searching replies and each failure compounds,
the process of automatic tweet mining was abandoned in favour of
an approach including some manual labour.

In this final approach, paid volunteers were asked to traverse
Twitter using the web interface and note down URLs for tweets re-
garding specific subjects. They were instructed to focus on longer
threads and/or broader conversations, noting the URLs for the last
tweet in a thread (after which the thead upwards could be accessed
using the API). THIS approach potentially introduced some a priori
bias ToDo: this will be examined in sec X in the dataset, as sin-
gular tweets were ignored and the selection was limited to tweets
recommended by the Twitter algorithm that caught the attention of
the volunteers, all within the context of specific topics. One obvious
result of this is that the resulting dataset mostly contains tweets
within a select topic of conversation with a likely overrepresenta-
tion of divisive ToDo: betere term of introduceren - wat is divisive
tweets. THIS is of course by design and appropriate for the con-
text of the intended usage, but should nonetheless be noted when
considering its applicability to more diverse domains.

The topics considered for the first batch were the Dutch ap-
proach to the COVID-19 crisis, specifically the discussion surrond-
ing the “Coronapas” ToDo: citation - nrc/nu.nl/whatevers as a
means of reopening Dutch society at the tail-end of the crisis. Later,
a smaller second set has been constructed using the same proce-
dures, this time focusing on the Western response to the Russian in-
vasion of Ukraine ToDo: citation krant . By focussing on the Dutch
language domain, most tweets in this set specifically consider the
Dutch reactions.

A second artefact of this data-gathering approach is the limited
quantity of data. Combining the results of this step with the few
larger clusters of tweets mined during the initial attempt resulted
in a dataset of 500 tweets, comprising 19 clusters of average size
26.316. The second set adds 356 tweets.
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Tagging

The subsequent step was tagging the data using intent-embeddings
as described above. In order to accomplish this, 6 paid participants
have been asked to tag each tweet on the 15 established parameters.
THIS was done using a web-interface which showed the participant
a single tweet at a time, and recorded the ratings in a database. The
tweets were shown in a semi-random ordering, with the same tweet
never appearing twice ToDo: doel (uniform ipv normaal verdeeld),
probleem, oplossing for the same participants and tweets with
less tags shown with increased probability2. In addition to the paid 2 Specifically, the probability of a tweet

i appearing is Ppiq “ 1´ cpiq
499t with

t “
ř500

i“0 cpiq and c : N Ñ N mapping
a tweet to the number of tags for that
tweet.

participants, individuals have been asked to participate by tagging
a small number of tweets on a voluntary basis, again being served
semi-random tweets favouring those that had been rated the least.

For the following sections, some nomenclature is introduced.
Each tweet is tagged by each participant at most once. THIS map-
ping of ptweet, participantq Ñ r0, 1s15 will be referred to as a tag.
The aggregation of all tags pertaining to the same tweet, usually
via plain average unless otherwise specified, is referred to as that
tweet’s embedding. Finally, similarly aggregating the tweets per par-
ticipant yields that participant’s profile. ToDo: definities - format
ToDo: 15 magic number?

Dataset Coverage

ToDo: coverage is het begin, waarom?! data quality, coverage is een
aspect

Given the existence of a tagged dataset, the next logical step
ToDo: WHY? is to provide a basic understanding of how the data
is structured, and whether it can be considered sufficiently repre-
sentative of the norms and sensibilities we wish to extract from the
data and use to train an artificial intelligence based solution.

gaten waarschijnlijk want: Kleine dataset en gezocht obv query,
meer niet
ToDo: Discussie The number of tweets available at this point is, as
described, lower than what was initially planned and desired. THIS
will limit the effectiveness when using this data to train machine-
learning algorithms, especially large and complicated models such
as BERT[TOD]. Despite this limitations, we believe that the data
gathered so far is enough to perform some level of exploratory
analysis.
ToDo: gaten -> missen -> betrouwbaarheid model A major con-
cern is the degree of coverage the dataset provides: given that 856

tweets are embedded in a 15 dimensional space, it is unlikely (why)
that each point within the unit 15-cube of possible embeddings is
sufficiently (wat is sufficient?) close to a known tweet, which im-
plies the existence of holes within the dataset. These holes may
be either representative of unlikely combinations of indicators, in
which case they represent holes in the manifold of possible tweets,
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or they may be introduced by the selection process and thus in-
dicate potential shortcomings of the dataset as a projection of the
possible-tweet manifold. In the latter case, these ommissions can be
further subdivided into those that are desirable given the intended
use of the dataset (for example, pictures of pets, which are unlikely
to contribute to the emergence of incitement) and those that require
attention.
ToDo: confident -> we weten niets, mogelijk niet uniform verdeeld,
willen we weten ToDo: inital test: mean/var per dimensie,
makkelijk aantoonbaar niet uniform? In order to assess the way
holes within the dataset are justifyable, the first step is to discover
where such holes exist. We can confidently hypothesise the exis-
tence of holes as their absence would mean that the data is dis-
tributed evenly over the 15 dimensional space, which is statisti-
cally exceedingly unlikely. In order to find the distribution of these
holes, we can first look for the inverse and identify which clusters
exist. Unfortunately, due to the high dimensionality of the space
most naive clustering algorithms like k-means and Gaussian mix-
ture models fall short as their implied usage of distance metrics
yields large Euclidean distances even for points relatively close to
eachother[TOD]. ToDo: plaatje ToDo: On the other hand, dim
red heeft dit prob.ee m niet ToDo: an example is ... , we used this
ToDo: wat is tsne, wat hebben we er aan? To address this, a form
of dimensionality reduction is required which will preserve cluster
distinctions. To this end, the t-Distributed Stochastic Neighbour
Embedding[vdMH] (t-SNE) has been used on the embeddings of
the initial selection of 866 tweets of the dataset (Figure 5.1). The
results clearly suggest the existence of clusters, an observation that
could also inform future work on learning conversational flow,
but unfortunately the loss of information makes it infeasible to re-
construct holes from these results. ToDo: Hieruit weten we dat er
clusters zijn, dingen dicher bij elkaar dus ook verder uit elkaar (niet
uniform) dus holes.

Monte Carlo for finding negative space

A possible approach to answer this (which?) question is to apply
a Monte Carlo based approach and randomly sample the space
of possibile tweet embeddings and calculate the distance to the
nearest point. Lemley, Jagodzinski and Andonie suggest such an
approach[LJA]. In their research, they specifically target detecting
axis-aligned hyper-rectangles, which is prudent from a represen-
tation standpoint but limiting within the context of intent-spaces
where partial correlation between axis might make it beneficial to
support different shapes and orientations of holes.

Ideally, we would like to determine the existence of negative
clusters, i.e. point-clouds of points outside of the dataset having
the property of being close together and not being close to points
within the dataset. These negative clusters could then be analysed
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Figure 5.1: 2 dimensional cluster
preserving image of the set of embed-
dings fitted using t-SNE

to get a metric of size via the hyper-volume of the complex hull3. 3 Any further reference to the size of
negative clusters should be taken to
mean this volume, not the number of
points in the cluster.

Relatively small clusters likely result from the small number of dat-
apoints relative to the set of potential embeddings, larger clusters
warrant closer inspection on what hypothetical tweet would project
onto the centroid of the cluster as these represent combinations of
values not accounted for within the dataset.

The main problem with this approach is that in order too work
with negative clusters, we need to generate a finite random approx-
imation of the entire possible space. Given the 15 dimensions, even
a sparsely saturated set of embeddings quickly becomes imprac-
tically large. Using Monte Carlo, we can generate points as far as
it remains feasible, but the resulting set is unlikely to adequately
represent the entire space. For example, if one were to discretise
the space by dividing each axes into 5 segments, this would result
in 515 “ 30517578125 subvolumes. In the hypothetical scenario
that the randomly generated points would be distributed in a per-
fectly uniform manner, generating one 64-bit floating point vector
for each subvolume would require approximately 3.33 TiB of mem-
ory/storage, without considering overhead or any metrics beyond
the location of each point. As this exceeds what is feasible within
the scope of this project, multiple runs would need to be performed
and aggregated, with consideration on how to guarantee results
which are significant.
ToDo: concl: more practical approach required

Negative space

The main insight on the shortcomings of the application of clus-
tering algortithms on this problem is that we are interested not
in groupings of datapoints, but in large areas of their absence. In
essence, we want to apply clustering to all the points not in the
dataset. THIS is clearly infeasible, as this space is in theory un-
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countably infinite4. Even discretising the space using a fixed num- 4 In practice, the space is finite, as each
of the 15 dimensions is discretised as
a 64-bit floating point value. Roughly
37.5% ToDo: check of floating point
representable numbers fall within
the considered interval r0, 1s yielding
approximately p264 ˚ 0.375q15 « 4 ¨ 10282

points for consideration.

ber of segments for each axis and generating one 64-bit floating
point vector for each subvolume would require large ammounts of
resources. A low-end reasonable goal of 5 segments per axis would
entail 515 “ 30517578125 subvolumes, requiring approximately
3.33 TiB of memory/storage for 15 64-bit floating point numbers —
without considering overhead or any metrics beyond the location of
each point. THIS still greatly excedeeds what is feasible within the
scope of this project.

One option to approximate the desired negative space up to a
given level of coverage would be to use a Monte Carlo approach
to generate random samples, but this would still require a signifi-
cant amount of data per point as well as a large number of points
before even a perfectly uniform distribution would be sufficiently
saturated.
ToDo: plaatjes / pseudocode! Ultimately, we opted for an alter-
native using binary partition. The entire space is subdivided into
215 subvolumes, with a central point added for each subvolume and
evaluated. We calulate the minimal distance to the set of existing
points, and keep n points with the largest distance. THIS process
can be performed in a reasonable amount of time, but in itself lacks
granularity. By repeating this proces recursively, considering each
subvolume in turn and dividing this into 215 parts, we can itera-
tively refine the cast of the set of embeddings. The intermediate
results are, in contrast to the randomly generated points, cheap
to store, as we can define a bijection of each partition to 32-bit in-
tegers. After each recursive generation, the best found points are
kept.

TODO - how many are kept / what does that matter.

Determining a threshold for closeness to existing points

- Preliminary runs with fractions, time and storage - Stats for trials,
average

Validity of chosen indicators

In the design phase of this research project, 15 indicators were
proposed to structure the tagging of tweets and to use as a basis
for predicting conversational flow. One prime concern is to verify
whether these 15 indicators behave independently, or whether the
correlation between certain subsets of these indicators allow for
some dimensionality reduction. Using Principal Component Anal-
ysis (PCA), it can be shown that the set of 15 dimensions can be
reduced to 10 whilst retaining 95% of the total variance accounted
for ToDo: Update , or 6 whilst retaining 80%. These new sets of
dimensions are determined using an optimisation algorithm mainly
intended for compression, and yield a more compact space at the
cost of explainability. The 15 axes initially chosen have been shown
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by the tagging process to be sufficiently intuitive for human par-
ticipants to estimate, which allows more easy verification of pre-
dictions made based on this dataset. Reorienting these dimensions
and discarding some effectively generate a new basis for the em-
bedding space, without obvious labels for each of the axes. Instead,
Explanatory Factor Analysis is applied to make more informed de-
cisions about the combining of axes to reduce dimensionality. This
approach allows for a more bespoke combining of indicators where
latent factors are first identified and then associated to existing in-
dicators, after which the process is repeated until all (or a specific
amount of) variance is accounted for in the chosen factors.

We first plot the correlation and covariance matrices of the entire
set of (at this point 1553) tags to see whether one or more axes are
obviously redundant and can be manually removed or combined.
Based on the current state of the dataset, the highest correlation is
between action-call and declarative, which makes sense. The cor-
relation between these two is (at the time of writing) 0.515, which
suggests some dependence between at least these axes.

Figure 5.2: Correlation matrix for all
tags

We can repeat the same procedure after aggregating the tweets
into embeddings, as this is the form in which the final data will
exist. The results of this are shown in Figure 5.3. After aggregation,
correlations are visibly much higher suggesting some degree of
variance in the different tags for each tweet, suggesting some tagger
bias may indeed be represented in the data. Figure 5.4 shows the
covariance matrix for the set of embeddings, which will be used in
Exploratory Factor Analysis.
ToDo: Work in progress
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Figure 5.3: Correlation matrix for all
embeddings

Figure 5.4: Covariance matrix for all
embeddings

Biases

During the tagging process, each participant was associated with
a participant id to ensure no repeats were being shown. The par-
tial tags of the dataset, as provided by volunteers, are assigned
randomly and anonymous unless a volunteer shares their gener-
ated token. For the paid participants, the participant id was logged
providing some insights into the full dataset tags. This allows for
some analysis to determine whether specific biases can be identified
based on the background of the tagger. The 5 partcipants can be
grouped into two categories based on their educational / profes-
sional sector, with 3 participants from the journalism and creative
media design bachelors, representing a background in applied so-
cial science and humanities, and 2 participants from the computer
engineering bachelor, representing a background in applied formal
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and natural science. This allows us to provide a rough estimate on
whether the final embeddings, which are essentially an average of
the collected tags, can be considered representative of general so-
cietal norms and sensibilities, or whether large differences can be
found between the two groups of participants, which would imply
some bias which needs to be accounted for. ToDo: Can the third
group (anonymous) be used for verification somehow?

Conclusion

This section provides a description of the techniques used to an-
swer the questions raised in the previous section, and the answers
projected based on the current state of the data ToDo: keep up-
dated and rephrase . The code for generating these stats provided
as a Pluto notebook (for now in a private repo, in the future (after
name removal) publicly). At the time of writing, the total number
of tags is 851. This includes one full tagging of the entire set of
500 tweets. 294 tweets have been tagged more than once, with 241
tagged twice, 50 tagged thrice, and 3 tagged more often than that.
In total, 9 different participants appear to have contributed, based
on 9 distinct participant ids.





6 Application Concerns

This chapter details the implications of the results of this research.
It discusses which precautions should be considered in its applica-
tion, and how to interpret results when using the model in predic-
tion tasks. It will provide answers to subquestions Re1 and Re2.





7 Conclusion





8 Discussion

Future Work

Finetuning BERT

To predict intent vectors to individual tweets

• Why BERT?

• Pros - state of the art

• Cons - intensive

• Consideration - training intent vectors -> no out of the box solu-
tion

BERT accuracy after training

Learning Tweet Relations

• Goals: 1-to-many prediction

• Predicting what a next tweet may look like

• Alert if alarming

• Alert if replies strongly deviate from prediction

• Predicting expected structure of tree (thread/shallow) and note if
deviant

• Choice of algorithm (TBD), considerations

• Mayhaps try different algos

Accuracy on next-reply prediction (results chapter?)

Alternative Avenues

Sheaves

Inspired by the work of Hansen[HG] we explore the utilisation of
a sheaf structure to our conversation tree. In it ToDo: cite more? ,
Hansen explores cellular sheaves where each vertex in a graph is
assigned associated data, and each edge corresponds to a trans-
formation between the data associated by the two endpoints of
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the edge. This appears to be more than is required for trees. The
difficulty addressed by cellular sheaves is the requirement for con-
sistency when multiple paths exist between nodes — the diagram
formed should commute, and places where this requirement is not
met for the actual data are considered with special interest. As a
tree does not allow for multiple paths, this extra power appears to
be unnecessary. Still, the concept, and that of sheaves in general,
helps to inform the way tweets and conversations are associated to
numerical data within the structure imposed by Twitter.
ToDo: how do quotes and retweets figure into conversation trees

Recurrent Neural Networks

Recurrent Neural Networks and its variants Long Short-Term
Memory and Gated Recurrent Units are of interest in analysing
sequential data. In the case of twitter conversations, we can use this
method to traverse threads of tweets in the forward search step.
Although a conversation tree is non-linear, each path within the tree
is linear and as such this step does not require anything more fancy.

Recursive Neural Tree Networks

Recursive tree networks can be utilised to do statiscal semantic
analysis on sentences without identifying the parse tree beforehand
ToDo: Maybe there’s a library get this part covered / focus on con-
versations? . Maybe the same principle can be applied to twitter
conversation trees, although the structure is apparant in this sce-
nario beforehand and the data is not structured in binary trees but
rose trees instead.
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ToDo

• [ii] abstract

• [ii] Input correct date when this is known

• [1] rewrite this section to continue from above

• [1] later

• [2] Huib: terugwijzen op wat je eerder geschreven hebt in introductie: bedoel je hier met een letterli-
jke terugverwijzing of door voorbeelden te herhalen? Is het OK om vanuit deze sectie naar elders te
verwijzen of moet dit deel opzichzelf staan (dacht ik namelijk)?

• [8] Add some references for basic definitions - SEP

• [13] This question should concern more with the model than with the specific dataset used to analyse
the model. It is a prerequisite to answer the following question, although the way it is answered
depends more on the specific data than the next question.

• [23] Huib: is dit waar je op doelde?

• [25] Huib: sectie hierboven is uitgebreid, hypothese valt hier logisch maar goed om deze in BG te
noemen?

• [27] Need to find tagged data

• [29] Meer introducerend (previously, on ..) - we hebben nu een model van 15 dimensies, belangrijke
termen /getallen herhalen

• [29] doel (data nodig), probleem (geen data), oplossing(verzamelen)

• [29] Hier ongeveer: plaatje visueel proces Twitter -> Data trees - resultaat beschrijven in plaats van
focus op proces. Data nodig, was er niet, hoe is dit verzameld?

• [29] doel (threads), probleem (twitter), oplossing(bottom up algo)

• [29] 856 - getal eerder noemen, later terugkomen

• [29] Why - top down sensible but impossible

• [29] pseudocode

• [30] Could be -> discussion / future?

• [30] this will be examined in sec X

• [30] betere term of introduceren - wat is divisive

• [30] citation - nrc/nu.nl/whatevers

• [30] citation krant

• [31] doel (uniform ipv normaal verdeeld), probleem, oplossing

• [31] definities - format

• [31] 15 magic number?

• [31] coverage is het begin, waarom?! data quality, coverage is een aspect

• [31] WHY?

• [31] Discussie

• [31] gaten -> missen -> betrouwbaarheid model

• [32] confident -> we weten niets, mogelijk niet uniform verdeeld, willen we weten

• [32] inital test: mean/var per dimensie, makkelijk aantoonbaar niet uniform?

• [32] plaatje
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• [32] On the other hand, dim red heeft dit prob.ee m niet

• [32] an example is ... , we used this

• [32] wat is tsne, wat hebben we er aan?

• [32] Hieruit weten we dat er clusters zijn, dingen dicher bij elkaar dus ook verder uit elkaar (niet
uniform) dus holes.

• [33] concl: more practical approach required

• [33] check

• [34] plaatjes / pseudocode!

• [34] Update

• [35] Work in progress

• [37] Can the third group (anonymous) be used for verification somehow?

• [37] keep updated and rephrase

• [43] cite more?

• [44] how do quotes and retweets figure into conversation trees

• [44] Maybe there’s a library get this part covered / focus on conversations?
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