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Mapping the controversy of “funding 
secured”- Elon Musk’s tweet about taking 

Tesla private 
 

  

Introduction 

Social media becomes increasingly entangled with different aspects of society and 
contemporary life. When everyone can publish their thoughts and opinions by a blink of an 
eye, changes occur and new aspects must be taken into consideration. In order to investigate 
the impact a public person can have across several spheres of public interest, through the 
intermedium of news media and social media, we chose as a point of departure the tweet Elon 
Musk made August 7th. In that tweet, he revealed considerations of taking Tesla private by 
publicly stating: “Am considering taking Tesla private at  $420. Funding secured” (Musk, 
2018). This event was followed by a series of replies and consequences involving the stock 
market, regulatory institutions and the general public, as follows: the price of TSLA stock 
rose with 11% (MarketWatch, 2018) NASDAQ suspended trade of the stock for four hours, 
the Securities and Exchange Committee sued Elon Musk and Twitter saw massive activity.  
  
With this project, we aim to dig deeper into the “funding secured” case and propose a model 
to analyse the discourse and find the different stances of the public by asking the following 
research question: How did the controversy around Musk’s tweet about taking Tesla private 
create positions online? With this question, we wish to indicate that we see a controversy 
around Musk and his tweet, and that it created different positions that were not clearly pro 
and con. We have chosen to problematize our case which is “a strategy for developing a 
critical consciousness [...] that disrupts taken-for-granted ‘truths’” because it allows us to 
approach our topic of investigation as something that calls for a dismantlement (Bacchi, 
2012). We do this in order to loosen the fixed nature of the controversy, so we might look at 
every aspect of the controversy with a critical consciousness. Additionally, we use digital 
methods in our endeavour of answering the posed research question. Munk’s work (2014) of 
mapping the controversy of wind energy serves as core inspiration to our approach, and 
therefore we provide a description of the used datasets, the methods used to build and analyse 
the datasets and suggest possible use scenarios. Furthermore, we use network mapping and 
topic modeling to showcase and analyse our insights because it enables us to explain more 
profoundly what we see in the data.    
 
To ensure our reader finds the most value in our project and is included in our process of 
navigating the complexity within this controversy, we show how the scope of the 
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investigation went through many iterations before arriving at a final research question, which 
enabled us to build the two research corpuses from Twitter and the news articles. By 
analysing our case, we display the findings we have made in the process. In addition to our 
findings, we explore our own situated approach to this case by reflecting upon the 
consequences of our presumptions, biases, and embodiments through the production of 
knowledge in this project.  
 

Theoretical background  

The work of this report is founded in a constructivist theoretical approach which sees both 
human and non-human actors as agents, which co-construct our findings and the ‘truths’ that 
are shaped from those findings. Additionally, this approach entails an understanding of our 
world as constructed (Latour, 1993). This realization requires furthermore a reflection of the 
implications of that specific construction, which links to responsibility and accountability of 
the ones constructing. Therefore, we strive for transparency to more easily ensure 
accountability. We also do this by situating ourselves in the construction of the findings and 
by doing so furthermore hold ourselves accountable by producing situated knowledge 
(Haraway, 1988). Many more implications come with this theoretical approach, but these are 
the ones we will express for now. In the following, we display how we use different 
theoretical approaches to build our own theoretical framework for investigating the 
controversy of funding secured. 
 
We are building our analytical approach on Munk’s work (2014), which explains why we 
initially used pro and con to navigate the controversy, in order to find out how the attitude 
and opinion of the statement regarding ‘funding secured’ were evolving. We started off with 
an assumption that we would find a pro and a con, which Rosling refers to as the gap instinct 
(2018). We realized that the data was much more nuanced, which it often is. Working with 
the data we learned that we wanted to capture more nuances in our pro and con categories 
because we found that the picture we painted with the data was messier and much more 
nuanced than what was possible to capture with two categorizations of pro and con.  
 
Understanding how digital media technologies create biases in unknown and invisible ways 
we looked to Marres (2015), who investigates how search engines reproduce bias 
unknowingly through ranking algorithms that favour specific, more referenced voices, that 
could result in inequality regarding which actors are listened to and which are not. Rogers 
(2013) employs the notion of digital methods and advocates that studies are conveyed with 
the internet and not on it. This requires a different approach and mindset than the one 
dominating internet research for now. We take up his challenge by using Twitter and Cortext 
as tools and thereby entangle them in our method. His reflections of the epistemology and 
ontology of digital methods qualified our work because we saw how digital methods 
distinguish from analogue methods. An example of web epistemology is how knowledge, 
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sociality and information are organized by algorithms and scripts, where sociality, knowledge 
and information is organized by e.g. governmental institutions in the offline world. Marres 
(2015) elaborates on three different approaches within issue mapping in the digital. Mainly 
we look to the discursivist approach, which enables mapping of different positions in a 
debate. Furthermore, we identify different discourses within the world of governmental 
institutions, the financial world and the public world, where we observe distinctive discourses 
from our work with the datasets. 
 
Venturini (2009) confirmed that cartography of controversies was not going to make our lives 
easier: “That’s why we chose to begin this paper with a warning: unlike most research 
techniques, the cartography of controversies has never meant to facilitate investigation, but to 
make it slower and harder.” As we have slowly come to realize the struggles and prolixity of 
cartography of controversies enables a profound scrutinization of the forces at play in the 
controversy. The slow nature of this method becomes a profound part of the way we made 
sense of our data. The interlink between the method and the findings seem so interconnected 
and made simultaneously, that it is difficult to separate them. The realizations that come with 
understanding and making sense of how the methods work and what they are built upon, 
create the analytical findings to a certain degree exactly because methods make worlds. When 
narrowing our focus to the controversy of funding secured it has specific consequences to the 
analysis and the world we then create, because in this choice lies neglect of everything 
around this controversy but also a commitment to investigating and making sense of exactly 
this part of the events that evolve around Elon Musk and Tesla. “The word “controversy” 
refers here to every bit of science and technology which is not yet stabilized, closed or “black 
boxed” ... we use it as a general term to describe shared uncertainty […]” (Venturini, 2009, p. 
260). The interesting part here is that our controversy has officially been settled due to the 
verdict of SEC but by looking to the conversation on Twitter we are convinced otherwise. 
The controversy is still active, so to speak. We pursue this irregularity further. We are 
building our theoretical framework on digital methods, cartography of controversies and 
factfulness in order to map the controversy with digital methods. 
 

Method 

Problematization  

We utilize the concept of problematization in this context because it allows us to approach 
our topic of investigation as a problem and therefore as something that calls for a 
dismantlement (Bacchi, 2012, p. 1). This links to an inductive approach where the point of 
departure is created as a problem. We try to stand back and hold an interpretation of whether 
Musk acted responsibly or not back. The inductive approach requires us to look at the 
empirical material with as little predisposition as possible in order to let the data speak for 
itself and kick back in our process of making sense of our material (Clarke, 2007). Our 
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research question also speaks to the fact that a controversy emerged from the statement of 
wanting to privatize Tesla and how that action created positions of different opinions. We 
problematize the series of events that started with the tweet and ended with Musk settling and 
paying a fine. From Bacchi (2012) we learn that “[...] problematizations emerge in practices, 
they are not simply mental images or ideas.” (ibid, p. 2). They come into being by the force 
of practices. By problematizing the events around Musk, Tesla, the tweet and SEC we are 
able to open the fixed nature of the legal settlement. This is further questioned since the 
background of the legal settlement is still debated on Twitter. Specifically, this move allows 
us to pose questions that seemed evident and self-explanatory before. In the effort of 
answering these questions, new perspectives and angles will very likely come into play. The 
concepts of problematization and controversy link very closely together since they both try to 
enact entities as not fixed and open for debate and new interpretations.  
 
The problematization of the situation led us to the first step in our analysis which was to 
make a situational analysis of the controversy by pointing out the amalgam of human and 
non-human actors involved and how they characterize “funding secured” related to Musk and 
Tesla. 

Mapping controversies 

Munk investigates pro and con of wind energy in both social media and web articles, by 
collecting data from 3965 posts by pages and users from 14 pages on Facebook, additional to 
harvesting information from 758 wind energy websites in 6 different countries (Munk, 2014). 
  
 
“Controversies, by definition, are situations where the actors disagree. In practice, these 
situations are complicated by the fact that the actors do not often agree on the precise nature 
of their disagreements. It is rarely the case that one simple question can be posed around 
which all actors can easily clarify their respective positions. Controversies are complicated 
by the lack of agreement about what the important questions are to ask and who the 
authoritative experts would be to answer them” (Munk, 2014, p. 3).  
 
When relating what is being addressed in the quote to our topic, we find that the actors in the 
controversy of ‘funding secured’ disagree on the question regarding Musk’s entitlement to 
write the tweet he did. If asking if funding was actually secured, the different sides would 
probably begin to argue whether or not that is the right question to pose. This is one of the 
distinctive character of a controversy, it cannot be reduced to a single question (Venturini, 
2009, p. 262). Nevertheless, the controversy of this investigation is called ‘funding secured’ 
because that phrase initiated the controversy and since then these exact words were used 
either sarcastically, negatively or positively in order to represent a specific opinion. When 
delimiting our controversy those two words made our lives easier during this investigation, 
but when making sense of the data which came from them our lives were not made easier. 
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This coherence pointed us towards the realization of the magnificent nuances in the 
controversy of ‘funding secured’. 

Where Munk aims to show controversies on actors disagreeing by exploring SoMe and web 
corpuses, we are similar to his investigation trying to identify nuances in our Twitter corpus 
and news article corpus. Instead of focusing on pro and con ranked by their density as Munk 
does, we explore terms which cluster in topics related to Funding Secured ranked by the term 
frequency, which are different in disposition and size. Based on different metrics but in a 
similar approach as Munk’s, it is possible to explore differences in the issues discussed in 
Twitter and news articles. The visualization below shows that we are inspired by his method 
and that we also have two corpuses that inform each other and the research question. Exactly 
like Munk, we are only showing the controversy and are therefore not taking sides. One more 
thing worth mentioning here is that he produces a dictionary from his work described in the 
text with which users can investigate the controversy of wind energy further in an online 
setting. We are not producing such kind of dictionary but we bear in mind, that our work can 
serve a purpose by being applicable (like a model) to other cases. 

 
Figure 1: Visualization of how we are inspired by Munk who also has two data corpuses. 

Diffusion of information 

How information is being spread is relevant and interesting to look at in the navigation of the 
complexity of this case. When looking at the diffusion of information another perception of 
the controversy is established. It gives an idea of how the controversy is metamorphosing 
when new participants in the controversy adopt opinions, which relates to which information 
they are subject to. Social media has a groundbreaking role to play in how the diffusion of 
information plays out in contemporary society. It is often that news break on social media, 
and therefore social media plays an increasingly larger role in people’s consciousness when 
looking to be updated on news (Lerman and Gosh, 2010, p. 91). In our case, we see how the 
news came ‘directly’ from the horse’s mouth through Twitter, and later it was reported 
publicly (Tesla.com, 2018). We find it interesting to investigate the spreading of the tweet 
and the spreading of the reactions to it on the specific platform where it was first released 
because the links are easier to trace. Additionally, we look to news media articles because 
these also show something about sides of the controversy as we visualize later.  
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Twitter corpus data gathering and parameters 

In order to gather data from Twitter we decided to use a harvesting tool, DMI Twitter 
Capturing and Analysis Toolset to which we will further refer to as TCAT. Our data 
harvesting began on October 7th, 2018 and stopped November 22nd. We began with an 
initial query line followed by three iterations of reducing its size through filtering, as follows: 

Table 1: Overview of the different query lines 

Search terms in the query line  Name of 
the data 
set 

Type of data export 

#SPX, #CEO, #chairman, #investigation, 
#IPOs, #Musk, #SEC, #SPY, #stock, 
#StockMarket, #Tesla, #TSLA, #TSLAQ, 
#TSLAshort, $SPX, $SPY, $TSLA 

Query 1 Random set of 1000 selected 
tweets and information about 
them 

TSLA OR Musk OR SPX OR Tesla OR SPY 
OR TSLAQ 

Query 2 Co-hashtag graph .gexf file 
that produces an undirected 
graph based on co-word 
analysis of hashtags. 

MUSK OR musk OR elon musk  Query 3 Full export .csv file which 
contains all tweets and 
information about them 

Funding OR funding secured OR 
fundingSECured OR fundingsecured with 
filter on the terms Musk and Tesla 

Twitter 
Corpus 

Full export .csv file which 
contains all tweets and 
information about them 

  

1000 random tweets from Query 1 were exported from TCAT but the results proved to be too 
broad for our research scope. Even though all the terms in the query were related to our 
controversy, they each had separate meanings and social worlds outside our scope. This made 
us aware of what we did not look for in terms of Twitter data, so we took out #CEO, 
#chairman, #investigation, #IPOs, #SEC, #stock, #StockMarket, which was the first instance 
of filtering, further referred to as Query 2.  

For Query 2 we downloaded the co-occurrence hashtag file with the minimum frequency of 
term occurrence set on 50 and afterwards used the OpenRefine tool to clean our data set by 
labelling tweets with similar or exact content. Following up on the data cleanup we visualized 
Query 2 using Gephi and running the ForceAtlas2 script. It resulted in an undirected graph 
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with 923 total nodes. For further use, we took advantage of the ‘Data’ tab in Gephi to look 
into the top 20 co-hashtags.  

Seeing that the data is still not specific to our “funding secured” controversy we went into 
filtering even further to Query 3. We exported all the tweets from the selection and used the 
csv file as a new corpus for CorText and afterwards ran the Term-Extraction and 
Network-Mapping scripts, creating a homogenous graph. After further exploring the graph 
we realized that the scope of our search query was still too broad and it included discussions 
that were related to other aspects than the initial tweet which was the basis of our research. 
Diving deeper into the data we started considering the text of the tweets as mini-ethnographic 
interviews that we analysed and started seeing patterns of “fundingSECured”. 
 
This insight led us to our fourth and final query, the Twitter Corpus. By using different 
variations of the “funding secured” terms we managed to get specific and relevant data for 
mapping our controversy. Before getting to the final form, the Twitter Corpus went through 
an extensive process of data cleaning. Again, we used OpenRefine to label tweets with 
similar or exact content and Excel for deleting duplicates and irrelevant mentions in the 
tweets’ text, with the purpose of preparing the data for Term Extraction, Network Mapping 
and Topic Modeling using CorText.  

News Article Corpus data gathering and parameters  

The decision of gathering another data corpus came when realising that there are different 
emphases of “funding secured” on the web. While doing our personal research to familiarise 
ourselves with the controversy, it became clear that different authors were focusing on 
different aspects regarding Musk’s tweet, be it the legal, financial or social perspective. Also, 
it seemed that news articles were less nuanced and more straightforward in contouring a 
viewpoint compared to tweets. We thought to use this corpus as a lens to look through when 
finding patterns in the tweets and constructing the narrative of the report on the basis of that. 

Our News Article Corpus was harvested in one iteration by doing a search on Google with 
the search line ‘elon musk funding secured’ on December 4th, 2018 and manually copying 
the text from the 50 first results into a csv. file. We are aware that by choosing this harvesting 
method, the data will not be implicitly the most relevant one for our project but the most 
ranked on Google, due to search engines introducing bias into online environments, most 
notably via their selection and ranking algorithms (Marres, 2015, p.656). By doing so we are 
consciously silencing the voices of small actors, in terms of news websites and individual 
writers but we consider that we are compensating for that by giving voice to the small actors 
in the Twitter Corpus.  

CorText: Network mapping and Topic Modeling  
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For analysing our datasets we used a series of term extraction and analysis tools from 
CorText. For Query 3 and the two final data corpuses we started out by doing a term 
extraction of the most used terms in the specific dataset. As an output, this method is a list of 
terms, each with specific parameters like occurrence and co-occurrence number.  

As a next step, network mapping is using the term list extracted with the previous method in 
order to map out the structure and dynamics of the corpus by using homogenous and 
heterogeneous nodes linked according to different proximity measures (Docs.cortext.net, 
2018). For both, the News Article Corpus and the Twitter Corpus we used the terms and their 
co-occurrence number as the nodes of the graph and set a limit to 150 nodes thus creating two 
heterogeneous networks. For Query 3 we created a homogenous network using the terms as 
both nodes and a limit of 100 nodes.  

The topic modeling script produces a topic representation of a corpus where each topic is 
defined by a probability distribution of words (Docs.cortext.net, 2018). For both the data 
corpuses the number of topics was set between 10 and 40. For our analysis of the topics in the 
news article and Twitter corpuses, we make use of the term salient as in “how much 
information a term conveys about topics by computing the divergence between the 
distribution of topics given the term and the marginal distribution of topics (distinctiveness), 
optionally weighted by the overall frequency of the term (saliency) (Sievert and Shirley, 
2014).     

Practical Circumstances 

Finally, we point to circumstances that influenced our process, findings and ability to be 
accountable for our work (Haraway, 1988).  During the process, we lost a group member, 
who held specific skills which we after his departure needed to obtain as well as we could. 
This event enacted the material nature of our findings differently than it would have if he had 
stayed in the group. We reveal this in order to ensure transparency of our work and how it 
came into being because we perceive this event as quite influential and meaningful to our 
process and findings. The loss of a fourth embodiment affects the findings of the report 
because a fourth perspective with a different embodiment was removed. Therefore, we must 
stand in his place and be responsible for his part in our production of knowledge which we 
are accountable for (Suchman, 2002). On a practical level, it means that we do not use any of 
the material that our lost group member made himself, partly because it no longer makes 
sense for the project’s direction and partly because it no longer makes sense to us as a group. 
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The Case 

Following the chronological order of events, the case we are studying unravels over a period 
of four months beginning on August 7th the day of the “funding secured” tweet and ending 
December 10th the day of the final data collection, in the form of news articles. As a 
precursor of our case analysis, we wish to present the context of our “funding secured” 
controversy, including all the known human and non-human actors and the multiple facets of 
the controversy as they appeared for us on October 5th when the research process began. 

 

Picture 1: Screenshot of the TSLA share chart on August 7th (Business Insider, 2018). 

On the financial side, on the day of the tweet, the price of the TSLA share saw a growth of 
11% followed by a drop of 20% in the following 10 days, coinciding with the day of SEC 
subpoena. The 8th of August marks the second all-time high for the stock price by the current 
date (MarketWatch, 2018). 

From a legal perspective, the “funding secured” tweet was not complying with the regulations 
set by the US Securities and Exchange Committee (SEC) which presume companies and their 
executives can use social media to distribute material information, provided investors had 
been alerted that this was a possibility (US Legal, 2018). The SEC sued Tesla one week after 
the tweet, based on misleading tweets which caused Tesla’s stock price jump, consequently 
causing extreme market disruption. On September 29th, SEC announced that Elon Musk 
agreed on settlement based on the fraud allegations, including charges against Tesla failing to 
keep control of Musk’s tweets, without denying or admitting the allegations. Musk and Tesla 
separately agreed to pay $20 million in penalty, to be distributed among harmed investors. 
(Sec.gov, 2018).  
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Regarding the social aspect reflected through social media, the “funding secured” tweet saw 
massive reactions from the general public, being reflected in the metrics of 88.4k likes and 
22k people talking about it over a span of 4 hours. In order to better showcase the 
composition of the case, we have presented and described the separate perspectives of the 
controversy that we consider to be major components and will continue with analysing them 
in tandem based on their occurrence throughout the data clusters.   

 

Analysis  

1. Situational Analysis: Messy Map and Social Worlds Map 

Our first analytical interaction with the project was when we decided to explore various 
actors in regards to the “funding secured” controversy by making a messy map that can be 
found in Appendix. We used the messy map as a tool for looking closer into the field and the 
actors within that field and it had the purpose of enabling a layout of all the prominent 
human, non-human, discursive, symbolic, cultural, historical, and political actors (Clarke, 
2005). 

By creating a messy map early in the process we became aware of our pre-assumptions and 
biases. From this we saw how our image of the controversy encapsulates not only “funding 
secured” but also tangential factors and controversies involving Tesla the car, Tesla the 
company, Elon Musk as a public CEO, environmental and ethical issues. Using the messy 
map as a method, we managed to discover different worlds and discourses related to our topic 
which led us to create a social worlds/arenas map.  

11 
 



Figure 2: Our social worlds/arenas map, that displays the three worlds with subworlds in 
them and the arena of ‘funding secured’. 

As for Clarke social worlds are defined as “universes of discourse” (Clarke, 2005), and 
therefore we are also relating the social worlds with the different discourses and perspectives 
that we describe as different sides of the controversy in The Case section. We can see that in 
a simple tweet there is a multitude of social worlds, each with its own sub-worlds. The social 
world map is central to our project as we will be going back to its discourses throughout the 
sensemaking process in our analysis and situate it in our corpuses. Additionally, the maps 
provoked an initialization of analysis because it helped us characterize the various discourses. 
    

2. Glimpse into the data 

In order to fully understand our challenges and train of thought through this initial data 
analysis we need to restate Query 1 used for Twitter data harvesting:  

#SPX, #CEO, #chairman, #investigation, #IPOs, #Musk, #SEC, #SPY, #stock, #StockMarket, 
#Tesla, #TSLA, #TSLAQ, #TSLAshort, $SPX, $SPY, $TSLA.  

The first use of the collected data from TCAT was that of analysing a random set of 1000 
tweets through thematic coding. Our purpose in doing so was to provide somewhat support 
for comparison to the messy and social worlds maps and to get a feel of the data that we are 
dealing with. The idea was to take a qualitative approach on a smaller data set when 
analyzing our data and then establish a framework for understanding the quantitative (Wang, 
2013). In order to avoid drowning in these vast datasets, Wang proposes an ethnographic and 
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qualitative approach, which provides a way for making sense of the data and thereby 
providing a methodological framework for telling the story. The reason why it can seem as if 
one is drowning in data when working with big data sets is that big data is not concerned with 
stories but with data points (Wang, 2013). But by trying to analyze these data points with the 
qualitative approach we came to see the story in them. When we looked deeper into a smaller 
data set we were able to see patterns we could look for in the big data sets. Our way of an 
inductive approach was to read the 1000 tweets and put them in categories (Bowker and Star, 
2000) based on their similarity, having no hypothesis, just starting with the tweets as known 
fact and see where it leads us. We had different ideas of how to go about this, and we wanted 
to have a free and creative approach allowing the inductive method to be maintained. This 
resulted in very different categories, but it became clear how this could be taken in many 
directions and we were forced from this point to find common grounds on our strategy.  

After this process, we were confronted with two findings. Even though we had a hard time 
separating and differentiating between the social worlds that make up our controversy, we 
discovered that there are five major discourses surrounding Query 1 sample, that also 
correlated with the social arenas map but did not cover it completely:  

● Tesla the company - general information regarding ethics, environment, innovation 
and also an association with other sister companies (SpaceX, The Boring company)   

● Tesla as a technological artefact, the electric car, two terms that are almost used as 
synonyms - discussion on performance, features,  different production models and 
other car companies  

● The persona of Elon Musk -  the CEO of Tesla, twitterati and public person 
● TSLA the stock and its value - mentions of price fluctuations, short-sellers, and 

investments 
● Tesla-Musk criticism - the scandals surrounding all of the previous discourses(car, 

company, stock, CEO): SEC settlement for “funding secured”, Elon Musk smoking 
marijuana  

The five discourses are not only a representation of the actors contained in the query line but 
also a display of the multitude of controversies that are encapsulated in each actor’s social 
world. The second discovery was that cleaning the data is needed as it contains data 
pollutants. An example of that is the ‘security’ label that was majorly represented in the 
random data set due to it containing ‘SEC’ (visualisation in Appendix). It made us aware that 
as nuanced as the controversy is we still should not take it for granted and have a more 
critical stance towards the TCAT algorithm.  
 
These findings created two directions and challenges at the same time: clean the data without 
removing relevant information - take ‘security’ out and keep ‘SEC’ but only when ‘security’ 
is unrelated to ‘SEC’ and, funnel down the search query so that it is more specific to the 
‘funding secured’ controversy.    
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3. The first layer of Tesla 

By looking at our previous findings and narrowing the search down in Query 2 we found it 
necessary to display potential relations surrounding Tesla, by filtering 923 co-hashtags earlier 
discovered, by frequently used terms. Yet, knowing little to what extend terms were being 
used by Twitter users and which ones significantly represented Tesla, we decided to confront 
this gap of knowledge and narrow down our scope of investigating, selecting top 20 most 
used co-hashtags.  

Following the 80/20 rule practiced by Hans Rosling (2018), that simplifies statistics or in our 
case dataset of hashtags, we focused on finding large numbers receiving the most attention 
from Twitter users. According to Rosling, one must ask “Where are the 80%? Why are these 
so big? What are the implications?” (Rosling, 2018, p. 134). In our case representing the top 
20 terms can be reviewed even further by not assuming all data is equally important (Rosling, 
2018).  

By allocating top 20, we also discovered how Twitter users are participating in the enactment 
of important topics and what is assessed as valuable questions to pose and relevant aspects to 
discuss in the public conversation. As displayed below not all of these terms are related to our 
investigation, as we consider terms like “firstamendment”, “secondamendment” and 
“muskets” to be polluting our focus, and therefore as entities that will be cleaned from our 
data. 

”#Hypocrisy: Believing that the #FirstAmendment applies to internet, TV, and radio but the 
#SecondAmendment only applies to muskets.”  
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Figure 3: List of the top 20 co-hashtags in Query 2 from Gephi 

We perceive these terms as a symptom that point to a controversy, which intercept with many 
other conflicts and are part of a bigger conflict. Our view of the controversy’s position will be 
elaborated on in the latter. Additionally, we realize the power we have in this construction but 
we make these decisions in order to paint a clearer picture of what we believe the data is 
telling us. We also realize that everything is taken apart and joined together again by us and 
that we are accountable for the context and our choices e.g. by being transparent and situating 
ourselves in the practices of this particular knowledge production (Rosling, 2018; Haraway, 
1988).  
 
The tweet Musk made in August remains as the epicenter of our investigation throughout the 
process, and the agency and impact of that specific tweet pointed towards an investigation of 
how value can be created through social media. A value of financial nature and a value of 
symbolic nature seemed to be influencing the investigated sphere. We came to wonder, why 
Musk is such a prominent and omnipotent figure in the global public? Perhaps a complex 
entanglement of many different actors and practices is the answer. This wonder, which is 
rooted in a fascination and a resentment of the CEO follows the investigation since we cannot 
entirely escape it because it is part of our bias and presumptions.  

Diffusion of information was strongly represented in our data since we clearly saw how 
different statements were presented many times. Put in other words, we saw how the same 
tweet or the same terms were used (often by retweet) by different users and therefore we saw 
how the information was diffused through the data set. 
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4. The Concept of Elon Musk  

Once again, we reduced the size and increased the specificity, of our data set and used Query 
3 from TCAT to do a term analysis with CorText of the 101 most occurred terms, that we 
further mapped into a network. (See figure 4). By visualising the following homogeneous 
network we enabled ourselves to look at the discourses that surround Elon Musk on Twitter, 
in order to establish an understanding of the sentiment in the public conversation about Elon 
Musk and everything he entails. The graph below represents an overview of the most used 
terms when tweeting about Musk, grouped according to their co-occurrence. The 10 main 
clusters represent the different discourses that have Elon Musk as the epicenter.  

 

 
 

Figure 4: Visualization in CorText of Query 3 - term analysis of the 101 most occurred terms. 

When looking closer into the clusters we see how they link to the five themes we identified 
through the thematic coding. The blue cluster consists of keywords like ‘flawed cars’, 
‘terrible communication’, ‘shameful policy’, ‘prioritize customers’ and links to the red cluster 
with ‘tesla model’. This cluster links to the theme of ‘scandals’, because the keywords clearly 
indicate dissatisfaction with cars and company communication, while it is also indicated that 
customers do not feel prioritized. A negative discourse is found in this cluster. The biggest 
and most dense cluster, which is orange, is the one that has keywords specific to the tweet of 
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taking Tesla private and includes phrases regarding the SEC settlement, the evidence of 
actual funding available from Saudi Arabia and Musk’s position as CEO of Tesla. This 
cluster relates to all of the themes since it is about the company, the car, the stock and the 
scandals around these actors.  
 
The purple cluster in the top right corner has a more ambiguous discourse since both 
keywords as ‘thanks for the progress’ and ‘boring company’ is represented there. The theme 
of that cluster evidently points to Tesla the company, though. The relevance of the statement 
regarding Tesla’s privatization is emphasized in the sense-making of this specific 
visualization because the most dense and central cluster (the orange one) points to the 
controversy of ‘funding secured’. Therefore, we underline how this visualization contributed 
to the shift from ‘the concept of Musk’ towards the controversy of ‘funding secured’, which 
we name ‘Twitter Corpus’ in the following. The creation of this specific visualization and its 
material agency shaped our understanding and sense-making of the project. 

5. Localizing the worlds - Framing the controversy 

 
Figure 5: Visualization of the funnel that shows our coping of our investigation. It narrows 
down and then opens again to show how we narrowed our scope and then opened it again. 
 
As illustrated in the funnel in figure 5, we have continuously adjusted our dataset according 
to the stage of progress, depending on what was discovered throughout our project. Opening 
up our investigation, we started using TCAT with Query 1 which led to identifying clusters 
not related to our investigation so we narrowed down to Query 2.  From there we zoomed in 
on the parts of the network that were only concerned with Musk. By doing that, the data 
revealed how Musk was involved in many different controversies. This eventually lead us to 
look at Query 3, before discovering Funding Secured as our final scope of investigation 
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through the Twitter and news article corpus and could from there on start to make sense of 
that controversy by mapping it out more extensively. At this point, we reopened the funnel 
and therefore our perspective with network mapping and topic modeling. This is how we 
localized the different discourses and spheres we chose to work with and delimited ourselves 
from the ones we did not pursue.  
 
A thing worth mentioning in this context is that when our data was materialized in that 
specific visual way by and in CorText, our perception was shaped accordingly and so was the 
enactment of it. This is where the materiality and agency of the technologies come into play 
and the choice of using these specific tools have consequences for the way we understand our 
field and how we communicate our findings. The construction of networks made of nodes 
and edges enact our data e.g. as connected or disconnected  when it could also be something 
in between or something different. Additionally, the funnel is also shaping our understanding 
of our process and our field as a process that narrows and opens, but by visualizing the 
process in this way we believe that we are communicating our process more directly. By 
reflecting upon the materiality and agency of the data and the tools, we are aware of how our 
understandings are shaped and we are able to perceive our own sense-making more critically 
compared to if we did not conduct these reflections. Furthermore, we enable a look into our 
framing and construction of the report’s narrative and the chronological order of our 
learnings. We find it important to make a clear distinction between the two, because how we 
learned what we wanted to communicate is not necessarily the best way to convey the 
message. We find that often one learns about a field backward where it would be clearer to 
tell the story forwards.   

6. The News Article corpus  

Network Mapping 

For the News Article Corpus we are using two different types of visualisations to show the 
subtopics within the “funding secured” controversy. First, we are showing the overall 
distribution of the most occurred 101 terms, grouped based on their co-occurrence throughout 
the corpus and displayed in a heterogeneous network. This creates a heatmap where all 
clusters are circularly disposed of and the central node of each cluster is the number of times 
the terms co-occurred, appeared together in the corpus. The size of a node is determined 
based on the number of edges going through it, the more edges the bigger the node. In our 
case, it is not how many times two terms co-occurred that influences the node size, but how 
many terms co-occurred in the node. 
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Figure 7: Visualization of the entire network of the news article corpus. 

 

For example, as we can see in figure 6 the light orange node on the middle right side has the 
co-occurrence number 293. This means that “best interest” and “taken action” have 
co-occurred 293 times but the node is quite small in size compared to the light brown node in 
the upper part that has only 68 co-occurrences but it is bigger in size.   
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Figure 6: Close in of orange and brown nodes. 

Because the number of edges going through the node is the number of terms that co-occur, 
“substantial premium”, “SEC lawsuit” and “SEC in a lawsuit” make the node a bigger size, 
being three terms instead of two terms. This does not mean that “action taken in the best 
interest of the investors” is less relevant to “funding secured” than the “substantial premium 
for the SEC lawsuit”, it just points at what the author of a specific article was stressing the 
most.  A larger number of terms used together indicates an intentional association meant to 
convey a specific meaning and to refer to a particular subtopic in the controversy. The more 
terms, the bigger the central node and the ‘hotter’ the cluster. “Action taken in the best 
interest of the investors” is more spread out in the corpus. This means that it is a general topic 
that is touched upon to describe and expose the “funding secured” case, and not necessarily to 
express a particular side of the controversy.  
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Figure 8: Close in of blue and green nodes from the network. 

The position and proximity of a cluster to other clusters is based on relevance and 
commonality of the terms. If two clusters have common terms then they will be close to each 
other and even overlap. Nevertheless, if one or more words are present in two clusters that 
does not mean that the clusters are related, even though they have a word in common the 
other terms are different and the topics of the clusters are different. For example, the purple 
node with 130 co-occurrences and the green node with 38 co-occurrences on the opposite 
side have the word “investors” in common but they are situated away from each other. This 
means that the other terms that are associated with “investors” create two different topics: 
‘harmed investors’ and ‘Tesla investors’.  

What is worth mentioning based on the analysis of the heterogeneous network, is that it is not 
enough to understand how sides were constructed in the controversy or to understand the 
position of the actors. The previous visualisations serve as an intermediary step for further 
analysis  and gives an overview of all of the subtopics.  

A take away from this specific technical section is the more terms, the bigger the central node 
and the ‘hotter’ the cluster and therefore the more contoured the discourse. 

  

Topic Modeling  

In order to go more in-depth to understand the subtopics of “funding secured” and help 
contour the dominating discourses, we used a Topic Modeling algorithm for our News Article 
Corpus. Each topic has been defined by a probability distribution of words.    

This way of visualising the data helps us interpret the meaning of different topics and by 
showing us the frequency of each term within a topic we get a more clear picture of ‘what is 
being talked about and how’.  
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In the next visualisation we have a double disposition. On the left side, there is the Intertopic 
Distance Map which is a marginal topic distribution based on the analysis of the corpus 
where each bubble is a different topic and its size is influenced by the number of times the 
words within the topic are present in the corpus. The numbers given to the topic are 
automatically generated and have no relation to the previous co-occurrent nodes in the 
network map. The position of the bubbles on the scatter plot is an approximation of the topic 
distribution in the corpus. In the case of Topic 7, which is the biggest topic in the corpus 
containing 31.7% of the relevant words, the central position signifies that this topic is 
semantically close to almost all the other topics.   

The existence of white space on the scatter plot means that there are other words and topics 
that have not been explored. Our assumption is that no other words that occurred more than 5 
times and less than 300 were found within the corpus. As a proof, there is the discrepancy 
between the minimum required number of topics (10) and maximum (40) that was specified 
in the settings and the actual number of topics, 9. What this tells us is, that within the News 
Article corpus, the touched upon subtopics of the “funding secured” main topic are limited 
and, as we will show in the Twitter Corpus, much less nuanced and ‘poor’ in meanings. 

 

Figure 9: Double disposition consisting of Intertopic Distance Map and Top 30 most salient 
terms of the corpus 

On the right side of the visualisation we have the Top 30 most salient terms within the 
corpus. This bar chart compares the frequency of a word within a topic with the overall 
frequency of the word within the corpus based on the relevance of the word. We can see in 
the next visualisations for topics 1, 3 and 7 that there are words that occur quite often overall, 
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words like: musk, tesla, fund, private, tweet, twitter, SEC, company, elon, take, security - 
 these are popular generic terms that are not very specific for the topic as they refer to the 
overall corpus and the “funding secured” controversy. By listing the top words in term of 
frequency given the topic can lead us to believe that the discussion is the same throughout the 
corpus and it may also lead to confusion and difficulty in distinguishing the meaning between 
different topics.  
 
To truly understand what each topic is about, we needed to re-rank words and introduce 
words that are more specific to the topic of interest. By decreasing the value of the relevance 
metric (lambda) we put more weight on the ratio of the frequency given the topic, to the 
overall frequency of the word. This way we get a new set of words that are truly specific for 
the topic at hand. When doing this it is much easier to see what a topic is describing and 
contour the intended discourse.   

 

Figure 10: Top 30 most relevant terms for topic 7 with relevance metric 1 on the left and 0 on 
the right 

When the blue and the red line are of almost equal length it means that the particular word is 
only to be found in this particular topic. When the lines are not equal it means that the word 
can be found in other topics but in the other topics the word does not have a high degree of 
relevance, it is not a keyword it is just a present word. By hovering over a specific word we 
are able to see the unexplained part of the frequency of these words and the other topics 
where that specific word can be found. It is a way to see how words are used in different 
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contexts but due to page limitations we are not going to show visualisations of that but just 
refer to the findings throughout the analysis. 

For Topic 7 we can see that the most relevant words to the particular topic are: 31, monday, 
committee, prior, inquiry, regarding, etc. It is also shown that these words are only to be 
found in this topic. Having these keywords gives us a tool for looking into the corpus.  

This analysis in parallel of the most relevant words for a certain topic, helps us understand 
two things. First, when the relevance metric is high and the most relevant words of the topic 
reported to the corpus are shown, we get a reassurance that the corpus is relevant to our 
controversy and we assess which actor in the controversy it addresses. We see that topic 7 is 
centered on ‘musk’, it is the most used word. Secondly, when the relevance metric is low for 
the overall corpus, it signifies that the most relevant words in the topic are the ones that 
define the stance of the topic and therefore the taken side in the controversy. For topic 7 the 
narration around July 31st, when Elon Musk had a meeting with the Saudi Fund regarding 
funding for taking Tesla private, is centric. Also, words like “defend” and “nasdaq” are 
pointing back to Elon Musk defending himself by motivating his tweet and to Nasdaq 
suspending trade on August 7.     

For the next part, we are pairing the topics two by two based on their diametrical opposition 
on the scatter plot in Figure 11 and visualize them individually with different settings for the 
relevant metrics. Hovering over the topics we can see that the top words in terms of 
frequency given the different topics, and what we can notice is that ‘musk’, ‘tesla’ and 
‘sec’ are in the top of the list for most of the topics.  

Topic 1 and Topic 3  

The difference between topic 3 and topic 1 on the scatter plot to the left and down is an 
approximation of the difference between topic 3’s distribution and topic 1’s distribution. The 
distance between 3 and 1 is an approximation of the semantic relation between these two 
topics.  
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Figure 11: Top 30 most relevant terms for topic 1 with relevance metric 1 on the left and 0 on 
the right 

We see that for topic 1 the most relevant terms are ‘privacy’ and ‘info’ followed by a series 
of numbers that initially do not make much sense. It must be mentioned that for the purpose 
of avoiding misspellings and disregarding the punctuation marks, the algorithm used for topic 
modeling was set to replace ‘y’ with ‘i’ and delete dots making formulations like ‘88.4k’ 
appear as ‘884k’.  

Again, using the thick data to make sense of the big data, we returned to the corpus and 
discovered that this topic is present in articles concerned with privatization and information. 
The reason why topic 1 has so many different numbers is because they are related to the 
‘funding secured’ tweet and stock market in terms of metrics: 88.4 k the number of likes, 
22.6k the number of people talking about it, 12:48 pm ET the time of the tweet, 280 the price 
of the TSLA stock at some point. When taking the topic-specific terms and combining them 
with the corpus specific terms musk, twitter, privacy, topic 1 is starting to get contoured. This 
part of the corpus puts the “funding secured” tweet in the center of the TSLA stock price 
fluctuations, considering it to be the main actor of instability in the share price. It seems to us 
that this is referring to both the social and financial aspect of our controversy and little to 
nothing to the legal perspective.  

On the other side of the scatter plot we see that topic 3 has the topic-specific terms ‘musk’, 
‘way’, ‘effort’, ‘co-director’, ‘sanction’ as dominating while the corpus specific terms are 
‘musk’, ‘sec’, ‘company’. We immediately asses that Elon Musk is at the center of this topic 
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and that the emphasis here is the legal perspective of the ‘funding secured’ controversy as we 
have legal-specific terms present.    

 

Figure 12: Top 30 most relevant terms for topic 3 with relevance metric 1 on the left and 0 on 
the right 

The takeaways of this section are that the topics within the News Article corpus are very well 
defined, they specifically refer to one perspective of the controversy (legal, social or 
financial) and just briefly mention the other two with the purpose of presenting the big 
picture but taking on the specific. For topics 4 and 9 please consult the Appendix.  

 

 

7. Twitter Corpus analysis 

Network Mapping  

In this section, we keep the same framework as for the News Article Corpus but focus on 
certain visualisations more, because they are more relevant considering the structure of the 
Twitter Corpus. This next figure (Figure 13) is based on the term extraction of “funding 
secured” tweets’ text and it shows 25 different clusters each representing subtopics of the 
main theme. The method is the same as in the previous section, based on the most occurred 
101 terms that occur at least 5 times, we visualise a heterogeneous network where each 
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cluster has as a central node the number of co-occurrences between the terms. Again, the 
more terms co-occur, the bigger the node and the hotter the topic. 

 

Figure 13: Visualization based on the term extraction of “funding secured” tweets. 

 

Comparing this network map with the news articles one, we can acknowledge that here the 
clusters are much more specific in terms of words relating to a particular topic. This is mostly 
because of the structure of the two data sets. In Twitter’s case the message has to be much 
more concise and to the point, because the user has a limit of 145 characters to convey a 
meaning.     

 None of the clusters below are self-evident regarding the position expressed towards the 
controversy. An individual analysis of each cluster is needed in order to understand the 
possible sides of the controversy and how the terms are used to express opinions. 

We discovered upon looking into each cluster that there are some who are not related to our 
“funding secured” controversy but to another newer controversy surrounding Tesla, the 
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“funding secured” of a new Tesla Gigafactory in China that Elon Musk is assumably going to 
achieve by entering the tequila ‘business’. We have to mention that this discovery was not 
made possible just by looking at the network map, but by using the terms from the map and 
doing a search query in the Twitter Corpus to find the actual tweets and read them.    

Topic Modeling  

For the topic modeling, we again start out with a double disposition of the Intertopic Distance 
Map and the Top 30 most Salient terms from the corpus. When comparing with the News 
Article Topic Modeling and keeping in mind that the settings are the same - minimum 10 
topics, maximum 40 and minimum occurrence of a word set to 5 - we can easily see that here 
more topics are represented and they are more evenly spread throughout the corpus.    

 

Figure 14: Double disposition of Intertopic Distance Map and the Top-30 most salient terms 
with relevance metric set to 1. 

This coherence points to a higher degree of nuance and variety in this corpus than in the 
corpus of the news articles, which we have already revealed earlier in the report. 
Furthermore, the nature of this corpus is more spread out due to the larger amounts of topics, 
which additionally are more similar in size compared to the other corpus.  

By looking at the most used words in this corpus we can see that they are highly relevant and 
centered on “funding secured” and have a lot of referencing to the stock market because ‘tsla’ 
is the most used word in the data set, which refers to the Tesla Company stock and not to the 
company itself as the word ‘tesla’ does. Having words like ‘fraud’, ‘value’, ‘dojsec’ we get 
both the legal and the financial perspective entangled. On the social side of things, we see 
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that ‘tweet’ and ‘fundingsecured’ as one individual term are highly relevant for the corpus. 
Overall we could say that the twitter corpus is more variated in the way meaning is created.  

Also, we observe a significant presence of retweets, from having ‘rt’, which stands for 
retweet, as one of the most used words in the corpus. This lead us to the following reasoning: 
if a user retweets a message without making any modifications to that message, the same 
terms are going to propagate throughout the data set, creating a topic. This, on one hand, 
shows support for a certain side of the controversy because the same idea is being repeated 
over and over again but on the other hand from a critical perspective, this repetition becomes 
an annihilation agent of problematization because the problem is never dismantled. 

Further on, for the topics in the Twitter Corpus we only use visualisations of the bar charts 
where the relevance metric is set on ‘1’ as in, we only show the terms that are relevant for the 
overall corpus in each specific topic because when changing the value of the metric the terms 
don’t change as for the news article corpus.  

 

Figure 15: Intertopic Distance Map and Top 30 Most Relevant Terms for topic 1. 

 

 

Table 2: Examples of tweets 

Representative tweets for topic 1 
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“Elon #Musk criticized federal regulators on Twitter and said the $20 million fine he paid over 
his 'funding secured' tweet was worth it” 

“@elonmusk do your share holders a favor GET OFF OF TWITTER! PS. Thanks for pulling 
through for me. I have short #Tesla for the last 9 months. You might be finding yourself 
tweeting funding secured at $4.20.Quit acting like a petulant rich kid.”  

“A US Federal Judge in #NewYork has given final approval to the $40 million settlement 
between #Tesla, its chief executive officer #ElonMusk, and the #SEC over #Musk's "funding 
secured" tweet. 

 
Topic 1 is central in this corpus, exactly like topic 7 is in the news article corpus but they are 
very different in size. In this corpus, Topic 1 represents 4.1% of the total number of corpus 
specific terms. The topic consists of the keywords ‘tweet’, ‘tsla’, ‘musk’ and ‘fund’, which 
points to the fact that this topic is the most central and therefore relates the most to each topic 
in the corpus. When looking at these specific words it makes sense, because they practically 
are keywords for the controversy we are investigating.  
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Figure 16: Intertopic Distance Map and Top 30 Most Relevant Terms for topic 9 and 2 plus 
picture of part of the network that contains words from both topics in one cluster. 

 
Table 3: Examples of tweets 

Representative tweets for the topics 

“#Tesla haters say SEC settlement = Fraud  Reality:  ZERO FAULT terms.   Musk would 
~certainly have won but the cost of fighting was too high for shareholders.  10b-5 REQUIRES 
trade for fraud (no trade)  Sufficient evidence funding availabile. @Tesla $tslaq” 

“Dreams of $TSLAQ are over. Larry Ellison, now this. #Tesla will not be allowed to fail. 
$TSLA #FundingSecured Tesla's third-largest shareholder says it's willing to pump more 
money into the company” 
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“ Now, it is not to say that $TSLA won’t *announce* some kind of raise - pending due 
diligence. They’ve already done that with $420 funding secured. I knew funding secured was a 
lie in part because per the blog post that day no due diligence had yet been done.” 

 
To establish a greater sense of the variety and nuances of the twitter corpus we compare topic 
2 and 9, which are different in position and size. Topic 2 has a 10 % marginal topic 
distribution, which is visible on the size of the bubble in the visualization on the left. Topic 9 
has 2 % marginal topic distribution in comparison. The top terms of topic 2 is ‘tesla’, ‘rt’, 
‘money’, ‘tsla’ and ‘sharehold’, whereas the top terms of topic 9 is ‘fraud’, ‘secur’, ‘is’, 
‘form’ and ‘basic’.  
 
Furthermore, topic 2 and 9 are quite far away from each other on the distance map, which 
tells us that the content of the topics is different. When looking at the terms in the different 
topics, the meaning behind those words can seem quite similar. Topic 2 has ‘sharehold’, 
‘pump’ and ‘ellison’ in it, whereas topic 9 has ‘fraud’, ‘investor’, ‘fund’, ‘share’ and 
‘promise’ in it. They are all very specifically concerned with the funding, the tweet and the 
fluctuation of the TSLA stock. Regarding the differences in topics, we see that topic 2 could 
relate to the tweet listed above, that refers to Larry Ellison as the ‘thirdlargest’ shareholder 
who is willing to pump money into Tesla with the words ‘ellison’, ‘thirdlargest’, ‘pump’ and 
‘help’ in it.  
 
When reading that specific tweet the meaning of the words in the visualization becomes 
evident and that is also mainly the reason why we advocate a qualitative approach to the 
quantitative. The screenshot of a part of the network in the bottom right corner displays 
interestingly enough words from both topic 2 and 9, even though it is one cluster. It is 
interesting because the two topics are localized in diametrically different positions on the 
scatter plot.  
 
Based on the scatter plot mapping the topics should be distinctly different but when looking 
to the network they are not. The bars that visualize the most occurring words also suggest that 
the topics are quite similar. In the cluster of the network, we find both ‘(trade for) fraud’ from 
topic 9 and ‘ellison’ from topic 2. We take into account that we might have missed 
something, but we also suggest that the reason for this has to do with our controversy and 
Twitter corpus being very dense and nuanced, which again explains why a qualitative 
approach qualifies our work in this instance. For more topics please consult Appendix. 
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Conclusion 

With this report we have been concerned with cartography of controversies, digital methods 
and factfulness (Munk, 2014; Venturini, 2009; Rogers, 2013; Rosling, 2018). We 
investigated how the controversy we found around Musk’s tweet in August about privatizing 
Tesla created positions online. In order to look into our research question, we used digital 
methods and worked with the Internet, which enabled a look at the public sentiment in this 
controversy. We used the news article corpus to understand the general topics in the 
controversy, and we found that the work with that corpus provided a direction into the 
Twitter corpus which was much more nuanced and varied. By using both of the corpuses we 
were able to see the bigger general topics and the smaller, specific topics that the public on 
Twitter was concerned with. We found that the conversation on Twitter was much more 
ambiguous, which we explain partly with the sarcastic nature that many tweets have and 
partly with the fact that ordinary people are allowed to have a more dialectic and ambiguous 
attitude compared with news articles. The latter often has a clear message and cover news 
more directly. We stress how like Munk (2014), we do not take sides in the controversy but 
merely map them to enable navigation in the controversy.  
 
We perceive our investigation to be a case of how social media is both a medium and an 
agent that can have a great impact on various spheres in society (both online and offline) 
depending on who engages with it. We have also seen how users on Twitter contribute to a 
reproduction of certain ‘truths’ in the act of retweeting. Users can enact a certain ‘truth’ 
without necessarily taken ownership of it because the functionality of retweeting allows 
exactly that. This means that certain messages have a magnificently large reach on the 
medium, possibly without being altered. Meaning and message sent by one powerful actor 
can then diffuse through the network of Twitter. In this context, we acknowledge how this 
mechanism can be of problematic character but our intention is merely to point at how that 
mechanism has consequences that can be of positive, negative or ambiguous character. 
Furthermore, we have seen how the agency of Twitter and Musk entangles and co-constitute 
each other. 
 
Throughout our investigation, we have been preoccupied with how we also are enacting 
certain ‘truths’ with the knowledge we produce from this report. We problematized the events 
revolving our investigation in order for us to dismantle them and look critically at 
taken-for-granted ‘truths’ (e.g. that the stock price only went up because of the tweet and 
funding being actually secured and the tweet having a substantial reason behind it). When we 
show our findings and say how we see the controversy as very nuanced, we most likely enact 
the controversy as complex, which could make it less accessible to engage with for certain 
groups. We believe that a controversy as this benefits from being democratic and accessible 
to as many as possible. And by stating this we hope to make it clear that it is complex but not 
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inaccessible partly due to our contribution that hopefully enables navigation of the 
complexity. Additionally, it has been our aim to situate ourselves in the knowledge 
production so our methods and findings are transparent in order for us to be accountable for 
the findings we put into the world. We also wish to state how we believe our findings can be 
used, in order to situate the work itself. It is our apprehension that our work can be used as a 
model that analyzes discourse and find concerns of the public in other contexts. More 
specifically this can relate to marketing purposes. Also, we find that it can be used for 
interessants in the stock market to be enlightened of the mechanisms that can influence 
fluctuations of stocks in the market. Another practical approach which can be adapted in a 
different context is how the work can be used as a tool for looking at the gap between pro and 
con, to see what a controversy consists of. Finally, we see that it can also be used for finding 
subtopics in a topic and thereby localizing spheres in a controversy. Our aim has been to 
show the data, the methods, how we perceive the meaning of the data and possible future 
scenarios for its use.  
 
A final outlook and future research questions could be the concern of looking at other cases 
and learn if the investigated controversy in this context is unique or if there are others like it? 
And how are others similar or unlike this controversy? 
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Appendix 
5.  Analysis  

1. Situational Analysis: Messy Map  

 
 
 By analysing the messy map we discovered that the world of Tesla and Elon Musk are very 
wide and touched the surface of many different spheres, such as environmental awareness, 
greenwashing, untouchable businessman and media personality. 

We saw ourselves to be situated in interest of Elon Musk as a characteristic CEO, who had 
many peculiar performances in the media, of sustainability and a guilty conscience. 

It is impossible not to influence the maps and the research in general because the researcher is 
a “research instrument” as Clarkes argues. The researcher is deeply entangled in the process. 
We are literally constructing the research in unison with the empirical material and the tools 
used when working with it. We are affecting it whether we like it or not (Clarke, 2007). We take 
this into consideration by having a critical approach to our findings, being transparent through 
our methods and situating ourselves to we may be held responsible to our findings (Haraway, 
1989; Suchman, 2002). 

Additionally, in the work with the messy map, each individual in the group was made aware of 
their pre-assumptions from the material agency of the messy map but also from the input of the 
other team members. By enabling a look inside our own bias, we created a stronger 
situatedness and transparency. Creating networks of digital empirical material is a very situated 
process (like the creation of analogue empirical material), and the product is very likely to 

 



confirm the anticipation one has (reference). It is important to be aware of each other’s biases 
as well since the visualizations could vary depending on who created them. 

2. Glimpse into the data: Gephi visualisation of the 1000 random tweets from Query 1 
showing ‘security’ as the main node.  

 

After thematically coding the random set of 1000 tweets, we decided to visualize it in Gephy and 
create an undirected graph. We were able to see the structure of the data set and identify the 
main clusters. Hashtags like ‘security’, ‘CEO’, ‘business’, ‘news’, ‘crypto’, ‘blockchain’ are 
dominating the graph. This map had great value as it made us realise that we need to be much 
more specific when harvesting data and it gave us the first clue on the presence of data 
pollutants and also an insight on TCAT and the way it works.  

Topic modeling 
The News Article Corpus  

 



Topic 1 in the News Article Corpus is one of the main topics and is situated in diametrical 
opposition to topic 9. We can see that it entails for 13.5% of the total number of terms specific to 
the corpus and that ‘tesla’, ‘musk’, ‘compani’, ’private’ and ‘sharehold’ are the dominating terms 
in the topic. This conundrum of words tells us that the topic is very central to the theme of our 
corpus. For the words that define the topic itself, we can see that ‘sell’, ‘doesn’t’, ‘own’, ‘owner’, 
‘capit’, ‘them’ are the ones that define the borders of the topic.  
  
 

 
 
For topic 9 the discourse and direction are very different compared to topic 4, which is also 
made very clear by their distant position to each other on the scatter plot. Topic 9 is centred 
around ‘musk’ and the ‘statement’ he made in the ‘tweet’ about ‘tesla’ that provoked a reaction 
from the ‘sec’ and the ‘investors’. By analysing the words we can see that they belong in the 
legal sphere and they are telling the story of the ceo that made misleading statements that 
affected hi’s company. On the other side of the spectrum, when we look at the words that are 
specific for the topic itself, we can see a distancing from the legal perspective and shift towards 
the moral and social side of the controversy. It is quite unexpected to find ‘sadden’, ‘deeply’, 
‘gain’, ‘integr-ity’ and ‘leave’ as the main significators in the topic. We can conclude that topic 9 
talks about the legal implications of the “funding secured” controversy and puts those 
implications in a social setting, questioning or calling out the morality of the actions.  

 



 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

 



Twitter Corpus 
On the Intertopic Distance Map, topic 24 is in the far-out left corner of the scatter plot in very 
close proximity to topic 2, but quite different in size. As a topic, 24 is very well defined that is a 
reason for it to be identifiable in the network map also. 
 
 

 

We can see from the tweets below that the opinions expressed are very clear on their position 
on one or another side of the controversy. The tweets show obvious support for the ‘funding 
secured’ statement and go on to talking about how Elon Musk wasn’t in violation of the 10b-5 
rule of the SEC. This topic takes a positive stance on the legal and financial perspective by 
displaying support for Elon Musk.  

Tweets specific to topic 24 
 

#Tesla haters say SEC settlement = Fraud  Reality:  ZERO FAULT terms.   Musk would 
~certainly have won but the cost of fighting was too high for shareholders.  10b-5 REQUIRES 
trade for fraud (no trade)  Sufficient evidence funding availabile. @Tesla $tslaq 

 



what so many $TSLA bears don't want to look at or talk about. we've just had the SELF 
FUNDING SEACHANGE. Tesla will now be cash flow positive $100s of millions/qtr (w/out cap 
raises). $TSLAQ narrative debunked. you can see this now, or in 4 weeks when earnings 
report is out. 

 

So many bears duped by "cashburn --> $TSLAQ " fallacy. $TSLA already made the SELF 
FUNDING SEACHANGE, ie, Tesla had negative cash flow of $100s million/qtr, but now we 
just had a massive SEACHANGE +$100s million CF/qtr. Bears realize it now or w/next 
month's report, SELF FUNDING! 
 

 
 

Below there is a list of other topics in the Twitter Corpus, shown on the Intertopic Distance Map and 
identified in the Network map as well. The topics are selected beased on their proximity and distance 
to other topics to showcase how different discourses are being mapped out. Each topic comes with a 
selection of representative tweets extracted from the corpus.  
 
The Intertopic distance map of the twitter corpus and the top 30 most relevant terms for topic 23 in 
that corpus. 

 

 
 

The following tweets point at the funding of a new Tesla Gigafactory to be funded by a 
potential tequila company and the other one refers to the seachange caused by self-funding: 
Tweets specific for topic 23. On the right is the part of the network that is specific to this 
topic. E.g. we see ‘george clooney’ and ‘massive seachange’ being present in it. 
Furthermore, we find ‘gigafactory’ and ‘tequila’ in the Top 30 terms. Only by reading the 
tweets, do we make sense of what these terms. 
 

 

https://twitter.com/search?q=%24TSLAQ&src=ctag
https://twitter.com/search?q=%24TSLAQ&src=ctag
https://twitter.com/search?q=%24TSLA&src=ctag
https://twitter.com/search?q=%24TSLA&src=ctag


“Could Elon Musk end up funding a Gigafactory with a Tequila business?  George Clooney 
accidentally started a tequila company that he ended up selling for ~$1 billion.  That’s 
potentially half a @Tesla” 

“So many bears duped by "cashburn --> $TSLAQ " fallacy. $TSLA already made the SELF 
FUNDING SEACHANGE, ie, Tesla had negative cash flow of $100s million/qtr, but now 
we just had a massive SEACHANGE +$100s million CF/qtr. Bears realize it now or w/next 
month's report, SELF FUNDING!” 

 
The Intertopic distance map of the twitter corpus and the top 30 most relevant terms for topic 20 in 
that corpus. This topic is placed in far away from topic 23 and is thus concerned with very different 
content. This topic is about the legal specifics of the SEC settlement. We find subpoena in both the 
top 30 and in the tweets, which points to the legal document, which summons witnesses. When 
reading the tweets, we learn that people are critical towards Teslas claim of not seeing any 
subpoenas. We also estimate this topic to be part of a negative and critical discourse towards Tesla 
in the controversy of funding secured.  

 
 

 



 $tsla $tslaq   if Tesla has all the money it needs, why isn't @elonmusk refunding deposits 
EVEN AFTER THIS CUSTOMER, WAITING FOR 3 MONTHS, HAS FILED A BBB 
COMPLAINT?” 

Funding secured."  We received a "voluntary request" from the DOJ.  But "We have not 
received a subpoena, a request for testimony, or any other formal process." $TSLA excels at 
lying. Strap in for a wild ride 

How could they be priced in ??  $TSLA has denied receiving ANY subpoenas on any 
investigation until today.  Denial on funding secured. Denial on receiving subpoenas in the 
@DOJ production invention. 

 
The Intertopic distance map of the twitter corpus and the top 30 most relevant terms for topic 15 in 
that corpus. Topic 15 is localized between topic 23 and topic 20. When looking closer in the top 30 
terms, we find ‘suit’, ‘mislead’ and ‘settl’. When looking at the nodes we see that ‘mislead’ probably 
point to ‘misleading investors’.  

 



 
 

Tweets 

“Holders of $1.8B $TSLA converible notes going after underwriters, @elonmusk and Tesla in 
new class-action suit. Claim is misleading investors. No investment bank will touch Tesla 
before suit is settled. Tesla WACC rises, refunding risk increases. Headache for CFO 
Deepak.” 

“ $tsla has added millions of not billions in legal liabilities. 20 million fines for starters. Add 
attornies fees & then likely billions in class action lawsuits “funding secured that $tsla will lose 
guaranteed by SEC settlement. Your head is very deep in the sand $tsla.” 
 

“Class action lawsuits from the“funding secured Tweet. There are@many worth billions? Hello 
Head in the sand again?? $tsla $tslaq If the business doesn’t sink $tsla the suit will!” 

 



“since "Funding Secured." 920 million $TSLA convertible bonds convert at $360 in Feb-- and 
big technical level. Would be great to get over that price by next quarter, without any funding 
secured ruse” 
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