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Abstract

As the discussion of stocks on social media is increasing its effect on the financial mar-
ket is distinct. This has led to new opportunities in influencing private investors to make
uninformed decisions affecting the value of stocks. This thesis aims to enable readers to
distinguish patterns in social media discussion regarding stocks and thus provide an un-
derstanding of the effect it has on public opinion. By identifying significant events of big
stock valuation changes and collecting corresponding stock-related data from the social
media platforms Reddit and Twitter, analysis in the fields of frequency of posts and Sen-
timent analysis was performed. The results display trends of an increase in discussion on
social media leading up to the occurrence of significant events and an overall increment
of interest online for specific stocks after significant events have occurred. Furthermore,
the overall sentiment in the discussion for both increasing and decreasing events is posi-
tive in almost every case, with the exception that the sentiment score of increasing events
is higher than its counterpart. The day-to-day sentiment score during events indicates a
much higher fluctuation in sentiment for Reddit compared to Twitter. However, a signifi-
cant increase in score the day before an event occurs is prevalent for both. These findings
imply the possibility to predict stock valuation changes using data gathered from social
media platforms.
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1 Introduction

1.1 Motivation

The information landscape has shifted drastically during the last decade. During an ever-
growing shift to digital information, social media has become one of the most influential
entities in spreading information to the general population. With the presence of social me-
dia growing so has the interest of investors and corporations in marketing themselves and
their products followed closely. Marketing to the general populous is nothing new. How-
ever, the creation of investing websites and applications has provided new opportunities for
influencing private investors to make uninformed decisions. Depending on how these invest-
ments turn out the investors opinion of the company can fluctuate, turning a profit generally
provides a positive reaction, and losing money generates a negative one. However, with the
influx of marketing and stock discussion on social media these investors have the ability to
also influence the discussion of their stocks, either with criticism or praise, thus affecting the
public opinion of companies or brands. The ability to affect the opinion of the larger masses
is a large responsibility that these platforms have. By outlining the effects stock valuation
changes have on the discussions on social media platforms, the hope is to provide a greater
understanding of the nature of social media discussions regarding stocks.

1.2 Aim

The aim of this project is to further the discussion and research of social media activity in the
event of big stock valuation changes. Although similar research has been done beforehand
it has been primarily focused on predicting stock market movement using social media. By
supplementing these rapports this thesis aims to enable readers to distinguish trends and
patterns in the social media discussion regarding stocks and thus provide a greater under-
standing of the effect it has in the public’s opinion. Data will be collected from the social
media platforms Reddit and Twitter in order to analyze and characterize these trends around
big stock valuation changes. This dataset will then be used to perform frequency and senti-
ment analysis to gain an understanding of trends and characterize the data. The aim is also
to lay foundations for future research regarding these topics, provide a methodology that is
easy to replicate for further work, and a reference on how to perform sentiment analysis on
datasets regarding the stock discussion.
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1.3. Research questions

1.3 Research questions

1) How does the frequency of discussion on social media differ around significant
events?

2) How does the sentiment on social media platforms change in correlation to
significant events?

3) How can analysis of stock-related social media discussion be utilized?

1.4 Approach

To research further into the topic the existing framework developed by Carl Terve and Mat-
tias Erlingsson will be extended [34]. The framework consists of a web crawler used to mon-
itor websites for specific stock-related keywords. By combining the framework with existing
API’s, data was gathered from social media platforms based on these keywords. Tools were
then used to create datasets for further analysis to distinguish trends and similarities in social
media discussion regarding big stock valuation changes.

1.5 Contributions

This thesis aim to contribute to the information landscape regarding social media activity
related to great changes in valuation of companies available on the stock public market. By
analyzing, evaluating and processing both stock and social media data using different tools
the activity on different platforms can be characterized in relation to stock valuation changes
and contribute to further research.

1.6 Delimitations

The limitations of this thesis are all related to the data collection. Data were only collected
from Reddit and Twitter hence the results may not reflect what is discussed on other plat-
forms. The selected time frame for identifying significant events spans from 2019 to 2022 and
therefore does not account for prior events. Only companies on the S&P500 list were exam-
ined for these events. The data collection for each event was limited to 15 days, 7 days prior
and 7 days after the event occurred.

1.7 Remainder of this thesis

The remainder of this thesis will consist of the following sections. First, a background cover-
ing necessary information regarding the subject. Second, coverage of related work performed
in the subject area. Third, is the methodology used when performing the research. Fourth
and fifth, the results produced and discussion regarding the results. Lastly, a conclusion of
the work is provided.
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2 Background

2.1 Background overview

The purpose of the background presented in this thesis is to introduce the reader to the con-
cepts of the financial market, social media, market manipulation, and sentiment analysis to
make the provided result and discussion more intelligible. The background consists of four
parts, a simplified description of the financial market and market capitalization, an introduc-
tion to social media and descriptions of the social media platforms used to gather data for the
datasets, market manipulation in the scope of social media, and the foundations of sentiment
analysis.

2.2 Financial market

The financial market is a marketplace for investors to acquire shares in companies listed on
the different stock exchanges over the world. By investing into shares of a company the price
of the stock, which reflects the valuation of the company, is changed. The price of a stock
is generally decided by the supply and demand of the available shares for the company.
This leads to company fluctuating in valuation when the stock is traded by investors. A
high demand of shares results in the stock price increasing while a lower demand than the
available supply will cause the price to fall [19].

The market capitalization of a company is based on its number of outstanding shares
multiplied by the current price of one share. By dividing companies based on their valuation
investors gain insight into the size of the company. Investments in micro- or small-cap com-
panies generally account for a greater risk compared to mid- or large-cap companies given
their volatility in its stock price [20]. Presented in Table 2.1 is the division of companies based
on their total value, defined as its market cap.

Table 2.1: Division of companies based on their total value.

Valuation <$300 million $300 Million - $2 Billion $2 Billion - $10 Billion >$10 Billion
Market capitalization Micro Small Mid Large

3



2.3. Social media

2.3 Social media

The presence of social media is greater than ever. Influencing millions of individuals daily
it has become one of the most important channels for marketing, spread of information and
communication. The availability of social media has resulted in the discussion of stocks on-
line reaching an all time high. However, the consultation might not always be with good
intentions. Manipulating the stock market by spreading misinformation online to deceive
others into investing in a stock is an ever increasing problem.

Reddit

Reddit is a social media that is built upon user-created subreddits. With over 50 million daily
users it has grown into a central hub of discussion on a large variety of subjects on the inter-
net, ranging from animals to investment discussions [17]. Compared to other social media
platforms typically designed for users to follow each other, the usage of subreddits allows for
catering of information intake to specific subjects. Anyone is allowed to post, comment on a
post, or another comment on these subreddits as long as the community guidelines and rules
are followed. With the usage of up and down votes, the community has control over which
comments and posts are shown first when entering a subreddit, receiving these votes will
either increase or decrease a users karma which can be seen as a profile rating, thus making
high-quality content and contributions to the discussion is encouraged [18].

Twitter

Twitter is a social networking media founded in 2006 which is built upon user interactions
[35]. As of January 2022, it has 436 million monthly active users, ranging from regular people
to high-profile brands and politicians. With the usage of hashtags, comments and retweets
the user can explore different subjects and participate in discussions with other users. Even
though Twitter posts are limited to 140 characters the aggregate of millions of daily tweets
provides an unprecedented opportunity to gain a perception of the public’s sentiment on
various topics.

2.4 Market manipulation

As the presence and influence of social media is growing, the possibilities of manipulating
the market has increased consequently. The US Securities and Exchange Commision, SEC,
describes market manipulation as the act of intentionally affecting the supply or demand for
a security [31]. On social media, this is often done by spreading information that is mislead-
ing or incorrect in an attempt to affect the valuation of a stock. During the period 2018-2021
Sweden’s financial supervisory authority Finansinspektionen managed a total of 1,111 re-
ports for suspected market manipulation fraud. However, the unrecorded numbers for the
fraud are estimated to be a lot higher due to the complexity of presenting evidence [1].

The challenges in taking action against manipulation are great for authorities and market
regulators. Collecting enough proof to convict a suspect of manipulating the market using
social media is a complex task due to anonymity, freedom of speech, and proving the intent
to mislead [32]. The European Securities and Markets Authority, ESMA, is constantly review-
ing and improving the regulations regarding market abuse to enable a fair stock market for
investors and companies [12].

The trading scheme pump-and-dump is very common on social media platforms. By
writing misleading, exaggerated, or false statements related to a security with the intention
to inflate the price before selling off for a profit the author is a suspect of the fraud. To achieve
the greatest possible change in valuation the scheme is generally targeted against securities
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2.5. Sentiment analysis

on the micro- or small-cap market due to the low trading volume leading to the ability to
pump up the price without investing absurd amounts of money [21].

The ability to follow users on Twitter leads to some having a large impact on the discus-
sion. A well-known case of an influential user is Elon Musk, CEO of the publicly quoted
company Tesla. Musk´s tweets have moved the market several times, after tweeting "Tesla
stock price is too high imo." the valuation of the company decreased by $14 billion [29]. Aside
from Musk, there are many other users, including corporations, tied to finance tweeting about
companies resulting in valuation changes since its followers invest accordingly.

2.5 Sentiment analysis

The effects of stock valuation changes are not only monetary, but it also affects the overall
attitude of the investors and general populous. The ability to understand how the overall
sentiment changes is a powerful tool that can be applied in a multitude of areas. Sentiment
analysis works by identifying the polarity of posts from collected data and grading them
based on their attitude towards the subject. Two types of sentiment analysis are primarily
used, lexicon or machine learning models. In this thesis, a lexicon model will be used, and
thus further insight into how the model works will be provided.

Lexicon models

The lexicon model of sentiment analysis works by grading individual words based on their
sentiment. A word is assigned a score between -1 to 1, with negative words scoring lower
than 0, neutral a 0, and positive greater than 0. Since there is no official grading method in
the English language the grading of keywords differs depending on the framework used. As
a result of this, the methodology for creating a sentiment lexicon varies.

Vader

This thesis will use the open-source sentiment lexicon VADER since it is specifically attuned
to be used for sentiment analysis on social media platforms. For example, Elbagir et al. [11]
deemed it effective for sentiment classification on Twitter and Horne et al. [15] accurately
predicted comment scores on Reddit using it. This lexicon contains fewer words than other
lexicons but has sentiment grading of emoticons implemented and provides more certainty
in its grading of words. This is because VADER requires ten people to manually grade a
word’s sentiment compared to other methods which use algorithms and machine learning to
grade the sentiment [16][5]. VADER scores posts by first matching individual words against
the lexicon which will have a score between -4 and 4 where -4 is the most negative and 4 are
the most positive score. VADER then normalizes the total score of the words between -1 and
1 in a compound score which gives the sentiment of the input text. The compound scores are
divided into negative, neutral, and positive, where negative posts are ranked between -1 to
-0.05, neutral between -0.05 to 0.05, and positive between 0.05 to 1. By performing sentiment
analysis the large datasets can be analyzed thoroughly in terms of trends and characteriza-
tion.
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3 Related work

3.1 Social medias impact on financial markets

The impact of social media on financial markets have been discussed in numerous previous
reports. Research carried out by Renault et al. [28] examined increasing frequencies of posts
on Twitter related to small-cap companies to gain insight in its association with an increase
in stock price of the companies. As a conclusion, [28] presents evidence of fraudsters using
the pump-and-dump scheme to inflate the price of a stock. Similar to [28], Mao et al. [23]
also researched the subject by examining if the number of daily tweets impact stock price
and trading volume. By analyzing the volume of tweets a correlation between an increasing
frequency of tweets and a valuation change of stock prices and its trading volume is em-
phasized. Furthermore, the authors apply linear regression with collected Twitter data as
an input to produce an accurate result. Lastly, the authors came to the conclusion that the
number of daily tweets correlate strongly with the stock market indicators price and trading
volume hence the collected Twitter data is a useful tool for predicting the stock market.

Work performed in [23] is somewhat similar to this thesis. However, the use of sentiment
analysis on the collected posts differentiate this thesis from previous research. Secondly, the
approach for identifying significant events in [28] differs from the approach of this thesis
since events are identified using stock data rather than an increase in frequency of discussion
on social media platforms.

Glenski et al. [14] presented an analysis of the impact of social media discussion on an-
other financial instrument, cryptocurrency, which is wildly discussed on social media plat-
forms. With a focus on Reddit, the volume and spread of discussion on corresponding sub-
reddits are investigated for the cryptocurrencies Bitcoin, Ethereum, and Monero. Findings
display models for discussion in social media causing fluctuation in cryptocurrency prices.
Cryptocurrency is also discussed on Twitter where Nizzoli et al.[25] investigate the possibil-
ity of manipulating the market of cryptocurrency on social media. By collecting Twitter data,
botnets are identified using manipulation schemes for inflating prices.

The metrics of volume and discussion lifetime are evaluated in [14]. These findings are
especially interesting for this thesis since stock-related data will be collected from Reddit and
evaluated further to identify patterns in the discussion related to significant events. Worth
noting is the difference between stocks and cryptocurrency, where the possibility of inflating
prices is much greater in cryptocurrency due to the lower market caps.
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3.2. Sentiment analysis on social media

3.2 Sentiment analysis on social media

The application of sentiment analysis on social media has been researched for a variety of
applications. For example Botchway et al. [9] used it to gain insights on how Unicredit should
shape their precense on Twitter, Beigi et al. [6] researched its applications in disaster relief and
Alamoodi et al. [4] garnered information regarding its application to combat COVID-19 and
future infectious diseases. In a literature study by Drus et al. [10] an overview of methods,
platforms to analyze and applications for sentiment analysis can be found.

Another area where sentiment analysis has been heavily researched is its application on
the stock market. One of the most well known publications in the area of the effects social me-
dia has on public perception is Bollen et al. [8]. Through the usage of the tools OpinionFinder
and GPOMS on 9, 853, 498 tweets between February 28, 2008 to December 19, 2008 they con-
cluded the possibility to predict the stock market using analysis of Twitter mood is definitely
feasible. Similarly Nguyen et al. [24] also researched sentiment analysis application to pre-
dict the stock market and managed to predict increases and decreases in stock valuation with
it. The work by [8] [24] coincides with the research done by Pagolu et al. [26] who came to
conclusions of the stock market price fluctuations correlating to public sentiment expressed
in tweets. The research done by Ranco et al. [27] focuses on the effect social media has on
stock prices. They identified peaks in Twitter discussion volume in relation to events such
as quarterly reports and concluded a strong correspondence to the Twitter sentiment during
these peaks and the return in stock prices.

Similar to [8], [24] and [26] the sentiment analysis of this thesis will investigate correlation
between the stock market and the sentiment of social media and the possibility of predicting
stock prices with the use of sentiment analysis. It will however take an approach more similar
to [27] in the sense of identifying stock related events and researching their sentiment. Instead
of identifying the events from peaks in Twitter volume this thesis will instead identify events
by fluctuation in stock values from a set threshold and only focus on companies listed on the
S&P 500 [30].

3.3 Social Media Dynamics of Shorted Companies

In 2022, Carl Terve, Mattias Erlingsson, Alireza Mohammadinodooshan, and Niklas Carls-
son conducted research [34] analyzing discussions regarding companies on social media and
identifying a correlation between discussion and stock valuation changes. By collecting a
comprehensive dataset from the social media platforms Reddit, Twitter, SeekingAlpha, and
Citron Research the tech report looked to both compare the data quantitatively and determine
underlying trends. Using time series dynamics and longitudinal graphs for specific compa-
nies they were able to visualize the data and manually identify trends and patterns. As a
result, they concluded that the collected data and applied tools contributed to a deeper un-
derstanding of how discussions related to specific companies developed and spread between
different platforms over time. However, they claim that the challenge of validating the result
remains. This thesis will utilize the framework developed by Terve et al. during their work
to gather stock-related data for the identification of significant events.
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4 Methodology

4.1 Methodology overview

The objective of the thesis was to gain a better insight into how stock valuation changes relate
to activity on social media. By identifying events where the cost of a stock either increased
or decreased drastically a data set containing activity on social media related to the specific
stock could be generated for further analysis. The framework provided for retrieving data
regarding activity on social media was extended to fit our needs using different techniques
to get a data set only containing relevant posts. When deciding on significant events the
valuation change in form of its opening price and closing price 7 days later was emphasized
as the deciding factor. Presented in Figure 4.1 are the steps performed to produce the result.
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Figure 4.1: Flow chart of methodology

4.2 Collect stock data

To identify significant events a collection of data containing Date, High, Low, Open, Close,
Adjusted Close, and Volume was collected between the dates 2019-01-01 to 2022-03-03 for all
of the companies listed on S&P 500 [30]. The existing framework was used to gather the data
from Yahoo Finance and its open API. The tickers used as input were set to the complete S&P
500 company list. The collected data was saved to individual csv files for every company
containing the relevant stock data as displayed in Table 4.1.
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4.3. Identifying significant events

Table 4.1: Example query output for stock data retrieved for Apple Inc, $AAPL.

Date High ($) Low ($) Open ($) Close ($) Volume Adj. close ($)
2019-01-02 39.71 38.56 38.72 39.48 148,158,800 38.28
2019-01-03 36.43 35.50 35.99 35.54 365,248,800 34.46

4.3 Identifying significant events

To perform comprehensive data analysis and identify significant events a script for compar-
ing the opening price of the stock with the closing price a week later was developed in Python.
For the events where either the increase or decrease in stock price were greater than the set
threshold a csv file containing the identified event with the filtered dates were created. This
enabled for a comprehensive data set containing an overview of the relevant companies and
its corresponding dates where great changes in valuation occurred.

Threshold significance

The thresholds were chosen to 10, 20, 30, 40 and 50% respectively in order to gather events
to evaluate further. The selection using different thresholds allows for an overview of how
the volume differs depending on the fluctuation in stock price. The events occurring on these
days are generally not as interesting due to them not diverging from the general movement
of the market. The different thresholds are also utilized in order to get an overview of the
general movement of the market related to the identified significant events.

4.4 Data collection

After identifying significant events data had to be collected from social media platforms in
order to detect activity around the time of big stock valuation changes. For all of the dates
and companies identified as significant events a collection containing data during a total of
15 days was made with the significant valuation change placed in the middle. This allowed
for trends to be identified in relation to the significant events.

Collecting Reddit data

To gather data about the comments and posts on Reddit before, during and after the identified
events access to a database containing historical metadata and data of Reddit was required.
To do this we used the framework developed by Terve and Erlingsson [34]. Their framework
was developed to identify events based on past social media discussion but we used it for col-
lecting data containing discussion around identified events. The framework is primarily built
upon Pushshift API which is a big-data storage and analytics project that contains copies of
all posts and comments that has been posted to Reddit [2]. In conjunction with the Pushshift
API the wrapper PMAW was used to retrieve the comments and posts. PMAW also offers
the use of queries and custom filtering which allowed us to search for specific tickers and
keywords, filter out unwanted information and specify dates and subreddits to collect data
from. An example search query for Apple is presented in Table 4.2 with the output in Table
4.3.

Table 4.2: Example query for Reddit

AAPL Apple Inc. Apple
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Table 4.3: Reddit data set entry

author full_link id retrieved_on selftext subreddit title url

Collecting Twitter data

Since Twitter has a well documented API it was utilized in order to collect relevant data for
further analysis. The API allows for numerous amount of filters such as tweet-language,
dates and keywords. With the aim of collecting a comprehensive data set, tweets matching
the query format presented in Table 4.4 was fetched using the API. Tweets were collected for
a total of 7 days before and after the identified significant event, resulting in a total time span
of 15 days collected for each event. In order to use the tools developed for analyzing the data
all tweets fetched was stored in individual csv files using the format presented in Table 4.5.

Table 4.4: Example query for Twitter

$DVN OR ("Devon Energy") OR ("Devon Energy Corporation") -is:retweet lang:en’

Table 4.5: Twitter data set entry

created_at lang text id author_id

Filtering

After collecting the datasets from Reddit and Twitter the occurrence of multiple events hap-
pening on the same date was identified. This could happen because of a plethora of reasons,
but the main factor was an overall increase or decrease of the whole stock market. To slim
down the final datasets a filtering method was implemented when five or more events oc-
curred on the same date. The method works by keeping the event with the most discussion
on social media while the remaining events were filtered out. This reduces the amount of data
that can be analyzed however the data from the events filtered out were deemed redundant
since the overall sentiment and volume could be gathered from the event that was kept.

4.5 Preprocess data

To maximize the performance and accuracy of sentiment analysis on the collected data it
firstly had to be preprocessed. The preprocessing procedure varies depending on what pro-
gram and method are used for sentiment analysis. In this thesis, the preprocessing consists of
replacing and deleting with regular expression, lemmatization, and stop words which all are
described in their respective subsection 4.5.1-4.5.3. The current model stores data in individ-
ual csv files with different fields containing certain data in accordance to Sections 4.3 and 4.5.
Since only the ’selftext’ and ’tweet’ field contained relevant data for analysis all other fields
were disregarded.

4.5.1 Regular expression

The first part of the preprocessing was removing or rewriting expressions, links, and other
similar text that occur often in stock-related social media posts that do not contribute to the
overall sentiment. By using regular expressions (regex) the text could be searched for speci-
fied sequences of characters and replace them with words that either describe or remove them
completely. For example, the tickers and company names in collected texts will be replaced
with the words "ticker" and "company" instead as presented in Tables 4.6 and 4.7.
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The iteration of regex that was implemented replaces URLs with “url”, tickers with
“ticker”, usernames with “user”, numbers with “number”, company names with “com-
pany”, remove line breakers such as \n and \t and squishes words that repeat the same
letter more than two times in a row to only repeat it twice, such as “heeeey” will be replaced
with “heey”.

4.5.2 Lemmatization

Lemmatization is a tool for returning a word to its base by grouping its different inflected
forms and analyzing them as a single item. For example “writing" and “wrote" would be
returned to their base “write" [33]. This reduces the chance for false positives and words that
may not be in the VADER lexicon. To perform the lemmatization the WordNet lemmatizer
was imported from the open source Python library NLTK [7]. It works by receiving two
inputs, the word that you want to lemmatize and a “part-of-speech" (POS) tag [7]. Since
providing the POS tag of every word would be infeasible the nltk.pos-tag function was used
to identify it.

4.5.3 Stop Words

Stop Words is a method that is used to eliminate unnecessary words from the input text, such
as “is", “the" and “of". By eliminating words that do not affect the overall sentiment of the text
it reduces input text size without losing important information. This thesis used the already
implemented function of removing stop words from the NLTK library [7].

Table 4.6: Two example input texts for preprocessing

Tesla crushed it today :)
$PHM PulteGroup Inc is shooting through the roof with a +1.54% increase today!

Table 4.7: The two example texts after preprocessing

company crush it today :)
ticker company is shoot through the roof with a number increase today!

4.6 Sentiment analysis

To gain further insight into the collected dataset sentimental analysis was applied to all of
the collected data. The scoring of collected posts follows the structure that VADER uses as
described in Section 2.5. By collecting the sentiment of all posts during an event the overall
sentiment of the whole event was calculated. A collection of the average sentiment during
each day was also collected to analyze the changes in sentiment during an event.

4.7 Summary of methodology

The first step in the methodology of this thesis was to collect data for the stocks that are to be
investigated. Second, the collected stock-related data was used to identify significant events
based on the chosen threshold. Third, datasets from Reddit and Twitter were collected within
a 15-day interval, 7 days before the event and 7 days after it had occurred. With these steps
completed plotting of graphs for volume over time could be created. However, further work
on the datasets was required to perform sentiment analysis. The preprocessing of the data
consisted of stop words, lemmatization, and regular expression. Lastly, sentiment analysis
was performed on the datasets to provide further analysis.

11



5 Results

5.1 Result overview

This part of the thesis presents the result produced in four different sections: the identified
events, collected data, frequency of discussion and the sentiment of discussion. The division
is made according to the steps performed in the methodology to identify significant events,
produce a comprehensive dataset and then evaluating it.

5.2 Summary of identified events

Identifying significant events for the 505 companies listed on S&P 500 using the collected data
from 2019-01-01 to 2022-03-03 resulted in a total of 503 companies appearing with significant
valuation change in the set time span of 15 days for a set threshold of 10%. Presented in Ap-
pendix A.1 is the companies identified for a 10% threshold representing the full set of events
identified. Since the lowest threshold includes all events with either an increase or decrease
of the set threshold a greater threshold will constitute as a subset of the events identified for
the lowest threshold.

The method for identifying significant events returned a total of 284 events identified for
the set threshold of an increase or decrease by 50% or greater over a time span of 15 days.
Lowering the threshold by only 10 points to a threshold at 40% returned 685 events. For the
thresholds 30% and 20% the events returned were 2,047 and 7,011 respectively. The greatest
amount of significant events were identified at a 10% threshold with 38,611 events in total.
Presented in Figure 5.1 is the total number of events based on the set threshold all using the
same time span of 7 days before and after the significant event. Alternating the threshold
also resulted in different distribution of dates for the significant events. Presented in Figures
5.2a-5.2d is the occurrence of significant events for each date where Figure 5.2d constitutes as
a subset of events identified for each lower threshold.
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Figure 5.1: Number of events identified as a function of the set
threshold.
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Figure 5.2: Distribution of events based on dates for the set thresholds 10, 20, 40 and 50%

5.3 Summary of collected data

The comprehensive dataset was produced after collecting data and filtering out events related
to the valuation of the whole market changing due to events such as the pandemic. This
resulted in a dataset containing only relevant events according to the filtering implemented.
Data was collected from Twitter and Reddit for thresholds 30-50% since the amount of data
for the lower thresholds was due to restrictions in collection capabilities. Table 5.1 presents
the number of collected posts per day on both platforms for the different thresholds and their
corresponding significant events.

Using a set threshold of 50% the data collection was done for a total of 57 companies, re-
sulting in 6,444,542 Twitter posts and 11,334 posts on Reddit. By applying filters presented in
Section 4.4, the comprehensive subset of data only including relevant significant events was
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5.3. Summary of collected data

produced. The comprehensive collection of data contains 27 companies, 6,035,052 posts on
Twitter, and 7,533 Reddit posts and represents the dataset used for the analysis of its senti-
ment. Figures 5.3a and 5.3b presents the number of collected posts on both platforms. For
Twitter, the y-axis is presented in log-scale since it differed 2,123,676 posts between the most
and least discussed company. This was not necessary for Reddit due to the difference in the
number of collected posts only being 1806 between the most and least discussed companies.
The most discussed topic on Twitter was Moderna, Inc with a total of 2,124,377 posts collected
for all of its significant events. Reddit also had Moderna appearing the most with 1,809 posts
in total. The second most discussed company on Twitter was Etsy with 1,285,306 posts while
Reddit had Tesla and its 1,604 posts. The difference in frequency of discussion between the
second and most discussed company was 39.5% on Twitter while only being 11.3% on Reddit.
The least discussed companies on both platforms were Simon Property Group Inc and Devon
Energy for Twitter and Reddit respectively with 701 and 3 posts each.

The number of posts constitutes the greatest difference between the platforms and their
collected datasets. However, this might fall naturally due to the limits of characters in tweets
and the encouraging quality of posts on subreddits compared to tweets. Constraining the col-
lection of Reddit data to only subreddits as presented in A.2 rather than the entire platform,
as used when gathering Twitter data, reduces the number of posts collected. The intention of
posts on the platforms could also be a reason for the great difference in the frequency of posts.
As [28] concluded, companies are at risk of being utilized by fraudsters in pump-and-dump
schemes to quickly inflate stock prices on Twitter.

Table 5.1: Collected data per day for thresholds 30, 40 and 50%.

Threshold Platform Collected posts per day
-7 -6 -5 -4 -3 -2 -1 0 1 2 3 4 5 6 7

50% Reddit 460 446 358 372 378 424 454 506 534 379 461 457 548 765 991
Twitter 444,892 359,630 321,496 376,901 407,359 470,509 478,985 427,434 375,810 349,225 350,024 353,004 407,867 452,385 459,531

40% Reddit 993 911 812 841 899 864 956 1,136 1,368 1,226 1,246 1,253 1,431 1,931 2,372
Twitter 4,064,841 4,019,149 4,040,670 4,093,761 4,199,409 4,223,400 4,219,123 4,143,333 4,150,344 4,116,221 4,107,975 4,124,825 4,216,148 4,351,745 4,336,811

30% Reddit 13,900 13,621 12,329 11,899 11,266 12,286 13,385 13,431 13,516 12,448 11,848 11,881 13,110 14,840 16,337
Twitter 43,442,754 41,977,553 40,458,329 42,533,421 44,301,925 43,962,748 44,536,014 43,384,583 42,914,465 41,471,958 42,870,843 43,258,231 43,876,720 45,293,984 44,172,579
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Figure 5.3: Total posts collected for each company at a 50% threshold.
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5.4. Frequency of discussion

5.4 Frequency of discussion

The frequency of discussion for each event is divided into its corresponding days. As the
time span is fixed to 7 days both before and after the event the division can be made for each
event as presented in Figures 5.4a-5.5b where the red vertical line represents the occurrence
of a significant event.

For the 50% threshold displayed in Figure 5.4a, Twitter had the highest frequency of posts
at day -1, meaning 1 day before the occurrence of a significant event, with a total of 478,985
posts. Reddit had its peak frequency at the last collection day with a total of 991 posts 7
days after the significant event, meaning day 15 in total, as presented in Figure 5.4b. The
lowest frequency of posts for Twitter appeared on day -5 prior to the event with a total of
321,496 posts, resulting in a 32.9% decrease compared to the most active day. Reddit also
had its lowest frequency of posts on day -5 with only 358 posts resulting in a 63.9% decrease
compared to the most active day. The figures also display how both platforms follow a similar
pattern in the frequency of posts with an overall decrease during the first 3 days before the
occurrence of the event. The number of posts then rapidly increases during the following 3
days before dipping after the event has occurred. The frequency of posts is then increasing
once again on both platforms starting from three days after the significant event until the end
of the data collection. Reddit data display a total increase in posts of 115.4% from the first
day of the collection to the last while the frequency of posts on Twitter only increased by 3.3%
between the beginning and the end.

Figures 5.5a and 5.5b display the collected data divided into each collection day, presented
as a percentage of total posts. This enables an overview of daily discussion related to its
corresponding threshold. On Twitter, the discussion for the 50% threshold fluctuates the most
with a peak at almost 8% of the total discussion occurring on the last day prior to the event.
For the lower thresholds, 30 and 40%, the discussion is consistent throughout the whole event
with the discussion each day fluctuating between 6 and 7%. Contrariwise, the frequency of
discussion occurring each day on Reddit vary greatly for both the 50 and 40% threshold. Its
peak frequency occurs on the last day of the collection, making up for almost 13% of the total
discussion. Still, the 30% threshold is not as deviating as the others.

Both platforms follow the same pattern of an increasing discussion regarding stocks be-
tween the beginning and end of the data collection. The collected data also prove an increas-
ing discussion as the event is about to happen with an increase of posts for both Twitter and
Reddit as presented in Figures 5.4a-5.5b. For Twitter, the day with the most frequent discus-
sion indicates the result produced by Mao et al. [23] which concluded the strong correlation
between the number of daily tweets, the valuation change, and an increase in the trading
volume of a stock. Figure 5.5a displays the increase in the frequency of posts prior to an
event resulting in a valuation change identified as a significant event in this thesis. How-
ever, the characteristics of the discussion on Reddit are reactive to the occurrence of an event
while Twitter discussion appears to be proactive to significant events occurring. The differ-
ent thresholds display great differences in fluctuation over the collection days. As predicted
in Section 4.3, the 50% threshold displays the greatest fluctuation in discussion due to being
distinguished from big market moving events. The lower threshold includes more of these
events resulting in a consistent discussion for the whole dataset.

Figures 5.6a and 5.6b display the relative time difference of the day the frequency of dis-
cussion peaks for each event on both platforms. As seen in the CDF displayed in Figure 5.6a,
the relative difference in time is spread between -5 to 5 days for approximately 50% of the
events. Some indications of a monotonic relationship can be identified and assured through
both a Pearson Product-Moment Correlation resulting in a correlation value of 0.25 and a
Spearman’s Rank-Order Correlation with a resulting value of 0.29. A monotonic relation-
ship with positive correlation values for the events should result in positive linear growth for
the events identified in Figure 5.6b. Since this is difficult to distinguish from the figure, the
monotonic relationship should be deemed as weak.
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5.4. Frequency of discussion

For the relative time difference of the day with the lowest frequency of discussion Figures
5.7a and 5.7b display the correlation. While almost 80% of the events have a relative time
difference between -10 to 5 days, there are no implications of a monotonic relationship. This
is confirmed by both Pearson and Spearman correlation values resulting in 0.07 and 0.09
respectively.
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Figure 5.4: Number of posts each day at the collection for 50% threshold.
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Figure 5.5: Percentage of posts each day at the collection for different thresholds.
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Figure 5.6: Relative time difference of peak frequency day for Twitter and Reddit.
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Figure 5.7: Relative time difference of lowest frequency day for Twitter and Reddit.

5.5 Sentiment of discussion

The resulting sentiment of the collected datasets was calculated after the preprocessing
method described in Section 4.5 and is presented in Figures 5.8a and 5.8b as the average
sentiment of all posts collected. As seen in both plots the average sentiment was very posi-
tive, with Reddit having 4 events deemed negative and 100 deemed positive. The event with
the most positive average sentiment was APA Corporation on the 27th of February, 2020 while
the most negative event was Devon Energy Corp. on the 30th of March, 2020. For Twitter, the
average sentiment was overall lower than that of Reddit. However, not a single event had
an average sentiment that was deemed negative. The event with the most positive sentiment
was Bath & Body Works Inc. on the 15th of May, 2020 and the event with the lowest sentiment
was United Airlines Holdings Inc. on the 26th of May, 2020. Further observations that can be
made from the plots are the spread and density of the resulting sentiment. For Twitter 100%
of events had an average sentiment score between 0-0.4 with the highest density between 0.15
and 0.25. For Reddit, the average sentiment is a bit more spread, with about 80% of events
scoring between 0-0.4 with the density being more spread out but peaking between 0.15 and
0.35.

This result indicates that there may be patterns in the sentiment when identified events
occur, especially for Twitter since the density peaks are much higher compared to Reddit.
However, to gain further insight into patterns of the resulting sentiment understanding of
how the sentiment changes each day leading up to and after an event occurs is required since
Figures 5.8a and 5.8b do not separate increasing and decreasing events and only provides an
overview of the sentiment during our whole event time span.

One of the events identified as an increasing event is Tesla Inc. on the 29th of June, 2020.
The overall sentiment for this whole event was positive both for Reddit and Twitter, where
they had an average sentiment score of 0.2132 and 0.1976, respectively. To get a more precise
image of changes in sentiment during each day for an increasing event a plot of the average
sentiment per day is provided in Figures 5.9a and 5.9b. Even though the average sentiment
scores are close the changes in sentiment per day are more drastic for Reddit compared to
Twitter. As seen in the figures the highest sentiment occurred the day before the event for
both Reddit and Twitter, however the day of the event the change in sentiment between the
two social media platforms differed a lot. On Reddit, the sentiment got significantly lower,
with a decrease of 67.9% meanwhile Twitter had a decrease of 16.5% in sentiment score. After
this, the sentiment stabilizes at around the same values as before the event for both Reddit
and Twitter. The average sentiment per day for a negative event follows a similar pattern
but with lower sentiment scores. This can be seen in Figure 5.10a and 5.10b which is the plot
of the average sentiment per day for American International Group on the event that occurred
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on the 6th of March, 2020. Like the increasing events, the sentiment score increases the days
leading up to the event but instead of decreasing on the day of the event, it decreases the day
before the event. Both then display similar patterns in sentiment score as they did before the
event occurred.

For increasing events an interesting observation from Figures 5.9a and 5.9b is the decrease
in sentiment the day after the increase in valuation happened. The reasoning for this sudden
change in sentiment to become closer to neutral may be because of an influx of posts only
reporting that the valuation change has occurred, since these posts do not offer any opinions
the overall sentiment gets reduced. This may explain why the sentiment increases the day
after the decrease, and then stabilizes around the same value as before. Another reason can
be because of the valuation change, since the users do not know how much the stock would
increase it may be deemed as overvalued the day after the increase. In that case, the overall
sentiment would be split between users that gained monetary value, those who missed out
on the increase, thinking the stock is overvalued, thinking the stock is at the right value or
still undervalued, and neutral posts that report the valuation changes.

Similar observations can be made for decreasing events. Although the decrease in senti-
ment occurred the day before the event instead of the day of the event the patterns are very
similar. This earlier decrease may be because of investors expecting a large drop in value and
thus an influx in neutral and negative posts regarding the stock. Another observation of de-
creasing events is the average score being very close to neutral instead of negative compared
to positive events which have an overall positive sentiment. This can be because of a more
objective point of view on the valuation of stocks that decrease in value, where discussion is
less fueled by emotions and more by facts and in turn provides a more neutral sentiment.

To identify more patterns in the sentiment during events a CDF and scatter plot of the rel-
ative difference in sentiment peaks between Reddit and Twitter is provided in Figures 5.11a
and 5.11b. As seen in Figure 5.11a, about 80% of the events have a relative time difference
ranging between -5 and 5 days for the social media platforms with the most prominent dif-
ference being -1 day. Figure 5.11b display the day of peak sentiment on Reddit and Twitter
for each event. As the scatters are evenly spread out for all of the events, the correlation be-
tween the day of peak sentiment between Reddit and Twitter appears non-linear. To reaffirm
this, a Spearman’s Rank-Order Correlation and a Pearson Product-Moment Correlation was
performed. This resulted in a Spearman correlation value of -0.05 and Pearson correlation
value of -0.04. Since the correlation value is close to 0, this reaffirms the relation between
peak sentiment of Reddit and Twitter being non-linear. Additionally, the non-monotonic re-
lationship between the peak in the sentiment of each event for both platforms can therefore
be identified.

For negative events, similar patterns in terms of a non-linear relationship between Reddit
and Twitter can be identified as displayed in Figures 5.12a and 5.12b. The relative time dif-
ference ranges between -5 and 5 days for 60% of the events with -5 and 0 days being most
prominent. The Spearman’s Rank-Order Correlation resulted in a correlation value of 0.08
and the Pearson Product-Moment Correlation had a correlation value of 0.02, implying the
non-monotonic relationship for negative events as well.

As seen in Figure 5.12b a large number of peaks for Reddit were identified as day -7. This
is because of events lacking discussion on a specific day gets a sentiment score of 0. Since
this occurred the most on the first day of the identified events the resulting lowest peaks get
identified on that day. To get more conclusive results a method to handle these instances
should be implemented in future research.
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Figure 5.8: Reddit and Twitter sentiment
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Figure 5.9: Sentiment per day for the increasing event Tesla on the 29th of June, 2020.
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Figure 5.10: Sentiment per day for the decreasing event American International Group on the
6th of March, 2020.
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5.5. Sentiment of discussion
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Figure 5.11: Relative time difference of peak sentiment day for Reddit and Twitter
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Figure 5.12: Relative time difference of lowest sentiment day for Reddit and Twitter
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6 Discussion

6.1 Results

This section of the thesis examines the results produced in relation to the research questions
from Section 1.3. The results from Section 5 are also discussed on a higher level.

Comprehensive dataset

The comprehensive dataset utilized for analysis of its frequency and sentiment was produced
after identifying significant events, collecting its corresponding data, and applying the fil-
tering method presented in Section 4.4. Using this methodology, Twitter data accounts for
approximately 99.9% of the total data collected. As discussed previously in Section 5.4, this
appeared to be a result of the subreddits selected and as well as the dynamics of the platform.
The platforms were separated with their corresponding data to detect their characteristics for
the whole duration of the collection.

The purpose of filtering the collected data was to generate a comprehensive dataset only
containing events diverging from the regular market. As presented in Section 4.4, the most
discussed company was chosen to represent all events appearing on the same date. As some
companies are wildly discussed on social media this resulted in a couple of companies mak-
ing up most of the collected data hence the conclusions are highly influenced by the social
media discussion of these stocks. Furthermore, the dataset displays a difference in companies
discussed on the platforms even though events were identified before collecting data. While
both Twitter and Reddit had Moderna as the most discussed company, the second and third
most discussed companies on Twitter Etsy and American International Group had close to no
posts appearing in the Reddit dataset. This could be a result of the filtering method detecting
other events with more discussion during these days.

Although the flaws are emphasized, analysis of the comprehensive dataset display pat-
terns and characteristics tied to social media discussion. Utilizing this approach for mak-
ing investment decisions might be bold, but can constitute guidance for detecting upcoming
events.
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6.1. Results

Frequency of discussion

The frequency of discussion varied greatly between both social media platforms and days
around significant events. Twitter had the most activity prior to events while the activity
on Reddit peaked after the occurrence of events. The characteristics of Twitter discussion
imply the use of the platform to inflate stock prices as presented in [23], examining the effect
of Twitter data on stocks, and [28] presenting evidence of attempts at inflating stock prices.
Reddit on the other hand does not display the same patterns related to significant events.
The research performed in [14] can therefore not be tied to the frequency of discussion on
the stock market. This indicates a difference in the financial market of cryptocurrency related
to the stock market. A greater market value makes it more difficult to affect prices in stocks
using only a small amount of posts compared to other financial markets where the size of
discussion most likely constitutes an important metric for affecting prices. The dataset for
Reddit implies the platform is reactive to the occurrence of significant events. However, the
lack of posts might affect the result produced, especially in relation to the number of posts
for the Twitter dataset.

Another interesting approach that could have been taken into consideration is the effect
quarterly reports and large company events have on the frequency of discussion. Since these
events are more well known to the public beforehand compared to an increase in valuation
the differences in frequency could be significant. For example, the proactive characteristics
of Twitter may be identifiable for Reddit if posts describing and discussing expectations of
the event are created beforehand. This may also have the opposite effect where Twitter be-
comes more reactive like Reddit by people tweeting reactions during the event. By taking this
approach in future research further possibilities for identifying patterns is definitely feasible.

Sentiment analysis

As discussed in Section 5.5 the resulting sentiment for increasing and decreasing events fol-
lows a pattern. Firstly the majority of events sentiments are clustered at similar scores. When
looking at the changes in sentiment per day the sentiment peaks the day before an increas-
ing event and two days before a decreasing event occurs. This pattern is consistent both for
Reddit and Twitter, although the sentiment scores differ depending on which media is con-
sidered. Since this has only been investigated for one increasing and decreasing event further
analysis of the other identified events should be done to achieve certainty in the patterns.
However, the current results indicate that the sentiment of stock discussion on social media
can be tied to stock market fluctuation. This result coincides with the results of Nguyen et al.
[24] showing how the stock market can be predicted using sentiment analysis and Pagolu et
al. [26] that the stock price fluctuations correlate to public sentiment.

The reasons for the resulting sentiment being overly positive are hard to pinpoint. How-
ever, the most likely reasons are that the collected posts contain sentences and wording that
VADER has problems analyzing. For example, the vocabulary of subreddits such as Wall-
StreetBets differs a lot from how a regular stock-related text would express itself. Self deroga-
tory terms are widely used to refer to the poster and other users in the subreddit, for example
when someone is referred to as autistic it means that the user has done their due diligence
when researching a specific stock or topic, "tendies" refers to money and "mooning" is when a
stock rises [3]. A list of terms and words that are regularly used in the subreddit are described
by long-term user /u/nosalute in a widely praised post shows how complex their language
is and reading it shows the problems analyzing the texts may have. Although some of these
terms have been adopted by other stock-related subreddits it is most prelevant on wallstreet-
bets. Since this subreddit is 3 times larger than the second largest stock-related subreddit,
adapting the preprocessing or lexicon used may have yielded better results [13].

Another metric affecting the sentiment is our preprocessing method that was imple-
mented. Since VADER is a lexicon model removing and changing words that occur in the
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6.2. Methodology

text that is to be analyzed may have unintended effects, like changing a text to be positive
instead of negative. However comparisons of the resulting sentiment when preprocessing
was applied and when it was not applied were made regularly, and it was concluded that
the resulting sentiment when preprocessing was applied gave more conclusive results. This
coincides with the research done by Krouska et al. [22] that the classification accuracy of
sentiment analysis can be improved by preprocessing.

6.2 Methodology

This section will discuss and criticize the methodology used to identify significant events,
collect data, create a comprehensive data set, and perform volume and sentiment analysis to
produce a result. The weaknesses of our approach will be at focus to emphasize sections in
need of improvement.

Identifying significant events

Significant events were identified by comparing the opening price with the closing price 7
days later for each stock on the list of companies. This was made possible by collecting
stock data from Yahoo Finance before evaluating every row and its corresponding data. Any
price comparison exceeding the chosen threshold would thereby be identified as a significant
event. The approach of comparing the opening and closing prices has the disadvantage of not
taking great valuation changes of the whole market into consideration. In a way to combat
this disadvantage, we implemented a filtering method for identifying and sorting out mul-
titudes of events occurring on the same date. This was done using the data collected for all
of the events rather than sorting out the events beforehand. Another way to manage these
disadvantages is to consider the fluctuation of the whole S&P500 index as a reference and
exclude the events occurring when the change of the index surpasses a set threshold. This
would produce a dataset only containing relevant events before collecting data.

The identification of events used both a set threshold and a fixed amount of days that
were decided before identifying events. Using this method the Yahoo Finance data could
be utilized effectively by looping through the csv files to identify events. A repercussion of
this approach was some events returning multiple files for the same event since the change
exceeded the threshold multiple times in a row while only being related to one event. A way
to combat this would be implementing a check if multiple events occur close to each other.
However, this risks losing events that are independent of each other.

Another metric is the historical trading volume of the company. Taking this into consider-
ation as well would contribute to the identification of significant events. However, this metric
is often reflected by the stock price and requires knowledge about differences in trading vol-
ume that may occur even though no event has occurred.

Data collection

Data for every significant event was collected from Reddit and Twitter using APIs developed
for the respective platform. Both tools allowed for specified queries as presented in Section
4.4. These queries were customized to minimize the number of false positives to produce a
data set of the highest quality. The ticker without its cash tag ($) symbol had to be excluded
from the Twitter query to combat the copious amount of false positives that would have been
returned otherwise. Contrary to Twitter, the ticker without its cash tag had to be used for
Reddit since the API does not support symbols in its queries. By limiting the collecting to
specific subreddits the problem of false positives was reduced.

Data were collected for all of the identified events for each threshold before filtering out
events related to great valuation changes in the whole market. By identifying events with the
most discussion during these dates all the other events and their data were filtered out from
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6.3. The work in a wider context

the comprehensive dataset. Using this approach the magnitude of discussion could still be
evaluated during these dates while taking the fluctuation of the S&P 500 index into consid-
eration. The main disadvantage of this method of filtering was a small number of companies
being identified as the ones with the most discussion during volatile days. This resulted in
a trade-off between having great amounts of data and deciding whether or not to exclude
events for companies that large amounts of data were accounted for. Since having enough
data to analyze was emphasized as the most important aspect during our data collection this
was reflected in the creation of the filtering method.

As a constitute of the extensive filtering related to dates the Twitter data also had to be
filtered based on language. Some of the data returned by the query did match the keywords
but could not be utilized in the sentiment analysis due to it being written in another language
than English and was therefore filtered out. Since the Twitter API returned an identified
language in a separate field for the collected tweets this was utilized to remove non-English
posts. For Reddit, this did not have to be taken into account due to the specified subreddits
only accepting posts written in English.

Sentiment analysis

The sentiment analysis of the data was performed using the VADER lexicon model. Before
performing the analysis preprocessing was applied to the collected datasets to minimize the
amount of text that had to be analyzed, rewrite expressions such as URL’s and gain more
precise results. As for each part, regular expression worked very well after a few different
iterations. Since they are fully customizable new expressions could be written when expres-
sions occurred often in the texts, such as line breakers for Reddit. For future work on the
subject, even more iterations of creating new regular expressions can be done to create even
better text to analyze. For example, using the list of words and expressions that are frequently
used on wallstreetbets and creating regular expressions to translate these into their "normally
worded" counterparts. The lemmatization was done with the WordNet lemmatizer imported
from NLTK. Although it worked on most of the words problems arose with some words not
being returned to their base form. Instead, they would either remain the same or they would
get lemmatized and become gibberish. As for using stop words the list that was imported
from NLTK worked well in most cases, however an expansion of it or creating a new one that
includes more stock-related words and social media slang would improve upon the current
version.

6.3 The work in a wider context

The impacts that social media can have on the valuation of stocks can affect individuals,
corporations, and even society as a whole. Investigating and preventing market manipulation
with the use of social media is essential to guarantee a free and fair financial market. These
manipulation schemes often target private investors as the frequency of discussion increases
leading up to an event. This often results in monetary losses for affected individuals.

Collecting social media posts brings ethical concerns such as privacy and integrity. To
limit these concerns, analyses and data presented do not contain any information that can be
used to identify users. In addition, we only report the aggregate results.
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7 Conclusion

By identifying significant events and producing comprehensive datasets containing stock-
related data gathered from the social media platforms Reddit and Twitter this thesis investi-
gated trends and characteristics in social media activity related to big stock valuation changes.
By analyzing the frequency of discussion and performing sentiment analysis on the collected
datasets, the results indicated social media activity and its users sentiment are tied to fluctua-
tion in the stock market. Generally, an increase in the frequency of discussion was identified
leading up to, and after, significant events. However, further research must be carried out
before concluding whether or not the discussion on social media is reactive or proactive in
regards to stock valuation changes. The overall sentiment can be deemed to be overly pos-
itive, this could be attributed to the language used on social media being incomprehensible
to the sentiment analyzer. Still, patterns of the sentiment score increasing the days leading
up to a significant event were identified. However, the non-monotonic relationship between
the day of peak sentiment indicates differences in behavioural patterns of users across the
platforms. Further conclusions in regards to the overall sentiment would require a method
for verifying the authenticity of the resulting sentiment.

Future research related to analyzing trends and characteristics in stock-related social me-
dia discussions should primarily focus on improving the sentiment analysis method. This
includes applying more iterations to the development of the preprocessing and if possible,
customizing the sentiment analyzer to stock-related social media discussion. Furthermore,
improvements in the data collection and filtering of events can yield more conclusive results.
Conducting similar research on other financial markets could also account for interesting
findings and more conclusive patterns.
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A Appendix

Table A.1: All companies and its significant threshold

Ticker Company name 10% 20% 30% 40% 50%
$LEN Lennar Corporation x x x x x
$WELL Welltower Inc. x x x x x
$MGM MGM Resorts International x x x x x
$CCL Carnival Corporation & plc x x x x x
$SLB Schlumberger Limited x x x x x
$AIG American International Group, Inc. x x x x x
$COP ConocoPhillips x x x x x
$TPR Tapestry, Inc. x x x x x
$HAL Halliburton Company x x x x x
$DAL Delta Air Lines, Inc. x x x x x
$OKE ONEOK, Inc. x x x x x
$PHM PulteGroup, Inc. x x x x x
$SYY Sysco Corporation x x x x x
$PVH PVH Corp. x x x x x
$TSLA Tesla, Inc. x x x x x
$EOG EOG Resources, Inc. x x x x x
$MRNA Moderna, Inc. x x x x x
$BIIB Biogen Inc. x x x x x
$BA The Boeing Company x x x x x
$QCOM QUALCOMM Incorporated x x x x x
$APA APA Corporation x x x x x
$LNC Lincoln National Corporation x x x x x
$DFS Discover Financial Services x x x x x
$DXC DXC Technology Company x x x x x
$DRI Darden Restaurants, Inc. x x x x x
$VTR Ventas, Inc. x x x x x
$DVN Devon Energy Corporation x x x x x
$TDG TransDigm Group Incorporated x x x x x
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$PXD Pioneer Natural Resources Company x x x x x
$GPS The Gap, Inc. x x x x x
$AAL American Airlines Group Inc. x x x x x
$FANG Diamondback Energy, Inc. x x x x x
$MOS The Mosaic Company x x x x x
$UAL United Airlines Holdings, Inc. x x x x x
$LYV Live Nation Entertainment, Inc. x x x x x
$MRO Marathon Oil Corporation x x x x x
$BBWI Bath & Body Works, Inc. x x x x x
$EPAM EPAM Systems, Inc. x x x x x
$RCL Royal Caribbean Cruises Ltd. x x x x x
$CZR Caesars Entertainment, Inc. x x x x x
$OXY Occidental Petroleum Corporation x x x x x
$NCLH Norwegian Cruise Line Holdings

Ltd.
x x x x x

$SYF Synchrony Financial x x x x x
$PENN Penn National Gaming, Inc. x x x x x
$APTV Aptiv PLC x x x x x
$SEDG SolarEdge Technologies, Inc. x x x x x
$VIAC Paramount Global x x x x x
$HAS Hasbro, Inc. x x x x x
$LYB LyondellBasell Industries N.V. x x x x x
$URI United Rentals, Inc. x x x x x
$SPG Simon Property Group, Inc. x x x x x
$ENPH Enphase Energy, Inc. x x x x x
$WMB The Williams Companies, Inc. x x x x x
$TRMB Trimble Inc. x x x x x
$MPC Marathon Petroleum Corporation x x x x x
$WYNN Wynn Resorts, Limited x x x x x
$ETSY Etsy, Inc. x x x x x
$AAP Advance Auto Parts, Inc. x x x x
$VMC Vulcan Materials Company x x x x
$SIVB SVB Financial Group x x x x
$HIG The Hartford Financial Services

Group, Inc.
x x x x

$NEM Newmont Corporation x x x x
$PH Parker-Hannifin Corporation x x x x
$LUV Southwest Airlines Co. x x x x
$NVR NVR, Inc. x x x x
$BKR Baker Hughes Company x x x x
$COF Capital One Financial Corporation x x x x
$TDY Teledyne Technologies Incorporated x x x x
$ALK Alaska Air Group, Inc. x x x x
$SWK Stanley Black & Decker, Inc. x x x x
$DHI D.R. Horton, Inc. x x x x
$MHK Mohawk Industries, Inc. x x x x
$CFG Citizens Financial Group, Inc. x x x x
$DISCK Warner Bros. Discovery, Inc. x x x x
$KMI Kinder Morgan, Inc. x x x x
$CBRE CBRE Group, Inc. x x x x
$LH Laboratory Corporation of America

Holdings
x x x x

$DOW Dow Inc. x x x x
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$HES Hess Corporation x x x x
$WDC Western Digital Corporation x x x x
$GM General Motors Company x x x x
$O Realty Income Corporation x x x x
$HWM Howmet Aerospace Inc. x x x x
$WY Weyerhaeuser Company x x x x
$NXPI NXP Semiconductors N.V. x x x x
$FCX Freeport-McMoRan Inc. x x x x
$LUMN Lumen Technologies, Inc. x x x x
$AMD Advanced Micro Devices, Inc. x x x x
$AMCR Amcor plc x x x x
$DISH DISH Network Corporation x x x x
$SBNY Signature Bank x x x x
$FBHS Fortune Brands Home & Security,

Inc.
x x x x

$LKQ LKQ Corporation x x x x
$CARR Carrier Global Corporation x x x x
$HCA HCA Healthcare, Inc. x x x x
$ROST Ross Stores, Inc. x x x x
$KMX CarMax, Inc. x x x x
$LW Lamb Weston Holdings, Inc. x x x x
$KIM Kimco Realty Corporation x x x x
$EXPE Expedia Group, Inc. x x x x
$AVGO Broadcom Inc. x x x x
$HUM Humana Inc. x x x x
$ALGN Align Technology, Inc. x x x x
$WHR Whirlpool Corporation x x x x
$UHS Universal Health Services, Inc. x x x x
$TFC Truist Financial Corporation x x x x
$CF CF Industries Holdings, Inc. x x x x
$SEE Sealed Air Corporation x x x x
$CNP CenterPoint Energy, Inc. x x x x
$KEY KeyCorp x x x x
$CMG Chipotle Mexican Grill, Inc. x x x x
$DXCM DexCom, Inc. x x x x
$VLO Valero Energy Corporation x x x x
$ULTA Ulta Beauty, Inc. x x x x
$FITB Fifth Third Bancorp x x x x
$FRT Federal Realty Investment Trust x x x x
$AES The AES Corporation x x x x
$CRM Salesforce, Inc. x x x x
$RF Regions Financial Corporation x x x x
$AVB AvalonBay Communities, Inc. x x x x
$PRU Prudential Financial, Inc. x x x x
$CVX Chevron Corporation x x x x
$TFX Teleflex Incorporated x x x
$ANTM Anthem, Inc. x x x
$LOW Lowe’s Companies, Inc. x x x
$HST Host Hotels & Resorts, Inc. x x x
$XLNX Xilinx Inc. x x x
$EXC Exelon Corporation x x x
$HOLX Hologic, Inc. x x x
$UDR UDR, Inc. x x x
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$DD DuPont de Nemours, Inc. x x x
$KHC The Kraft Heinz Company x x x
$NWSA News Corporation x x x
$UPS United Parcel Service, Inc. x x x
$AIZ Assurant, Inc. x x x
$HPQ HP Inc. x x x
$TXT Textron Inc. x x x
$ABMD Abiomed, Inc. x x x
$ZION Zions Bancorporation, National As-

sociation
x x x

$FDX FedEx Corporation x x x
$CTRA Coterra Energy Inc. x x x
$DUK Duke Energy Corporation x x x
$EIX Edison International x x x
$ILMN Illumina, Inc. x x x
$MET MetLife, Inc. x x x
$HON Honeywell International Inc. x x x
$DLTR Dollar Tree, Inc. x x x
$MAA Mid-America Apartment Communi-

ties, Inc.
x x x

$F Ford Motor Company x x x
$ESS Essex Property Trust, Inc. x x x
$VTRS Viatris Inc. x x x
$UAA Under Armour, Inc. x x x
$HD The Home Depot, Inc. x x x
$NLSN Nielsen Holdings plc x x x
$MAS Masco Corporation x x x
$TJX The TJX Companies, Inc. x x x
$AVY Avery Dennison Corporation x x x
$FTV Fortive Corporation x x x
$QRVO Qorvo, Inc. x x x
$NKE NIKE, Inc. x x x
$PPL PPL Corporation x x x
$CNC Centene Corporation x x x
$USB U.S. Bancorp x x x
$FMC FMC Corporation x x x
$PYPL PayPal Holdings, Inc. x x x
$TRV The Travelers Companies, Inc. x x x
$TER Teradyne, Inc. x x x
$PNR Pentair plc x x x
$DTE DTE Energy Company x x x
$PAYC Paycom Software, Inc. x x x
$PAYX Paychex, Inc. x x x
$CI Cigna Corporation x x x
$XOM Exxon Mobil Corporation x x x
$ORLY O’Reilly Automotive, Inc. x x x
$HPE Hewlett Packard Enterprise Com-

pany
x x x

$JCI Johnson Controls International plc x x x
$CMA Comerica Incorporated x x x
$IQV IQVIA Holdings Inc. x x x
$RMD ResMed Inc. x x x
$RTX Raytheon Technologies Corporation x x x
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$IVZ Invesco Ltd. x x x
$WRB W. R. Berkley Corporation x x x
$SNA Snap-on Incorporated x x x
$GPC Genuine Parts Company x x x
$MAR Marriott International, Inc. x x x
$WRK WestRock Company x x x
$EVRG Evergy, Inc. x x x
$MKTX MarketAxess Holdings Inc. x x x
$LRCX Lam Research Corporation x x x
$ALLE Allegion plc x x x
$IDXX IDEXX Laboratories, Inc. x x x
$PFG Principal Financial Group, Inc. x x x
$WFC Wells Fargo & Company x x x
$CRL Charles River Laboratories Interna-

tional, Inc.
x x x

$AFL Aflac Incorporated x x x
$ECL Ecolab Inc. x x x
$TECH Bio-Techne Corporation x x x
$HBAN Huntington Bancshares Incorporated x x x
$SCHW The Charles Schwab Corporation x x x
$GPN Global Payments Inc. x x x
$CDAY Ceridian HCM Holding Inc. x x x
$REG Regency Centers Corporation x x x
$C Citigroup Inc. x x x
$FE FirstEnergy Corp. x x x
$WAB Westinghouse Air Brake Technolo-

gies Corporation
x x x

$ANET Arista Networks, Inc. x x x
$FB Meta Platforms, Inc. x x x
$ALB Albemarle Corporation x x x
$J Jacobs Engineering Group Inc. x x x
$CTLT Catalent, Inc. x x x
$IR Ingersoll Rand Inc. x x x
$CBOE Cboe Global Markets, Inc. x x x
$DPZ Domino’s Pizza, Inc. x x x
$BXP Boston Properties, Inc. x x x
$PSX Phillips 66 x x x
$EQR Equity Residential x x x
$GNRC Generac Holdings Inc. x x x
$MU Micron Technology, Inc. x x x
$CME CME Group Inc. x x x
$PNC The PNC Financial Services Group,

Inc.
x x x

$L Loews Corporation x x x
$RHI Robert Half International Inc. x x x
$CINF Cincinnati Financial Corporation x x x
$BWA BorgWarner Inc. x x x
$NFLX Netflix, Inc. x x x
$STZ Constellation Brands, Inc. x x x
$ES Eversource Energy x x x
$ETR Entergy Corporation x x x
$EMN Eastman Chemical Company x x x
$VNO Vornado Realty Trust x x x
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$MLM Martin Marietta Materials, Inc. x x x
$HLT Hilton Worldwide Holdings Inc. x x x
$AXP American Express Company x x x
$IPG The Interpublic Group of Compa-

nies, Inc.
x x x

$YUM Yum! Brands, Inc. x x x
$EA Electronic Arts Inc. x x x
$TSN Tyson Foods, Inc. x x x
$MTCH Match Group, Inc. x x x
$TGT Target Corporation x x x
$MCHP Microchip Technology Incorporated x x x
$NVDA NVIDIA Corporation x x x
$SWKS Skyworks Solutions, Inc. x x x
$NWS News Corporation x x x
$RL Ralph Lauren Corporation x x x
$DOV Dover Corporation x x x
$ETN Eaton Corporation plc x x x
$EMR Emerson Electric Co. x x x
$NRG NRG Energy, Inc. x x x
$CB Chubb Limited x x x
$AMAT Applied Materials, Inc. x x x
$CE Celanese Corporation x x x
$NLOK NortonLifeLock Inc. x x x
$PEAK Healthpeak Properties, Inc. x x x
$TEL TE Connectivity Ltd. x x x
$MTB M&T Bank Corporation x x x
$AMP Ameriprise Financial, Inc. x x x
$MS Morgan Stanley x x x
$SRE Sempra x x x
$TT Trane Technologies plc x x x
$GE General Electric Company x x x
$PNW Pinnacle West Capital Corporation x x x
$ZBH Zimmer Biomet Holdings, Inc. x x x
$AZO AutoZone, Inc. x x x
$FTNT Fortinet, Inc. x x x
$ODFL Old Dominion Freight Line, Inc. x x x
$DGX Quest Diagnostics Incorporated x x x
$CTAS Cintas Corporation x x x
$TWTR Twitter, Inc. x x x
$GL Globe Life Inc. x x x
$BAC Bank of America Corporation x x x
$IT Gartner, Inc. x x x
$INTC Intel Corporation x x
$FDS FactSet Research Systems Inc. x x
$APD Air Products and Chemicals, Inc. x x
$ABBV AbbVie Inc. x x
$MMC Marsh & McLennan Companies, Inc. x x
$LLY Eli Lilly and Company x x
$ADP Automatic Data Processing, Inc. x x
$UNH UnitedHealth Group Incorporated x x
$VRTX Vertex Pharmaceuticals Incorporated x x
$MMM 3M Company x x
$TMUS T-Mobile US, Inc. x x
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$PCAR PACCAR Inc x x
$NEE NextEra Energy, Inc. x x
$EFX Equifax Inc. x x
$CPRT Copart, Inc. x x
$KR The Kroger Co. x x
$BRO Brown & Brown, Inc. x x
$DIS The Walt Disney Company x x
$JNPR Juniper Networks, Inc. x x
$AKAM Akamai Technologies, Inc. x x
$IBM International Business Machines

Corporation
x x

$ED Consolidated Edison, Inc. x x
$GOOGL Alphabet Inc. x x
$LDOS Leidos Holdings, Inc. x x
$XYL Xylem Inc. x x
$DE Deere & Company x x
$AON Aon plc x x
$INFO IHS Markit Ltd. x x
$SO The Southern Company x x
$FRC First Republic Bank x x
$ICE Intercontinental Exchange, Inc. x x
$LNT Alliant Energy Corporation x x
$FLT FLEETCOR Technologies, Inc. x x
$DLR Digital Realty Trust, Inc. x x
$EQIX Equinix, Inc. x x
$GWW W.W. Grainger, Inc. x x
$PM Philip Morris International Inc. x x
$ZBRA Zebra Technologies Corporation x x
$REGN Regeneron Pharmaceuticals, Inc. x x
$JBHT J.B. Hunt Transport Services, Inc. x x
$DRE Duke Realty Corporation x x
$CVS CVS Health Corporation x x
$FOX Fox Corporation x x
$ALL The Allstate Corporation x x
$COO The Cooper Companies, Inc. x x
$ABT Abbott Laboratories x x
$CHD Church & Dwight Co., Inc. x x
$SBAC SBA Communications Corporation x x
$NDAQ Nasdaq, Inc. x x
$HSY The Hershey Company x x
$TSCO Tractor Supply Company x x
$POOL Pool Corporation x x
$NUE Nucor Corporation x x
$OGN Organon & Co. x x
$OMC Omnicom Group Inc. x x
$KLAC KLA Corporation x x
$MSI Motorola Solutions, Inc. x x
$EL The Estée Lauder Companies Inc. x x
$CDW CDW Corporation x x
$MCO Moody’s Corporation x x
$TAP Molson Coors Beverage Company x x
$IRM Iron Mountain Incorporated x x
$LHX L3Harris Technologies, Inc. x x
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$XEL Xcel Energy Inc. x x
$LVS Las Vegas Sands Corp. x x
$WLTW Willis Towers Watson Public Limited

Company
x x

$KO The Coca-Cola Company x x
$AME AMETEK, Inc. x x
$MNST Monster Beverage Corporation x x
$MDLZ Mondelez International, Inc. x x
$EXR Extra Space Storage Inc. x x
$HII Huntington Ingalls Industries, Inc. x x
$EW Edwards Lifesciences Corporation x x
$BLK BlackRock, Inc. x x
$WST West Pharmaceutical Services, Inc. x x
$FAST Fastenal Company x x
$FIS Fidelity National Information Ser-

vices, Inc.
x x

$AJG Arthur J. Gallagher & Co. x x
$CCI Crown Castle International Corp. x x
$CSCO Cisco Systems, Inc. x x
$PPG PPG Industries, Inc. x x
$BLL Ball Corporation x x
$HSIC Henry Schein, Inc. x x
$ROK Rockwell Automation, Inc. x x
$CERN Cerner Corporation x x
$FISV Fiserv, Inc. x x
$STT State Street Corporation x x
$SBUX Starbucks Corporation x x
$AOS A. O. Smith Corporation x x
$AEP American Electric Power Company,

Inc.
x x

$IPGP IPG Photonics Corporation x x
$CDNS Cadence Design Systems, Inc. x x
$IP International Paper Company x x
$T AT&T Inc. x x
$CTXS Citrix Systems, Inc. x x
$WEC WEC Energy Group, Inc. x x
$GS The Goldman Sachs Group, Inc. x x
$PEG Public Service Enterprise Group In-

corporated
x x

$WBA Walgreens Boots Alliance, Inc. x x
$AEE Ameren Corporation x x
$ROP Roper Technologies, Inc. x x
$A Agilent Technologies, Inc. x x
$NI NiSource Inc. x x
$ISRG Intuitive Surgical, Inc. x x
$WM Waste Management, Inc. x x
$ANSS ANSYS, Inc. x x
$MO Altria Group, Inc. x x
$NTAP NetApp, Inc. x x
$XRAY DENTSPLY SIRONA Inc. x x
$CHTR Charter Communications, Inc. x x
$NWL Newell Brands Inc. x x
$MA Mastercard Incorporated x x
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$PKI PerkinElmer, Inc. x x
$LMT Lockheed Martin Corporation x x
$NTRS Northern Trust Corporation x x
$BKNG Booking Holdings Inc. x x
$CAG Conagra Brands, Inc. x x
$GRMN Garmin Ltd. x x
$OTIS Otis Worldwide Corporation x x
$EXPD Expeditors International of Washing-

ton, Inc.
x x

$STE STERIS plc x x
$DG Dollar General Corporation x x
$CTVA Corteva, Inc. x x
$ARE Alexandria Real Estate Equities, Inc. x x
$AMT American Tower Corporation x x
$CMI Cummins Inc. x x
$TROW T. Rowe Price Group, Inc. x x
$PSA Public Storage x x
$INCY Incyte Corporation x x
$ATO Atmos Energy Corporation x x
$RE Everest Re Group, Ltd. x x
$PTC PTC Inc. x x
$PBCT People’s United Financial, Inc. x x
$BEN Franklin Resources, Inc. x x
$SNPS Synopsys, Inc. x x
$MCK McKesson Corporation x x
$ADI Analog Devices, Inc. x x
$BBY Best Buy Co., Inc. x x
$AAPL Apple Inc. x x
$FFIV F5, Inc. x x
$APH Amphenol Corporation x x
$IFF International Flavors & Fragrances

Inc.
x x

$RSG Republic Services, Inc. x x
$IEX IDEX Corporation x x
$EBAY eBay Inc. x x
$ADSK Autodesk, Inc. x x
$DVA DaVita Inc. x x
$CAH Cardinal Health, Inc. x x
$D Dominion Energy, Inc. x x
$ZTS Zoetis Inc. x x
$SYK Stryker Corporation x x
$WAT Waters Corporation x x
$NSC Norfolk Southern Corporation x x
$BIO Bio-Rad Laboratories, Inc. x x
$MPWR Monolithic Power Systems, Inc. x x
$MKC McCormick & Company, Incorpo-

rated
x x

$STX Seagate Technology Holdings plc x x
$PEP PepsiCo, Inc. x x
$PLD Prologis, Inc. x x
$V Visa Inc. x x
$ITW Illinois Tool Works Inc. x x
$LIN Linde plc x x

37



$CAT Caterpillar Inc. x x
$SPGI S&P Global Inc. x x
$BSX Boston Scientific Corporation x x
$GD General Dynamics Corporation x x
$CMS CMS Energy Corporation x x
$CTSH Cognizant Technology Solutions

Corporation
x x

$MDT Medtronic plc x x
$AWK American Water Works Company,

Inc.
x x

$GLW Corning Incorporated x x
$JPM JPMorgan Chase & Co. x x
$ATVI Activision Blizzard, Inc. x x
$TTWO Take-Two Interactive Software, Inc. x x
$NOW ServiceNow, Inc. x x
$SHW The Sherwin-Williams Company x x
$AMZN Amazon.com, Inc. x x
$UNP Union Pacific Corporation x x
$MSCI MSCI Inc. x x
$VRSK Verisk Analytics, Inc. x x
$INTU Intuit Inc. x x
$VFC V.F. Corporation x x
$BK The Bank of New York Mellon Cor-

poration
x x

$PWR Quanta Services, Inc. x x
$CSX CSX Corporation x x
$RJF Raymond James Financial, Inc. x x
$MCD McDonald’s Corporation x x
$DHR Danaher Corporation x
$TYL Tyler Technologies, Inc. x
$BMY Bristol-Myers Squibb Company x
$BR Broadridge Financial Solutions, Inc. x
$CLX The Clorox Company x
$HRL Hormel Foods Corporation x
$DISCA Discovery, Inc. x
$VZ Verizon Communications Inc. x
$BDX Becton, Dickinson and Company x
$CMCSA Comcast Corporation x
$ADBE Adobe Inc. x
$CPB Campbell Soup Company x
$ACN Accenture plc x
$MTD Mettler-Toledo International Inc. x
$COST Costco Wholesale Corporation x
$ROL Rollins, Inc. x
$PFE Pfizer Inc. x
$SJM The J. M. Smucker Company x
$CHRW C.H. Robinson Worldwide, Inc. x
$AMGN Amgen Inc. x
$GIS General Mills, Inc. x
$JNJ Johnson & Johnson x
$BAX Baxter International Inc. x
$ADM Archer-Daniels-Midland Company x
$MSFT Microsoft Corporation x
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$NOC Northrop Grumman Corporation x
$KEYS Keysight Technologies, Inc. x
$PG The Procter & Gamble Company x
$PGR The Progressive Corporation x
$PKG Packaging Corporation of America x
$TMO Thermo Fisher Scientific Inc. x
$ABC AmerisourceBergen Corporation x
$KMB Kimberly-Clark Corporation x
$MRK Merck & Co., Inc. x
$JKHY Jack Henry & Associates, Inc. x
$CL Colgate-Palmolive Company x
$TXN Texas Instruments Incorporated x
$WMT Walmart Inc. x
$GILD Gilead Sciences, Inc. x
$K Kellogg Company x
$ORCL Oracle Corporation x
$VRSN VeriSign, Inc. x

Table A.2: Subreddits used for gathering data

Subreddit
stock RobinHoodPennyStocks WallStreetbetsELITE
wallstreetbets StockMarket finance
Stock_Picks investing investing_discussion
Economics SecurityAnalysis Trading
stocks pennystocks Daytrading
personalfinance RobinHood Forex
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