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Abstract
This thesis explores if sentiment analysis can be utilized to predict meme stock returns by

analyzing social media activity on the Reddit forum WallStreetBets. We further look at how

meme stocks differ from non-meme stocks in their return predictability on this forum. To test

this, we run OLS regressions and panel regressions on aggregated daily data collected from

Reddit.

We find that the sentiment of WallStreetBets does have significant correlation with meme

stock returns within our sample. Our results show significant differences between the

examined meme stocks and non-meme stocks. Despite not being able to prove a causal

relationship between the WallStreetBets activity and meme stock returns, we consider our

findings promising for further research.
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Introduction
Background
Sentiment analysis is a text analysis method that attempts to quantify the sentiment, i.e.

emotion behind a text. In a financial setting, this data can be used to successfully produce

predictive information on stock market returns (Bollen et al., 2011). There are two main

versions of sentiment analysis, bag-of-words techniques and machine learning techniques.

Bag-of-words techniques use a dictionary of words and the sentiment attached to these words

which the words of text are matched against to detect the sentiment of the entire text.

Bag-of-word techniques count positive and negative words, while machine learning

techniques try to take the context of words into account. This can be advantageous since

words can mean different things in different contexts. Machine learning techniques do this by

employing a type of artificial intelligence (A.I) that learns the context of words in a training

sample, without explicitly telling the program what words are positive and what words are

negative. These techniques have been employed for stock return prediction by, e.g., Bollen et

al. (2011) who use Twitter data for this prediction. We combine bag-of-word techniques and a

machine learning technique to perform sentiment analysis on Reddit data.

In January of 2021, the meme stock phenomenon emerged on American stock exchanges. It

started when a large group of retail investors came together to collectively initiate the

Gamestop short squeeze, an event later widely publicized in everyday press. In less than a

week, the heavily shorted company GameStop Corp. (GME), saw their stock price increase

by more than 750% (Yahoo Finance, n.d.).

Figure 1: GameStop Corp. stock prices (USD) from January 2020 to March 2022
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The event popularized the term “meme stocks” in mainstream media. The term refers to

stocks with high volatilities, connected to memes,1 popular on internet forums. One forum,

which was pointed out as the main driver of this short squeeze, is a subreddit2 called

r/WallStreetBets (WSB). The original intention behind the forum was for “making money

and being amused while doing it” (Reddit, n.d.). Following GameStop’s price jump, other

stocks like AMC Entertainment Holdings Inc (AMC) also experienced elevated interest from

the “meme stock community”. A trading tool used by the retail investors during the short

squeeze, was the online (mostly commission-free) broker platform Robinhood. Since the

platform was so popular (Gonzales, 2022), many investors were upset when the platform

announced a trading halt on GME and AMC. Robinhood’s decision to execute the trading

halt has been heavily criticized ever since, and it was also the reason for receiving a $70

million dollar fine from the Financial Industry Regulatory Authority (FINRA) (Merced and

Griffith, 2021).

Participants of online communities such as the now famous (or infamous) WSB community,

have expressed their disgust toward institutional market participants who target stocks by

shorting them. To take revenge against those who enter short positions against the stocks that

these “meme communities” invest in, they “pump” the stock (rapidly increasing its price),

forcing shorters into big losses.

In addition to the hate towards Wall Street and the love for meme stocks, there are other

factors worth mentioning that could have contributed to the popularity of meme stock trading

(Capital.com., 2021). Among these factors is the Covid-19 pandemic, as one of many

potential contributors. It caused people to stay inside, giving them more time than usual to

engage in trading or online communication. Another factor that could have increased interest

in stock trading, was the Covid-19 Stimulus Checks given to millions of U.S. citizens. This

left people with “free” money that could be used to invest in the stock market. According to

the National Bureau of Economics, 32.8% of consumers in their study used their stimulus

checks to build up their savings, which included investing into the stock market (Coibion et

al., 2020), making it probable that retail investing increased. The influences of individuals

such as Elon Musk, “moving markets” with his Twitter posts (Shead, 2021), are also likely to

have further contributed to increased trading and online communication.

2 Subreddits are sections of the social media platform “Reddit” that are intended for different topics
1 Memes are humorous catchphrases combined with pictures shared on the internet
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Despite the crash that followed the initial price increase, GME is an example of why meme

stock trading remains relevant, as its stock price has stayed high (until the start of this study)

relative to its price before meme stocks first became popular. For more than a year, from the

summer of 2019, until the summer of 2020, the GME stock’s close prices stayed below

$10/share, even closing below $4/share at times. On January 27th 2021, it closed at

$347.51/share during the GameStop short squeeze. In April of 2022, GME’s stock continued

to reach values above $150/share. (Yahoo Finance, n.d.)

Looking at the impact that meme stock trading can have on the public stock exchanges, could

prove to be useful going forward as the topic of meme stock is getting more and more

popular. The WSB community currently sits at over 12 million members, and is steadily

growing (subredditstats.com, n.d.). With a bigger reach now than in January 2021, it is

possible for similar events to occur  in the future, as meme stock focused communities grow.

Figure 2: WallStreetBets subscribers in millions

Problem formulation
Academia has been interested in methods for return predictability for decades. A well known

approach to this research area evolved from the Efficient Market Hypothesis (EMH) (Fama,

1970) and random walk theory. EMH suggests that stock prices should reflect all available

information on the market, and followingly, new information should be the main driver of

price changes. According to the EMH, it should, therefore, be impossible to systematically

beat the market using a “buy and hold” strategy. Random walk theory explains price changes

as unpredictable events, or “a random walk”. This, theoretically, would further complicate

stock movement prediction. If all new information is random, so are the movements of stock

prices, assuming that EMH holds. Combining the two theories, makes stock movement

predictions seem close to impossible. However, studies done by e.g., Kirlic et al. (2018) and

Bollen et al. (2011) on sentiment analysis, suggest that this is not necessarily the case. Both
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studies show that online sentiment can indeed be utilized to obtain predictive information

about future stock prices.

Sentiment analysis has become a popular method to analyze people's emotions and its effect

on different parts of society. Current computing power can be given some credit to this

popularity, as it has made it a more feasible option(Wankhade, Rao and Kulkarni, 2022).

Social media’s significant role of supplying and sharing information, makes it a highly

relevant venue to target for researchers that take a sentiment analysis approach. The idea is

that people’s behavior and feelings online can predict their future investing decisions, and in

turn, stock returns. Studies (Kirlic et al., 2018 and Bollen et al., 2018) investigate this by

analyzing Twitter posts.

In this thesis, we use the sentiment analysis approach, investigating if activity on WSB can be

used to predict one-day-ahead meme stock returns. It is interesting to research whether there

is any relationship between the subreddit’s activity and future stock market prices. Not only is

it interesting because of what results a sentiment analysis can produce, but also because WSB

has been heavily blamed for the increased volatility seen in meme stocks in the latest years. A

connection between the two raises questions regarding the random walk theory, and if it truly

is a “random walk”. This gives reason to discuss potential herd behavior amongst traders,

something studied by Aloosh et al. (2021). In their study, researching how Twitter posts can

predict stock volatility, Aloosh et al. discuss how herd behavior could be a reason for the

correlation between sentiment on Twitter and stock movements. We will also discuss the

possible relation between herd behavior or coordination and the stocks studied in our sample.

Aim
This thesis intends to research if sentiment analysis can be used on Reddit’s WSB in order to

predict future stock returns and further help explain the trading behaviors of meme stock

traders. The aim is to discover if a forum with connections to meme stocks, can be looked at

from a sentiment analysis perspective, and produce relevant information about the stocks’

future prices.

To test this, the ambition is to use a hybrid sentiment analysis model. A model that takes

multiple sentiment values into account, combined into one score. How sentiment values are

used is explained further in the data and method section of this thesis. Then, the model is to
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be tested on first-hand data collected from WSB. Our model will calculate the sentiment of

each post i.e. if the emotion of the post is positive or negative. This data will be aggregated

daily so we can then research the possibility if sentiment can be used as a predictor for daily

stock returns.

By doing this, we hope to contribute to existing research, showing a new way to approach

stock movement prediction with sentiment analysis. The fundamentals of the model will be

explained in such a way that it can be built upon and optimized further, in an attempt to make

this research useful for future researchers using sentiment analysis.

Finally, the study will provide insight into the relationship between online communication

and trading patterns. Trading behavior has been studied extensively in the past, and continues

to be. The field of behavioral finance is changing as society does, we aspire to add new,

relevant, information to this field.
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Hypotheses
Our work has its foundation in two sets of null and alternative hypotheses. Firstly, we want to

explore whether or not our social media data and sentiment score calculated from it has any

predictive power for the returns of each of the ten companies.

1.

H₀: Social media data and sentiment data has no predictive power over returns.

Hₐ: Social media data and sentiment data has predictive power over returns.

The second set of hypotheses is set to test if there are differences between the predictive

power of our data on meme stocks and non-meme stocks.

2.

H₀: There is no difference in using social media data and sentiment analysis as predictors on

meme stocks vs. non-meme stocks

Hₐ: There is a difference in using social media data and sentiment analysis as predictors on

meme stocks vs. non-meme stocks
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Theory
Sentiment analysis
Sentiment analysis is the emotional analysis of written or spoken text. Earlier research uses

varying techniques to approach sentiment analysis, with the two basic ones being a symbolic

technique, or a machine learning technique (Neethu and Rajasree, 2013). Machine learning in

this case, refers to a program that is trained on a training sample of text using a form of A.I.

to understand the sentiment and context of words. A dictionary or a bag-of-words is used to

classify individual words as positive or negative. The technique referred to as symbolic by

Neethu and Rajasree (2013) is also called the bag-of-words technique by academics, and will

also be the terminology we use. One approach is to use a bag-of-words and then aggregate all

the independent words´ sentiment scores into an overall sentiment (Turney, 2002). This

bag-of-words technique brings risks of falsely classifying the actual sentiment of statements,

due to it ignoring that words can have different meanings depending on the context.

The Harvard IV-4 Dictionary classifies words by putting them in various categories that can

be used for bag-of-words techniques . It is a widely used dictionary, used in many sentiment

analysis studies such as Tetlock (2007) and Tetlock et al. (2008). This dictionary is

considered the most general dictionary, as it is not made to fit the context of any specific

forum or setting. Li et al. (2014) show the relevance in using the Harvard IV-4 dictionary for

stock price prediction, giving us further reason for its inclusion in our study. Being general

can, however, lead to the misclassification of words in forums where words mean something

they otherwise do not. Loughran and McDonald (2011) research this problem by designing

new dictionaries specifically tailored for use in business settings. They employ a

bag-of-words technique to analyze 10-K filings to predict returns, seeing correlation between

their positive words and returns. Similarly to this we find correlations between what we find

to be positive words in Reddit posts to be correlated with higher daily returns. This similarity

strengthens the suggestion that sentiment from various sources have an effect on returns.

Since we use another type of data our research extends this idea to data to the subreddit WSB.

We use the dictionary they designed in our research as it should classify words in a financial

setting better than the Harvard IV-4 Dictionary. We do, however, still include the Harvard

IV-4 dictionary since not all words used on Reddit are traditionally used in financial settings,

and including both should lower the misclassification of sentiment rate.
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Loughran and Mcdonald (2011) advocate for researchers to be careful when using

bag-of-word techniques with dictionaries not specifically tailored for the purpose. Due to this,

we complement the aforementioned models with a dictionary of our own design, based on the

language used on WSB. This dictionary is available in Appendix 4.

Machine learning techniques can, to a greater extent than the bag-of-words techniques,

consider the contexts and relationships between words in a text. It does this by employing a

form of A.I. that learns the sentiment attached to words in different contexts from a training

sample. By training the sentiment analysis program on a training sample, it can then use its

prior knowledge from the training sample to classify the sentiment in a test sample. Studies

show that sentiment analysis using machine learning techniques, applied on social media

data, can have predictive power on stock returns (Kirlić et al., 2018 and Vu et al., 2012).

Kirlić et al. use VADER (Valence Aware Dictionary for sEntiment Rea-soning) as their

machine learning programme for their sentiment analysis. VADER is a “parsimonious

rule-based model” (Hutto and Gilbert, 2014, p. 216), developed for its sentiment analysis

applicability and trained on Twitter data. Its simplicity, and the fact that it is trained on social

media data, make it suitable for our study. Also, “VADER performed as well as (and in most

cases, better than) eleven other highly regarded sentiment analysis tools” (Hutto and Gilbert,

2014, p. 225), suggesting that it is a tool of high standard. The applicability of VADER and

its use in earlier studies, are good arguments for its inclusion in our model.

Antweiler and Frank (2001) used news from the Wall street Journal as a control, which we do

not do. This makes the interpretation of our results a little different. Since they controlled for

news in the Wall Street Journal, they saw the effect of posts separate from larger news. We

however do not control for this type of news which means that posts made in reaction to news

are included in our results. Arguments for both sides can be made, but since our research was

into the effect of social media data, and sentiment on WSB we did not control for it. This was

chosen since we are not researching where the sentiment came from, only if sentiment can be

used as a predictor. While Antweiler and Frank (2001) examines the economic effect of posts

on social media. In this case it is sound to control for news to get at the pure effect of the

posts.
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Efficient market hypothesis (EMH)
The EMH is a theory in financial economics stating that only new information can affect

prices on financial markets(Fama 1970). The theory was later split into three different forms

by Fama (1970) the weak form, the semi-strong form, and the strong form.

The weak form of the EMH states that investors can not predict future prices using historical

prices. This would mean that technical analysis of a stock would be meaningless and all

information of past prices are included in the current price of an asset.

The semi-strong form of the EMH states that all publicly available information is priced into

the current asset price. Meaning that not only technical analysis but also fundamental analysis

of stocks is useless. This is because the financial information used in fundamental analysis is

known to the public and is therefore already included in the price.

The strong form of the EMH states that not only publicly available information is included in

the stock price, but all information is included in the price. This would mean that investors

can not beat the market even if they have information not known to the public i.e private

information.

Since news should affect sentiment we can assume that news about a stock will affect the

sentiment of posts made on Reddit. This could explain if sentiment on Reddit has predictive

power over future returns.

Herd behaviour
Herd behavior is a theory commonly used in behavioral finance to explain why individuals in

a group tend to act the same without any centralized directions (Hotar, 2020). It is apparent

that herd behavior is prevalent in financial markets as investors often look to each other for

either advice or trying to find reassurance for their investments. (Bikhchandani and Sharma,

2000). Bikhchandani and Sharma (2000) also state that such behavior on financial markets is

not aligned with the EMH mentioned above as prices should not be driven by irrational

behavior. This means that if herd behavior on Reddit is affecting stock prices it would be a

source of market inefficiency.
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This theory helps us explore the reasons for why returns might be affected by sentiment, as

well as any possible differences between meme stocks and non-meme stocks. Since users

discussing meme stocks should exhibit stronger versions of herd behavior (Aloosh et al.,

2021) and it could also be a source of the sentiment in a post as opposed to new information.
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Method
Sentiment Analysis
Using datasets filtered for each of the stocks we start conducting the sentiment analysis

portion of our process. This step contains four different sentiment analysis methods, Hutto

and Gilbert (2014)s VADER (Valence Aware Dictionary and sEntiment Reasoner), the

Loughran and McDonald(2011) dictionary, the Harvard IV-4 dictionary and a dictionary of

our own construction. Using these we created 16 new data points for each post for the

different sentiment models as well as two dummies for if the models agreed on the negativity

or positivity of a posts text and title. Similar to the dummies for model agreement, we also

add the average sentiment score from our four sentiment models.. All scores were then

summarized in one file for each company to be aggregated and analyzed.

The scripts used to calculate the new variables were constructed using the VADER and

PySentiment2 modules for VADER (VADER), Loughran and McDonald dictionary

(PySentiment2) and Harvard's IV-4 dictionary (PySentiment2).3 For our own dictionary we

had to start from scratch without any help from python modules.

Firstly each post's title and text is analyzed by the VADER programme, assigning the neutral,

positive and negative scores returned by the programme to new variables. The scores returned

by the VADER module are in percentage form which is not in the same format as those given

by the PySentiment2 module used for Loughran and McDonald. So we normalize all scores

using the formula . Where P is the positive score and N is the negative score.(𝑃−𝑁)
(𝑃+𝑁)

A similar strategy is used for the Laughran and McDonald(2011) dictionary scores where

each posts text and title is analyzed. However this time four scores are returned for each post

however we only use the positive and negative score. The positive and negative score is in

this case just the number of positive and negative words in the title and text of the post. Since

this is not the same format as the VADER scores we normalize the scores using the same

formula as above ( ). In this case P is the number of positive words and N the number(𝑃−𝑁)
(𝑃+𝑁)

of negative words.

3 PySentiment2 is a module used to import the sentiment models into Python
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We also made use of the Harvard IV-4 dictionary. This dictionary works much the same as

Loughran and Mcdonald(2011)s dictionary since the scores are set up the same. The scores

are are again normalized using the same formula mentioned above ( ).(𝑃−𝑁)
(𝑃+𝑁)

Finally, we calculate the sentiment scores using our own dictionary, see Appendix 3 for the

complete dictionary. Using a self-created dictionary enables us to capture words and phrases

that have specific meanings in the Reddit community. The words and phrases in our list might

either not exist, or have totally different meanings in other dictionaries. We find it important

to include the terminology used on the platform to capture the intentions of its users, all

which could be left unrecognized by other dictionaries. It is used with a similar approach as

the other dictionaries, using the list of our positive and negative words in python and

counting their rate of occurrence in each post. The count of positive and negative words are

then returned as new data points similar to the Loughran and McDonald(2011) and the

Harvard IV-4 dictionary. As with the other scripts the scores where normalized to a value

between minus one and one using the same formula ( ), where P is the number of(𝑃−𝑁)
(𝑃+𝑁)

positive words and N is the number of negative words.
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Data
Stock Data
For all companies used in this research (see Appendix 1 and 2), we download daily stock

data, with daily volumes and the corresponding close prices from Yahoo Finance.

Social Media Data
We gather all Reddit posts made on WSB from the first of January 2020 through the end of

March 2022 using an API4 see Data Gathering and filtering on page 16. The API allowed us

to get data on each post made during our time frame. For each post we receive: the score

(number of likes on the post), number of comments, author's username, crossposts, upvote

ratio, its title, text, and the date and time when the post was made.5 For descriptions of each

datapoint see Appendix 3.

Since we have Reddit data for non-trading days, we add all the dates in our time period to the

stock data files to later sum the social media data from closed days to the next trading day.

We decided on this method since the interactions between users over the weekend should

build up over the weekend until the stock market opens on Monday morning when investors

can execute trades based on these opinions.

Sentiment Scores
At the core of our research is sentiment analysis data on all of the posts in our data set. We

use four sentiment analysis models, Loughran and McDonalds (2011)s financial dictionary,

Harvard's IV-4 dictionary and Hutto and Gilbert (2014)s VADER (Valence Aware Dictionary

and sEntiment Reasoner), as well as our self-created dictionary to extract sentiment for each

post's text and title. This data is used to draw conclusions about each user's emotions and, in

turn, their effect on the financial market.

5 Crosspost = Number of shares,  Upvote ratio = ratio between upvotes and downvotes

4 API is an abbreviation for application programming interface and is a programme that connects computers together allowing data to be
transfered
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Data gathering and filtering
We first gather every single post made on WSB from the start of 2020 to the end of march

2022. We then have a table with all the posts and data mentioned in the section on Social

Media Data which we exported to a spreadsheet. This first dataset is our largest as it contains

all the posts and we had not yet applied any filters to it. For 2022 we have 218 183 posts, for

2021 we have 1 175 871 posts and for 2020 we have 103 985 posts.

Figure 3: Posts per day made on WallStreetBets

We then filter the data to only focus on the firms that are in our treatment and control groups.

This was again achieved with a Python script that goes through each post looking in its text

and title for the ticker6 and the company name of each company, creating a new data set file

for each firm. We choose this method since it is common practice for users on WSB to refer

to firms using their ticker. However, since some posts are still made using the company name,

we include posts that use the company name as well, in our filter. This process is repeated for

all companies, giving us ten separate files with varying sizes, depending on the popularity of

the company.

6 A ticker is an abbreviation used to uniquely identify publicly traded companies stocks
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Figure 4: Posts per company after filtering

The difference in the amount of posts could lead to some issues. In Figure 4, we can clearly

see that the non-meme stock IMAX has the least amount of posts in our sample. This means

that we have to extrapolate more data for IMAX than for example GME that has the most

amount of posts. This extrapolation decreases the accuracy of the data. It also decreases the

accuracy of our estimated coefficients. This could be solved by having a larger dataset but

since we are limited to one subreddit during a rather short time period this was all we could

gather. A larger study in the future could increase the time period or increase the sources

from where data is gathered such as Twitter.

For each of our data files containing Reddit posts we aggregate the data to a daily level to

match the closing prices of each stock. To be able to accurately draw conclusions using daily

data, the cutoff for each day is set at 4:00 p.m. ET7 since that is when the NYSE (New York

Stock Exchange) and Nasdaq stock exchanges close. And it is on these markets that all the

stocks in our sample are traded. Any posts made after that point could not affect that day's

close price. Ignoring after hours trading, a post made after 4:00 p.m. ET could only affect the

next day's prices. In order to achieve Reddit data with dates that correspond to the right close

price date, we add eight hours to each post's time of posting. This changes the date of any

post made after 4:00 p.m. ET to the date of the following day, while any post made before

4:00 p.m. ET will stay on the same day.

7 Eastern time (UTC - 05:00)
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During aggregation we average most data points for the given day as this gives us an idea of

the general sentiment of the entire subreddit for a given stock for each day. A similar issue to

the stock markets closing at 4:00 p.m ET, is non-trading days. We solve this by attributing the

posts made on any non-trading day to the next trading day. For instance, in the case of

weekends when the stock markets are closed, the sentiment scores from Saturday and Sunday

are attributed to Monday when the markets are open again. The same principle applies to

holidays. Holidays’ data are moved to the next trading day as well. However, we do not fix

posts for the few half-trading days in our dataset as it came up late in the process.

Imputing missing data by extrapolation
An issue detected early in our data, is that there are days when some stocks are not being

mentioned in any posts. Meaning that there were days in our data set where the sentiment

scores cannot be computed. This is an issue since while no posts were made to express any

sentiment, the sentiment still exists and was simply not expressed. A missing sentiment score

does not imply that the sentiment is completely neutral, which a sentiment score of zero

would indicate in our dataset. However, even though no posts were made, the sentiment could

change or remain unchanged which we can not observe. So, with the assumption that

sentiment scores are persistent, we extrapolate data from the last day with posts to the day

with missing sentiment data. An example of this would be if a Tuesday had no posts, and

therefore, no sentiment score. Then, if the previous day (Monday) does have posts, we would

extrapolate the scores from the Monday, to the Tuesday.
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Results & Discussion

OLS regressions
In all regressions we use the daily logreturns as the dependent variable we do, however, vary

the explanatory variables. This is done to increase the amount of extractable information from

the data, increasing our potential of drawing interesting conclusions from the results.

Regression 1 will be our simplest model and every regression after that will increase the

amount of variables and therefore the complexity of the model. Regression 3 will be our base

model. We extend the model by adding social media and sentiment data, which are our

variables of interest, used to draw conclusions relating to our null hypotheses.

Regression 1

The first regression is run to control for trends in returns with the daily returns as the

dependent variable and the daily returns lagged by one day as the explanatory variable. The

lagged returns will also be included in all other regressions as to catch any trends in the price

of a stock. This autoregressive model should have a coefficient close to zero as according to

the efficient markets hypothesis, past prices should not contain any information or predicttíve

power on future prices.

𝑙𝑜𝑔𝑟𝑒𝑡𝑢𝑟𝑛𝑠 =  β
0

+ β
1

· 𝑅𝑒𝑡𝑢𝑟𝑛𝑠𝑀𝑖𝑛𝑢𝑠1 + ε

where, varepsilon~NID(0,sigma^2) and residuals that are not correlated and with constant variance

Regression 2

The second regression adds the value of the S&P 500 index lagged by one day. Including the

lagged index removes any market wide trends. This allows us to make our analyses knowing

that the effects seen, come from the variable of interest.

𝑙𝑜𝑔𝑟𝑒𝑡𝑢𝑟𝑛𝑠 =  β
0

+ β
1

· 𝑅𝑒𝑡𝑢𝑟𝑛𝑠𝑀𝑖𝑛𝑢𝑠1 + β
2

· 𝐼𝑛𝑑𝑒𝑥𝑀𝑖𝑛𝑢𝑠1 + ε

where, varepsilon~NID(0,sigma^2) and residuals that are not correlated and with constant variance
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Regression 3

The third regression includes the average return from the last 5 days, again to cancel out any

trends in the returns. This can be seen as our base model, all other models will be added to

test our hypotheses.

𝑙𝑜𝑔𝑟𝑒𝑡𝑢𝑟𝑛𝑠 =  β
0

+ β
1

· 𝑅𝑒𝑡𝑢𝑟𝑛𝑠𝑀𝑖𝑛𝑢𝑠1 + β
2

· 𝐼𝑛𝑑𝑒𝑥𝑀𝑖𝑛𝑢𝑠1 + β
3

· 5𝑑𝑎𝑦𝐴𝑣𝑟𝑅𝑒𝑡𝑢𝑟𝑛 + ε

where, varepsilon~NID(0,sigma^2) and residuals that are not correlated and with constant variance

Regression 4

The fourth regression introduces data collected from Reddit. We add the sum of scores and

comments for each day, as well as the amount of posts for each day. These data points do not

concern the sentiment of each post, which means they can not be used for any conclusions

regarding sentiment analysis. What they do show, is the activity on the subreddit for each day

which could be correlated with returns. In any case it will be useful in conjunction with

sentiment scores in the following regressions to see if there is a lot of positive or negative

activity for each day. Without any subreddit activity data these regressions would value a day

with one positive post and a day with a lot of positive posts the same which we want to avoid.

Sum of scores and sum of comments will help us test our first null hypothesis and see if

social media data can be used to predict returns.

𝑙𝑜𝑔𝑟𝑒𝑡𝑢𝑟𝑛𝑠  =    β
0

+ β
1

· 𝑅𝑒𝑡𝑢𝑟𝑛𝑠𝑀𝑖𝑛𝑢𝑠1 + β
2

· 𝐼𝑛𝑑𝑒𝑥𝑀𝑖𝑛𝑢𝑠1 + β
3

· 5𝑑𝑎𝑦𝐴𝑣𝑟𝑅𝑒𝑡𝑢𝑟𝑛 + β
4

· 𝑆𝑢𝑚_𝑆𝑐𝑜𝑟𝑒  

+ β
5

· 𝑆𝑢𝑚_𝐶𝑜𝑚𝑚𝑒𝑛𝑡𝑠 + ε

where, varepsilon~NID(0,sigma^2) and residuals that are not correlated and with constant variance

Regression 5

In the fifth regression we use the earlier used variables as well as two dummies as the

explanatory variables. The first dummy takes the value one if all sentiment analysis models

agree that a post has a positive sentiment, so scores above zero for all models. And the

second dummy takes the value one if all sentiment models agree that the post had a negative

sentiment, i.e. when all scores are below zero. We hypothesize that a post that receives

sentiment scores above zero from all models, should be more likely to have an actual positive

sentiment, compared to a post where the models disagree. Meaning that this regression could
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show higher coefficients, since agreeing models should intuitively be a stronger positive

signal, than disagreeing models.

We choose this type of hybrid model that uses all sentiment scores, since separate regressions

for each of the sentiment scores (including score, comment and post data), showed that no

individual model was best suited for this analysis (see Appendix 6). Each of the models has

its positive and negative attributes depending on stock and model. To include the benefits of

all models, we choose a hybrid model including all sentiment scores. We expected this would

be the case, since the models value the same words differently, and the language used, often

varies when discussing different stocks. This model will also provide evidence towards the

test of our first null hypothesis. As the dummies for model agreement ended up statistically

significant, this model supplies suggestive evidence that sentiment data can be used as a

predictor for returns.

𝑙𝑜𝑔𝑟𝑒𝑡𝑢𝑟𝑛𝑠  =    β
0

+ β
1

· 𝑅𝑒𝑡𝑢𝑟𝑛𝑠𝑀𝑖𝑛𝑢𝑠1 + β
2

· 𝐼𝑛𝑑𝑒𝑥𝑀𝑖𝑛𝑢𝑠1 + β
3

· 5𝑑𝑎𝑦𝐴𝑣𝑟𝑅𝑒𝑡𝑢𝑟𝑛 + β
4

· 𝑆𝑢𝑚_𝑆𝑐𝑜𝑟𝑒  

+ β
5

· 𝑆𝑢𝑚_𝐶𝑜𝑚𝑚𝑒𝑛𝑡𝑠 + β
6

· 𝐴𝑔𝑟𝑒𝑒_𝑃𝑜𝑠𝑖𝑡𝑖𝑣𝑒 +  β
7

· 𝐴𝑔𝑟𝑒𝑒_𝑁𝑒𝑔𝑎𝑡𝑖𝑣𝑒 + ε

where, varepsilon~NID(0,sigma^2) and residuals that are not correlated and with constant variance

Regression 6

The earlier model includes the sentiment scores of the posts, but in a binary fashion. Meaning

that there was no difference between a post that was slightly positive for all sentiment

analysis methods and one that was very positive. Because of this we add the average

sentiment score and the average standard deviation of the sentiment scores to the sixth

regression. The average sentiment score is based on the same hybrid model as the positive

and negative dummies. However, it also shows how positive or negative a post is possibly

providing more information to the model.

The average standard deviation is also included, since days with positive sentiment combined

with low average standard deviation should be more telling than days that are equally positive

but with higher spreads. These two variables are included to supply more information and

possibly suggestive evidence to test our first null hypothesis.
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𝑙𝑜𝑔𝑟𝑒𝑡𝑢𝑟𝑛𝑠  =    β
0

+ β
1

· 𝑅𝑒𝑡𝑢𝑟𝑛𝑠𝑀𝑖𝑛𝑢𝑠1 + β
2

· 𝐼𝑛𝑑𝑒𝑥𝑀𝑖𝑛𝑢𝑠1 + β
3

· 5𝑑𝑎𝑦𝐴𝑣𝑟𝑅𝑒𝑡𝑢𝑟𝑛 + β
4

· 𝑆𝑢𝑚_𝑆𝑐𝑜𝑟𝑒  

+ β
5

· 𝑆𝑢𝑚_𝐶𝑜𝑚𝑚𝑒𝑛𝑡𝑠 + β
6

· 𝐴𝑔𝑟𝑒𝑒_𝑃𝑜𝑠𝑖𝑡𝑖𝑣𝑒 +  β
7

· 𝐴𝑔𝑟𝑒𝑒_𝑁𝑒𝑔𝑎𝑡𝑖𝑣𝑒 + β
8

· 𝐴𝑣𝑟_𝑆𝑒𝑛𝑡𝑖𝑚𝑒𝑛𝑡_𝑆𝑐𝑜𝑟𝑒

+ β
9

· 𝐴𝑣𝑟_𝑆𝑡𝑑𝐷𝑒𝑣 + ε
where, varepsilon~NID(0,sigma^2) and residuals that are not correlated and with constant variance

Regression 7

In the seventh regression we add two interaction variables between the post data and the

sentiment data. One variable for the sum of scores multiplied with the average sentiment

score, and one for the sum of comments multiplied with the average sentiment score. This is

done because it is intuitive that there should be a synergistic effect between a day´s sentiment

and subreddit-activity. For example, assuming sentiment has any effect on returns, a

positivesentiment day should have a stronger effect on returns if there was a lot of

subreddit-activity on the same day relative to a day with less subreddit-activity. These final

variables of interest  provide the final test of our first null hypothesis.

𝑙𝑜𝑔𝑟𝑒𝑡𝑢𝑟𝑛𝑠 =  β
0

+ β
1

· 𝑅𝑒𝑡𝑢𝑟𝑛𝑠𝑀𝑖𝑛𝑢𝑠1 + β
2

· 𝐼𝑛𝑑𝑒𝑥𝑀𝑖𝑛𝑢𝑠1 + β
3

· 5𝑑𝑎𝑦𝐴𝑣𝑟𝑅𝑒𝑡𝑢𝑟𝑛 + β
4

· 𝑆𝑢𝑚_𝑆𝑐𝑜𝑟𝑒  

+ β
5

· 𝑆𝑢𝑚_𝐶𝑜𝑚𝑚𝑒𝑛𝑡𝑠 + β
6

· 𝐴𝑔𝑟𝑒𝑒_𝑃𝑜𝑠𝑖𝑡𝑖𝑣𝑒 +  β
7

· 𝐴𝑔𝑟𝑒𝑒_𝑁𝑒𝑔𝑎𝑡𝑖𝑣𝑒 + β
8

· 𝐴𝑣𝑟_𝑆𝑒𝑛𝑡𝑖𝑚𝑒𝑛𝑡_𝑆𝑐𝑜𝑟𝑒

+ β
9

· 𝐴𝑣𝑟_𝑆𝑡𝑑𝐷𝑒𝑣 + β
10

· 𝑆𝑒𝑛𝑡𝑖𝑚𝑒𝑛𝑡𝑥𝑆𝑐𝑜𝑟𝑒 + β
11

𝑆𝑒𝑛𝑡𝑖𝑚𝑒𝑛𝑡𝑥𝐶𝑜𝑚𝑚𝑒𝑛𝑡𝑠 + ε
where, varepsilon~NID(0,sigma^2) and residuals that are not correlated and with constant variance

Seven separate regressions for each of our ten companies gives us our first set of results. We

mainly focus on analyzing the variables based on the social media and sentiment data in our

OLS regressions. The returns lagged by one day, S&P500 lagged by one day and average

returns of the last five days were only included to remove larger market trends of returns.

They will not be the main focus from this point onwards.

Our results are displayed in one table per company with the coefficients of each model. The

respective p-values for these coefficients are indicated by the stars under each coefficient.

One star indicates a p-value of less than 0.1, two stars indicate a p-value of less than 0.05 and

three stars indicate a p-value of less than 0.01. Only one of these tables will be shown in this

chapter, with the results regarding the other companies, only being summarized. All tables

with regression results can be found in Appendix 5.
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The individual regressions for the ten companies showed varying levels of significance. Out

of the ten companies, GME shows the greatest quantity of significant coefficients. GME

however, is an outlier in our regressions: most other companies have fewer significant

coefficients for variables of interest. We display GME’s coefficients and p-values in Table 1.

Coefficients

GME 1 2 3 4 5 6 7

ReturnsMinus1 0,01326 0,013250 0,0166719 -0,0876819
**

-0,1060688
**

-0,1060797
**

-0,2197616
***

IndexMinus1 -0,000002 -0,0000022 -0,0000011 -0,0000072 -0,0000056 -0,0000058

5day_Avr_Returns -0,0157865 0,5310729
***

0,4269808
***

0,4306022
***

0,5189375
***

Sum_Score -0,0000004
***

-0,0000002
***

-0,0000002
***

-0,0000016
***

Sum_Comments 0,0000007
***

0,0000006
***

0,0000006
***

0,0000055
***

Count_Posts -0,0000276
***

-0,0000526
***

-0,0000530
***

-0,0000620
***

Agree_Positive 0,0044393
***

0,0044667
***

0,0068133
***

Agree_Negative -0,0085657
***

-0,0085719
***

-0,0130749
***

Avr_Sentiment_Score -0,0056321 0,0024450

Avr_StdDev -0,0074129 0,0003113

SentimentxComments -0,0000734
***

SentimentxScore 0,0000204
***

Constant 0,00613 0,014592 0,0306953 -0,5196551
***

-0,4019191
***

-0,4088157
***

-0,4974267
***

Table 1: Coefficients for GME regressions
*=P<0.1, **=P<0.05, ***=P<0.01
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In the regressions for the meme stock returns, we mainly see significance of four variables,

the daily sum of comments, the daily sum of post score, the all positive dummy, and the all

negative dummy.8 We find that for each set of regressions, these variables have p-values

below 0.05 for at least one of these variables. For both daily sum of comments and daily sum

of post score, we see coefficients indicating that the average effects are relatively low. For

example, the daily sum of scores had an average effect of 0.01% on daily GME returns in our

sample.9

The coefficients for the daily sum of comments are generally negative for the meme stocks

and, therefore, have a negative correlation with returns. One reason for this could be that a

piece of bad news leads to more discussion on WSB so posts with alot of comments could be

discussing the bad news on days of negative returns. However, there are some regressions,

such as for TSLA, where we see positive coefficients for daily sum of comments. If posters

have different habits on what to comment on and how much they comment depending on the

stock it could be an explanation for the varying coefficients between the stocks. We can see in

our dataset that this seems to be the case as TSLA has a statistically different mean score than

GME according to a t-test. Meaning that users generally comment more on posts about GME

than TSLA and showing that users have differing habits on what to comment on depending

on stock.

The results from the OLS regressions are much the same for the daily sum of score where we

also see relatively low mean effects compared to other variables such as the two variables for

sentiment model agreement. However, for these regressions, the coefficients are generally

positive. BABA had the highest coefficient of 0.0000164 for the daily sum of score with an

average effect of 0.05%, indicating that the economic effect of this variable is relatively low

in our sample. Both the daily sum of score and sum of comments do, however, give some

evidence related to social media data having predictive power over returns, even if their

effects are limited.

The two variables for model agreement have p-values below 0.05 for all meme stocks, except

for TSLA where there is no significance. The variable for agreement on positive sentiment

has positive coefficients for all models where it is significant. This positive coefficient shows

9 Sum_Score coefficient multiplied by the average score for posts that mention GameStop or GME

8 Sum_Comments, Sum_Score, Agree_Positive and Agree_Negative
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the correlation that positive sentiment has with positive returns for these meme stocks.

Evidence directly related to testing our first null hypothesis. The variable for agreement on

negative sentiment has a negative coefficient for all models where it is statistically

significant. The evidence from both model agreement variables suggests that sentiment data

can be used as predictors for meme stock returns directly relating to our first null hypothesis.

It also suggests that TSLA might not be a meme stock as we see significant variables for all

stocks in this group except for TSLA. We further explore this in panel regressions in the next

section.

For GME, we also see some significance at the 95% level for the interaction variables

between sentiment and comments, and the interaction variable between sentiment and score.

For AMC, we further see that the average standard deviation is significant. However, these

three variables are not significant for any other meme stocks. The interaction variables

capture any synergistic effect between sentiment and the social media metrics. However, this

result suggests that there is no such effect for most of our meme stocks. The same can be said

about the daily average standard deviation of our sentiment scores, as it is only significant for

one meme stock. That the average standard deviation of sentiment scores being insignificant

suggests that it does not matter if all posts are positive in a day or if there is a big spread in

sentiment. Apart from the aforementioned variables in this section, we also see some mixed

significance for the lagged return, lagged index and average returns from the last five days.

However, these are only included to catch market and stock trends to draw conclusions from

our variables of interest and do not directly relate to our null hypotheses.

The correlation between social media sentiment and future returns suggests that there is either

coordination or herd behavior happening between users on WSB. The sentiment of posts

could be affecting how users perceive a stock, and how they act. The reason for this effect

could be herd behavior that makes people inclined to act, and in this case invest as others do.

The other case is that users actively coordinate their investments to target certain stocks. This

view is supported by evidence in our data, where there is a selection of posts actively

encouraging users to buy GME stock leading up to the short squeeze in the beginning of

2021. A combination of these reasons can be the reason for the correlation seen between

sentiment data and future returns.
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For the non-meme stocks we generally see fewer significant variables at the 95% significance

level. The only stock with a similar number of significant variables to the meme stocks is

IMAX. In the IMAX regressions, we see that the sum of scores is significant with a positive

coefficient, meaning that the sum of scores are positively correlated with the returns of

IMAX in our sample. The dummies for model agreement are also significant for IMAX, both

dummies having negative coefficients. These results somewhat contradict what we see in the

meme stock regressions, as the IMAX regressions show negative, instead of positive

coefficients for positive model agreement. Intuitively, these results make less sense as a

positive investor sentiment should lead to positive returns. We discuss possible reasons for

the possibility of misleading results from IMAX in our Data section. Apart from these

variables in the IMAX regressions, we see no significance for social media and sentiment

data, for the non-meme stocks.

Social media and
sentiment variables

Other variables

Meme stocks 44 29
Non-Meme stocks 11 22

Table 3: Number of significant variables where “Other Variables” represent the variables ReturnsMinus1, IndexMinus1 and
5day_Avr_Returns, and “Social Media and sentiment variables” represents the remaining variables

It can be seen in Table 3 that meme stocks have the highest number of significant social

media and sentiment variables. The only non-meme stock with a higher than average number

of significant variables is IMAX. For the meme stocks the only stock with a lower than

average number of significant social media and sentiment variables is TSLA. This table

shows a trend where meme stocks tend to have more significant variables for the sentiment

and social media variables. A trend that relates to our second null hypothesis concerning the

differences in sentiment analysis of meme stocks and non-meme stocks. It would also suggest

that there is no herd behavior or coordination between users for the non-meme stocks as the

sentiment data is not correlated with their returns. This trend is further explored via our panel

regressions.
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Panel regressions
After the initial seven regressions we see differences between the coefficients and p-values of

the different stocks. Most of this difference could be seen between the meme stocks and the

non-meme stocks. To statistically test this difference, we run panel regressions. Before the

panel regressions, we add a dummy for the stocks that are considered meme stocks where the

dummy takes on the value one for the meme stocks. We then merge all data sets to create

panel data for each of the stocks with the dates as the time variable.

The seven OLS regressions are repeated with the panel data, adding interaction variables

created using the meme dummy. An interaction variable was created for each of the social

media variables (Sum_Score, Sum_Comments and Count_Post). This is also done for each of

the sentiment analysis variables (Avr_Sentiment_Score and Avr_StdDev). The interaction

variables are defined as the meme dummy, multiplied with each variable. The interaction

variables are then added into the regressions where the original variable was used. For

example, the interaction variable between the meme dummy and the daily sum of scores was

added to all regressions where the daily sum of scores was used. These interaction variables

show the additional effect that each variable of interest has on meme stocks relative to the

effect on non-meme stocks. We do this to test our second null hypothesis. The statistically

significant interaction variables provide some evidence suggesting that there is a difference

when using sentiment analysis and social media data to predict returns of meme stocks and

non-meme stocks.

For each regression, we cluster the standard errors on stock level, since the residuals will

likely be correlated within each firm. We run Hausman tests (Hausman, 1978) to see if we

should use random or fixed effects. This resulted in using random effects for the panel

regressions. The seven panel regressions are run, to give insight into the statistical differences

between meme stocks and non-meme stocks in our sample.

In Table 2, the coefficients and p-values from the panel regressions are reported. As for the

OLS regressions, one star indicates a p-value of less than 0.1, two stars indicate a p-value less

than 0.05, and three stars indicate a p-value less than 0.01.
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Coefficients

1 2 3 4 5 6 7

ReturnsMinus1 -0,0533946 -0,0532861 -0,0510762 -0,0779104
***

-0,0837018
***

-0,0835833
***

-0,0970505
***

IndexMinus1 -0,0000015
**

-0,0000015
**

-0,0000013
**

-0,0000026
***

-0,0000032
***

-0,0000029
***

5day_Avr_Returns -0,0104849 0,3452001
***

0,3148902
***

0,3121173
***

0,3243251
***

Sum_Score 0,0000000 0,0000000 0,0000000 -0,0000004

Sum_Comments 0,0000000
***

0,0000000
***

0,0000000
***

0,0000015

Count_Posts -0,0000003 -0,0000001 0,0000004 -0,0000035

memexScore -0,0000004
***

-0,0000002
***

-0,00000018
***

-0,0000002
***

memexComments 0,0000011
***

0,0000007
***

0,0000007
***

0,0000007
***

memexCount_Post -0,0000381
***

-0,0000669
***

-0,0000667
***

-0,0000646
***

Agree_Positive -0,0000827 -0,0001050 0,0004200

Agree_Negative 0,0002522 0,0002115 -0,0002107

memexAgree_Positive 0,0034931
***

0,0034911
***

0,0035125
***

memexAgree_Negative -0,0039130
***

-0,0039628
***

-0,0046373
**

Avr_Sentiment_Score 0,0094749
***

0,0107711
***

Avr_StdDev 0,0026836 0,0038654

memexAvr_Sentiment_Score -0,0144307
***

-0,0146814
***

memexAvr_StdDev 0,0056031
***

0,0048025

SentimentxComments -0,0000226

SentimentxScore 0,0000069

Constant 0,0013991
***

0,0070508
***

0,0175860
***

0,0000011
***

-0,3052557
***

-0,3021036
***

-0,3154007
***

Table 2: Panel regression results
*=P<0.1, **=P<0.05, ***=P<0.01

Table 2 shows that all but one (memexAvr_StdDev in model 7) interaction variable is

significant. This suggests that there is a difference in using social media data and sentiment

analysis when predicting returns on meme stocks and non-meme stocks.
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Interestingly, the variables of interest are mostly not significant, except for the average

sentiment score and the daily sum of post score. This suggests that most of our variables have

no predictive power over daily returns in our sample when all companies are included in the

regresion, further showing the difference between meme stocks and non-meme stocks, as this

was not the case in the OLS regressions.
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Further Discussion
Individual regressions
Our OLS regressions show varying results. However, there are some models showing

predictive power over returns at the 95% significance level. This means that the social media

and sentiment data can be used to predict returns on some of the companies in our sample.

The evidence in our sample is mixed in regards to our first null hypothesis, H₀: Social media

data and sentiment data has no predictive power over returns. For some companies, like

GME, the evidence suggests that sentiment analysis and social media data can be used as

predictors for returns, while the opposite is true for other stocks. Because of this mixed result

we can not fully reject our first null hypothesis.

There is an apparent trend in our results, showing that meme stocks generally have more

significant variables than the non-meme stocks in our sample. The exceptions to this trend

being TSLA for the meme stocks and IMAX for the non-meme stocks. There are also

differences in the same models between the company sub samples. There are a multitude of

reasons for why this could be, both for the varying results and the two outliers. The varying

results could stem from general stock differences such as market capitalization, industry or

the amount of data per company.

Differences in market capitalization could be affecting the results. We argue that this is

probably where the difference between TSLA and the other meme stocks in our sample

originate from. Since there is a notable difference between the market capitalization of meme

stocks, with TSLA having the largest market capitalization. This difference could indicate

that the type of investor that posts on WSB, and also those who share their sentiment, who

are often investors with smaller amounts of capital and not institutional traders, have less of

an effect on the stock price. Whereas with a smaller stock like AMC, their limited capital can

have a larger effect.

There are also differences in the social media data sub samples for the different companies.

For some companies, this difference is definitely there, as users on WSB do not talk about the

companies in our sample to the same extent. Figure 4 shows the number of posts for each of

the companies in our sample on the WSB subreddit.
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Figure 4: Posts per company

Panel regressions
We see from our panel regressions that there were differences in the effect of social media

data and sentiment analysis. This was revealed as almost all interaction variables using the

dummy for if a stock was a meme stock or not came back significant. This means that there is

significant evidence suggesting the rejection of our second null hypothesis, H₀: There is no

difference in using social media data and sentiment analysis as predictors on meme stocks vs.

other stocks, with our models and sample. This result is especially interesting for further

research as it shows a need for sentiment analysis models to take into account if the stock that

is analyzed is a meme stock or not. It is important to underline that this is the result we got

with our sample and variables is only suggestive of a difference between meme stocks and

non-meme stocks in a sentiment analysis perspective.

However, as we mentioned in the OLS regression discussion, there are arguments for adding

more, or switching out variables in our models. There are, however, problems when adding

too many variables such as multicollinearity and decreasing statistical power. Also, according

to Pearl and Verma (1992), adding more variables can actually make models worse.

A reason for the difference between meme stocks and non-meme stocks could lie in a lack of

data for non-meme stocks. It is possible that a larger data set, more balanced between the

companies, could reveal a more generalized model for returns using the same or other
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variables. We see this as a possibility, since we have less observations for non-meme stocks,

as shown in Table 3. This is a symptom of our time constriction, as a larger data set would

take more time to both gather and analyze and was unfortunately outside of what is feasible

due to the time constriction of this study. This will, as previously discussed, be an issue for

future researchers.

There could be differences in the word choices in posts referencing different companies, as

the culture surrounding the firms differ, which could be another reason for the difference. For

example, it is not the same type of investor that invests in AMZN as the user that invests in

GME. These two investors are unlikely to invest in the same way and could use differing

language when posting about their respective investments. Since we are using the same

sentiment analysis models on both types of language choices, it is likely that the sentiment

scores would have different levels of corrality with returns. If this is true, it could mean that

there is no simple way to make a generalized model for returns using sentiment analysis on

WSB. This is an argument to make more specified dictionaries or machine learning models

more suited for this task. If possible, there is even an argument to make the sentiment

analysis aware of what stock the post is about and from that, weigh certain words differently.

Herd behavior or Efficient Market Hypothesis
It is hard to know why there is a correlation between the posts in our dataset, and the returns

of the stocks in our sample. We see three possibilities, either the sentiment on WSB is a

proxy for new information and a more general market sentiment and therefore has predictive

power over returns. It could also be that the posts themselves make users more or less likely

to invest, depending on the sentiment. It could also be a combination of both.

The WSB sentiment we observe could simply reflect news and the general sentiment

regarding that news. This would mean that it is not the sentiment itself that drives returns, but

instead, new information. This is a real possibility, as many posts on WSB are referencing

recent events related to stocks they are interested in. This would be in line with the EMH.

If this is not the reason, it could be the posts themselves driving returns. In this case, only the

weak form of the EMH could hold, as no new information would be needed. If it is the posts

that are driving returns, it opens up the discussion of why the posts are affecting investors
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decisions. An alternative could be that investors use WSB as a platform for coordinating

investments. There is some supporting data for this hypothesis, as the majority of posts about

GME leading up to the short squeeze in the beginning of 2021, urge other users to join them

in buying the stock. As previously mentioned, it is most likely that it is a combination

affecting prices and returns.

Limitations
We focus on raw-data collected from WSB. Since the internet contains virtually unlimited

amounts of data, the research had to be narrowed down to just look at portions of it. Deciding

what data to include in the study, and what to exclude, came down to three main factors:

relevance, availability and how much time is needed to process it. Forums such as Twitter

were discussed as possibly relevant data sources, but in the case of Twitter particularly,

relevant data couldn't be accessed at the time of the study. Collecting data from too many

forums brought concerns of not being able to complete the study in time. This trade-off

between time availability and data inclusion, was the main reason for choosing to focus on

WSB uniquely.

Furthermore, there is only a small selection of stocks that can be considered meme stocks,

and even fewer that can be considered as such without debate. With this in mind, five

well-known meme stocks were chosen as the treatment group for the study. This number

captures the most recognized meme stocks without excluding any ones with critical relevance

for the study. Next, five non-meme stocks were chosen as a control group. These five are

well-known companies operating in an industry similar to its “meme stock counterpart”.

Similar industries are chosen to get two portfolios of stocks that generally would have

somewhat matching characteristics, except for the meme characteristic. To further increase

comparability, the study only includes stocks listed on American stock exchanges. This is the

country where most meme stocks are listed, and where the definition originated. It also gives

the S&P 500 index more relevance, as a variable in our models.

Considering that the term “meme stocks” was pretty much unheard of before 2020, there was

little reason to include any data preceding that year. For this reason, the chosen time frame of

1st Jan 2020 through the end of March 2022, is a relevant time frame. The starting date was
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chosen since 2020 was the year that meme stocks became popular, and the end of the period

was chosen because that's when the data collection process started.

Possible weaknesses in our research
We combine multiple sentiment scores into one model to compensate for the fact the models

often disagree with each other. However, the largest improvement that can be made to our

data and models would be to design an entirely new dictionary and sentiment analysis model

specifically made for the purpose of analyzing WSB. In Loughran and McDonald (2011), the

authors suggest that the use of non-business models should be avoided in financial analysis,

since it “can lead to a high misclassification rate and spurious correlation” (Loughran and

McDonald, 2011, pp. 62). Related to this, is the difficulty of catching sarcasm and jokes in

such simple sentiment analysis models used in this thesis. Because of this, it is probable that

some posts in our data set have been assigned a faulty sentiment score. We try to mitigate this

by using our hybrid model, however, there will still be some misclassification.

While we use a large amount of data in our research for this paper, our data set is heavily

weighted towards a few companies. This was not an active choice, but instead due to how

many people post about different stocks, since we used every post on WSB during our time

frame. It makes it harder to draw conclusions for the companies that have less data. Another

issue is that we only gather posts from one source. With more than one source, we would be

able to draw more general conclusions. A solution to both of these issues would be to bring in

a new data source. This would make broader conclusions possible, as well as diversifying the

users and increasing the activity concerning a certain stock, hopefully balancing the data set.

Another possibility is to expand the data from known meme stocks, and add more non-meme

stocks where retail investors do a considerable amount of trading. This option would also

open up the possibility of defining new stocks as meme stocks if they exhibit similar

differences to non-meme stocks, as the meme stocks do in our results. Adding more

non-meme stocks would also solve the issue of not having enough data to draw conclusions.

It can be argued that we have chosen a quite short time period. Which is true, but due to the

subject we have chosen it was not possible to make it that much longer. Meme stocks are a

new phenomenon and there is, unfortunately, not enough historical data to extend the time

frame much further.
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Conclusion
With our research we can conclude that data of activity and sentiment on WSB can be used as

predictors for returns of some stocks in our sample. Our results vary between stocks and

models, suggesting either that our data is imbalanced or insufficient. The panel regressions

showed statistically significant evidence that there is a difference when using social media

data and sentiment analysis on non-meme stocks and meme stocks. Both results contribute to

the research area, furthering our understanding of where sentiment analysis can be

implemented and how it should be used when analyzing meme stocks.

There is some need for further research, more data and more variables to get a better

understanding of the subject, and reach better models for predicting returns using this type of

data. In addition, we would argue that the ideal situation would be to design a new dictionary

specifically designed with Reddit culture in mind, in line with the recommendations made in

Loughran and McDonald (2011). While we made a complementary dictionary of 50 words to

capture some of the words not included in the other methods, this new dictionary would have

to be larger.

There is some future research to be done for the difference between meme stocks and

non-meme stocks as well. The same issues concerning dictionary size and design exist here

as well. There is also a need to increase the amount of data for non-meme stocks, in order to

draw further conclusions on this subject. A suggestion to solve this would be to bring in data

from another social media such as Twitter or another subreddit. We suggest this since more

data from WSB would probably have the same percentages of posts about meme stocks as

our data set.

Our conclusions are important for coming research in financial economics if meme stocks

become more popular with the growth of forums such as WSB. This trend will make it

necessary for researchers to understand the differences between these meme stocks and

non-meme stocks. A difference between meme stocks and non-meme stocks could imply that

there is a non fundamental source of risk premium attached to meme stocks. A problem that

our research has contributed to solving by showing statistically significant evidence

suggesting a difference in using sentiment analysis on meme stocks and non-meme stocks.
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Our approach of using a hybrid model will enable future research in the area to be conducted

with a lower percentage of miss calculation of sentiment.

As a closing statement we want to underline that our results only show correlations in a

limited sample and setting. It does not suggest that sentiment analysis is a solution to, as

Richard Roll put it , “our professions modest ability explain stock returns” (Roll, 1988). Just

as Loughran and Mcdonald (2011) warns in their conclusion our regressions, even though

they resulted in statistically significant variables, do not determine any causal link between

sentiment and returns. We have simply shown that there is a correlation and that it can be

used for predicting returns which is what we set out to do.
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Appendix

Appendix 1, Treatment Group:
Alibaba Group Holding Limited (BABA).

AMC Entertainment Holdings, Inc. (AMC).

BlackBerry Limited (BB).

GameStop Corp. (GME).

Tesla, Inc. (TSLA).

Appendix 2, Control Group:
Amazon.com, Inc. (AMZN).

AT&T Inc. (T).

Best Buy Co., Inc. (BBY).

General Motors Company (GM).

Imax Corporation (IMAX).
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Appendix 3, Data points descriptions:

Variable name Definition

Author Username of person who made the post

Date Date and time when the post was made

Link URL to the post

Score Net of upvotes and downvotes

Num_Comments Number of comments

Upvote ratio Ratio between upvotes and downvotes

Crossposts Number of times a post has been shared in other subreddits

HIV4 positive Number of positive words in the title and text of a post
according to the Harvard IV-4 dictionary.

HIV4 Negative Number of negative words in the title and text of a post
according to the Harvard IV-4 dictionary.

HIV 4 Norm Score where P= number of positive words and N = number of𝑃−𝑁
𝑃+𝑁

negative words.

LnM Positive Number of positive words in the title and text of a post
according to Loughran and McDonalds dictionary.

LnM Negative Number of negative words in the title and text of a post
according to Loughran and McDonalds dictionary.

LnM 4 Norm Score where P= number of positive words and N = number of𝑃−𝑁
𝑃+𝑁

negative words.

WSB Positive Number of positive words in the title and text of a post
according to our dictionary.

WSB Negative Number of negative words in the title and text of a post
according to our dictionary.

WSB Norm Score where P= number of positive words and N = number of𝑃−𝑁
𝑃+𝑁

negative words.

Vader Positive Score Percentage of title and text that is positive according to
VADER.

Vader Negative Score Percentage of title and text that is negative according to
VADER.
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Vader Neutral Score Percentage of title and text that is neutral according to
VADER.

Vader Norm Score where P= Vader Positive Score and N =Vader Negative𝑃−𝑁
𝑃+𝑁

Score.

Agree Positive Assumes 1 if all sentiment analysis models agree that the title
and text is overall positive.

Agree Negative Assumes 1 if all sentiment analysis models agree that the title
and text is overall negative.

Sum_Score Sum of the scores of all posts mentioning a stock in a given
day.

Sum_Comments Sum of all comments on posts mentioning a stock in a given
day.

Count_Posts Amount of posts mentioning a stock in a given day.

Avr_Sentiment_Score The average score of all sentiment models for a given day.

Avr_StdDev The average standard deviation of the sentiment scores of all
models for a given day.

SentimentxComments Avr_Sentiment_Score multiplied with Sum_Comments.

SentimentxScore Avr_Sentiment_Score multiplied with Sum_Score.

meme Dummy that takes on the value 1 if the stock is a meme stock

memexScore Interaction variable between the meme dummy and
Sum_Score.

memexComments Interaction variable between the meme dummy and
Sum_Comments.

memexCount_Post Interaction variable between the meme dummy and
Count_Post.

memexAvr_Sentiment_Scor
e

Interaction variable between the meme dummy and
Avr_Sentiment_Score.

memex_Avr_StdDev Interaction variable between the meme dummy and
Avr_StdDev.
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Appendix 4, Our dictionary:

Word Definition Positive Negative

to the moon A stock that reaches an unexpectedly high price. 1 0

moon A stock that will experience  a dramatic price increase. 1 0

moonish A stock showing tendencies of a dramatic price increase. 1 0

mooning A stock currently experiencing a dramatic price increase. 1 0

tank A stock expected to have a price fall. 0 1

tankish A stock showing tendencies of a price fall. 0 1

tanking A stock currently experiencing a price fall. 0 1

bull Expecting the stock price to rise. 1 0

bullish A stock showing tendencies of a price increase. 1 0

bear Expecting the price of a stock to fall. 0 1

bearish A stock showing tendencies of a price fall. 0 1

diamond hands High tolerance to risk and volatility. Not selling no matter
what.

1 0

paper hands Opposite to diamond hands. Selling too quickly. 0 1

rocket A stock expected to have a dramatic gain in overall value. 1 0

rockets Stocks expected to have a dramatic gain in overall value. 1 0

hold the line Holding a stock even if its price goes down. 1 0

we like the
stock

Rallying cry for people excited about the stock of a specific
company.

1 0

we like the
stonk

Rallying cry for people excited about the stock of a specific
company.

1 0

I like the stock Rallying cry for people excited about the stock of a specific
company.

1 0

I like the stonk Rallying cry for people excited about the stock of a specific
company.

1 0

apes together
strong

A call for "apes" to go long on a stock together. 1 0

apes Investors bullish on heavily-shorted stocks. 1 0
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ape An investor bullish on heavily-shorted stocks. 1 0

buy the dip To buy a stock after a big value decrease. 1 0

BTFD Buy The Fucking Dip. Call to buy a stock that has gone
down in value

1 0

DRP Dividend Reinvestment Plan. 1 0

FIRE Financially Independent, Retire Early. 1 0

FI Financially Independent. 1 0

HODL Misspelling of "hold" or ”Hold On to Dear Life”. 1 0

long as a
python

Having an excessively large holding in a single company,
without any regards to risk.

1 0

pump Boosting the price of a stock through fake
recommendations.

1 0

dump Selling all personal holdings of a stock. 0 1

tendies Refers to financial gains in the stock market. 1 0

GUH Refers to the sound of the soul leaving the body. Used to
express big financial losses.

0 1

YOLO You Only Live Once. Refers to betting it all, or taking high
risk.

1 0

buy Buying something. 1 0

sell Selling something. 0 1

crash Dramatic price fall. 0 1

hold Holding on to a stock. 1 0

bought To have bought something. 1 0

invest Investing in something. 1 0

sold To have sold something. 0 1

rise Price increase. 1 0

drop Price fall. 0 1

outperform A stock performing better than the market expected. 1 0

underperform A stock performing worse than the market expected. 0 1

call Financial asset held by someone optimistic about a stock's
future value.

1 0
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calls Financial assets held by someone optimistic about a stock's
future value.

1 0

put Financial asset held by someone pessimistic about a stock's
future value.

0 1

puts Financial assets held by someone pessimistic about a stock's
future value.

0 1

go up Value increase. 1 0

go down Value decrease. 0 1
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Appendix 5, OLS Results:

AMC Entertainment Holdings, Inc. (AMC)
Coefficients

AMC 1 2 3 4 5 6 7

ReturnsMinus1 -0,1341330
***

-0,1346329
***

-0,1281712
***

-0,0178343 -0,0211498 -0,0104298 -0,0186407

IndexMinus1 0,0000032 0,0000033 0,0000031 0,0000019 -0,0000137 -0,0000134

5day_Avr_Returns -0,0308714 0,4993186
***

0,4466578
***

0,4487128
***

0,4058217
***

Sum_Score -0,0000001 0,0000001 0,0000001 -0,0000004

Sum_Comments 0,0000012 -0,0000005 -0,0000007 -0,0000055

Count_Posts -0,0000803
***

-0,0000568
***

-0,0000523
**

-0,0000210

Agree_Positive 0,0021568
*

0,0017821 0,0009089

Agree_Negative -0,0115319
**

-0,0123082
**

-0,0123867
**

Avr_Sentiment_Score -0,0071248 -0,0111208

Avr_StdDev 0,0823906
**

0,0810701
**

SentimentxComments 0,0000441

SentimentxScore 0,0000108

Constant 0,0030705 -0,0093365 0,0216315 -0,5044756
***

-0,4483674
***

-0,4124411
***

-0,3702943
***
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Amazon.com, Inc. (AMZN)
Coefficients

AMZN 1 2 3 4 5 6 7

ReturnsMinus1 -0,0726869
*

-0,0759621
*

-0,0695508 -0,0661703 -0,0664702 -0,0676007 -0,0673234

IndexMinus1 -0,0000032
**

-0,0000032
**

-0,0000030
**

-0,0000029 -0,0000032
**

-0,0000032
**

5day_Avr_Returns -0,0350816 -0,0555124 -0,0561125 -0,0526123 -0,0516361

Sum_Score 0,0000002 0,0000003 0,0000001 0,0000015

Sum_Comments 0,0000019 0,0000019 0,0000020 0,0000015

Count_Posts -0,0001207 -0,0001035 -0,0001804 -0,0002061

Agree_Positive -0,0002458 -0,0007683 -0,0007296

Agree_Negative 0,0004793 0,0010145 0,0010682

Avr_Sentiment_Score 0,0074658 0,0077969

Avr_StdDev 0,0070640 0,0072814

SentimentxComments 0,0000055

SentimentxScore -0,0000098

Constant 0,0011082 0,0131914 0,0484984 0,0681800 0,0684945 0,0632249 0,0622449
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AT&T Inc. (T)
Coefficients

T 1 2 3 4 5 6 7

ReturnsMinus1 -0,1168181
***

-0,1182055
***

-0,0807864 -0,0819348 -0,0822218 -0,0815140 -0,0803790

IndexMinus1 0,0000006 0,0000009 0,0000008 0,0000007 0,0000007 0,0000006

5day_Avr_Returns -0,2623669
**

-0,2553967
**

-0,2556293
**

-0,2580329
**

-0,2716917
**

Sum_Score 0,0000000 0,0000000 0,0000000 0,0000002

Sum_Comments -0,0000002 -0,0000002 -0,0000002 -0,0000002

Count_Posts -0,0000002 -0,0000006 -0,0000007 -0,0000045

Agree_Positive 0,0000842 0,0000915 0,0000952

Agree_Negative 0,0000000
***

0,0000000
***

0,0000000
***

Avr_Sentiment_Score 0,0013740 0,0024603

Avr_StdDev -0,0033466 -0,0027634

SentimentxComments 0,0000125

SentimentxScore -0,0000091

Constant -0,0009647 -0,0034020 0,2579236
**

0,2514657
**

0,2518861
**

0,2555850
**

0,2689221
**
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Alibaba Group Holding Limited (BABA)
Coefficients

BABA 1 2 3 4 5 6 7

ReturnsMinus1 0,0000000
***

-0,0764653
*

-0,0737738 -0,0800800
*

-0,0893648
*

-0,0907885
*

-0,0896940
*

IndexMinus1 -0,0000034 -0,0000034 -0,0000034 -0,0000036 -0,0000035 -0,0000032

5day_Avr_Returns -0,0143661 -0,0284158 -0,0520774 -0,0678732 -0,0687322

Sum_Score 0,0000164
**

0,0000163
**

0,0000166
**

0,0000059

Sum_Comments -0,0000271
***

-0,0000271
***

-0,0000278
***

-0,0000201

Count_Posts 0,0004125
*

0,0004296
*

0,0004990
*

0,0004087

Agree_Positive 0,0008180 -0,0002026 -0,0007481

Agree_Negative -0,0102081
*

-0,0096053
*

-0,0091708

Avr_Sentiment_Score 0,0110778 0,0073614

Avr_StdDev -0,0003200 0,0012689

SentimentxComments -0,0000258

SentimentxScore 0,0000778

Constant 0,0000000
***

0,0117424 0,0261777 0,0396844 0,0635967 0,0777096 0,0779731
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BlackBerry Limited (BB)
Coefficients

BB 1 2 3 4 5 6 7

ReturnsMinus1 -0,0625724 -0,0623859 -0,0876525
*

-0,0659145 -0,0328821 -0,0304718 -0,0276084

IndexMinus1 -0,0000014 -0,0000014 -0,0000002 -0,0000050 -0,0000069
*

-0,0000065
*

5day_Avr_Returns 0,1281543 0,4860157
***

0,1555524 0,1585586 0,1317300

Sum_Score 0,0000002 0,0000005 0,0000005 0,0000013

Sum_Comments -0,0000016
*

-0,0000027
***

-0,0000027
***

-0,0000025

Count_Posts -0,0000332
***

-0,0000373 -0,0000344 -0,0000430

Agree_Positive 0,0040474
***

0,0039547
***

0,0048592
***

Agree_Negative -0,0142511
**

-0,0149242
**

-0,0170640
**

Avr_Sentiment_Score -0,0018568 -0,0012398

Avr_StdDev 0,0173691 0,0150231

SentimentxComments -0,0000005

SentimentxScore -0,0000125

Constant 0,0003107 0,0056738 -0,1226304 -0,4819435
***

-0,1364463 -0,1370122 -0,1116286
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Best Buy Co., Inc. (BBY)
Coefficients

BBY 1 2 3 4 5 6 7

ReturnsMinus1 0,0128046 0,0125766 0,0246413 0,0241349 0,0208981 0,0219851 0,0223558

IndexMinus1 -0,0000023 -0,0000024 -0,0000023 -0,0000027 -0,0000041 -0,0000041

5day_Avr_Returns -0,0620471 -0,0577225 -0,0652313 -0,0635433 -0,0650063

Sum_Score 0,0000000 0,0000001 0,0000001 0,0000001

Sum_Comments -0,0000001 -0,0000002 -0,0000001 0,0000001

Count_Posts -0,0000007 -0,0000089
*

-0,0000086
*

-0,0000101

Agree_Positive 0,0001593 0,0001218 0,0001772

Agree_Negative 0,0023741
*

0,0023548
*

0,0023223

Avr_Sentiment_Score 0,0025972 0,0027883

Avr_StdDev 0,0060280 0,0060661

SentimentxComments -0,0000027

SentimentxScore -0,0000004

Constant 0,0002124 0,0091685 0,0714069 0,0668166 0,0755562 0,0771324 0,0786196

52



General Motors Company (GM)
Coefficients

GM 1 2 3 4 5 6 7

ReturnsMinus1 0,0003857 0,0009461 0,0078249 0,0084598 0,0067927 0,0035768 0,0041984

IndexMinus1 -0,0000015 -0,0000015 -0,0000016 -0,0000013 -0,0000019 -0,0000020

5day_Avr_Returns -0,0354302 -0,0328414 -0,0211360 -0,0362484 -0,0389712

Sum_Score 0,0000000 0,0000000 0,0000000 0,0000001

Sum_Comments 0,0000000 0,0000000 0,0000000 -0,0000003

Count_Posts 0,0000002 -0,0000004 -0,0000007 0,0000005

Agree_Positive -0,0001453 -0,0001782 -0,0003682
*

Agree_Negative 0,0006291 0,0007948 0,0010863

Avr_Sentiment_Score 0,0211624
***

0,0199291
*

Avr_StdDev 0,0034758 0,0032044

SentimentxComments 0,0000049
*

SentimentxScore -0,0000009

Constant 0,0004947 0,0063387 0,0417602 0,0390109 0,0266790 0,0407654 0,0437463
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GameStop Corp. (GME)
Coefficients

GME 1 2 3 4 5 6 7

ReturnsMinus1 0,0132651 0,0132505 0,0166719 -0,0876819
***

-0,1060688
***

-0,1060797
***

-0,2197616
***

IndexMinus1 -0,0000022 -0,0000022 -0,0000011 -0,0000072 -0,0000056 -0,0000058

5day_Avr_Returns -0,0157865 0,5310729
***

0,4269808
***

0,4306022
***

0,5189375
***

Sum_Score -0,0000004
***

-0,0000002
***

-0,0000002
***

-0,0000016
***

Sum_Comments 0,0000007
***

0,0000006
***

0,0000006
***

0,0000055
***

Count_Posts -0,0000276
***

-0,0000526
***

-0,0000530
***

-0,0000620
***

Agree_Positive 0,0044393
***

0,0044667
***

0,0068133
***

Agree_Negative -0,0085657
***

-0,0085719
***

-0,0130749
***

Avr_Sentiment_Score -0,0056321 0,0024450

Avr_StdDev -0,0074129 0,0003113

SentimentxComments -0,0000734
***

SentimentxScore 0,0000204
***

Constant 0,0061398 0,0145925 0,0306953 -0,5196551
***

-0,4019191
***

-0,4088158
***

-0,4974268
***
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Imax Corporation (IMAX)
Coefficients

IMAX 1 2 3 4 5 6 7

ReturnsMinus1 -0,038313 -0,0386471 -0,0034459 -0,0065146 -0,0130620 -0,0133207 -0,0200470

IndexMinus1 0,0000006 0,0000007 0,0000017 0,0000017 0,0000011 0,0000018

5day_Avr_Returns -0,1771628 -0,1623526 -0,1673945 -0,2138414
*

-0,2239839
**

Sum_Score 0,0001072
*

0,0000921 0,0000687 0,0005157
***

Sum_Comments -0,0000735 -0,0000240 0,0000206 -0,0003506
*

Count_Posts -0,0009745 -0,0010132 -0,0003892 -0,0005419

Agree_Positive -0,0148583
**

-0,0175008
**

-0,0116958

Agree_Negative 0,0143856 0,0297694 0,0450255
**

Avr_Sentiment_Score 0,0165518
**

0,0325968
***

Avr_StdDev -0,0103795 -0,0248014

SentimentxComments 0,0004718

SentimentxScore -0,0008922
**

Constant -0,000027
8

-0,0022829 0,1747370 0,1560047 0,1606926 0,2062607
*

0,2106161
*
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Tesla, Inc. (TSLA)
Coefficients

TSLA 1 2 3 4 5 6 7

ReturnsMinus1 -0,004370 -0,0056179 -0,0150948 -0,0129278 -0,0124577 -0,0155482 -0,0140637

IndexMinus1 -0,0000047 -0,0000046 -0,0000050 -0,0000047 -0,0000037 -0,0000041

5day_Avr_Returns 0,0443220 0,0638201 0,0643531 0,0736734 0,0717970

Sum_Score -0,0000006 -0,0000007 -0,0000006 -0,0000017

Sum_Comments 0,0000050
*

0,0000051
**

0,0000049
*

0,0000051

Count_Posts -0,0001467 -0,0001345 -0,0001380 -0,0001263

Agree_Positive -0,0007540 -0,0007271 -0,0008780

Agree_Negative 0,0021964 0,0015805 0,0019982

Avr_Sentiment_Score -0,0109637 -0,0137756

Avr_StdDev 0,0120087 0,0115339

SentimentxComments -0,0000026

SentimentxScore 0,0000103

Constant 0,004375
**

0,0224140
*

-0,0225197 -0,0406404 -0,0421699 -0,0580881 -0,0543994
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Appendix 6, Sentiment model regressions:

Coefficients
AMC AMZN AT BABA BB BBY GM GME IMAX TSLA

LnM 0,006699 0,004158 0,000582 0,004587 0,013945
***

0,002841 -0,00047 0,004409 0,005407 0,005407

LnMxScore 0,000003 0,000016 -0,00000 -0,00002 0,000027
***

-0,00000 0,000000 0,00000
***

0,00098
***

0,00098
***

LnMxComments 0,00003
*

-0,00000 0,000000 0,000059 -0,00001
*

-0,00000 -0,00000 -0,00000 -0,00102
***

-0,00102
***

HIV4 -0,01230 0,004540 0,006683 0,001094 -0,00364 0,010866
**

0,015470
*

0,000204 0,002904 0,002904

HIV4xScore 0,000001 -0,00000 0,000000 0,000062
**

0,000002 0,000000 -0,00000 -0,00000
***

0,000672
***

0,000672
***

HIV4xComments 0,000005 0,000002 -0,00000 -0,00006 -0,00001
**

0,000000 0,000000 0,000003 -0,00063
***

-0,00063
***

Vader 0,001424 0,002705 0,003092 0,012108
***

0,001237 -0,00539 0,014863
*

-0,00129 0,007768
*

0,007768

VaderxScore 0,000001 0,000000 -0,00000 0,000045
*

0,000002 0,000000 -0,00000 -0,00000
***

-0,00009 -0,00009

VaderxComments 0,000010 0,000006 0,000000 -0,00006
*

-0,00000 -0,00000 0,000000 0,000005
**

-0,00002 -0,00002

MnL -0,00959 -0,00500 -0,00931 -0,00060 0,002567 -0,00025 0,009014 -0,01256 0,014418
**

0,014418
**

MnLxScore -0,00000 -0,00000 0,000000 0,000053
***

0,000001 0,000000 0,000000 -0,00000 0,000005 0,000005

MnLxComments 0,000005 0,000005 0,000000 -0,00004
**

-0,00000 0,000000 0,000000 0,000000 -0,00013 -0,00013
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