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The efficient market hypothesis clearly states that since the market prices reflect the 
available information and will rapidly adjust to any imbalances, it should not be possible to 
predict the stock market movements and outperform the rest of the market. However, the 
theorem of complete rationality of the markets has been diminished by numerous experts 
of the field, mainly due to the unexpected actions of the market agents. In accordance with 
this, many scholars have started to study, whether this irrationality offers possibilities to 
gain a financial benefit in the stock markets. 

This Master’s Thesis takes a modern perspective around the same topic by analyzing the 
relationship between an investing-based social media platform indicators and actual stock 
movements. The purpose of the study is to see, whether the given sentiment of users and 
the amount of interest towards specific stocks correlate with the actual short-term stock 
actions, and if the future stock movements can be predicted more accurately by utilizing 
the online user data. The relationships are measured by employing three main methods: 
Granger causality tests, correlation tests and linear / classification-based machine learning 
models. For the first two methods, all the gathered and preprocessed data is utilized, 
however, to possibly increase the accuracy of the machine learning predictions, a smart-
person identification method is formed and implemented.  Overall, the results of the study 
imply that there is a two-way relationship between the indicators gathered from social 
media and corresponding stock market actions, and the online data does have predicative 
abilities for the short-term future of the stocks. 
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Tehokkaiden markkinoiden hypoteesin mukaan markkinahinnat heijastavat kaikkea 
saatavilla olevaa informaatiota ja mukautuvat nopeasti mahdollisiin epätasapainoihin, eikä 
osakemarkkinoiden liikkeiden ennustamisen ja sen avulla ylimääräisten voittojen 
tekemisen pitäisi olla mahdollista. Täydellisen rationaalisuuden teoreema on kuitenkin 
osoitettu epärealistiseksi useiden asiantuntijoiden toimesta, johtuen pääosin 
odottamattomista markkinatoimijoiden liikkeistä. Tähän liittyen, monet tutkijat ovat 
alkaneet tarkastella, tarjoavatko nämä irrationaaliset toimet mahdollisuuksia saada 
taloudellista hyötyä osakemarkkinoilla. 

Tämä tutkielma ottaa modernin lähestymistavan kyseiseen aiheeseen analysoimalla 
sijoittajille tarkoitetun sosiaalisen median alustan indikaattorien sekä todellisten 
osakeliikkeiden välistä suhdetta. Tutkimuksen tarkoituksena on selvittää, korreloivatko 
käyttäjien sentimentti sekä kiinnostuksen määrä valikoituja osakkeita kohtaan niiden 
lyhyen aikavälin muutosten kanssa, ja onko alustan käyttäjädataa mahdollista hyödyntää 
tulevien osakemuutosten ennustamistarkkuuden parantamiseksi. Muuttujien välisiä suhteita 
mitataan kolmella päämenetelmällä, Granger-kausaalisuustesteillä, korrelaatiotesteillä sekä 
lineaarisilla / luokittelupohjaisilla koneoppimismenetelmillä. Kahden ensimmäisen 
menetelmän kohdalla sovelletaan kaikkea kerättyä ja prosessoitua käyttäjädataa, kun taas 
koneoppimismallien ennustetarkkuuden parantamiseksi luodaan myös älykkäiden 
käyttäjien tunnistusmenetelmä. Tutkielman tulokset viittaavat siihen, että alustasta 
kerättyjen indikaattorien ja vastaavien osakemuutosten välillä on kaksisuuntainen suhde ja 
datan avulla on mahdollista parantaa lyhyen aikavälin kurssiliikkeiden ennustetarkkuutta. 
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1 Introduction 

 

Classical financial theory states that investors make rational decisions in the stock market 

in order to maintain market efficiency, and according to Baker and Wurgler (2006), the 

theory diminishes the role of investor sentiment when it comes to price movements. Also, 

the efficient market hypothesis (EMH) developed by Fama in the 1960’s states that it 

should not be possible to predict the stock market movements, since the market prices 

reflect the available information and will rapidly adjust to any given information (Fama 

1970). In this theory, the stock market agents act rationally, and the price of a stock equals 

the company’s fundamental value, which in this case would be the discounted sum of the 

company’s expected cash flow in the upcoming years (Barberis & Thaler 2003). However, 

numerous studies (e.g., Shiller 2003; Tseng 2006; Baker & Wurgler 2007) have proved 

these statements to be at least partially inaccurate, and sometimes people tend to make 

irrational choices that are influenced by, for instance, their emotions or earlier experiences. 

This can be seen as irrational or abrupt stock market movements, which cannot be 

explained within the limits of the aforementioned theories. As an answer to this, in the 

1980’s, the theory of behavioral finances started to develop and eventually found its way 

into daylight. This has led to both researchers and psychologists starting to study the 

subject from different points of views, and the neoclassical financial concept of homo 

economicus1 has been challenged ever since (Varvouzou 2013).  

 

1.1 Background for the study 

 

Throughout the history and the beginning of the financial markets, investors have tried to 

find ways to predict the movements of monetary assets in order to gain financial benefit. 

For this, large investment banks, funds and financial experts have played a massive role 

and been the main influencers in terms of determining the public opinion concerning the 

 
1 Unsettled concept of an investor being completely rational in their economical behavior, assuming them to 
have a complete knowledge of what is relevant for their personal interests and wealth desires. 
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close future of basically any stock in the stock market. However, in the recent years, there 

has been a visible decrease in the weight of the aforementioned parties when it comes to 

influencing people’s opinions, mainly due to the outburst of social media and the 

constantly growing number of its users, and the opinions and sentiments of non-

professional investors have started to get more attention, more recognition and supposedly, 

more concrete influence. Many scholars and experts of the field (e.g., Jaggi, Mandal, 

Narang, Naseem & Khushi 2021; Gu & Kurov 2020; Ruan, Dullesi & Alfantoukh 2018) 

have started to turn their focus towards listening what the regular people think and believe, 

or what is their feeling concerning a certain asset or the whole financial market. What this 

means in practice is to collect the sentiment in the form of chosen data and utilize that 

gathered information to initially depict the public feeling as accurately as possible, and 

after that, use the data to “predict the future” and potentially benefit from that information.  

Even though the phenomenon is still relatively new, scholars have already been able to use 

their imagination to gather the sentiment in very unique ways; For instance, Mahmoudi, 

Docherty & Moscato (2018) studied, whether it is possible to classify the social media 

sentiment in a more accurate manner when analyzing the emojis that people have used in 

their posts whereas Zhang, Gong, Wang & Ye (2021) gathered the online sentiment 

utilizing a combination of emoji dictionary, trending word dictionary and dictionaries 

based on both the Chinese emotional vocabulary and machine-translated professional 

English financial sentiment, both with successful results. This Master’s Thesis connects to 

the same area by taking a modern perspective for the controversial problem of whether it is 

possible to predict the movements in the stock markets or not by utilizing a social media 

platform and the indicators gathered from its users. The question is still relatively 

controversial, but according to Jiangjiao, Banghui & Jianping (2020), there is a common 

approval that investors’ sentiment in social media does have a noticeable impact on stock 

markets. This study uses that approval as the cornerstone in terms of making presumptions 

and hypotheses and strives to present evidence to support and avail that predominant 

consensus.   
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1.2 Structure of the study 

 

This study consists of 5 parts / chapters. The first chapter, introduction, aims to outline the 

subject, and give a comprehensive overall picture of the whole Master’s Thesis. The 

chapter constructs of first explaining the background for the study and the reasoning 

behind the topic followed by going through the main structure of the study, and lastly 

defines its objectives and goals by forming a main research question and three sub-research 

questions to support the main question. 

The main goal of the second chapter, methodology, is to systematically go through the 

steps and procedures performed in this study to determine and justify the hypotheses and 

chosen methods regarding this study. The chapter splits into four sub-parts with the first 

part focusing on the steps and methods used to find, delimit and wrap up the findings of the 

previous studies concerning the subject. The part also depicts the literature review process 

to illustrate the data gathering process, to clarify, what have and what have not been 

studied about the subject so far and introduces the main concepts and relationships of this 

study.  

The second part of the chapter has a focus point on how the used data was collected, but 

the sub-part also explains the reasonings behind the stocks and the time period that were 

chosen for this study, whereas the third part solely focuses on data preprocessing in terms 

of both the user data collected from StockTwits, and the historical stock data collected 

from Yahoo Finance. This sub-chapter also introduces the concept of smart-person 

identification and explains how the filtering has been performed in this study. The 

remaining fourth sub-chapter introduces the history and main principles of the methods 

used in this study in terms of both the statistical tests and the machine learning (ML) 

models. 

The third chapter aims to introduce and specify the data and the variables that were used in 

the models and explains the presumptions that were used as the hypotheses for the later 

gathered results. The chapter splits all the data into sub-categories (i.e., message volume, 

trading volume, sentiment data) to implement and present the descriptive statistics as 
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accurately as possible, but to also help to increase the accuracy and reliability of the 

upcoming models.  

The goal of the fourth chapter is to bring forth and visualize the results gathered by the 

tests and models. The chapter splits into two parts with the first part focusing on the 

relationship between message volume and trading volume, and the second part on the 

relationship between StockTwits sentiment and the actual stock movements. 

Lastly, the fifth chapter, conclusions, wraps up the whole study by going through the 

research process step by step, taking a stand in terms of the results and findings of each 

step and finally giving comprehensive answers for the research questions of the study. The 

chapter also aims to combine the individual findings of the study and link them to a larger 

scale, and ultimately, take a side for the ongoing debate around the topic.          

  

1.3 Objectives of the study 

 

This Master’s Thesis focuses to study the relationship between short-term stock 

performance and social media platform indicators. More extensively, the study aims to 

find, whether the changes in the social media platform indicators actually correlate with 

short-term stock price movements, and would it be possible to make accurate predictions 

based on the changes in these aforementioned variables. The study also strives to find out, 

whether the quality of the social media users make a difference in terms of the accuracy of 

the forecasts. The initial objective is to wrap up the earlier studies concerning the subject 

and find out if there is an overall consensus for the discussion of the relationship. With that 

information on hand, it will be possible to not only move towards the practical part of this 

study, which has the focus on studying the relationship between the voice of the social 

media and the actual movements of the chosen stocks, but also to form hypotheses for the 

models and results of this study.  

Based on these goals, one main research question (RQ) and three sub-research questions 

(SQ) were formed to establish a figurative framework around the topic. The main research 

question, “What is, or is there a relationship between short term stock movements and 
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StockTwits indicators”, will work as the central issue of this study, and the sub-research 

questions complement the RQ to answer it as comprehensively as possible. The RQ and all 

three SQ’s can be seen below. 

 

RQ: What is, or is there a relationship between short term stock movements and 

StockTwits indicators? 

 

SQ1: What is the overall consensus in terms of using social media to predict stock 

movements? 

 

SQ2: Do the StockTwits indicators have any predicative abilities? 

 

SQ3: Is it possible to improve the accuracy of the forecasts by finding quality users and 

utilize only their opinion? 

 

1.4 Case platform 

 

StockTwits is a social media platform and an online investment community that is 

designed for especially retail investors and day traders to share their ideas concerning stock 

price movements with other likeminded people. (Hong, Ye, Du, Wang & Fan 2020) The 

site was established in 2008 by Howard Lindzon and Soren Macbeth with the aim of 

connecting regular retail investors and traders with each other so they can benefit in terms 

of profits, learning experience and having fun. The site has vastly grown into one of the 

largest and most popular investing platforms online, and according to their website, the 

user count of the platform has already exceeded 5 million registered users, the monthly 
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audience count has reached 5 million people and over 7 million messages are being posted 

on the platform per month. (StockTwits 2021a) 

In terms of usability of the platform, StockTwits has lots of similarities with other online 

blogging platforms, such as Twitter or Reddit. All the data and information on the platform 

is public information, although if one wants to participate in the discourse concerning a 

stock or post their sentiment / feeling of the stock in question, they need to create an 

account and log in to the platform in order to do so. The platform is being moderated 

however, the users are allowed to post real-time, a maximum of 140-character messages 

without them going through any filters; the relatively limited cap for the size of the 

messages potentially reduces some of the redundant noise aiming to keep the messages 

relevant and on point (Oliveira, Cortez & Areal. 2013). In terms of anonymity, the site can 

be described as quasi-anonymous with the users being able to voluntarily give their 

unverified identifying information while creating a new account. As the most unique 

feature concerning the platform, StockTwits uses “bullish” and “bearish” labels that the 

users can simply click when making a post / comment to share their personal opinion about 

the future of the stock in question; this allows the platform to calculate the ratio of bullish 

and bearish labels and use this information to give an overall sentiment concerning that 

stock. The site also utilizes the combination of a “cashtag” and the symbol of a certain 

stock (i.e., $AAPL) as a way to automatically and precisely channel the posted messages 

concerning specified stocks under relevant message boards.   
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2 Methodology 

 

In this study, the daily stock and benchmark index movements and trading volumes were 

downloaded from Yahoo Finance whereas the sentiment of the users and the daily message 

volume per stock were collected into Excel through the StockTwits API, and the collected 

information was manually preprocessed to prepare it for the utilized models. After this, 

statistical tests were implemented for the data and the data was handled with Excel, 

MatLab and R to test the relationships between the desired variables, and finally, to create 

the predicative ML models. 

However, to comprehensively understand the subject and the ongoing debate around it, a 

literature review was performed. In terms of the theoretical part of this study, the main 

goals were to increase the knowledge about what has and what has not yet been studied by 

other scholars, and based on that knowledge, to get justified reasonings to back the 

presented hypotheses of this study. The used methodology in this study to analyze the 

relationship between StockTwits indicators and the actual stock movements consists of 5 

steps; an illustration of the whole process can be seen below in the form of a flow chart as 

Figure 1.   

Figure 1. Flowchart of the proposed methodology. 
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2.1 Literature review 

 

To begin the initial search of earlier studies concerning the subject, the main question for 

the process had to be defined, which in this case molded into a form of “How much has the 

relationship between short-term stock movements and social media indicators within 

StockTwits been studied?”. For the research itself, three databases, Scopus, Wiley and 

ScienceDirect were used to get a comprehensive picture of the current state of studies 

around the subject. To find the relevant studies amongst the libraries, a keyword search 

proved to be the most efficient option, and in the end, it met the needs of this study 

suitably. 

The research process from the databases began by defining “StockTwits” as the first search 

word. The initial search covered all the literature that had the search term included in their 

title, abstract or keywords. This made sure that the search results included all the literature 

that is connected to the case platform of this study, StockTwits. The search gave a total 

sum of 215 pieces of literature. After this, the next step was to refine the search by 

including additional keywords, however this had to be done in two parts to make sure that 

all the literature focusing on either the relationship between the overall sentiment and stock 

price or the relationship between message volume and stock price within StockTwits will 

be included for the search. To do this, the first refinement added the keyword “sentiment” 

for the initial search, which gave a total number of 140 results. The goal of the second 

refinement was to complement the first one to include also the studies concerning only 

message volume within StockTwits. This eventually added 28 pieces of literature for the 

total number, but after removing the duplicates from the first two refining phases, the 

number of results increased by 6 to a total of 146 pieces of literature. The last refinement 

was to remove the duplicates within all databases, which gave a final amount of 117 

studies, articles, book chapters and reviews to study further.  

The final step with the literature was to perform a full text analysis, which consisted of two 

parts. The first part was to manually go through the literature and separate the studies that 

were relevant in this context from the ones that were not. What this meant was to read 

through the literature and find the studies that either actually had the main focus on the 

relationship between a social media sentiment or message volume and stock movements or 
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had relevant information or meaningful findings to aid this study towards its goals. For the 

second part, a grand total of 59 studies got through the manual filtering, and those studies 

had to be unloaded in the form of a descriptive analysis, which will be explained next. A 

visualization of the whole process can be seen below as Figure 2. 

 

Figure 2. Literature review process. 
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After gathering all the material, it was possible to start dissecting the literature and to find 

similar patterns, themes and used methods from the texts. Since all the gathered literature 

operated around StockTwits, the texts could be considered as relatively new and up to date 

with all of them being published between January 2013 and July 2021. Figure 3 shows the 

amount of literature around the subject that has been published throughout the years: it can 

be seen that the curve is mainly incremental and the interest towards the subject has 

increased in the recent years, especially after 2016. This indicates that the topic has 

become more relevant in the last few years, mainly due to the rapid growth of user counts 

in social media platforms (Statista 2021a), and consequently, scholars have started to find 

out, whether the relatively new phenomenon can be utilized to predict the stock market 

movements. 

 

 

Figure 3. Distribution of the literature per year. 

 

The next step was to dissect the material based on themes, used models and methods with a 

goal of finding whether there are any gaps in the field of study concerning the subject, if a 

prevalent preference can be found in terms of utilized methods, and if there are similarities 

when it comes to accuracy and the commonness of the used models. After undergoing all 
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the literature, clear themes emerged, and some rallying points between the studies were 

found. 

In terms of common themes, the first key finding was that even though there have already 

been studies concerning social media sentiment with a goal of gathering and calculating 

the social media sentiment as accurately as possible, the number of studies focusing mainly 

on the relationship between the sentiment and the actual performance of a stock / index in 

question is still relatively low, and the number of studies focusing on the relationship of 

StockTwits sentiment data and stock movements is almost non-existent. When it comes to 

social media sentiment, many studies (i.e., Hu & Tripathi 2016; Oliveira et al. 2016; 

Sohangir, Petty & Wang 2018) have performed lexicon-based analyses to define the 

overall sentiment from users’ posts, however, these models have worked with an accuracy 

of roughly 70 – 80%. The sentiment has also been studied with different ML methods, for 

instance, Chakraborty, Pria, Rony & Majumdar (2017) were able to classify the sentiment 

with a 79,08% accuracy support vector machine (SVM) model, whereas Liu, Tang & Ding 

(2021) achieved a 90,51% accuracy utilizing a dependency tree graph convolutional 

network (DTGCN). This means that the sentiment can be extracted from posts with decent 

to good results, but it has not been possible to gather the user’s sentiment from their social 

media post with complete accuracy, which, in theory, would indicate that if the sentiment 

is already given in the posts, it is possible to make more accurate predictions in terms of 

predicting the stock movements if a relationship between the variables can be found.  

Also, even though StockTwits as a social media platform is built especially for investors to 

share their ideas and opinions around companies and their stocks, majority of the sentiment 

studies gathering user messages to calculate the overall sentiment still prefer Twitter over 

StockTwits as a source of data. This is due to the fact that Twitter still has a lot more 

activity compared to StockTwits, with an active user count of 397 million users compared 

to StockTwits’s 7 million users (Statista 2021b; StockTwits 2021a). In terms of “Twitter 

studies”, the analysts have also gathered the sentiment data solely from the messages 

posted, since Twitter does not have the possibility for users to denote their sentiment by 

simply clicking either a bullish or a bearish tag. However, for the purpose of studying the 

sentiment from the posted messages, there are pre-made datasets to speed up the process 

(Yahoo Finance and Tweeter dataset; News Articles dataset), and some studies, such as 

Dang & Ho (2016), Chakraborty et al. (2017) & Kordonis (2016) have used these widely 
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known datasets to bypass the initial data collecting part. Although, it must be noted, that 

since Twitter is a general social media platform to express opinions, it can be difficult to 

filter topic-desired tweets, and for example, Hu & Tripathi (2016) have argued that 

specified microblogging platforms provide more relevant and accurate data to analyze the 

users’ sentiments and to make predictions in comparison to general social media platforms. 

The next thing to do was to analyze the key findings and potentially differing results with 

the aim of both trying to find out if there is at least a somewhat consensus within the field 

of this area in terms of whether the social media and its users can offer predicative abilities 

for stock movements or not, but also getting a justification for the base hypotheses of this 

study, which will be introduced later in chapter 3. When it comes to the general agreement 

of whether there is a significant relationship between the studied variables, the overall 

findings can be described at least a little dichotomous, however, leaning heavily towards 

the side of social media indicators containing useful information. Oliveira et al. (2013) 

used user data from StockTwits to predict three different variables, returns, volatility and 

trading volume for five different stocks and the S&P500 Index. They found out that 

predicting the movements in the stock market requires more work and effort than had been 

presumed, and due to the convoluted and challenging nature of the task of forecasting the 

future, the promise of accurate forecasts should not be given without some extra caution. 

According to Giannini, Irvine & Shu (2019), StockTwits users have negative skills in 

terms of stock picking, which implies that their messages including the investor sentiment 

is unrelated concerning the real-time price movements of “predicted” stocks. As an 

addition, Houlihan & Creamer (2019) found out that the message volume and sentiment 

gathered from StockTwits contain valuable information, although not all information can 

be seen in the stock movements right away, which might tamper the expected returns 

especially in the short term. 

On the other hand, the majority of the earlier studies have found the voice of social media 

being relevant in terms of predicting the future. Chen, De, Hu & Hwang. (2014) proved 

“the wisdom of the crowds” by studying the role of peer-based opinions as influencers for 

stock movements. They collected user opinions from one of the largest investing-based 

social media platforms, Seeking Alpha, to study, whether there is any accurate and relevant 

information in the peer opinions, or do they still only count as noise or “random chatter” 

like it has earlier been assumed. As a result of the study, they found out that the opinions 
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given via Seeking Alpha robustly predicted both future stock returns and earnings 

surprises, and the voice of the regular people can be useful in financial markets.  

Oliveira et al. (2017) were the first to use lexicons that were created especially for the 

purpose of analyzing financial microblogging texts in order to create sentiment indicators 

from Twitter data. They found out that the indicators were most applicable to predict the 

returns of S&P 500 Index and stocks with low market cap, however, they also noticed that 

the accuracy of the predictions can differ within industries. 

Checkley, Higon & Alles (2017) studied the relationship between sentiment metrics and 

volatility, trading volume and the direction of a stock’s price in a very short term and 

found a causal link to all three variables. They divided the sentiment into bullish and 

bearish, and split the data into two-minute intervals to make the forecasts. Their results 

showed that the volatility and the trading volume of a stock are easier to predict than the 

direction of the movements, however, the sentiment metrics proved to be useful to forecast 

the movements too if the time frame for the predictions is relatively narrow. Their findings 

showed that markets will respond to given information roughly within an hour, hence, 

making it possible to take advantage of the data on hand within a time scale of minutes. 

As an addition, Zhang et al. (2021) studied the stock market volatility based on investor 

sentiment constructed from a dataset containing large articles about stock market analysis. 

They found out that trading volume significantly predicted stock volatility, and the created 

sentiment indices were able to predict the volatility with great accuracy after including a 

trading volume variable for the predictions. This might be an interesting finding in terms of 

this study, since earlier studies (i.e., Antweiler & Frank 2004; Sprenger, Tumasjan, 

Sandner & Welpe 2014; Oliveira et al. 2013) have proved that message volume has 

predicative abilities when it comes to actual trading volume. 

To study and prove the relationship between measured variables, the most often used 

method has been to perform a Granger causality test. For instance, Guegan & Renault 

(2021) studied the relationship between StockTwits sentiment and bitcoin returns and 

found out that investor sentiment made it possible to predict the potential returns for high 

frequencies. However, they also conducted a reverse causality test and as a result found out 

that returns also Granger caused investor sentiment. In accordance with this, Zhang et al. 

(2021) performed tests to investigate the non-linear causality and Granger causality 
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relationships in terms of online sentiment and stock volatility and found out that the online 

sentiment can be considered as a non-linear cause for stock volatility. However, their study 

also showed that there was no significant linear relationship between the gathered 

sentiment and stock volatility, and the stock volatility actually Granger caused online 

sentiment instead of the other way around, therefore, indicating that linear models should 

not be used when studying the aforementioned variables. 

In terms of used models for the predictions, the studies can be roughly divided into two 

categories, the ones that utilize ML models and the ones that prefer simulation. When it 

comes to ML models, SVM has been the most used model, and many scholars (e.g., Batra 

& Daudpota 2018; Zhang, Shi, Wang & Fang 2018) have achieved promising results 

utilizing SVM. Batra & Daudpota (2018) created an SVM model to suggest, whether a 

stock in question should be bought or sold and achieved a 76,68% accuracy with their test 

data, also noting that the accuracy could still be improved with more data on hand. Also, 

Li, Chan, Ou & Ruifeng (2017) outperformed the rest of their regular ML models with 

SVM in their study when predicting stock price movements by utilizing Twitter data. Even 

though their social media data analyzer (SMeDA-SA) surpassed the SVM’s accuracy in 

five out of six industrial predictions, neither the Naïve-Bayesian model or the C4.5 model 

managed to beat the accuracy of the SVM on any industry, with the SVM getting a 

prediction accuracy of 71,81 % at best.  

Regression models have also been found successful in terms of predictions, with some 

scholars, such as Pineiro-Chousa, Lopez-Cabarcos, Perez-Pico & Ribeiro-Navarrete (2018) 

preferring autoregressive models and some scholars, such as Coyne, Madiraju & Coelho 

(2017), linear regression models. Pineiro-Chousa et al. (2018) found a relationship between 

StockTwits sentiment and S&P 500 returns with both ARIMA and GARCH models. 

Coyne et al. (2017) created their predictive model with success using linear regression, due 

to its relatively basic concept, and according to them, many experts do not completely trust 

predictive models, with one argument being the potential overfitting of the data. Due to the 

model’s nature, the combination of linear regression and using only one or a few stocks to 

create and validate the model, it has, however, been possible to overcome the problem 

when it comes to overfitting. On the other hand, Zhang et al. (2018) noted, that even 

though majority of the previous work has used linear models to predict the movements, it 
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is likely that the relationship is more complex than linear, hence, they decided to utilize 

radial basis function (RBF) kernel instead of linear kernel with successful results. 

Schnaubelt, Fischer & Krauss (2020) utilized twitter data to create intraday trading models 

using four different ML methods, random forest (RF), neural networks (NN), k-nearest 

neighbors (KNN), and a naïve sentiment-based model (N) and compared the results with a 

simple buy and hold strategy. After taking the transaction costs into account, the buy and 

hold strategy outperformed three out of four models, however, the RF model was able to 

overshadow both the other three models and the buy and hold strategy, achieving almost 

double the excessive returns compared to the neural network model, and ten times 

compared to the KNN and N models. As an addition, the results of the study also showed 

that the RF model is able to avail the trend-setting indicators during the training phase of 

the model, which should improve the accuracy of the model at least in theory.  

As for the simulation models, only a minority of the earlier studies have done simulation-

based predictive models. Houlihan and Creamer (2017) created a simulation-based trading 

strategy to suggest, whether to take long or short positions in terms of trading stocks, 

whereas Mnif, Jarboui & Hassan (2020) studied the relationship between twitter sentiment 

and Islamic index returns and created an agent-based simulation using the Monte Carlo 

method. The studies have been able to present that the social media sentiment can be used 

in order to predict the future of stock movements more accurately, however, more 

simulation-based studies and more concrete results concerning the subject would be 

welcome to get more depth to the conversation in terms of differences within ML versus 

simulations in this context.   

When trying to improve the accuracy of the predictions by identifying the smart users / 

giving more weight to their predictions, the results were a little twofold with the weight of 

the findings balancing quite heavily towards a positive outcome of the smart person 

identification. For example, Chang, Ding & Tu (2020) got more accurate results with their 

model that included all the social media opinions instead of only the opinions of “experts”, 

whereas Eliacik & Erdogan (2018) and Sohangir & Wang (2018) found out that identifying 

“experts” or “influential users” improved the accuracy of the models. Also, Gross-

Klussmann, König & Ebner (2019) found that utilizing the opinions of social media 

experts, it was possible to perform “significantly better” compared to classical benchmark 
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models, especially in bearish markets, and the sentiment from those experts can yield 

higher risk-adjusted rewards with both short- and long-term strategies. As an addition, 

Coelho, D’Almeida, Coyne, Gilkerson, Mills & Madiraju (2019) were able to improve the 

accuracy of their model by including only smart users in the dataset, however, they also 

found out that filtering out the regular users “significantly reduced” the amount of data on 

hand and resulted in having no data for some market days, hence, predictions could not be 

made for those days. At the same time, they noticed that when using smart person 

identification, popular stocks have more smart user comments in relation to other stocks, 

and it might be recommended to gather the data from more popular stocks in terms of 

smart person identification.  

 

2.1.1 Investor sentiment and noise trading 

 

Investor sentiment, in accordance with Baker & Wurgler (2007), can be defined as either a 

personal or a shared belief of the investors on future stock movements that might not be 

fully justified by the information-on-hand. Liang, Tang, Li & Wei (2020) note that humans 

are prone to their psychological deficiencies, and their sentiment is a typical representment 

of their irrationality in terms of optimism or pessimism; a negative sentiment usually links 

with a downward slope in the stock market, whereas optimism usually goes hand in hand 

with an upward trend. Earlier studies, such as Baker & Wurgler (2006) have proven 

investor’s sentiment as a meaningful driver for stock market movements. In their study, 

Baker & Wurgler (2006) studied and utilized theoretical arguments, historical events and 

sets of empirical results to prove that the sentiment does have a cross-sectional impact on 

stock movements. They found patterns of when the overall sentiment was high, stocks 

attractive to risk-tolerant investors (i.e., high volatility stocks) tended to return relatively 

low profits and vice versa. Also, in accordance with this, they found out that multiple 

characteristics of a company, which have no significant unconditional prediction power, 

actually contain conditional patterns, that can only be seen after using sentiment as a 

condition. The significance of investor sentiment on stock market movements have also 

been approved by other experts on the field (i.e., Renault 2017; Gross-Klussmann et al. 

2019), and the sentiment, and more closely, the expectations and personal views of the 
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investors can even be considered as the main drivers behind stock movements (Tan, Quek 

& Ng 2007).   

From a rational point of view, according to Al Nasseri, Tucker & De Cesare (2015), 

investors can be roughly classified into two groups: rational information traders 

(arbitrageurs) and irrational noise traders. Arbitrageurs make rational market decisions 

solely based on the information and data on hand and use financial tools and calculations, 

such as the risk-adjusted expected return, as the drivers for their market actions (Kholdy & 

Sohrabian 2014). They are widely considered as the balancers of the financial markets, and 

as Attari, Mello & Ruckes (2005) noted, their actions can be seen as the key to effective, 

functional markets. According to the EMH, in case the market faces temporary 

inefficiencies, the arbitrageurs will correct them rapidly, hence, restoring the market 

efficiency and making it impossible to gain advantage of the undervalued stocks or 

fluctuated prices. The aforementioned hypothesis also states that an arbitrage would be 

costless and risk-free, however, this statement often proves to be inaccurate in a more 

realistic environment. In a non-textbook reality, an arbitrage might often require capital 

and / or include risks since it might not be possible to completely offset the impact made 

by noise traders (Shleifer and Vishny 1997).  

Shleifer & Summers (1990) Define noise traders as investors, who follow neither the 

“well-established paradigm of rationality” in the financial markets nor the expectations of 

rationality when it comes to asset price modeling, and as Kholdy & Sohrabian (2014) note, 

their market decisions oftentimes focus on risky assets with the key drivers for their actions 

being either other people or questionable methods, such as extrapolation or making a 

technical analysis. However, from their own point of view, their acts could be considered 

as rational, although, what may be “rational” to them, might not count as rational to others. 

This is due to the fact that their decision-making is often influenced by, for instance, 

inaccurate information of faulty beliefs, which might lead to an “optimal decision” only in 

a bounded rationality 2 way. However, as shown by De Long, Shleifer, Summers & 

Waldmann. (1990), if a large enough group of noise traders share a likeminded bias and act 

accordingly, it is not possible for arbitrageurs to neutralize the following price actions. In 

 
2 A concept introduced by Herbert Simon in 1955; according to it, people tend to make satisfying solutions 
instead of optimal solutions due to their humane characteristics (Mallard 2020).  
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regard to this, Barbosa de Faria e Castro (2011) adduced an interesting point for the 

discussion around the rationality of the noise traders. He noted that it is extremely unlikely 

that those people would be completely unconscious of the fact that a significant percentage 

of the people with a similar bias will act in a same way, hence, in theory, making the 

irrational decisions actually more rational.  

According to Al Nasseri et al. (2015), noise traders tend to inevitably participate in the 

conversation around financial topics and mix the pack with their uneducated predictions 

and unreliable information. This can lead to unexpected and unjustified movements in the 

market especially in the short term, regardless, if the arbitrageurs remain rational or not 

(De Long et al. 1990). No matter whether buying or selling the asset, noise traders tend to 

trade in herds (herd behavior 3) according to their prevailing sentiment (Barber, Odean & 

Zhu 2009), and this might have a drastic impact on the prices even in a long run. Baker & 

Wurgler (2007) used the technological boom in the 1990’s as an example to illustrate the 

power of the sentiment, since during that time, arbitrageurs with rational beliefs had 

contradicting opinions of the stock market movements, and after heavily misjudging the 

scale of the impact that the noise traders were able to create, some of the arbitrageurs were 

forced into bankruptcy. A later example of a similar phenomenon was witnessed in early 

2021, as against all rational beliefs, stocks that started to trend in social media platforms 

(meme stocks 4) went parabolic, causing private funds that had contradicting beliefs to lose 

billions of dollars (Chung 2022). Figure 4 below shows the 3-month stock movements of 

the meme stock that received the most attention, GameStop Corp. (GME), illustrating the 

potential and impact that non-professional traders can make on financial markets. 

 
3 Bikhchandani & Sharma (2000) Define herds as groups of investors or fund managers who dive into risky 
investments without having the necessary level of information or knowledge, and when troubles arrive, they 
promptly shift their position to somewhere safer, and herd behavior as acting accordingly. 
 
4 A stock that has seen a drastic increase in trading volume and the price of the stock, not based on the 
performance of the stock but the attention and “hype” that it has gained in online investing platforms and 
social media. (Gobler 2021) 
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Figure 4. The short-term market movements of GameStop Corp. 

In terms of online investing platforms, according to Gu & Kurov (2020), especially in 

social media, sentiment is widely expressed to be a source for noise trading since regular 

social media users usually do not have access to the same information as professional 

investors and can be considered as unbriefed. However, as discussed earlier, what’s widely 

regarded as “noise” might actually have potential to contain valuable information if a large 

enough group would act according to it.   

 

2.1.2 Relationship between trading volume and stock movements 

 

Even though the relationship between trading volume and stock movements is not directly 

studied in this Master’s Thesis, it is proven by numerous studies (e.g., Karpoff 1987; 

Gagnon & Karolyi 2009; Pathirawasam 2011) that there is a significant price-volume 

relationship in the financial markets, and since the existence of a relationship between 

message volume and trading volume has been strongly supported, it is necessary to have a 

glance at the aforementioned variables. In general, technical analysts agree that price 

movements require volume (Karpoff 1987), and according to Pathirawasam (2011), the 

majority of the earlier studies concerning the subject have found a positive correlation 

between daily price movements and daily trading volume in terms of both individual 

stocks and whole stock indices. Also, another point in terms of utilizing the trading volume 
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that has sparked a debate has been to use past trading activities and patterns to predict the 

future movements, from which the results have been a little two-folded. Studies that have 

focused on developed markets have found positive results regarding this connection, and 

for instance, Gervais, Kaniel & Mingelgrin (2001) found out that stocks with a usually 

high trading volume on a short reviewing period (such as on a daily or a weekly basis) 

have been offering larger than average returns on the upcoming month and vice versa. 

However, in terms of undeveloped markets, Pathirawasam (2011) studied the Colombo 

Stock Exchange (CSE) on an eight-year time scale from 2000 to 2008 and found out that in 

the exact case, change in the past trading volume actually had a negative relationship with 

future stock returns. They suggested this to be due to both the low liquidity of especially 

the low volume stocks and the unacquaintance of the investor base. Therefore, if a 

relationship between message volume and trading volume can be established, this finding 

might prove to be interesting in terms of social media platforms due to the fact of the 

majority of the users falling into the category of being uneducated and could also offer a 

subject for a future study or a larger discussion. 

 

2.2 Data gathering 

 

The daily data regarding stock price and benchmark index movements as well as the 

trading data was collected from Yahoo Finance by downloading the .csv files containing 

the historical data of the movements from the analyzed time period. In terms of the rest of 

the data used in this study, it was solely collected from the earlier mentioned 

microblogging platform, StockTwits. To collect the data from StockTwits, the site’s own 

application programming interface (StockTwits API) was used via a Microsoft Excel 

plugin, SeoTools for Excel. SeoTools is a search engine optimization (SEO) based plugin 

for Excel, which allows its users to efficiently search, scrape and connect data through its 

built-in features. The plugin offers both on- and off-page SEO utilities, such as functions to 

rapidly verify the setup and availability of backlinks for the page under examination 

(Bosma 2021), however, for this study, the main interest is on the plugin’s connectors. 

They allow the users to integrate any external API’s directly into Excel, enabling the users 

to load, filter and process the data found from the site fluently and very much in detail. 
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For the data itself, an overall of 30 North American stocks from the New York Stock 

Exchange (NYSE) were chosen for this study. The majority of the user count of 

StockTwits consists of U.S. and Canadian citizens, therefore it was a natural and rational 

decision to choose only North American stocks to be analyzed in the study. The 30 stocks 

were carefully chosen from different industries with the companies also having differing 

market caps: ten of the companies represent the large-cap sector, ten of them represent the 

mid-cap sector and the remaining ten companies the small-cap sector. These choices do not 

only give a large overall view of the whole market, but also makes it possible for this study 

to find out, whether the size of a company can make a difference in terms of stock 

movement predictability. As an addition, the stocks that were chosen for this study 

represented the high end when it comes to post volume in their own market cap categories; 

this ensured that all the stocks had enough data to extract the sentiment and increase the 

reliability in terms of the results. 

The gathered data was acquired from a six-week time period from 2021, more closely from 

May 17th to June 25th. This exact time period was chosen due to the fact that there would 

be as few known microeconomic announcements, such as earnings reports as possible, 

hence reducing the number of external factors affecting to stock price movements to as low 

as possible. Furthermore, most of the studies focusing on this topic has been made with 

stock data from the time before Covid-19 and no study has yet been published that utilizes 

stock data that is this new. This gives a unique perspective for this study, making it both 

topical and especially relevant for the ongoing debate around the subject. As an addition, 

according to Sohangir et al. (2018), only 10% of StockTwits messages were labeled either 

bullish or bearish in their study, in which the sentiment data was analyzed from an 18-

month time period from January 2015 to July 2016. As the site has become more popular, 

the percentage of messages containing a self-reported sentiment has increased, therefore, 

using a time-period as close to the present as possible should offer relatively more data to 

analyze, therefore, increasing the reliability of the obtained results of this study. 
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2.3 Data preprocessing 

 

The data preprocessing for this study had to be done in two parts with the first part having 

the focus on the data gathered from StockTwits and the second part on the actual stock data 

collected from Yahoo Finance. In terms of StockTwits data, the data had to be filtered at 

first to fit the needs of this study. The raw data that was collected from StockTwits initially 

included 18 variables, such as the name and id of the poster, their follower count and links 

to their avatar and their profile. An example of all 18 “base” variables can be seen as 

Appendix 1. However, in terms of studying the relationship between the sentiment and 

stock movements, most of the variables were unnecessary, and in the end, all but six 

variables (date of the post, sentiment, number of replies for the post, user id, follower 

count and the user’s ideas) were deleted from the data.  

Table 1. Filtered StockTwits Data 

Created Sentiment Replies Username Followers 
User 
Ideas 

User 
Likes 

9.6.2021 Bearish 1 Do_Nam_Trung 10 3671 204 

9.6.2021 Bullish 3 YoungVino92 3 157 577 

9.6.2021 Bullish 0 SarahMoneywork 10939 18678 9693 

9.6.2021 Bearish 1 swimmingtropicallong22 11 930 116 

 

In terms of the Yahoo data, all the historical data was downloaded directly from Yahoo 

Finance, and the data included seven variables (date, daily opening, highest, lowest, 

closing, and adjusted closing price, and the daily trading volume) for all the stocks, an 

example of the initial data can be seen as Appendix 2. From these variables, the highest, 

lowest, and closing price were removed, and the remaining four variables were taken to be 

processed further; a sample of this data can be seen as Table 2. 
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Table 2. Filtered Yahoo data 

Date Open Adj Close Volume 

17.5.2021 6.850000 7.020000 6923500 

18.5.2021 7.100000 7.380000 5368000 

19.5.2021 7.090000 7.240000 4167500 

20.5.2021 7.290000 7.320000 3288800 

21.5.2021 7.350000 7.600000 3800400 

  

The main problem of preprocessing was the availability of the data for each day. Since the 

stock markets are not open on weekends and holidays, there is no stock data from the days 

when the markets are closed, whereas there are still posts and given sentiments concerning 

the stocks from these days. To solve this problem, a reminiscent method to Batra & 

Daudpota (2018) was utilized, who filled the missing values by calculating the average 

prices of the last known closing price and the next known opening price of a stock. Instead 

of doing exactly this, the missing values were filled by calculating an average for each 

closed trading day separately by utilizing the latest closing price and the next opening 

price, creating an arithmetic sequence between the closing and opening prices. The used 

formula can be seen below: 

 
𝑌 = 𝑃 +

(𝑃 − 𝑃 )

𝑛 + 1
 

 

(1) 

In the formula, Y represents the empty value, Pc the latest closing price, Po the next opening 

price and n the number of consecutive closed market days. 
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2.3.1 Smart-person identification 

 

To test whether it is possible to increase the accuracy of the predictions by utilizing only 

the information given by specified users, it was necessary to preprocess the gathered 

StockTwits data a bit further. Coyne et al. (2017) were able to increase their model’s 

accuracy by more than 10% by identifying the smart user’s according to three variables: 

the number of likes of the user’s posts, the user’s follower count and the accuracy of the 

user’s earlier predictions. Also, Wang et al. (2017) found out that instead of ranking users 

by the accuracy of their earlier predictions, ranking them by the number of comments 

concerning their posts actually gave more accurate results. These findings worked as the 

basis for the smart-person identification model used in this study, and the specified users 

were selected also based on their follower counts and user ideas combined with how often 

they have been correct with their predictions in the past.  

For the processing itself, the data had to be filtered so that only the users with a large 

enough following count, amount of user ideas and a success rate with their earlier 

predictions were accepted. After this, a filtering, on four variables was utilized. Based on 

the aforementioned literature, user data was collected upon follower count, following 

count, user ideas and user post likes. Following this, the user data was integrated with the 

correctness of the opinion to gauge for opinion quality, which was eventually used for 

smart user identification. Furthermore, the smart user filtered data will be utilized in order 

to see, whether it is possible to achieve more adequate predictions.  

 

2.4 Used methods 

 

In this study, based on the findings and accuracy of the models used in earlier studies, three 

different ML models (SVM, RF and Logistic Regression) were used in order to study the 

predicative abilities of the StockTwits indicators for the actual stock movements, and see if 

it possible to improve those predictions based on the information collected from the 

“smart” StockTwits users. However, before the ML models, it was necessary to first 
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analyze the characteristics and less complex relationships between the variables to 

determine how to progress with the study. These were done by multiple statistical tests to 

check the initial correlations and linearity of the tested variables and check the statistical 

significance and goodness of fit for the upcoming models. As an addition, to study the 

bivariate relationship of the measured variables even further, linear regression models were 

formed to complement the correlation analyses. Also, in terms of the relationship between 

the volume indicators, it was necessary to determine whether the analyzed data was 

stationary or not to get a more accurate picture of whether one of the time series could 

actually predict the other or not. This was done by performing augmented Dickey-Fuller 

and Granger causality tests respectively. As for the ML models, to conduct the models 

utilized in the classification and regression tasks done in this Thesis, MatLab and its 

internal functions were used. Models and their respective hyperparameters were optimized 

in a way that the mean accuracy as well as describing variables were achieved for the 

different models used for the forecasts. A 5 times k-fold classification was used to cross-

validate the results for reproducibility.  

 

2.4.1 Statistical tests 

 

The statistical tests done in this study include correlation tests, tests of significance and 

goodness-of-fit tests. In terms of correlation tests and matrices, correlation analyses were 

performed, and the actual correlations were measured by Pearson’s correlation coefficients 

(PCC). Concerning the ML models, McNemar’s test was utilized to check the statistical 

significance, and adjusted R-squared values were calculated to test the goodness of model 

fit. Also, two-tailed Student’s T-distribution tests were utilized to obtain the P-values.  

To study the nature and degree of the measured variables, correlation matrices were 

generated. Since the study focuses on bivariate correlations, the Pearson product-moment-

correlation proved to be the most convenient option. According to Salkind (2010, 264-

265), the Pearson product-moment correlation is the most used correlation measure for two 

variables. In the method, the relationship of a predictor variable (X) and criterion variable 

(Y) is being analyzed, and more extensively, the method aims to imply to which degree the 
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measured variables covary, returning the PCC as a result to indicate this. Mathematically, 

this could be stated as: 

 
𝑟 =  

∑ 𝑧 𝑧

𝑛 − 1
 

 

(2) 

in which zx and zy represent the z-scores of the measured variables.  

PCC is a common way to denote correlation, made known by Karl Pearson in the 1880’s, 

and it is commonly used to test theories and descriptive practices, such as reliability 

estimations or validation of the measured variables. The coefficients have a range of values 

from perfect correlation (1) to perfect negative correlation (-1), whereas a value of 0 

signifies that there is no statistical relationship between the variables. Also, the sign of the 

coefficients imparts the direction of the linear association of the measured variables (X, Y); 

if a high value (low value) on X goes hand in hand with a high value (low value) on Y, the 

association is positive and vice versa. The method is mainly used to provide the strength 

and direction of the linear relationship of the measured variables, but it also makes it 

possible to calculate the shared variance between the variables in question by simply 

squaring the correlation coefficient and getting the R2 value. (Adler & Parmryd 2010; 

Salkind 2010, 1022-1023) 

In terms of testing goodness of fit of the ML models, the aforementioned R2 values were 

adjusted to suit the needs of this study. Since the R2 value is the square of a correlation 

efficient, the value increases if the number of regressors increases. Therefore, in case of 

multiple regression models, the R2 must be adjusted to take the number of explaining 

variables into account, hence, adjusted R-squared (R2) values were calculated. If R2 were 

defined as the ratio of the variations explained by a model and the total number of 

variations in the explained variable, the R2 could be presented in the form of an equation 

as: 

 
𝑅 =

(∑ (𝑌 − 𝑌) ) − ∑ (𝑌 − 𝑌)

∑ (𝑌 − 𝑌)
 

(3) 
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In which Y denotes the explained variable, 𝑌 the sample mean of Y and 𝑌 the least squares 

estimation. To continue the R2 into an adjusted version, the regressors must be considered, 

and the new adjusted R2 can be expressed as: 

 
𝑅 =

(𝑛 − 1)𝑅 − 𝑝

𝑛 − 𝑝 + 1
 

 

(4) 

In which p represents the regressors of the model. The adjusted R2 value ranges between 0 

and 1 (0 to 100%) with 0 indicating that the model is not able to explain any variability in 

Y, whereas 1 indicates that the model completely explains the variability in Y. (Kasuya 

2019; Salkind 2010, 1188-1189) 

A T-test, and mainly the Student’s T-test, is a commonly used statistical test to judge, 

whether there is a statistical difference in the means of two measured classes. The test, 

according to Pripp (2013, 3), is used broadly in all fields of applied statistics and it is most 

often used to either compare the means of two independent groups or to collate average 

performance over a measured period of time. (Zhou & Wang 2007; Salkind 2010, 1461). 

To test the null or alternative hypotheses, a common way is to calculate the difference of 

means of the samples of observations and divide the result with the square root of the 

estimated common value of variance, multiplied by the sum of 1 / the sample sizes of the 

measured groups (formula 5). After this, a P-value is calculated to show the probability of 

obtaining a T-value with an at least as large absolute value as was calculated from the 

measured sample (Salkind 2010, 1464). The tests done in this study are two-tailed, which 

means that instead of one-sidedly specifying the H1 limit for the measured parameter (i.e., 

H1: x > x0), the direction of the H1 is not being specified (H1: x ≠ x0) (Salkind 2010, 1572). 

 
𝑇 =

�̅� − �̅�

𝑒𝑠𝑡 𝜎
1
𝑛

+
1

𝑛

 

 

(5) 
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As for the test of significance for the ML models, McNemar’s tests were executed. 

McNemar’s test is a nonparametric statistical test for paired data to locate the differences 

between two measured samples, which bases its symmetry test on chi-squared distribution. 

The test functions by setting up two classifiers to assort pairs of data points. What matters 

for the test is how the data points get classified, and by judging the amount of data points 

that one of the classifiers gets right and one does not, it is possible to determine if the 

classifiers are inequivalent with each other. Also, McNemar’s test have been found helpful 

on almost every field of study, commonly used, for example, to perform pretest – posttests 

or matched-pair studies, and with slight modifications, the test has also been able to suit 

the needs of more unconventional situations, such as sample size estimations and 

misclassified data. (Beyeler 2017, 315; Salkind 2010, 781) The formula for the test, as per 

Salkind (2010, 780) can be expressed as: 

 
𝛸 =  

(|𝑥 − 𝑦| − 1)

𝑦 + 𝑥
 , 𝑑𝑓 = 1 

 

(6) 

In which x and y represent different classifications of the data pairs, for instance, in a yes-

no classification, with a 1 degree of freedom. 

 

2.4.2 Augmented Dickey-Fuller test 

 

According to Tam (2013), a Dickey-Fuller test is a commonly used unit root test for 

especially financial and economic data to determine their time series properties, and more 

precisely, to check if the data can be considered as stationary or not. The test surmises the 

presence of a unit root in the measured time series, hence, having the H0 of the data being 

non-stationary (Mushtaq 2011). The test was brought to a daylight by David Dickey and 

Ricky Fuller in 1979. The test is regression-based, hence, relatively uncomplicated to 

perform, which, according to Otero & Baym (2018), might explain why the test has 

cemented its place in the academic field. The simple Dickey-Fuller test has three different 
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basic versions, and the characteristics of the measured data tells, which of the methods 

should be used. If the data has no constant and no time trend:  

 ∆𝑌𝑡 = 𝛶𝑌 + 𝜀 

 

(7) 

if there is a constant but no trend: 

 ∆𝑌𝑡 = 𝛼 + 𝛶𝑌 + 𝜀 

 

(8) 

and if there is both constant and a trend: 

 ∆𝑌𝑡 = 𝛼 + 𝛽𝑡 + 𝛶𝑌 + 𝜀 

 

(9) 

In which 𝛶 is the coefficient for unit root, α the intercept constant, β the time trend 

coefficient and 𝜀 the error term (Mushtaq 2011). 

However, due to its simple nature, the test is not suitable for complex and dynamic time 

series, and in the field of research, an augmented version of the test (ADF) has become 

popular due to its potential to give accurate results even if the time series would include 

autocorrelation (Tam 2013). The augmented version of the test, in comparison to the 

simple Dickey-Fuller test, keeps including the lagged values of the dependent variable to 

the existing model and continues this until there is no autocorrelation. This could be done 

mathematically by adding the lagged differences: 

 
𝛽1∆𝑌𝑡 − 1 

(10) 

to the used method (Mushtaq 2011). In this study, all stationarity tests are performed as 

ADF’s. 
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2.4.3 Granger causality test 

 

To find out the relationship(s) that might be existing between the measured variables, a 

viable method to perform this is the Granger causality test, at first introduced by Granger 

(1969). The purpose of the test is to look if there is a causal direction between measured 

time series by trying to find a correlation between a present value of variable X and past 

values of variable Y (Chiou-Wei, Chen & Zhu 2008). According to Checkley et al. (2017), 

a given variable (X) Granger causes another variable (Y), if Y can be more accurately 

predicted utilizing the historical data of both X and Y rather than just the historical data of 

Y.  As for the characteristics of the model, according to Hill, Griffiths & Lim (2012, 498), 

since the Granger causality models are auto-regressive based, the used variables have to be 

stationary. To transform non-stationary data to stationary, the data must be differenced, 

which is possible by, for instance, applying log transformation.  

In terms of the test itself, the presumption is that there is no relationship between the 

measured variables in a sense of Granger causality, therefore, H0 states that variable X does 

not Granger cause variable Y or vice versa. The test can be run in three different scenarios: 

as a simple Granger causality test if only two variables are tested, as a multivariate Granger 

causality test if there are more than two variables tested or in a vector autoregressive 

(VAR) framework, which would require an extended version of the multivariate model 

(Elemuche, Omekara & Nsude 2018). However, in this study, the Granger Causality tests 

are performed to see, whether the StockTwits variables Granger cause the actual stock 

movements, but the tests are also reversed to see if the causal connection is also vice versa. 

Since the relationship of only two variables are tested simultaneously, a simple Granger 

causality test suits the needs of this study. The test consists of two equations, 

 
𝑋 = 𝛼 𝑌 + 𝛽 𝑋 + 𝜀  

 

(11) 

and 
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𝑌 = 𝛾 𝑌 +  𝛿 𝑋 + 𝜀  

 

(12) 

in which α, β, γ and δ represent the regression coefficients and ε the error term. (Granger 

1969) 

 

2.4.4 Linear regression 

 

Linear regression has its roots in the early 1800’s, where the earliest known form of linear 

regression, the least squares method was made known by Adrien-Marie Legendre in 1805, 

whereas the term “regression” was introduced by Francis Galton in 1908 as a part of a 

heredity study. Throughout the years after that, regression analysis has become one of the 

most used statistical methods, and it has been implemented on numerous fields of science 

besides economics, for instance, medicine, engineering, and agriculture. (Yan & Su 2009, 

2-4; 9) 

 Brooks (2008, 22) defines regression as a potential way of explaining the actions of a 

variable by using the actions of other variables as the reference point. For instance, if the 

explained variable would be stated as y and the explaining variables would be x1, x2, … xn, 

the changes in the x-variables would be analyzed to see, whether they cause changes in the 

y-variable or not. In accordance with Yan & Su (2009, 9), linear regressions can be roughly 

divided into two categories, simple linear regressions, and multiple linear regressions. In a 

simple method, the relationship between the dependent variable (y) and only one 

independent variable (x) is being analyzed; a simple bivariate regression model as per 

Brooks (2008, 22) could be interpreted as follows:    

 

 𝑦 =  𝛼 +  𝛽𝑥 + 𝑢  (13) 
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In the model, α represents the constant, β the degree of change in the outcome (slope), u 

the random disturbance term and n the observation number. 

In a multiple linear regression model, the main goal is to search an existence of a linear 

relationship between the dependent variable and multiple independent variables, and the 

model can be utilized in more complex tasks than its simple version. For instance, multiple 

linear regression can be used to either study, how big of an effect a set of independent 

variables will cause in terms of the outcome, or to assess the effect of the outcome while 

simultaneously taking into account more than one factor that might have an impact in 

terms of the outcome. (Yan & Su 2009, 41) A traditional multiple linear regression model 

followed by Yan & Su (2009, 49) can be seen below in the form of an equation: 

 𝑦 = 𝛼 + 𝛽 𝑥 + 𝛽 𝑥 + ⋯ 𝛽 𝑥 + 𝑢 

 

(14) 

2.4.5 Logistic regression 

 

Logistic regression is a commonly used statistical method especially in research designs 

that require the analysis of the relationship between an outcome and one or more 

independent variables (Salkind 2010, 730), and Osborne (2015, 3-4), defines it as a viable 

option to study the relationship of variables when there is a dichotomous or a categorical 

outcome. A logistic regression model is also nonparametric, which means that it does not 

require any assumptions in terms of the characteristics (parametrics) of the data (Osborne 

2015, 10). The logistic regression model gets credit especially for its ability to handle more 

than one variable, even in the case of the variables being on differing scales of 

measurement (Hosmer et al. 2013, 35).  

According to King & Zeng (2001), in a logistic regression model, a variable (Yi) with a 

single outcome follows the Bernoulli probability function and gets a value of 1 with the 

probability of πi and a value of 0 with the probability of 1 - πi. The probability changes 

amongst the observations as an inverted logistic function of a vector (xi), which consists of 

a constant and k – 1 explanatory variables: 
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𝑌  ~ 𝐵𝑒𝑟𝑛𝑜𝑢𝑙𝑙𝑖 (𝑌  |𝜋𝑖 ) 

 
𝜋 =  

1

1 + 𝑒
 

 

(15) 

In the equations, the Bernoulli gets a probability function P(Yi | πi) = 𝜋 (1 −  𝜋𝑖) , and 

β represents a k x 1 formed vector. 

In terms of estimating the β, a likelihood function is utilized with the basis of a maximum 

likelihood principle, which can be seen below: 

 𝐿(𝛽|𝑦) =  𝛱 𝜋 (1 − 𝜋 )  

 

(16) 

Which, after taking logs and implementing equation 15, can be expressed as: 

 
− ln (1 + 𝑒( ) ) 

(17) 

To find the value for the β to maximize the value of the whole equation (𝛽), a Log-odds 

analysis can be utilized. However, to determine the standard errors from the previous 

calculation, a variance matrix (V(𝛽)) must be formed: (King & Zeng 2001) 

 
𝑉 𝛽 = 𝜋 (1 − 𝜋 )𝑥 𝑥  

 

(18) 

However, it is important to note that scholars rarely have their interest at least solely on the 

𝛽-output, and often tend to focus especially on probability functions and the probabilities 

for events to occur (Pr(Yi = 1 | β) = πi = (1+𝑒 ) . (King & Zeng 2001) With proper β -

estimations, Sperandei (2014) has an effective solution for this problem by first defining 
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the chance of an outcome as a ratio, and after this, forming the model as a logarithm of 

chance as: 

 log
𝜋

1 − 𝜋
=  𝛽 + 𝛽 𝑥 + 𝛽 𝑥 + ⋯ 𝛽 𝑥  

 

(19) 

In which π represents the probability of an event to occur. 

 

2.4.6 Support vector machine 

 

SVM’s have been widely utilized in ML for 30 years, however, the earliest papers 

concerning SVM’s were published already in 1964 and remained generally unobtrusive all 

the way until 1992. The field of ML did not find SVM’s suitable in practice, hence, other 

ML methods, such as Neural Networks (NN), were preferred over SVM’s for a long period 

of time. After SVM’s proved to achieve results par excellence in multiple fields, for 

instance, in digit recognition or text categorization, the model started to solidify its position 

amongst the experts of the field. Nowadays, SVM’s are widely used models in ML 

oftentimes giving more accurate results than other statistical models (such as NNs) when it 

comes to problems that require supervised learning (Kecman 2005) and is able to perform 

with high accuracy even with relatively small training sets (Matykiewicz & Pestian 2012). 

According to Hu & Tripathi (2016), SVM’s are broadly used supervised learning 

algorithms, mainly used for linear or non-linear classification. The base idea of SVM 

models is that the training datasets are labeled, and the model constructs a hyperplane in 

the vector space of the data, so that the labeled data can / will be classified by their given 

class labels. At first, the machines non-linearly input vectors to a feature space that is high-

dimensional, and after that, it creates a linear decision boundary.  

Kumar (2020) defines the goal of a SVM to maximize a margin between two data classes, 

and that margin will be defined by the minimum distance between a data sample and the 

optimal separating hyperplane of the model, but first, the optimal separating hyperplane, or 
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the decision boundary, and the “positive” and “negative” hyperplanes must be defined. In a 

simplified example (Figure 5), the separating hyperplane can be defined as w * x - b = 0, 

hence, the positive hyperplane would be w * x – b = 1 and the negative hyperplane w * x – 

b = -1, in which w is the normalized vector to the hyperplane. If the data instances were 

considered as n-dimensional, the goal of the model would be to find the n-1 -dimensional 

hyperplane with the maximum margin. From the data points, the model aims to find the 

closest points to the positive and negative hyperplanes, and the maximum margin data 

points will become support vectors.  

 

Figure 5. Simplified SVM classifier pursuant to Cortes & Vapnik (1995) and Kumar 

(2020) 
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2.4.7 Random forests 

 

Random forests, at first introduced by Breiman (2001), can be defined as classifying 

models, which consist of a large set of tree-structured classifiers, in which every tree is 

dependent on the values of independently sampled and identically distributed vectors. In a 

general version of the model, first, an independent random vector (n) with the same 

distribution as the earlier created vectors is generated for the nth tree. That tree will be 

grown utilizing a training set, which leads to a new classifier getting created. This 

continues until a sufficient number of trees are created, and the trees cast unit votes for the 

most popular class at a given input. (Breiman 2001) A simplification of the process, in 

accordance with Sapountzoglou, Lago & Raison (2020) can be seen below as Figure 6.  

 

Figure 6. Simplified RF example 
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RF in its current state is a commonly used ensemble learning method, mostly utilized in 

applied sciences and literature. However, the literature gives no simple answer for the 

question of how many trees should be used in a RF model and finding the right number of 

trees is usually a process of trial and error. In practice, since RFs can be considered as 

efficient multi-class models with a potential to handle sizeable attribute space, they are 

oftentimes used in classification problems, such as segmentation processes for images and 

live-action face recognition. (Oshiro, Perez & Baranauskas 2012) As an addition to these, 

Breiman (2001) also notes that due to the Law of Large Numbers 5, the model does not 

face overfitting problems, which also increases the usage of RFs especially in terms of 

classification and regression problems.  

 

 

 

 

 

 

 

 

 

 

 

 

 
5 A law made known by Jacob Bernoulli in 1713, which apprises that when a sample size grows, the 
frequency of an event to occur tends to verge on the probability of the event’s occurrence. (Falk & Lann 
2015) 
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3 Data 

 

The data used in this study focuses on 30 North American companies from different 

industries, from which 10 represent large-cap stocks, 10 mid-cap stocks and 10 small-cap 

stocks. In terms of choosing which stocks to use, earlier studies have had some variance in 

the selection process. Jaggi et al. (2021) simply chose 25 large U.S. stocks and Oliveira et 

al. (2013) five large U.S. stocks to study further due to their high posting volume in 

StockTwits. Audrino et al. (2020), who studied the impact of social media sentiment and 

attention on the volatility of the stock market, chose 18 U.S. stocks with different market 

caps from different industries, since they hypothesized that it is rational for sentiment and 

attention variables to have difference when it comes to the impact on future realized 

volatility if the characteristics of the stocks vary. They found their hypothesis to be 

accurate, therefore, it was justified to select stocks from different industries to get a more 

wholesome answer to the main research question of this study. 

 

3.1 Hypotheses 

 

With the findings from the earlier literature around the subject, it was possible to create the 

hypotheses for the research questions of this study. Even though there are a total of one RQ 

and three SQ’s, the first two SQ’s are quite self-explanatory when giving a hypothesis for 

the RQ, hence, only two hypotheses were formed for the rest of the study to be 

substantiated. The hypotheses can be seen below: 

H1: There is a significant relationship between both the sentiment and short-term stock 

movements and the message volume and trading volume. 

H2: The accuracy of the models can be improved by utilizing only the smart opinion with 

the reservation of having a sufficient amount of smart user posts per stock. 
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3.2 Descriptive statistics 

 

Since the data analyzed in this study has been gathered from different sources and in 

different forms, it was necessary to analyze all the variables separately. These include the 

sentiment statistics, posting volume, trading volume, StockTwits user statistics and the 

statistics of the actual stock movements.  

 

3.2.1 Sentiment statistics 

 

At first, the gathered sentiment data concerning all 30 stocks was analyzed per stock to get 

a comprehensive picture of the data characteristics and see, whether the data is suitable for 

the upcoming models. The gathered data from the six-week time period contained a grand 

total of 180471 messages, from which 90780 messages had the given sentiment included. 

From the messages with a given sentiment, almost 9 out 10 messages were bullish, giving 

an interesting starting point for the study, since the bullish / bearish ratio in the earlier 

studies has not been that high, and for example, Drerup (2015) calculated a 3,7/1 ratio from 

over 7,5 million messages in his study concerning investor sentiment. The initial sentiment 

statistics can be seen below as Table 3. 

 

Table 3. Initial sentiment statistics 

MESSAGES 
MESSAGES WITH 

SENTIMENT 
SENTIMENT-

% 
BULLISH BEARISH 

180471 90780 50,302 % 
81118 

(89,357%) 
9662 

(10,643%) 

 

From the posts under individual stocks, the focus was on the posts containing the given 

sentiment and the percentage of bullish predictions; the statistics can be seen in Table 4. In 
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terms of posts with sentiment, the number of most posts under a stock (14952) proved to 

be over 30 times more than the lowest number of posts (465), indicating, with the support 

of the relatively high standard deviation, that there are significant differences in terms of 

user interest within the chosen stocks. As for the bullish percentage, almost all the stocks 

had the bullish-to-bearish ratio over 4 to 1 (Appendix 3), with the lowest user sentiment 

being 78,175 % bullish and the highest a whopping 99,325 % bullish.  

  

Table 4. Individual descriptive statistics of the sentiment 

Sarake1 Posts with sentiment Bullish -% 

Max 14952 99,325 % 

Min 465 78,175 % 

Mean 2996,6 90,026 % 

Med 1511,5 89,451 % 

St. Dev 3340,840 6,209 % 

 

Next, the stocks were grouped by their size into three different categories to help with the 

future calculations and created models. All categories, large-cap stocks, medium-cap 

stocks, and small-cap stocks, consist of 10 stocks with a relatively high message volume, 

and the chosen stocks can be seen in Table 5. In terms of message volume, large-cap stocks 

had the highest number of total messages (72202 compared to 55017 and 53252 messages 

on medium- and small-cap stocks respectively), however, those messages also had the least 

amount of given sentiments by percentage (44,772% compared to 57,757% and 50,098%).  
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Table 5 Analyzed market caps 

SIZE STOCKS 
TOTAL 
POSTS 

POSTS 
WITH 

SENTIMENT 

POSTS 
WITHOUT 

SENTIMENT 

SENTIMENT-
% 

LARGE 

AMZN, MSFT, 
GOOG, F, WFC, 
SNAP, PFE, T, 

PYPL, JPM 

72202 32326 39876 44,772 % 

MEDIUM 

LAC, BNGO, 
PINS, DVAX, 
ROOT, AGEN, 
AMRS, CCXI, 
FSLY, MGNI 

55017 31776 23241 57,757 % 

SMALL 

KODK, ACB, 
APRE, LOTZ, 
XXII, RMO, 

POWW, CLSK, 
XL, RAD 

53252 26678 26574 50,098 % 

 

As for the messages with the given sentiment, the message volume got divided quite 

evenly within the large, medium, and small cap stocks with the stocks covering 27037, 

29870 and 23211 messages respectively. However, the overall user sentiment proved to 

have more drastic differences with 83,639% of the posts being optimistic on the large cap 

stocks, 90,753% being optimistic on the small cap stocks and 94,002% being optimistic on 

the medium cap stocks. These differences can be seen below as Table 6. 

 

Table 6. Sentiment within large, medium, and small cap stocks 

SIZE BULLISH BEARISH 

LARGE 27037 (83,639%) 5289 (16,361%) 

MEDIUM 29870 (94,002%) 1906 (5,998%) 

SMALL 23211 (90,753%) 2467 (9,247%) 
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3.2.2 Posting volume 

 

Since earlier studies, such as Oliveira et al. (2013) have found a relationship between 

posting volume and trading volume, and the correlation between trading volume and stock 

movements have been proven by, for instance, Karpoff (1987) and Pathirawasam (2011), it 

is relevant for this study to also analyze the daily posting volume considering the chosen 

stocks within StockTwits. 

Before the stocks were grouped into categories by their size, it was necessary to analyze 

them separately to get a complete picture of the sample and ensure that the data is suitable 

for the upcoming tests and models. The daily number of posts for all the stocks can be seen 

in the Appendices as Appendix 4. The number of messages posted daily varied from 1 

message to 3320 messages with 150,391 messages being the daily average and 71 being 

the median value of the daily volume per stock. The whole sample had a standard deviation 

of 239,479. These descriptive statistics can be seen below, assembled as Table 7. 

 

Table 7. Descriptive statistics of the unmodified posting volume data 

Daily volumes of the raw sample 

Max: 3320 

Min: 1 

Mean: 150,391 

Md: 71 

St. Dev: 239,479 

 

However, when looking at the distribution of the daily messages (Appendix 6), it can be 

seen, that the overall message volume is significantly lower when the stock market has 

been closed compared to the days that it has been open. Also, since there is no trading 

volume and no real-time change in terms of stock movements when the markets are closed, 
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it is justified to remove the non-trading days from observations for the models studying the 

relationship between posting volume and actual trading volume. The goal of this 

modification is to improve the accuracy and reliability of the models, and the updated 

distribution of the messages from the studied time period can be seen as Appendix 7. 

After removing the messages from the non-trading days, a total of 163447 posts remained 

for further analyzes and the models. The daily numbers of the post volume and percentual 

distribution of the modified message data can be seen in the Appendices as Appendix 5 

and Appendix 8 respectively. The messages concerning the stocks were grouped by the 

size of the stocks to ensure that there will be enough data for each trading day to increase 

the reliability of the results. Large-cap stocks proved to have the most messages (64 539) 

posted, whereas medium-cap and small-cap stocks had a relatively equal number of user 

posts (50 129 to 48 779 respectively). The distribution of the messages can be seen below 

as Figure 7.  

 

Figure 7. StockTwits message distribution 

 

After grouping the stocks, also the differences between the values evened, and each trading 

day got a sufficient number of observations to be utilized in the models (Appendix 9). 

After the modifications made, the maximum number of daily StockTwits messages per 

variable increased to 4516 and the minimum number to 944 messages. The mean and 

median values moved closer to the mean of the maximum and minimum values, whereas 
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the standard deviation of the message volume tripled from the individual stock sample. 

These statistics can be seen below as Table 8: 

 

Table 8. Grouped daily message volume 

Grouped Daily Message Volume 

Max: 4516 

Min: 944 

Mean: 1945,798 

Md: 1746,5 

St. Dev: 777,942 

 

 

3.2.3 Trading volume 

 

In terms of inspecting trading volume, the descriptive statistics of the stocks were, 

similarly to the message volume statistics, first analyzed separately before grouping the 

stocks by size to ensure that the gathered data is reliable and valid. The analyzed trading 

period saw a total amount of 10 591 710 400 traded, and the percentual distribution can be 

seen as Appendix 7. During the analyzed time period, the highest amount of traded stocks 

of a single company was 278 939 100 and the lowest amount 169 200 stocks. The mean 

and median during the time frame were 12 609 179,050 and 3 762 250 respectively, and 

the standard deviation of the trading volume settled at 25 791 756,520. The statistics are 

compiled below in the form of Table 9: 
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Table 9. Descriptive statistics of the trading volume of single stocks 

Trading volume statistics of single stocks 

Max. 278939100 

Min. 169200 

Mean. 12609179,050 

Med. 3762250 

St. Dev. 25791756,520 

 

Since the data proved to be valid and required no further preprocessing, the stocks were 

grouped by their size and the descriptive measures were performed. Large-cap stocks 

proved to have been traded significantly more than medium- and low-cap stocks with 73% 

of all the trades belonging to the large-cap category. (Figure 8)  

 

 

Figure 8. Trading volume per group 

 

As for the rest of the descriptive statistics (Table 10), grouping the stocks, likewise to 

message volume, decreased the relative difference between the maximum and minimum 
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amount of stocks traded in a single day with the highest amount being 470 698 300 and the 

lowest amount 20 392 100 stocks. The mean and median of the grouped volume both 

settled closer to the absolute maximum and minimum values (126 091 790,476 and 

57 791 050), and the standard deviation more than quadrupled.  

 

Table 10. Descriptive statistics of the grouped trading volume  

Grouped daily trading volume 

Max: 470698300 

Min: 20392100 

Mean: 126091790,476 

Med: 57791050 

St. Dev: 116916483,110 

 

3.2.4 User statistics 

 

In terms of StockTwits user statistics at first, the main characteristics of the user sample 

were analyzed as a whole, and after that, the users were grouped, and the notable 

descriptive statistics were gathered (Table 11). Also, the user sentiment from this data was 

compared to the actual stock movements to get the rate of how often the users have been 

correct with their predictions, and these statistics were utilized to identify the actual smart 

users. The user data proved to form from a grand total of 14191 different users, from which 

6715 had made posts concerning the large stocks, 4912 concerning the medium stocks and 

4312 concerning the small stocks, indicating that some of the users have been active on 

multiple stocks with their posting interest. 
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Table 11. Descriptive statistics of user posts  

Group   Measure   Followers   Following   User Ideas   User Likes   Correct   

Large   

Min   0   0   1   0   0 %   

Max   129496   9051   716548   809820   100 %   

Mean   688   63   10123   4868   41.8 %   

Median   46   11   3008   1542   32.3 %   

St. dev   3387   295   295   12202   49.3 %   

Medium   

Min   0   0   1   0   0 %   

Max   95386   9989   720964   171406   100 %   

Mean   285   42   4238   4321   45 %   

Median   19   14   1484   1424   38 %   

St. dev   1937   121   16596   8922   49.7 %   

Small   

Min   0   0   1   0   0 %   

Max   95388   9991   726363   224040   100 %   

Mean   436   61   5285   6182   42.1 %   

Median   22   16   2219   1726   38 %   

St. dev   3264   172   15308   14840   49.4 %   

All   

Min   0   0   1   0   0   

Max   95388   9991   726363   224040   1   

Mean   438   57   5637   6111   41.8 %   

Median   22   16   2145   1769   36.4 %   

St. dev   3107   166   16376   14556   49.3 %   

    

The Table depicts the descriptive statistics obtained from the user data, containing 

information about the user follower count, following amount, ideas, likes and correctness 

of opinion. Overall, the average user has around 22 followers and follows 16 others, 

indicating the sphere of influence that the normal user has. The median idea count (2145) 

is significant, indicating that a comparatively high number of ideas is shared by a normal 

user. Also, it is more popular to indicate opinions by oneself than like the posts of other 

people. On the basis of correctness, most users are more often wrong than right, with the 
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median correctness being around 36 %. This means that prediction accuracy of around 54 

% can be considered impressive, since a large proportion of the user posts are incorrect.  

From the different groups, users posting on large cap stocks are the most popular, followed 

by small and medium stocks respectively. Large stocks also attract the most ideas as well 

as the number of likes. In terms of correctness, users posting on medium size companies 

are right most often with an average of 45 % of posts being correct opinions about stock 

movement. All in all, the differences within the groups are small, as most of the posts 

concentrate on a small minority of accounts which have the highest activity. These 

accounts also tend to post in stocks of all sizes.  

 

Table 12. Descriptive statistics of users before and after user classification   

Group Variable Followers Following User Ideas User Likes Correct 

Normal 

Min 0  0  1  0  0  

Max 95388  9991  726363  224040  1  

Mean 438  57  5637  6111  41.8 %  

Median 22  16  2145  1769  36.4 %  

St. dev 3107  166  16376  14556  49.3 %  

Smart 

Min 0 0 1 0 0 

Max 129496 9991 726363 280260 1 

Mean 442 61 6014 4849 71.1 % 

Median 22 13 1997 1414 1 

St. dev 2794 267 16392 11384 45 % 

 

Table 12 showcases the differences between the normal users and smart users. In terms of 

the smart users, they are identified as quite similar when it comes to their descriptive 

characteristics. However, they were characterized by lower-than-normal follower counts, 

albeit high following counts, large number of ideas and large number of likes. This 

basically indicates that these users are often under looked, but they exhibit a high level of 

online activity. The filtering is indicated in the mean of total correctness percentage raising 

from 42 % to 71 % percentage, indicating consistent outperformance within the data.  
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3.2.5 Stock movements 

 

To examine the actual stock movements that happened within the analyzing period, again 

the stocks were at first analyzed independently, and after that, they were grouped by their 

size. Table 13 illustrates the descriptive statistics of the individual stocks: the highest 

returns during the inspecting period proved to be 41,4%, whereas the largest loss was 

18,5%. The mean of the stock movements was 16,4% indicating that the analyzed time 

period took place during a bullish run in the stock markets, hence, potentially explaining 

the unusually high percentage of sentiment in the user predictions. 

 

Table 13. Descriptive statistics of individual stocks 

Max Min Mean Med St. Dev 

41,4 % -18,5 % 16,4 % 19,1 % 14,4 % 

 

After this, the stocks were grouped, and Table 14 was formed to depict the descriptive 

statistics of the stock characteristics within differing groups. Also, to help with the 

upcoming models, variables for returns for the next day, the comparison index, dummy on 

beating the index and a variable to showcase excess returns were formed.   

Table 14. Descriptive statistics of the stock movements 

Group Variable Returns (t+1) Return_I Dow Excess 

All Min -35.9 0 -1.6 % -34.3 % 

 Max 20.6 1 1.7 % 18.9 % 

 Mean 10.0 % 47.10 % 0.0 % 0.0 % 

 Med 0.0000 0 % 0.0 % 0.0 % 

 St. dev 3.20 % 49.90 % 0.6 % 2.6 % 

Large Min -7.5 % 0.0 % -1.6 % -6.9 % 

 Max 5.3 % 100.0 % 1.7 % 5.3 % 

 Mean -0.3 % 36.6 % 0.0 % -0.3 % 
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 Med -0.002 0.000 0.0 % -0.5 % 

Medium St. dev 1.6 % 48.2 % 0.6 % 1.6 % 

 Min -9.2 % 0.0 % -1.6 % -9.2 % 

 Max 12.6 % 100.0 % 1.7 % 12.7 % 

 Mean 0.4 % 53.4 % 0.0 % 0.4 % 

 Med 0.000 1.000 0.0 % 0.2 % 

 St. dev 3.1 % 49.9 % 0.6 % 3.1 % 

Small Min -35.9 % 0.0 % -1.6 % -35.1 % 

 Max 20.6 % 100.0 % 1.7 % 20.7 % 

 Mean 0.1 % 51.4 % 0.0 % 0.1 % 

 Med 0.000 1.000 0.0 % -0.1 % 

 St. dev 4.4 % 50.0 % 0.6 % 4.5 % 

  

The highest returns proved to be in the large group, followed by small stocks, with medium 

coming in last. Whereas beating the index, medium stocks were the most successful 

followed by small and large companies. Presumably, also excess return is found to be the 

largest in medium stock group with small and large following. The return characteristics 

overall proved to be quite similar within the period, with only small differences in the 

stock groups compared to the index.  
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4 Results 

 

The results associated to the concrete data in this study are divided into three parts with the 

first part focusing on the Granger causal relationship between message volume and trading 

volume as well as user sentiment and daily stock returns. In order to get reliable results, the 

stationarity of the data will be ensured before the actual Granger causality tests. The 

second part has a focus on studying the correlations between the measured variables, and 

multiple correlation analyses based on the Pearson product-moment correlation will be 

performed. As an addition, to get a deeper understanding of the correlative connections 

mainly between the sentiment movements and the stock performance in comparison to the 

benchmark index, a linear regression is formed. In terms of the third part, the focus is on 

the predicative abilities of the StockTwits indicators, and the gathered data is employed to 

create different ML models to see, whether it is possible to forecast the stock movements 

with this data. Also, the StockTwits user data will be filtered with the aim of finding smart 

users from the crowd and potentially improve the accuracy of the ML models.   

 

4.1 Granger causality 

 

To study whether there is a causal connection between first, message volume and trading 

volume and second, user sentiment and daily stock returns, Granger causality tests were 

performed. The tests were also reversed to see, whether there is a two-way Granger 

causality between any of the measured variables. However, before it was possible to 

perform the tests, the stationarity of the data series had to be verified to get reliable and 

accurate results in terms of Granger causality, and this was ensured by ADF tests. In terms 

of message volume and trading volume, the Granger Causality tests strived to find out, 

whether the changes in message volume on previous days Granger causes changes in the 

actual trading volume in the upcoming days. 

After running the ADF tests on all the message volume and trading volume variables, the 

results were unanimous. The tests were not able to reject the null hypothesis of the 
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presence of a unit root in any case, and all the time series proved to be non-stationary. The 

results can be seen below as Table 15.  

 

Table 15. ADF test results for message and trading volume 

 

Since the time series proved to be non-stationary, it was necessary to transform the data 

before performing the Granger causality tests to ensure the reliability of the results. To 

make the data stationary, each time series were differenced, which was done by log 

transformation. The ADF test results of the stationarized time series can be seen below as 

Table 16; the tests were now able to reject the null-hypothesis on 5 % confidence level on 

each time series with five of the six time series having the p-value at 0,01.  

Table 16. ADF test results of the transformed data for message and trading volume 

 

 

After the data was transformed, it was possible to perform the Granger causality tests, 

which were performed by utilizing the daily data of the grouped variables. When studying 

if the posting volume on StockTwits might Granger cause the actual trading volume, the 

results proved to show some relationship between message volume and trading volume 

with both medium- and large-cap stocks being able to reject the H0 on 10 % significance 

level and large cap stocks also on 5 % significance level. However, in terms of the reversed 

Granger causality test, the same size groups were able to reject the H0 on both 10 % and 5 

% levels of significance with especially the large-cap stocks showing strong predicative 

abilities for the future message volume, which complements the findings of Guegan & 
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Renault (2021) of the two-way Granger causality. The results of these tests can be seen as 

Table 17. 

Table 17. Granger causality test results for message and trading volume 

 

 

In terms of the Granger causality test for user sentiment and stock movements, the daily 

change of sentiment and daily stock returns were analyzed. To check the stationarity of the 

grouped sentiment and stock return variables, ADF tests were ran in a similar manner to 

message and trading volume. This time, four out of six variables failed to reject the 

presence of a unit root, but the sentiment variables of small and large stocks actually 

proved to be stationary. The results as a whole can be seen as Table 18. 

 

Table 18. ADF test results for sentiment and stock returns 

Sarake1 S_Sent M_Sent L_Sent S_Ret M_Ret L_Ret 

D-F Value -4,3353 -2,6896 -3,9935 -2,7425 -2,5888 -1,6753 

P-Value 0,01061 0,3082 0,02281 0,2879 0,3469 0,6971 

H0 False True False True True True 

 

Since all of the variables were not able to reject the null hypothesis, the next step before 

the Granger causality tests was data differencing, which was, likewise to message volume 

and trading volume, done by log transformation. However, since in this case the analyzed 

variables illustrated the daily changes of sentiment and stock returns, some of the variables 

had negative values, and a constant was added to each value before the log transformation 

was performed. This ensured that the differencing process would not add any null-values 
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and distort the data. After the necessary variables were differenced, all six variables were 

able to reject the null hypothesis of the presence of a unit root, and the results can be seen 

below as Table 19. 

 

Table 19. ADF test results with the transformed data for sentiment and stock returns 

Sarake1 S_Sent Md_Sent L_Sent Sd_Ret Md_Ret Ld_Ret 

D-F Value -4,3353 -4,7456 -3,9935 -4,1305 -3,7738 -3,7314 

P-Value 0,01061 0,01 0,02281 0,01818 0,03687 0,03993 

H0 False False False False False False 

After getting the needed results from ADF tests, it was possible to check the Granger 

causality and reverse-causality of the measured variables. In terms of sentiment Granger 

causing daily stock returns, the results (Table 20) proved to be very optimistic with both 

medium and large stocks being able to reject the H0 on 5 % and 10 % levels of 

significance. The tests were also performed with the variables reversed to see if a two-way 

causal connection exists. However, in the reversed tests, a significant Granger causality 

was found only between the daily returns and sentiment of the large stocks on a 10 % level 

of significance. With other variables failing to reject the H0, the results, with the support 

from the Granger causality tests of message volume and trading volume, indicate, that 

especially within the large stocks, there is a notable causal relationship between the 

StockTwits indicators and actual stock movements. 

Table 20. Granger causality test results for sentiment and stock returns 

Sarake1 F-Value P-Value H0 (5%) H0 (10%) 

S_Sent~Sd_Ret 2,1323 0,1317 True True 

Md_Sent~Md_Ret 4,4408 0,04572 False False 

L_Sent~Ld_Ret 3,8643 0,0237 False False 

Sd_Ret~S_Sent 1,1509 0,3709 True True 

Md_Ret~Md_Sent 1,3729 0,3209 True True 

Ld_Ret~L_Sent 2,9323 0,06153 True False 
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4.2 Correlation 

  

To further study the relationship between sentiment and stock price movements a 

correlation and regression and machine learning classification analyses were conducted on 

both daily and weekly data. A correlation analysis was done in order to gauge, which of the 

studied variables had an underlying relationship with each other, and the results would 

further be elaborated on with linear regression. 

Table 21 describes the correlations as well as their statistical significance found in daily 

sentiment data and the stock price movements that followed upon that. In order to study the 

effect, 8 variables were formed: Sentiment, which described the share of positive (Bullish) 

posts done on a particular stock within a day, Change, which described the change in user 

sentiment in comparison to the previous day, R (t+1), which showcased the return of a 

stock for the following trading day from the sentiment, Dow, which showcased the return 

of the benchmark index for the following trading day, R_I, a dummy variable which 

represented if a stock beat (1) or lost (0) to its benchmark index, P_V, the sentiment post 

volume of a particular day, P_V (t+1), user post volume for the following day from the 

sentiment date and T_V, trading volume from the day that the sentiment was from. In 

addition to these variables, descriptive statistics on their minimum, maximum, mean and 

standard deviation were obtained. Also, due to the amount of variables, correlations were 

studied without separation to large, medium and small companies.  

  

Table 21. Correlation Matrix for the daily measures (weak correlations in light blue and 

moderate with dark, p-value in parentheses with * if significant on a 5 % level)   

Variable  Sentiment  Chg  R (t+1)  Dow  R_I  P_V  P_V 

(t+1)  

T_V   

Sentiment  1                 

Chg  0.49  

(<0.01)*  

1               

R (t +1)  0.045  0.02  1             
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(0.185)  (0.58)  

Dow  0.004  

(0.92)  

-0.005  

(0.9)  

0.009  

(0.79)  

1           

R_I  0.09  

(<0.01)*  

0.007  

(0.83)  

0.6  

(<0.01)* 

-0.29  

(<0.01)*  

1         

P_V  -0.13  

(<0.01)*  

-0.007  

(0.84)  

-0.14  

(<0.01)* 

-0.02  

(0.49)  

-0.07  

0.028*  

1       

P_V (t+1)  -0.16  

(<0.01)*  

-0.01  

(0.79)  

-0.11  

(<0.01)* 

0.01  

(0.83)  

-0.11  

(<0.01)*  

0.71  

(<0.01)*  

1     

T_V  -0.16  

(<0.01)*  

-0.008  

(0.82)  

-0.08  

(0.027)*  

0.01  

(0.67)  

-0.11  

(<0.01)*  

0.54  

(<0.01)*  

0.42  

(<0.01)*  

1   

Min  17.5%  -91.0%  -35.9%  -1.6%  0  5  5  169200   

Max  100%  100%  20.6%  1.73%  1  3320  3320  2.8*10^8   

Mean  90%  -0.8%  0.1%  0%  0.47  194  194  1.3*10^7   

St. dev  10.3%  13.2%  3.2%  0.6%  0.5  267  268  2.6*10^7   

 

In the Table, strong correlations (0.6-0.79) were highlighted as bolded red, moderate 

correlations (0.4-0.59) were highlighted as bolded and weak correlations (0.2-0.39) 

highlighted with light blue. For the variables studied, based on the daily data, one strong 

correlation, four moderate and one weak correlation were found. The highest correlation 

(0.71) formed between P_V and P_V (t+1), which suggests that stock’s popularity in terms 

of posting volume seems to follow a positive short-term trend. Sentiment and Chg 

experienced a moderate positive correlation (0.49) indicating that a sentiment on average 

tends to change from moderately bullish to even a higher conviction. R_I and R (t+1), had 

a positive moderate correlation (0.6) pointing that high following day returns correlate with 

beating the benchmark index. Finally, a moderate positive correlation was found with T_V 

and both P_V (0.54) as well as P_V (t+1) (0.42). This indicates that a date with a high 

trading volume also contains high post volume online, suggesting that economic activity 

either drives or is preceded by high online activity and supports the findings of the Granger 

causality tests. All high correlations were also statistically significant.  
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Table 22. Correlation Matrix for the weekly measures (weak correlations in light blue and 

moderate with dark, p-value in parentheses with * if significant on a 5 % level)   

 

Variable  Sentiment  Chg  R (t+1)  Dow  R_I  P_V  P_V (t+1)  T_V  

Sentiment  1                

Chg  0.47  

(<0.01)*  

1              

R (t +1)  0.25  

(<0.01)*  

0.21  

(<0.01)*  

1            

Dow  -0.01  

(0.85)  

0.04  

(0.61)  

0.24  

(<0.01)*  

1          

R_I  0.26  

(<0.01)*  

0.24  

(<0.01)*  

0.71  

(<0.01)*  

0.05  

(0.53)  

1        

P_V  -0.26  

(<0.01)*  

-0.07  

(0.33)  

-0.12  

(0.12)  

-0.058  

(0.44)  

-0.02  

0.81  

1      

P_V (t+1)  -0.25  

(<0.01)*  

-0.002  

(0.98)  

-0.05  

(0.47)  

-0.06  

(0.45)  

-0.003  

(0.68)  

0.76  

(<0.01)*  

1    

T_V  -0.27  

(<0.01)*  

-0.02  

(0.83)  

-0.19  

(<0.01)*  

-0.001  

(0.99)  

-0.12  

(0.12)  

0.51  

(<0.01)*  

0.48  

(<0.01)*  

1  

Min  71.4%  -18.4%  -46.3%  -1.5%  0  47  47  124750

0  

Max  100%  23%  20.5%  2.6%  1  7873  7873  8.8*10^

8  

Mean  90.6%  0.5%  0.8%  0.2%  0.52  1002  1038  6.2*10^

9  

St. dev  7.2%  6.4%  7.9%  1.2%  0.5  1136  1197  1.1*10^

9  

   

Table 22 contains the same variables as used on a daily basis but employed on weekly 

data. Therefore, the sentiment collected was based on an average throughout the whole 

week and the change in sentiment was calculated from the previous week. Also, the returns 
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as well as trading and post volume considered were handled as weekly averages. The 

highest strong correlation (0.76) was observed between P_V and P_V (t+1), indicating that 

the elevated popularity in post volume tends to hold even stronger on a weekly basis, 

showing how user sentiment on stocks changes in waves during a longer time frame. As in 

the daily data, also on weekly data, R_I and R (t+1), showcased a strong correlation (0.71) 

stating that high return has a positive relationship between beating the benchmark index. 

For moderate correlations, Sentiment correlated again positively with Chg (0.47) indicating 

that also on a weekly basis sentiment changes are mainly to the positive more bullish 

direction. Also, T_V still sustained its positive correlation with P_V (0.51) and P_V (t+1) 

(0.48) largely within the same magnitude. Therefore, high average weekly trading volume 

is accompanied with an elevated online post volume well into the following week.   

As per the correlations with user sentiment, 5 weak correlations were found with other 

variables as opposed to 0 on the daily data. Weekly sentiment had a positive weak 

correlation with both the return for the following week (0.25) as well as with beating the 

index (0.26). Alternatively, all the post volume for the current (-0.26) and the following 

week (-0.25) as well as the trading volume (-0.27) were negatively correlated with user 

sentiment. This suggests that stocks with generally a high sentiment are associated with a 

lowered online and market activity, whereas negative information drives post and market 

activity more significantly.  

Next, the variables containing a relationship were employed to a linear regression analysis 

to deepen the understanding on the brevity of this connection. Mainly, the development of 

sentiment and its relationship to stocks beating the benchmark index as well as the 

indicated relationship between trading volume and post volume is studied further.  

  

Table 23. Regression on daily trading volume   

Dependent  Group  Regression Statistics  Model Fit  

Coefficients  P-value  Adj. R2  P-value  

Sentiment  Large  14269882  0.43  0.43  <0.0001*  

Medium  321323  0.94  0.61  <0.0001*  

Small  6511884  0.3  0.21  <0.0001*  
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All  -2.4*10^7  0.0003*  0.3  <0.0001*  

P_V  Large  88542  <0.0001*  0.43  <0.0001*  

Medium  25170  <0.0001*  0.61  <0.0001*  

Small  30650  <0.0001*  0.21  <0.0001*  

All  51816  <0.0001*  0.3  <0.0001*  

   

Table 23 contains information on a linear regression where the dependent variable is daily 

trading volume, and both stock sentiment and post volume are utilized to explain it. As 

showcased by the weak correlations, there does not seem to be a relationship between the 

sentiment concerning a stock and its following trading volume, indicating that the user 

sentiment does not drive market activity. However, post volume can be used statistically 

significantly in all stock categories to explain trading volume, and there also seems to be 

differences respective to the sizes of the companies. 61% of the trading volume can be 

explained through post volume in the case of medium sized companies, whereas in large 

companies, 43 % and in small ones, only 21 %. This confirms the presumption that not the 

degree of sentiment, but the amount of activity online is accompanied with a higher trading 

volume on that current day.  

 

Table 24. Regression on weekly trading volume   

Dependent  Group  Regression Statistics  Model Fit  

Coefficients  P-value  Adj. R2 P-value  

Sentiment  Large  70948622  0.81  0.36  <0.0001*  

Medium  -3.9*10^7  0.45  0.66  <0.0001*  

Small  47427203  0.34  0.19  0.003*  

All  -244951417  0.02  0.25  <0.0001*  

P_V  Large  81333  <0.0001*  0.36  <0.0001*  

Medium  21199  <0.0001*  0.66  <0.0001*  

Small  19129  0.0006*  0.19  0.003*  

All  41325  <0.0001*  0.25  <0.0001*  
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Table 24 contains the same analysis done now on the weekly data. The results seem 

comparable when looking at the relationship between post volume and trading volume in 

terms of the degree explained, the statistical significance and the differences between the 

groups. However, looking at the sentiment, it can be seen that there is a statistically 

significant negative relationship between weekly stock sentiment and trading volume. This 

indicates that stocks that on average have a low sentiment on a weekly basis experience a 

heightened trading volume, meaning that stocks that attract more negative opinions also 

attract higher activity on the market. Reasons for this can be multitude, but the effect could 

be attributed to trading psychology as a negativity bias 6. While dividing the stocks into 

categories did not pronounce the effect, studying them as a whole still revealed it.  

   

Table 25. Regression on future post volume (daily)   

Dependent  Group  Regression Statistics  Model Fit  

Coefficients  P-value  Adj. R^2  P-value  

Sentiment  Large  -483  <0.0001*  0.35  <0.0001*  

Medium  -95  0.61  0.28  <0.0001*  

Small  -218  0.0006*  0.04  0.004*  

All  0.97  <0.0001*  0.19  <0.0001*  

T_V  Large  4.1*10^6  0.001*  0.35  <0.0001*  

Medium  1.7*10^5  <0.0001*  0.28  <0.0001*  

Small  2.3*10^6  0.009*  0.04  0.004*  

All  2828400  <0.0001*  0.51  <0.0001*  

   

To deepen the understanding of the relationship between message and trading volume, a 

linear regression was also applied to gauge, whether current sentiment and trading volume 

could be used to explain future post volume (Table 25). In terms of future post volume, 

both the sentiment and trading volume could be used to explain it. In all categories expect 

medium sized stocks, current sentiment could be used in order to forecast post volume with 

 
6 A theoretical concept, which suggests that even when with all other factors remaining unchanged, people 
tend to have a stronger reaction to negative events in comparison to neutral or positive events. (Rozin & 
Royzman 2001) 
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statistical significance. In both large and small groups, a positive sentiment had a negative 

linear relationship between future post volume, which reinstates the same observation as 

with current post volume. On the part of trading volume, all groups had a positive 

relationship between future posts. A similar effect was observed as within current posts, 

where large stocks had the highest degree of explaining ability. Also, when comparing to 

current posts, the total Adjusted R2 is a bit lower (0.19<0.25), indicating that current 

volume can be explained to a further degree in comparison to future volume.  

Table 26. Regression on future post volume (weekly)   

Dependent  Group  Regression Statistics  Model Fit  

Coefficients  P-value  Adj. R^2  P-value  

Sentiment  Large  -6409  0.004  0.45  <0.0001*  

Medium  -187  0.95  0.37  <0.0001*  

Small  -1581  0.21  0.03  0.45  

All  -229  <0.0001*  0.19  <0.0001*  

T_V  Large  4.4*10^6  <0.0001*  0.45  <0.0001*  

Medium  2.4*10^5  <0.0001*  0.37  <0.0001*  

Small  -4.2*10^7  0.89  0.03  0.45  

All  4.2*10^6  <0.0001*  0.19  <0.0001*  

   

 On the weekly data (Table 26) both sentiment and trading volume can be used to explain 

future post volume. In terms of sentiment, a bearish view on a stock’s performance is 

correlated with high future post volume. The effect is the most pronounced on large stocks, 

where weekly trading volume combined with sentiment can be used to explain 45 % of the 

future post volume, meaning that a poor sentiment compounded with high market activity 

would lead to an increase of post volume even in the future. The degree of which sentiment 

and trading volume explain future post volume is lower on the weekly data in comparison 

to current post volume, but a clear relationship is still found. However, in the case of small 

companies, neither trading volume nor sentiment does seem to affect future post volume at 

all. This indicates that market activity causing online activity is more short-lived when 

comparing larger companies to smaller ones.  
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Table 27. Regression on daily excess returns   

Dependent  Group  Regression Statistics  Model Fit  

Coefficients  P-value  Adj. R^2  P-value  

Sentiment  Large  0.013  0.06  0.01  0.15  

Medium  -0.002  0.9  0.03  0.01*  

Small  0.002  0.9  0.03  0.02*  

All  0.01  0.22  0.02  0.0001*  

Chg  Large  0.003  0.63  0.01  0.15  

Medium  0.005  0.66  0.03  0.01*  

Small  -0.002  0.87  0.03  0.02*  

All  0.0005  0.92  0.02  0.0001*  

P_V  Large  0.1*10^5  0.72  0.01  0.15  

Medium  -1.7*10^5  0.001*  0.03  0.01*  

Small  -3.7*10^5  0.001*  0.03  0.02*  

All  -1.4*10^5  0.0001*  0.02  0.0001*  

   

 Table 28. Regression on weekly excess returns   

Dependent  Group  Regression Statistics  Model Fit  

Coefficients  P-value  Adj. R2  P-value  

Sentiment  Large  0.3  0.005*  0.14  0.04*  

Medium  0.19  0.26  0.06  0.33  

Small  0.035  0.84  0.12  0.06  

All  0.23  0.01*  0.08  0.001*  

Chg  Large  -0.05  0.58  0.14  0.04*  

Medium  -0.035  0.86  0.06  0.33  

Small  0.47  0.02*  0.12  0.06  

All  0.16  0.08  0.08  0.001*  

P_V  Large  1*10^5  0.05*  0.14  0.04*  

Medium  -0.9*10^5  0.18  0.06  0.33  

Small  -1.4*10^5  0.47  0.12  0.06  

All  0.05*10^5  0.91  0.08  0.001*  



63 
 

As an addition to the sentiment, excess returns were also forecasted with linear regression. 

This meant that return yielded by the stock in addition to the benchmark index was used as 

the dependent variable, whereas sentiment, the change of sentiment and the post volume 

were used to forecast this value. As seen in Tables 27 and 28, all Sentiment, Chg and P_V 

could be used to forecast excess returns with statistical significance, although, the 

explanatory power was not high. In terms of the groups, it was possible to forecast the 

returns of medium and small sized stocks, unlike larger companies. However, treating all 

stocks as a whole gave the most accurate results. The Adjusted R2 of the model ended up 

being 2 %, meaning that when using stock sentiment data and post volume, 2 % of the 

return gained in addition to the index could be explained. Although the absolute value is 

small, this means, that sentiment data collection can add value to other forecasting models 

with a larger number of explanatory variables.  

From the variables considered, a high overall sentiment was associated with a higher 

return, whereas an increase of the sentiment from the previous day forecasted a lower 

return. This indicates that high variability in the sentiment predicts more uncertain return, 

whereas a high overall sentiment leads to good performance. Post volume was associated 

negatively with excess return, meaning that stocks that possess higher online activity tend 

to perform poorer in the actual daily market. Although the whole model was statistically 

significant, from the variables, only post volume showcased this. Since high post volume 

was also associated with high trading volume and a low overall sentiment, it would 

indicate that stocks that produce excess returns on a daily level are categorized with lower 

post and trading volume counts. This could further be hypothesized to be a trading 

psychology anomaly in the data, where increased online activity would disproportionally 

be associated with negative events, which correspondingly results in high market activity 

leading to below market returns.  

When it comes to forecasting the excess returns on a daily level, the results obtained are 

quite similar to the weekly ones, apart from group differences and lower explanatory 

values. Using sentiment and post volume data, a total of 8 % of the excess return exhibited 

on a weekly level could be explained by these variables. In terms of the variables, 

generally for all the stocks, sentiment was the best forecaster of excess return, as high over 

sentiment predicted a above market return. The effect was especially pronounced in the 

large stock category, where a statistically significant R2 value of 14 % could be obtained. 
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Between the change in sentiment and the return, a weak positive relationship was found (as 

opposed to the negative one in daily returns) indicating that a rising sentiment on a weekly 

basis leads to excess returns. The effect was especially pronounced in small companies, 

where a weekly rising sentiment had a high association with excess returns the following 

week. When it comes to post volume, also a positive association was found on the contrary 

to the daily data. High average weekly post volume forecasted excess returns the next 

week, and the effect was most noticeable around large companies. The difference between 

post volume driving excess return on a weekly basis but a poor return on a daily one could 

be attributed to the negative shocks being smoothed out on a larger timeframe. As 

hypothesized before, high daily post volume can be associated with singular negative 

events whereas a higher post volume over an extended period of time can be a result of a 

sustained popularity in a single stock.  

 

4.3 Machine Learning classification 

 

As for the final part of studying the relationship between StockTwits indicators and actual 

stock movements, the different ML models were employed to gauge how accurately 

sentiment and post data could be used to forecast price direction. Also, the collected user 

data was utilized in smart user classification, where the gravity of sentiment was predicted 

upon, and the smart user filtered data was then used for the ML models with the aim of 

improving the accuracy of the predictions.   

Table 29. Predicting daily stock movement through ML  

Group  Model  Performance and Goodness of Fit  

F1  Accuracy  Precision  Recall  AUC  P-value  

Large  SVM  53.8 %  59.3 %  38.0 %  17.9 %  0.57  <0.0001*  

Log Reg  36.8 %  64.5 %  56.5 %  12.3 %  0.6  <0.0001*  

RF  84.9 %  59.3 %  41.7 %  28.3 %  0.57  0.002*  

Medium  SVM  69.2 %  53.1 %  53.3 %  98.7 %  0.47  <0.0001*  

Log Reg  64.6 %  53.1 %  54.1 %  80.0 %  0.53  <0.0001*  

RF  57.8 %  53.1 %  55.7 %  60.0 %  0.55  0.3  
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Small  SVM  67.0 %  56.6 %  54.9 %  85.9 %  0.57  <0.0001*  

Log Reg  62.6 %  55.9 %  55.4 %  71.8 %  0.54  0.0001*  

RF  63.9 %  54.8 %  54.2 %  77.9 %  0.54  <0.0001*  

All  SVM  54.6 %  54.8 %  51.9 %  57.6 %  0.54  0.02*  

Log Reg  48.6 %  55.1 %  52.7 %  45.1 %  0.57  0.003*  

RF  36.6 %  53.8 %  51.8 %  28.3 %  0.57  <0.0001*  

To supplement the analysis looking for linear relationships from the sentiment variables, 

the ML models were employed in order to find nonlinear, dynamic relationships between 

stock performance and the underlying sentiment variables. Table 29 showcases the main 

results obtained on the daily data including the accompanying F1, Accuracy, Precision, 

Recall and AUC scores respectively. As a whole, all of the models generated were 

statistically significant, making them applicable for stock trend forecasting. In terms of 

predicative abilities, the functionality of the models differed within groups. The most 

suitable model for daily prediction was SVM, with it yielding high overall F1 scores in all 

groups, as well as consistently high recall and precision scores. For all of the stocks 

considered, a 54.8 % accuracy was achieved. This was accompanied with a higher recall 

value (57.6 %) showcasing that a moderate proportion of bullish results were found by the 

model. The results achieved were also in line with previous results achieved in daily trend 

forecasting, where accuracies from 47 to 58 % have been obtained (Jaggi et al. 2021).   

When looking at the differences between stock groups, forecasting the movement of large 

stocks gave the best accuracies, therefore, having the best predicative power. This is 

reasonable, since as showcased earlier, the online sentiment had the highest positive 

correlation with stock returns also in the large category. In the medium group instead, the 

actual signals given by the model were the most consistent, with SVM yielding a recall 

value of 98.7%. This means that the model managed to capture a huge majority of bullish 

moves of the stocks during the next day. Overall, stock sentiment and post data can be used 

to forecast stock movement successfully with an accuracy of the next day’s trend of over 

54 %. Large stocks were the easiest to forecast, followed by small and medium stocks 

respectively.  
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Table 30. Predicting weekly stock movement through ML    

Group    Model    Performance and Goodness of Fit    

F1    Accuracy    Precision    Recall    AUC    P-value    

Large    SVM    55.6 %    73.3 %    71.4 %    45.5 %    0.71    0.05*    

Log Reg    51.4 %    71.7 %    69.2 %    40.9 %    0.67    0.03*    

RF    51.3 %    68.3 %    58.8 %    45.5 %    0.65    0.25    

Medium    SVM    78.8 %    65.0 %    66.1 %    97.5 %    0.36    <0.0001*    

Log Reg    71.7 %    56.7 %    63.5 %    82.5 %    0.39    0.02*    

RF    78.8 %    65.0 %    66.1 %    97.5 %    0.39    <0.0001*    

Small    SVM    69.4 %    63.3 %    62.5 %    78.1 %    0.63    0.09    

Log Reg    65.7 %    61.7 %    62.9 %    68.8 %    0.54    0.53    

RF    69.4 %    63.3 %    62.5 %    78.1 %    0.62    0.09    

All    SVM    69.2 %    63.9 %    62.4 %    77.7 %    0.65    0.004*    

Log Reg    66.0 %    61.7 %    61.5 %    71.3 %    0.65    0.07    

RF    66.3 %    64.4 %    65.6 %    67.0 %    0.64    0.8    

    

Table 30 describes the results while forecasting the stock price development for the 

following week. Unlike the daily movements, a statistically significant model was only 

achieved utilizing the SVM. This model achieved an overall accuracy of 63.9 % for correct 

price movement, demonstrating that weekly sentiment could be effective when 

determining stock price direction. However, from the bullish predictions made, 77 % of the 

predictions ended up being actually bullish, indicating a high validity in direction 

forecasting. Overall, the accuracies forecasting the stock trends were comparatively better 

compared to the daily ones. Accuracies varied between 57 % and 74 %, showcasing that a 

longer timeframe increases forecasting reliability and validity. The precision values ended 

up being higher than accuracy, varying between 59 % and 72 %, demonstrating that a large 

share of bullish movements was discovered by the models.  

As with daily prediction, also on a weekly level forecasting, large stocks yielded the most 

accurate results (68 % to 74%). However, on a weekly level, medium sized companies 

ended up being the hardest ones to determine direction (57 % to 65 %). Nonetheless, the 

predictions contained the highest recall values of all categories (83 % to 98 %), meaning 
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that from the final predictions given by the model, a huge proportion ended up being 

correct. On the part of the small stocks, a statistically significant model was unable to be 

conducted, meaning that their weekly trend could not be forecasted. After obtaining the 

initial results, a smart user identification algorithm was formed to measure sentiment 

quality to see, if filtering the online posts by “meaningfulness” would aid in achieving 

higher predictive power and reliability. 

 

Table 31. Identifying smart users Classification  

Group  Model  Performance and Goodness of Fit  

F1  Accuracy  Precision  Recall  AUC  P-value  

Large  SVM  10.7 % 58.3 % 51.3 % 6 % 0.53 <0.0001* 

Log Reg  0.2 % 58.2 % 57.1 % 0.1 % 0.52 <0.0001* 

RF  53.3 % 63.5 % 57.3 % 49..9 % 0.68 <0.0001* 

Medium  SVM  0.06 % 55.0 % 33.3 % 0 % 0.55 <0.0001* 

Log Reg  0 % 0 % 0 % 0 % 0.5 <0.0001* 

RF  54.8 % 61.4 % 57.8 % 52.2 % 0.65 <0.0001* 

Small  SVM  20.1 % 60.2 % 65.1 % 11.9 % 0.55 <0.0001* 

Log Reg  1.5 % 58 % 63.6 % 0.7 % 0.52 <0.0001* 

RF  51.4 % 62.5 % 56.6 % 47 % 0.66 <0.0001* 

All  SVM  10.1 % 57.4 % 54.4 % 5.5 % 0.53 <0.0001* 

Log Reg  0.16 % 57 % 47.1 % 0.1 % 0.51 <0.0001* 

RF 52.9 % 62.3 % 57.1 % 49.3 % 0.66 <0.0001* 

   

Utilizing the same ML algorithms as with stock trend, users that were correct often were 

identified and predicted from the data utilizing the user data information. Table 31 

summarizes the results, with all of the models being statistically significant. However, as 

showcased by the alarming F1 values, neither the SVM nor Logistic Regression models 

could be used for smart user classification, as only the RF produced usable results with 

reasonable accuracy. For all posts, the RF yielded an accuracy of 62 % indicating that over 

half of the correct users were predicted successfully. Although the accuracy was high, the 
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recall and precision values ended up being relatively low, indicating that the high accuracy 

was a result of the model correctly assigning wrong users, instead of correctly finding the 

smart ones. However, precision being 49 % still indicates that half of the assigned positive 

values were actual correct users. Opposed to trend prediction, there weren’t large 

differences in accuracy between the size groups, suggesting that the smart users founded 

contained similar data characteristics throughout different company sizes.  

  

Table 32. Predicting stock movement after filtering smart users   

Group  Data  Performance and Goodness of Fit  

F1  Accuracy  Precision  Recall  AUC  P-value  

Large  Original  53.8 % 59.3 % 38.0 % 17.9 % 0.57 <0.0001* 

Filtered  57.2 % 65.8 % 46.7 % 32.4 % 0.6 <0.0001* 

Medium  Original  69.2 % 53.1 % 53.3 % 98.7 % 0.47 <0.0001* 

Filtered  73.2 % 58.5 % 62.4 % 95.2 % 0.58 <0.0001* 

Small  Original  67.0 % 56.6 % 54.9 % 85.9 % 0.57 <0.0001* 

Filtered  65.2 % 62.7 % 61.9 % 91.3 % 0.59 <0.0001* 

All  Original  54.6 % 54.8 % 51.9 % 57.6 % 0.54 0.02* 

Filtered  58.6 % 57.8 % 55.4 % 60.8 % 0.61 0.001* 

   

Table 32 showcases the improved forecasting results after taking smart user selection into 

account. The model developed for smart user classification was employed on the daily 

sentiment post data, leaving out users whose opinion weighted less based on the model. 

From this filtered sentiment data, the sentiment variables were calculated again in order to 

make fresh predictions. For the predictions, the SVM model was used since it yielded the 

most consistent results. As can be seen from the Table, accuracies increased for all groups 

while using the filtered sentiment data indicating that prediction accuracy of utilizing 

sentiments can be improved by gauging sentiment quality. Also, recall and precision values 

improved consistently with the exception of recall values for medium stocks. Overall, the 

prediction accuracy ended up being 59 %, which comparable with the same that Jaggi and 

others (2021) achieved with their best model.  
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5 Conclusions 

 

The purpose of this Master’s Thesis was to take a modern perspective for a controversial 

question of whether the stock market movements can be predicted with the help of a social 

media stock platform and its users. The study got motivated by the earlier findings and 

concrete evidence of a gathered sentiment having predicative abilities for the actual stock 

movements, and strove to find out, whether instantly given online indicators might prove 

to have hidden abilities to predict stock market performance. 

The study was divided into five parts with the first part comprehensively explaining the 

topic and the structure of this Thesis, defining the objectives and research questions, and 

giving a complete introduction of the case platform of this study, StockTwits. The main 

objective was to study the relationship between StockTwits indicators and the 

corresponding stock movements, which included the analysis of user sentiment and post 

volume gathered from StockTwits, as well as the stock movements and trading volume 

collected from Yahoo Finance. Also, the study aimed to find out, whether it is possible to 

filter out any redundant noise from the StockTwits predictions by identifying the smart 

users, hence, potentially improving the accuracy of the final prediction models. These 

objectives were approached from both a theoretical and practical point of view; at first, the 

relationship was studied by analyzing the earlier studies and literature around the subject, 

and the results were gathered to form the hypotheses for the rest of the study. After this, 

the relationships were studied by utilizing the collected data to perform statistical tests, 

Granger causality tests, correlation analyses and finally, ML regressions and 

classifications. Side by side with the objectives, also the research questions for this study 

were formed, and comprehensive answers to these questions will be given at the end of this 

part. 

The second part of this Master’s Thesis, methodology, went through the steps and 

procedures done in this study and built a figurative framework around the Thesis, but in 

terms of results and overall findings, the main focus lays on the literature review. The 

objectives of the literature review were to first, find out, what have and what have not been 

studied concerning the subject, after that, wrap up the common themes and main findings 
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of the earlier studies and literature, and finally, see if there is a consensus amongst the 

scholars in terms of the topics handled in this study. 

The first part of the literature process was to find the relevant studies, and after dissecting 

the literature and performing full text analyses, a total of 59 pieces of literature were kept 

being reviewed further. The first finding was that most of the literature around the subject 

is relatively new, with only 5 of the studies being published 2016 or earlier. The causation 

for this is obvious, since the topic itself is relatively new, and for instance, the concept of 

social media investing platform was not known before the late 2000’s. This already 

indicated that there still is quite a large cap in the literature, since it has not been possible 

to study the relationships for more than a few years. After this, the focus moved towards 

finding similar patterns and common themes. It became clear that many scholars have 

performed sentiment studies with the aim of gathering and predicting the sentiment of a 

crowd as accurately as possible, however, only a minority of the studies have actually tried 

to use the sentiment for concrete stock market predictions and predicative models. The 

studies that had analyzed the relationship between sentiment and stock movements had 

some variance within their results, however there proved to be quite a prevailing consensus 

of an actual relationship between sentiment and stock movements, with, for instance, 

Audrino et al. (2020) finding sentiment to have significant predicative abilities. Also, in 

terms of sentiment and the quality of the users, many studies, such as Coyne et al. (2017) 

found the smart user identification to improve the accuracy of the predictions, hence, 

justifying the process of creating the smart user data. As for the posting volume, the price-

volume relationship between stock prices and trading volume has been suggested by for 

example, Karpoff (1987), and the relationship between message volume and trading 

volume has been found by Oliveira et al. (2013), the choice of including StockTwits post 

volume for the analyses proved to be rational. 

In terms of used methods, the most common way to study the relationship between two 

variables proved to be Granger causality test, with for example, Guegan & Renault (2021) 

finding a two-way Granger causal connection between StockTwits sentiment and bitcoin 

returns. As for the predicative models, there proved to be a split to ML models and 

simulation models with the majority of the studies having the focus on utilizing ML 

methods. From the ML models, most commonly used method showed to be SVM, 

although regression models have also proved their value by many scholars. In terms of the 



71 
 

model accuracy, Schnaubelt et al. (2020) achieved promising results with their RF model 

when creating intraday trading models. The RF clearly outperformed the rest of the models 

achieving almost two times better excessive returns in comparison to the second-best 

model, justifying the choice of RF to be included as one of the ML models besides SVM 

and regressions. Aside from the literature review, the second part also explained the data 

gathering and preprocessing phases, as well as introduced the theories of the used methods 

concerning this study. 

As for the third part of this study, the gathered data from both StockTwits and Yahoo 

Finance was introduced, and the descriptive statistics of the data were illustrated separately 

and vividly. After analyzing the data individually, it was divided into three groups with the 

size group of the stock / under which stock the data belonged as the basis of the divisions. 

In terms of the descriptive statistics, large stocks proved to have the highest amount of 

activity with medium and small stocks following respectively. As for the sentiment of the 

size groups, medium stocks had the highest bullish percentage with 94,002% of all of the 

users with a given sentiment were bullish. This was followed by small stocks (90,753% 

being bullish) and large stocks (83,639% being bullish). These numbers highly indicate of 

the overconfidence 7 of the StockTwits user base, which can also be seen later in the user 

statistics and performed models. As for the user statistics and smart person identification, 

when it comes to correctness, most users proved to be more often wrong than right, with 

the median correctness being around 36 % and the mean at 42 %. However, when choosing 

only the smart users from the data, the mean of the correct predictions raised to 71 %, 

which can be considered as a significant improvement and goes hand in hand with the 

earlier findings of implementing only the smart user data to models to improve the 

accuracy of the predictions. Lastly, as for the descriptive statistics of the stock movements, 

four new variables were created at first to especially be able to study the correlations 

between the measured variables more comprehensively. When it comes to the returns of 

the stock movements, large stocks proved to have the highest overall return percentage 

during the analyzed time period with small and medium stocks following respectively, 

which goes hand in hand with the theory presented by Baker & Wurgler (2006) of stocks 

 
7 A state of mind, in which one has mistaken valuations and believes those valuations too strongly. Daniel 

and Hirshleifer (2015) 
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attractive to risk-tolerant investors returning lower profits when the overall sentiment is 

high. In terms of beating the comparison index, medium stocks had the best relative 

performance, followed by small and large companies. However, all the size groups had 

very similar overall performances during the analyzed time period. 

After this, the focus moved towards the actual results of the study, and the results had to be 

analyzed in three parts. The first part focused on the Granger causal relationship of the 

measured variables, and the results proved to be comparable with the results achieved by 

Guegan & Renault. In terms of message and trading volume, a Granger causal relationship 

on 5 % level of significance was found between the large volumes, and between both large 

and medium volumes on 10 % level of significance. However, on both occasions, the 

relationship verified to be both ways. As for the Granger causality between sentiment and 

stock returns, the results were better than expected. A granger-causal relationship between 

sentiment and stock movements was found in terms of both medium and large stocks on 

both 5 % and 10 % levels of significance, whereas the two-way relationship was found 

only on 10 % significance level considering the large stocks. These results highly indicate 

that the historic numbers of StockTwits indicators can be utilized to predict the future stock 

movements with an improved accuracy, however, the two-way results showed that the 

relationship might be complex, and a linear manner of an approach might not be the 

optimal choice. 

As for the second part of analyzing the results, the focus point was on studying the 

correlation of the variables and utilize the achieved results to create linear regression 

models. These were studied on both daily and weekly time scales. In terms of the 

correlation matrices, the highest correlation on both levels was found between P_V and 

P_V (t+1), which indicates that the popularity of a stock in terms of posting volume seems 

to follow a positive short-term trend. Besides this, in general, the correlations observed on 

weekly data were more pronounced and larger in comparison to the daily ones, indicating 

that handling sentiment data on a larger timeframe reduces the short-term noise as well as 

makes the relationships more apparent. A total of two strong correlations, three moderate 

and nine weak correlations were found in comparison to daily values of two strong, three 

moderate and one weak correlation. In terms of only the sentiment correlations, the weekly 

data found a weak correlation between five different sentiment variables, although no 

correlations were found on the daily data. As for these correlations, the results indicated 
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that stocks with high sentiment have lowered market activity, and negative information has 

a more significant impact on posting and market activities. 

Based on the strong and moderate correlations found, multiple linear regressions were 

conducted to determine the strength of the association between two relationships: trading 

volume and post volume as well as sentiment and price development. Based on the 

regressions, 30 % of the fluctuations in daily trading volume could be explained through 

user online sentiment and post volume. It seems that as documented earlier (Schnaubelt et 

al. 2020), market activity tends to drive a strong online presence and vice versa. In terms of 

sentiment quality, large shifts down in sentiment drive higher price movements as well as 

increases in trading volume. For medium size companies, the explanatory power (60 %) of 

sentiment posts was the highest, which is a result of a small enough market capitalization, 

making online user activities affect the price on a larger scale. On a weekly level, results 

remain comparable when looking at trading volume, where a lower sentiment drove higher 

trading volumes during the whole week, making negative opinions more weighted in user’s 

evaluation of companies.   

To deepen the understanding of post and trading volume, regressions were formed in order 

to use current trading volume to predict future post volume. Current trading volume could 

explain a significant amount (19 %) of the changes in future post volumes, suggesting that 

high market activity precedes online activity, as a result of which sentiment is formed in 

succession. Large stocks were the most straightforward to forecast, and the result between 

trading and post volume was the clearest. On a weekly basis, results were comparable, and 

the effects were sustained.  

In addition to volumes, excess return in comparison to a benchmark index was studied 

across the stock universe through regressions. It was possible to forecast excess returns for 

stocks based on online activity, and through sentiment and post volume data, 2 % of the 

excess returns gained by stocks could be explained on a daily basis, and a significant 8 % 

on a weekly basis. Following sentiment changes on a larger timescale reduced short-term 

noise and proved that the effect between sentiment and stock market development is 

sustained across just the daily horizon. Stocks that produce excess returns on a daily and 

weekly levels are categorized with lower post and trading volume counts. This seems to be 

a result of an anomaly, where increased online activity would disproportionally be 
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associated with negative events, which, correspondingly, results in high market activity 

leading to below market returns. As a whole, accompanying sentiment data to current 

economic models would, based on regressions formed, improve the accuracy and depth of 

forecasts.  

As for the third and final part of the results, machine learning classification models were 

conducted in order to determine, how accurately sentiment data could be utilized to predict 

stock price development on a daily and a weekly basis. On a daily level, the stock price 

direction could be forecasted with an accuracy of 58 %, showing comparative results on 

this time period to previous studies. The results showcased positive precision and recall 

values, indicating that a high level of signals given by the models were actual positive 

cases of stocks reacting in accordance with their underlying assumptions. This stipulates, 

that clear relationships between sentiment development and stock price reactions exist, 

which can be captured from the data through non-linear machine learning models. As in 

regressions, the most accurate group to forecast were large companies, whereas medium 

sized companies displayed most consistent associations with specific sentiment 

developments and consequent price actions. On a weekly level, the model accuracy 

increased further, with a SVM being able to determine the direction of following week 

price development with an accuracy of 64 %. In terms of sizes, large companies showcased 

again the best fit for the models.   

To optimize the forecasting models further, a smart user classification was conducted by 

estimating users that were correct often through the collected, publicly available user data. 

The best accuracy was achieved through a RF model, by which 62 % of the users selected 

were correct on stock sentiment postings. This result is also in line with the findings of 

Schnaubelt et al. (2020). In comparison to the whole data, this was significant, as only 39 

% of the users (on average) exhibited correct opinions. The size of the companies posted 

upon did not affect smart user selection, as correct users tended to post accurate sentiments 

across multiple companies of different sizes. After utilizing the smart user filtering 

algorithm to the original data, the accuracy of the daily forecasting model rose from 55 % 

to 58 %, indicating that assessing for sentiment quality is an important factor to consider, 

while implementing sentiment data to forecasting-based financial models.  
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With all the data and results on hand, it was possible to take a final look at the research 

questions of this study and wrap up the findings to give coherent answers. To answer the 

main RQ of this study, it was necessary to have a glance at the SQ’s at first, and based on 

the acknowledgements on the SQ’s, finally the RQ could be answered.  

As for the first SQ, 

What is the overall consensus in terms of using social media to predict stock movements? 

social media indicators can be used as useful tools to increase the accuracy of current 

models as well as forecast the direction of the movement on its own, although, as stated by 

Oliveira et al. (2013), any promise of accurate forecasts should not be given without extra 

caution, especially in terms of convoluted tasks, such as predicting the future. The findings 

in the earlier literature combined with the findings in this study indicate, that the social 

media data contains valuable information in terms of both the user sentiment and message 

volume, and the relationship has been established with, for instance, short-term stock and 

bitcoin movements, earnings surprises, volatility, and trading volume. Even though 

sentiment might not be based on complete rationality (Baker & Wurgler 2007), and even if 

the sentiment might be considered as a driver for irrational noise trading as Gu & Kurov 

(2020) implied, having the information of the online investor’s general feeling on hand can 

actually offer valuable data to predict the short-term future of the predicted asset with a 

better precision.  

In terms of the second SQ, 

Do the StockTwits indicators have any predicative abilities? 

the answer must be looked at from a closer point of view to this study. In terms of the 

indicators on the platform, they can be used to forecast price direction and trading volume, 

however, the size group and therefore, the volatility of the stocks play a role in the 

predictions especially when studying the causal connection. This study indicated that in 

terms of a strict causal connection between the measured variables, small stocks and their 

indicators had no statistically significant relationship, whereas a Granger-causal 

relationship in terms of medium and large stocks was established. This might stem from 

the finding of irrational noise trading appearing especially amongst higher risk 
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opportunities, and those investors falling in the pit of overconfidence. As for the more 

indirect predicative abilities, the StockTwits indicators demonstrated through ML models 

that clear relationships between sentiment development and stock movements do exist, and 

these relationships can be employed to increase the accuracy of the short-term forecasts. 

As an addition, an unexpected predicative relationship between excess returns in 

comparison to a benchmark index was found, and StockTwits sentiment and post volume 

combined proved to explain a significant amount of those excess returns.  

As for the third and final SQ, 

Is it possible to improve the accuracy of the forecasts by finding quality users and utilize 

only their opinion? 

the results of this study go hand-in-hand with the findings of earlier studies concerning 

smart-user identification (Coyne et al. 2017; Wang et al. 2017), implying that by filtering 

only the smart users, it is generally possible to increase the accuracy of the prediction 

models with the inducement of heightened validity of the results at the same time. Since 

the smart users generally showed activity concerning multiple stocks, the characteristics of 

the stock made no significant difference in terms of the results and utilizing only the smart 

user data improved the accuracy of all predictions. 

With these summarizations, the RQ of this Master’s Thesis,  

What is, or is there a relationship between short term stock movements and StockTwits 

indicators? 

could be taken for one last look, and a justified answer could be given. 

In accordance with the first hypothesis of this study, StockTwits indicators do correlate 

with the actual stock movements and contain lots of information that can be used to 

increase the accuracy of the stock movement predictions both directly and indirectly, 

however, adding the most value for predicative models when used more in the sense of 

add-ons than as solely explainable variables. StockTwits sentiment and post volume 

contain both meaningful historical and intraday data, which, in the right context, can be 

utilized to be beneficial from the point of view of a rational investor. The information and 

data can be used by themselves, however, filtering out the noise of regular users increases 
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the accuracy of the short-term predictions of the actual stock movements, and makes it 

possible to capitalize the hidden information even more effectively.  

Overall, the results of this study are significant, and in terms of future research around this 

topic, based on everything found in this study, the main focus should not be on the 

sentiment given by all users, and should concentrate more on the smart user classification 

when it comes to analyzing purely the accuracy of the sentiment concerning a stock’s 

trend. The information given by users who have a large follower count can influence other 

users with their opinions, hence creating a larger impact on the stock than a regular user 

can give by posting their personal opinion. However, even with a large number of 

followers, the personal opinion of even a smart user is not enough to move the price of a 

stock up or down in short term, unless the followers will act accordingly to the user in 

question. Therefore, instead of studying only the relationship between a sentiment and the 

stock performance, the focus point should move even more towards analyzing the change 

in the volume of messages and number of followers concerning a stock in a micro platform 

or a combination of social media platforms and would try to find a relationship between 

the increasing or decreasing interest towards a stock, the smart-user sentiment, and the 

short-term performance of the stock in question. This would not only combine the studies 

of the relationship concerning a social media sentiment and stock performance and the 

relationship of message volume and stock performance but would also widen the spectrum 

concerning the studies around the relatively new concepts, and it would be interesting to 

see if this kind of future study could get more accurate results in comparison to the results 

that have been achieved by, for example, this Master’s Thesis. 
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APPENDICES 

 

Appendix 1. Base StockTwits variables 
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Appendix 2. Base Yahoo Finance variables 

Date Open High Low Close Adj Close Volume 

17.5.2021 6.850000 7.080000 6.655000 7.020000 7.020000 6923500 

18.5.2021 7.100000 7.460000 6.960000 7.380000 7.380000 5368000 

19.5.2021 7.090000 7.240000 7.010000 7.240000 7.240000 4167500 

20.5.2021 7.290000 7.420000 7.140000 7.320000 7.320000 3288800 

21.5.2021 7.350000 7.680000 7.250000 7.600000 7.600000 3800400 
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Appendix 3. Sentiment per stock 
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Appendix 4. Daily message volume 
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Appendix 5. Modified Daily message volume 
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Appendix 6. Daily message distribution 
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Appendix 7. Modified daily message distribution 
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Appendix 8. Distribution of message volume vs trading volume per stock 
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Appendix 9. Grouped daily message distribution 
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