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Abstract
This thesis investigates whether sentiment scores derived from social media can improve the
prediction of next-day market prices for 昀椀nancial assets, with a focus on Tesla ($TSLA) and
Bitcoin ($BTC). Using freely available X (Twitter) datasets from Kaggle, three pre-trained
Natural Language Processing (NLP) tools—VADER, TextBlob, and FinTwitBERT—were ap-
plied to individually score the sentiment of each post. After extensive cleaning, 昀椀ltering, and
sampling, a total of 47,800 tweets were used for analysis—33,200 for $TSLA and 14,600 for
$BTC. Sentiment scores were aggregated into daily averages and merged with 昀椀nancial data
from Bloomberg. These features were then used as explanatory variables in three forecasting
models: ARIMA/ARIMAX, XGBoost, and Long Short-Term Memory (LSTM) neural net-
works. The results show that for $TSLA, the introduction of sentiment scores—especially
with FinTwitBERT—substantially improved forecasting performance. The strongest model, an
LSTM with sentiment and 昀椀nancial variables, achieved a test R² of 0.76 compared to a baseline
model with R² of 0.49. In contrast, all models performed poorly on $BTC, likely due to its
higher volatility, optimistically biased sentiment, and large data gaps (about 50% of tweet days
missing due to structural issues). These 昀椀ndings suggest that sentiment analysis can enhance
short-term price forecasting for traditional stocks, while its value for highly volatile assets like
Bitcoin remains unclear. Additionally, the results highlight the superior predictive performance
of transformer-based sentiment models like FinTwitBERT over lexicon-based alternatives. This
study lays the groundwork for future research in real-time or intraday prediction using more
complex models and diverse social media sources.
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Resumo
A presente dissertação encerra uma investigação sobre a possibilidade de o sentimento expresso
nas redes soci-ais poder melhorar a previsão dos preços de mercado no dia seguinte de ativos
昀椀nanceiros, em particular, dos títulos da Tesla ($TSLA) e Bitcoin ($BTC). Partindo de dados do
Twitter, disponíveis gratuitamente na plata-forma Kaggle, foram aplicadas três ferramentas de
aprendizagem automática de Processamento de LinguagemNatural (NLP) –VADER, TextBlob e
FinTwitBERT – para avaliar, individualmente, o sentimento expresso em cada publicação. Após
um exaustivo processo de limpeza, 昀椀ltragem e amostragem, foram analisados 47.800 tweets,
33.200 relativos à $TSLA e 14.600 à $BTC. Os scores de sentimento foram agregados em mé-
dias diá-rias e integrados com dados 昀椀nanceiros, também diários, provenientes da Bloomberg.
Estas variáveis foram, por seu turno, integradas como fatores explicativos em três modelos de
previsão: ARIMA/ARIMAX, XGBoost e redes neuronais LSTM (Long Short-Term Memory).
Os resultados mostram que, no caso da $TSLA, a intro-dução da variável de sentimento – espe-
cialmente com FinTwitBERT – melhora substancialmente o desempe-nho da previsão. O mod-
elo mais preciso, um LSTM com variáveis independentes de sentimento e 昀椀nanceiras, obteve
um R² de teste de 0,76, comparando com o modelo de base, com um R² de apenas 0,49. No
entanto, todos os modelos apresentaram fraco desempenho na previsão da cotação da $BTC,
possivelmente devido à respetiva volatilidade, enviesamento otimista em termos de sentimento
e lacunas nos dados (cerca de 50% dos dias com tweets não foram considerados devido a prob-
lemas estruturais). Estes resultados sugerem que a análi-se de sentimento de redes sociais pode
melhorar a previsão das cotações de curto prazo de ações tradicionais, mas não tanto no caso
de ativos muito voláteis como acontece com a Bitcoin. Adicionalmente, os resultados destacam
o desempenho superior de modelos de sentimento baseados em transformers, como é o caso
do FinTwitBERT, em comparação com modelos lexicográ昀椀cos. Este estudo estabeleceu, ainda,
uma base para in-vestigação futura no tópico da previsão em tempo real ou diária das cotações
de ativos 昀椀nanceiros, utilizando modelos complexos de aprendizagem automática e fontes de
dados diversi昀椀cadas, incluindo as redes sociais.

Palavras-chave: análise de sentimento, previsão 昀椀nanceira, Bitcoin, Tesla, NLP, LSTM
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1 Introduction
According to the E昀케cient Market Hypothesis (EMH) derived from ideas by Eugene Fama of the
University of Chicago in the 1960s, all relevant information about the value of a 昀椀nancial asset
is rapidly spread among investors. These investors are constantly competing to 昀椀nd even the
smallest di昀昀erences between current prices and their own estimations of an asset’s true value.
If such di昀昀erences are identi昀椀ed, they are quickly exploited and thus removed. This behavior
results in e昀케cient 昀椀nancial markets, where all assets are traded at a fair market value. New
information is widely available for free and is released in the market randomly, making it almost
impossible to consistently outperform the stock market(CFI-Team, 2021). This is in line with the
Random Walk Theory, which was 昀椀rst proposed by the French mathematician and stock broker
Julies Regnault in the 19th century and has since been adopted and reformulated by several
researchers.

The RandomWalk Theory states that if stock markets are truly e昀케cient, then stock prices fol-
low a random stochastic process and are therefore not autocorrelated, challenging the idea that
patterns or trends identi昀椀ed through technical analysis can give individual investors a competi-
tive edge in the form of higher returns without taking on more risk(CFI-Team, 2020). The E昀케-
cient Market Hypothesis remains an important aspect of 昀椀nancial literature, and accomplished
economists like Malkiel (2003) argue that capital markets are still largely e昀케cient. However,
modern research focuses on insights from 昀椀elds such as psychology, machine learning, and big
data analytics, questioning the status quo by arguing that stock prices can be predicted to a certain
extent in the very short term.

One particularly interesting area of research examines how alternative data sources, such
as social media activity, could provide valuable signals about investor sentiment and market
movements. In the last two decades, social networks have become more than just a creative
outlet or a means of sharing and consuming content. Their widespread use and availability have
turned social networks into massive data centers that almost function as a mirror of today’s
society, or at least public mood. Since 昀椀nancial markets are also a re昀氀ection of the public’s
mood, this leads to the assumption that the information derived from these data giants could be
used to make predictions about future market movements, if analyzed correctly.

There have been several instances in recent history where we have seen social media activity
directly impact 昀椀nancial markets, both from in昀氀uential personas as well as ordinary users. In
2018, billionaire Elon Musk posted on X (formerly Twitter) that he was considering taking his
company Tesla private at $420 per share, brie昀氀y increasing the stock price by 6%. A few days
later, when it became clear that there was no such deal in sight, the stock price plummeted. This
action led to an SEC fraud investigation that ultimately cost him and his company $40 million
(Price and Schroeder, 2018).

8



In 2021, investors on the Reddit forum r/WallStreetBets worked together to trigger a short
squeeze of the GameStop stock, driving it up more than 2,800% in only a few weeks. This
resulted in billions of dollars in losses for large hedge funds and led to a series of congressional
hearings about market manipulation, while also raising public awareness about the power of
social media over 昀椀nancial markets (Morrow, 2021).

In the cryptocurrency (and especially in the meme coin) community, these 昀氀uctuations are a
well-known phenomenon, as the crypto market is famously sensitive to public sentiment. Many
investors constantly monitor X or Reddit feeds in order to be the 昀椀rst to react to new trends.
Tweets from 昀椀gures such as Elon Musk, Donald Trump, and other celebrities have a history
of causing signi昀椀cant spikes and drops in the prices of Bitcoin and other cryptocurrencies. In
early 2021 for example, the price of Bitcoin jumped by 20% after Tesla announced that it would
purchase $1.5 billion in Bitcoin. Later that year, tweets reporting that the Chinese government
was banning crypto trading andmining caused Bitcoin’s price to drop by 30% (John et al., 2021).

I have been personally following the news about events like these for a couple of years,
and while most of these examples were triggered by public 昀椀gures or major events, they have
sparked my interest in the impact of social media on 昀椀nancial markets. What if more subtle
shifts in public mood could be measured by analyzing hundreds of thousands of X posts about a
particular company or about Bitcoin using Natural Language Processing? Could these insights
be used in combination with machine learning algorithms to predict market movements shortly
before they occur? While the cryptocurrency market is known to be highly sentiment-driven,
it might be interesting to test whether the stock price of a blue-chip company like Tesla is less
a昀昀ected by public sentiment.

This interest led to my research question: Can sentiment scores derived from X using NLP
tools like VADER and TextBlob and FinTwitBert be used to improve the prediction of next-day
market prices, and how does their predictive power di昀昀er when applied to blue-chip stocks (like
Tesla) versus Bitcoin?
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2 Literature Review

2.1 Context
The idea of using online discussions as a way to capture investor sentiment has been explored
for more than 25 years. One of the 昀椀rst studies in this area by Tumarkin and Whitelaw (2001)
examined whether investor discussions on 昀椀nancial message boards contained valuable predic-
tive information or mostly represented “noise”. Their 昀椀ndings indicated that, while extreme
sentiment in online discussions was sometimes associated with stock price movements, these
e昀昀ects are often reversed over time, suggesting that the market might over-react to extreme in-
vestor sentiment. This implies that Internet sentiment might in昀氀uence stock prices in the short
term, potentially providing valuable insights before corrections occur. Similar results were found
by researchers Antweiler and Frank (2004, 2006), who examined more than 180,000 corporate
news stories from the Wall Street Journal spanning nearly three decades. Their study revealed
that stock prices tend to follow an initial reaction followed by a reversal, suggesting that the
market overreacts to news at 昀椀rst and then gradually corrects itself. This early work laid the
foundation for later studies focusing on Natural Language Processing and Machine Learning
techniques to systematically analyze investor sentiment on the Internet and improve traditional
stock price prediction methods.

Building on these insights, the ever-growing popularity of social networks, as well as the
rapid advances in Machine Learning and AI technology have created the opportunity for a new
昀椀eld of interest in 昀椀nancial research, essentially o昀昀ering an intersection of behavioral 昀椀nance
and alternative data in 昀椀nance. Researchers in this relatively young 昀椀eld have explored the use
of NLP and sentiment analysis to measure public mood, by processing large datasets of social
media posts. In combination with advanced Machine Learning algorithms, this data is used to
gain insights that aim to challenge traditional views of market e昀케ciency that are aligned with
the E昀케cient Market Hypothesis. Early work in this area suggested that public mood, re昀氀ected in
social media, could provide predictive insights into 昀椀nancial markets(Bollen et al., 2011). More
recent studies have extended this approach to the cryptocurrencymarket, particularly Bitcoin, ex-
ploring whether social media sentiment can similarly predict market movements(Valencia et al.,
2019). The following sections review key contributions in sentiment analysis, 昀椀nancial pre-
diction models, and research exploring both traditional stock markets and the cryptocurrency
market.
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2.2 Natural Language Processing for Stock Market Predictions
One of the most in昀氀uential studies in this 昀椀eld is by Bollen et al. (2011), who analyzed whether
public mood, as re昀氀ected in social networks, could improve predictions of stock market move-
ments. Their study introduced the idea that large-scale sentiment data from X could serve as
an information advantage, challenging the idea of market e昀케ciency. The authors applied NLP
techniques on a dataset of 9.8 million posts from 2008, using a combination of the mood track-
ing tools OpinionFinder and Google Pro昀椀le of Mood States (GPOMS) to classify sentiment into
six emotional states: calm, alert, sure, vital, kind, and happy. They built two predictive models:
one baseline model that relied solely on historical stock market data and a second model that in-
cluded sentiment information. Using Granger causality tests and Self-Organizing Fuzzy Neural
Networks (SOFNN), the study examined whether 昀氀uctuations in public sentiment were corre-
lated with movements in the Dow Jones Industrial Average (DJIA). Their 昀椀ndings suggested that
certain emotional states (calmness in particular) were signi昀椀cantly correlated with stock market
performance. Their sentiment model achieved a prediction accuracy of 87.6% for daily DJIA
movements, outperforming the baseline model.

The authors made signi昀椀cant progress in connecting public mood to market movements.
However, while their 昀椀ndings challenged the EMH, their study is limited in several aspects.
First, they focused exclusively on the DJIA rather than individual stocks, making it unclear
whether sentiment in昀氀uences speci昀椀c assets di昀昀erently and leaving room for further research
in this area. Second, their sentiment classi昀椀cation relied on custom-built mood-tracking tools
(OpinionFinder and GPOMS), which are based on a prede昀椀ned lexicon. More recent studies
utilize pre-trained NLP models like VADER, TextBlob, or FinBERT, which may provide a more
robust sentiment analysis. Third, their approach to 昀椀ltering posts is not ideal. They only ana-
lyzed tweets that explicitly contained phrases such as ’I feel’ or ’I am feeling,’ thereby excluding
a vast number of posts that express sentiment in more subtle ways. They also removed all tweets
containing links, potentially omitting valuable market-relevant discussions and news-driven sen-
timent.

Another study of interest was conducted by Pagolu et al. (2016), who applied NLP techniques
to predict changes in Microsoft’s stock price. They collected a dataset of 250,000 X posts about
Microsoft and implemented a supervised learning method, training a sentiment classi昀椀er on
3,216 human-labeled tweets. To represent text data, they experimented with two di昀昀erent tech-
niques: N-grams, which capture short sequences of words without considering deeper meaning,
and the more advancedWord2Vec, which converts words into numerical vectors that re昀氀ect their
meaning based on surrounding words. Once trained, their model achieved a sentiment classi昀椀-
cation accuracy of approximately 70%.
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The authors used their sentiment classi昀椀er to label tweets as negative, neutral, or positive. To
incorporate sentiment into their predictive model, they aggregated sentiment scores into three-
day averages, which were then used as input for a logistic regression model and a Support Vector
Machine (SVM) to predict stock price movements as up or down. Their best-performing model,
based on SVM, achieved a prediction accuracy of approximately 72%.

Pagolu et al. (2016) demonstrated a promising link between X sentiment and stock market
movements, but their approach has room for improvement. They treated stock price movements
as independent data points rather than modeling them as time series, despite the frequent as-
sumption in research that 昀椀nancial market data are autocorrelated. Their sentiment classi昀椀er
was trained on a relatively small dataset of just 3,216 manually labeled tweets, which limits
generalizability and would require the model to be retrained for any other asset. Finally, while
their best model outperformed the 50% threshold suggested by the EMH, their results remain
relatively unimpressive, suggesting that sentiment alone may not be su昀케cient for signi昀椀cant and
accurate market predictions.

In a newer study, Kolasani and Assaf (2020) employed a more sophisticated deep learning ap-
proach to predict market movements of both the DJIA and Apple Inc. (AAPL). The authors 昀椀rst
trained sentiment classi昀椀cation models using the “Sentiment140” dataset from Kaggle, which
contains 1.6 million pre-labeled X posts categorized as positive (1) or negative (0). They eval-
uated 昀椀ve machine learning algorithms for this classi昀椀cation task: Logistic Regression, SVM,
Decision Tree, Boosted Tree, and Random Forests. The SVM model proved to be the most
e昀昀ective and achieved approximately 83% accuracy in sentiment classi昀椀cation.

To capture only relevant posts, the researchers 昀椀ltered X data from January to December
2016 using three distinct keywords: “stockmarket” (for general market sentiment), “StockTwits”
(targeting posts about the largest social media platform for investors), and “AAPL” (for company-
speci昀椀c posts about Apple). The researchers implemented several text preprocessing techniques
on these posts, including lemmatization (reducing words to their base forms), and removing
short and stop words (which typically carry less meaning). After classifying the sentiment of
these processed posts, they aggregated the results into daily average sentiment scores, aligning
them with days the stock market was open for trade and leaving out the days it was closed.

The daily sentiment averages were combined with historical price data from Yahoo Finance
to create a comprehensive predictive model. The researchers implemented both Boosted Re-
gression Trees and Multilayer Perceptron Neural Networks to forecast stock price movements.
Their comparative analysis revealed that neural networks consistently outperformed traditional
methods across all three keyword datasets, with company-speci昀椀c posts about Apple yielding
the most accurate predictions.
Notably, their methodology demonstrated that incorporating social media sentiment signi昀椀cantly
improved the predictive power of stock market forecasting models compared to using historical
price data alone.

12



Kolasani and Assaf (2020) present a novel approach by integrating sentiment analysis of X
feeds with historical stock price data into a deep-learning model to forecast market movements.
While their model does use historic prices as input, they are not modeled as a time series, poten-
tially missing the autocorrelation that is often assumed in research. Additionally, their sentiment
classi昀椀er is trained on a 昀椀xed dataset that only labels posts as positive or negative, which may
not capture the nuanced variations in sentiment as e昀昀ectively as more recent pre-trained models
such as VADER, TextBlob, or FinBERT. Lastly, regarding DJIA prediction, 昀椀ltering only based
on two speci昀椀c keywords (“stock market” and “StockTwits”) could exclude valuable input from
a large number of valuable social media discussions without these two keywords.

One of themost recent and state-of-the-art studies in this 昀椀eld is byKoukaras et al. (2022) from
the International Hellenic University. The researchers collected X and StockTwits data related
to Microsoft ($MSFT) from July 2020 to October 2020 and applied a series of preprocessing
techniques to the text data. They then performed sentiment analysis using the advanced tools
VADER (Valence Aware Dictionary and sEntiment Reasoner) and TextBlob, assigning each post
a sentiment score between -1 and 1. The daily averages of the scores were standardized, outliers
were removed to reduce bias, and missing values were interpolated. For predictive modeling,
the authors combined daily sentiment scores with several stock-related variables from Yahoo
Finance, testing seven di昀昀erent classi昀椀cation algorithms, including Logistic Regression, Support
Vector Machines (SVM), Decision Trees, and a Neural Network, to classify stock movements
as up or down. Their best-performing model, a combination of VADER and SVM, yielded an
F-score of 76.3% with an AUC of 67%.

Unlike earlier studies that relied on simpler prediction techniques or lexicon-based sentiment
alone, this research compares multiple classi昀椀cation algorithms to optimize predictive accuracy
and uses some of the most modern applications available for sentiment analysis. However, it
is worth noting that the stock price changes were again modeled as independent data points,
potentially missing out on their time-series nature. The authors themselves noted several limi-
tations, including sentiment analysis tools that sometimes misinterpret sarcasm, the presence of
spam accounts that potentially a昀昀ect sentiment scores, and class imbalance in the dataset (most
instances are stock price increases).

2.3 Natural Language Processing for Cryptocurrency Market Predictions
While sentiment analysis has shown promise in stock market prediction, its role in cryptocur-
rency markets may be even more signi昀椀cant. Traditional stocks are often in昀氀uenced by 昀椀-
nancial metrics of their companies, macroeconomic factors, and the activity of institutional
investors. Cryptocurrencies like Bitcoin, on the other hand, are highly sentiment-driven and
volatile, with prices often reacting strongly to social media trends, public discourse, and pub-
lic sentiment(Bakas et al., 2022). Additionally, the crypto market operates 24/7, meaning that
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sentiment shifts can trigger price movements at any time, without the constraints of traditional
trading hours. Despite these unique characteristics, there has been comparatively less research
on using sentiment analysis for Bitcoin price prediction, making it an exciting area of study.

As early as 2015, well before Bitcoin prices soared to record-breaking highs in subsequent
years, researchers identi昀椀ed X sentiment as one of the factors that is positively correlated with
Bitcoin price in the short term (Georgoula et al., 2015).

Early attempts to use this insight to predict prices followed a couple of years later, when
Pant et al. (2018) applied two feature extraction techniques (Bag-of-Words and Word2Vec) to
a dataset of more than 4,000 manually labeled X posts. These techniques transform raw text
into numerical representations that machine learning models can understand. Using the ex-
tracted features, the authors trained multiple classi昀椀cation algorithms and achieved an accuracy
of approximately 81% for sentiment classi昀椀cation. They then combined sentiment scores with
historical Bitcoin prices as input for a Recurrent Neural Network (RNN), which showed a price
prediction accuracy of around 78%, presenting further evidence that Bitcoin prices can indeed
be predicted using sentiment data. Although these results are respectable, the dataset was rela-
tively small, and the manual labeling process may have introduced bias, potentially a昀昀ecting the
accuracy of the classi昀椀cation.

One of the most promising recent approaches to cryptocurrency price prediction was pre-
sented by Asemi et al. (2024), who combined both price data and sentiment features to improve
their deep learning models. Their methodology approach consisted of 昀椀rst collecting historical
Bitcoin price data and X posts related to cryptocurrency; second, applying pre-trained models
TweetNLP and BERTweet (both trained on Google’s BERT LLM model) to extract sentiment
scores that were then aggregated into 1-hour bins; and 昀椀nally, integrating both price data and
sentiment features into various recurrent neural network architectures.
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Their best performing model (a GRU model) outperformed other architectures and achieved
an impressive 90.3% accuracy when incorporating sentiment analysis with a 16-hour lag. This
was approximately 3% higher than the models using price data alone, which revealed an intrigu-
ing insight: X sentiment seems to become increasingly in昀氀uential for price predictions beyond
a 12-hour window, with optimal prediction accuracy occurring 16-17 hours after the expression
of the sentiment on social media. These 昀椀ndings suggest that the cryptocurrency market requires
time to absorb and react to sentiment signals, resulting in the delayed impact of Twitter sentiment
on price movements.

My research will aim to address the limitations of previous studies on both traditional stocks
and Bitcoin by applying several pre-trained NLP models to a large set of posts after targeted
昀椀ltering. Each tweet will be individually evaluated and assigned a sentiment score using these
models. The resulting sentiment scores will then be aggregated into daily averages and used
as input features for a range of prediction models. This approach is intended to o昀昀er a more
accurate and scalable method of sentiment analysis across a diverse set of 昀椀nancial assets.
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3 Methodology
This chapter outlines the methodological framework used to investigate whether sentiment de-
rived from social media posts can enhance the prediction of 昀椀nancial market movements. The
process consists of several key stages:

• Collection of large sets of X data from Kaggle.

• Collection of 昀椀nancial data from Bloomberg.

• Pre-Processing steps (data cleaning, 昀椀ltering, and sampling).

• Sentiment analysis using natural language processing tools.

• Prediction model training and tuning.

• Evaluation and Interpretation of Results.

Figure 3.1 provides an overview of the entire pipeline, from raw data acquisition to the 昀椀nal
evaluation of predictive models.

Figure 3.1: Overview of the modeling pipeline.
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3.1 Natural Language Processing Background
Natural Language Processing (NLP) refers to a set of techniques used to extract structure and
meaning from unstructured text data. As outlined by Taddy (2019), standard NLP pipelines
typically include several preprocessing steps:

• Tokenization: splitting text into individual words or subword units so that it can be pro-
cessed further. Without tokenization, models cannot identify individual terms or phrases.

• Stopword removal: eliminating common words (e.g., “the”, “and”, “is”) that carry little
semantic value

• Stemming or lemmatization: reducing words to their base form (e.g., “running”→ “run”).

• Feature vectorization: converting text into numerical representations that machine learn-
ing models can process.

All three tools used in this study (VADER, TextBlob, and FinTwitBERT) handle tokeniza-
tion automatically as part of their internal pipelines. While VADER and TextBlob use traditional
word-level tokenization, FinTwitBERT breaks text into smaller word fragments (subwords), al-
lowing it to better handle rare or misspelled words and to interpret meaning based on context.
Unlike the other tools, FinTwitBERT is a machine learning model and therefore requires feature
vectorization. It handles this internally through a method called contextual embedding, which
transforms words into complex numerical vectors based on the surrounding text. For exam-
ple, the word “bank” should be represented di昀昀erently in “river bank” compared to “investment
bank”, because the model interprets meaning in context.

Additionally, lowercasing was intentionally avoided because both VADER and FinTwit-
BERT use capitalization as a signal of sentiment intensity (e.g., “GREAT” vs. “great”). Emojis
were also kept, since they often carry emotional value. VADER explicitly includes emojis and
emoticons in its sentiment lexicon, and FinTwitBERT can interpret them in context as it was
trained on 昀椀nance-related tweets.
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3.2 Data Collection
3.2.1 X (Twitter) Data

Two separate datasets of historical tweets were obtained from Kaggle: one focused on blue-chip
stocks such as Apple ($AAPL), Tesla ($TSLA), and Microsoft ($MSFT), and the other on Bit-
coin ($BTC). This section describes the pre-processing steps applied to the stock dataset; similar
procedures were later applied to the Bitcoin dataset with minor adjustments where necessary.
The raw stock dataset contained over 3.3 million entries, consisting of tweet text, timestamps (in
Unix format), and various 昀椀elds with metadata. The data was 昀椀rst 昀椀ltered to retain only tweets
concerning $TSLA, and cleaned by removing unnecessary columns such as comment counts,
retweets, likes, and user identi昀椀ers. Timestamps were converted to NewYork local time to better
align with U.S. market trading hours. To ensure su昀케cient training data, the period from Jan-
uary 1 to October 2, 2018 was selected based on tweet volume and relative market stability,
in an attempt to identify a time frame within the available data that was not a昀昀ected by major
economic crises (like COVID-19) that could skew the results.

Tweets were 昀椀ltered to:

• Include only posts containing the $TSLA cashtag.

• Exclude weekends and U.S. market holidays, using the o昀케cial U.S. federal holiday cal-
endar.

• Remove duplicate entries and retweets.

• Filter out non-English content (using the FastText language identi昀椀er).

• Filter out very short posts (under 25 characters), and posts containing promotional, spam-
related keywords or pure price updates (e.g., “giveaway”, “free”, “current Tesla price”).

• Eliminate tweets with more than three hashtags or more than two cashtags, those contain-
ing phone numbers or emails, and tweets consisting of more than 30% numeric characters.

The tweet text was further cleaned by removing mentions, URLs, and excessive whitespace.
A time series plot of daily tweet counts was generated to examine tweet volume over time. After
the removal of weekends and market holidays, 190 trading days remained. To ensure data quality
and model robustness, days with fewer than 200 posts were excluded from the 昀椀nal dataset,
resulting in 166 trading days suitable for sentiment analysis. To ensure balance across days, 200
posts per day were randomly sampled from the remaining 昀椀ltered data.
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The Bitcoin dataset contained approximately 3.6 million entries covering the period from
2021 to 2023. However, structural issues such as mismatched or corrupt entries resulted in
many days appearing as missing during aggregation. In an e昀昀ort to maximize usable data while
minimizing gaps, a 150-day window from February 14 to July 13, 2022 was selected based on
the lowest number of missing tweet days. Since Bitcoin is traded continuously, no 昀椀ltering for
weekends or holidays was required.

Due to a higher volume of spam and bot activity, stricter 昀椀ltering criteria were applied com-
pared to the stock dataset, including an extended list of cryptocurrency-speci昀椀c spam keywords.
After applying the same pre-processing pipeline as for the stock dataset and removing days with
fewer than 200 tweets, only 73 days within the 150-day window remained suitable for sentiment
analysis. Again, a random sample of 200 posts per day was used for sentiment analysis. In total,
47,800 posts (33,200 for $TSLA and 14,600 for $BTC) were analyzed across both datasets.

3.2.2 $BTC & $TSLA Market Price Data

Daily market data for both Tesla ($TSLA) and Bitcoin ($BTC) was obtained from Bloomberg,
including open, high, low, and close prices for each asset. The dataset was cleaned by standard-
izing decimal formatting and converting date 昀椀elds to a consistent datetime format.

For $TSLA, the analysis focused on the period from January 1 to October 2, 2018, and
for $BTC on the period from February 14 to July 13, 2022, aligning with the corresponding X
datasets.

Since Bitcoin is traded continuously and does not have an o昀케cial closing time, the price of
$BTC at the close of the New York Stock Exchange (NYSE) was used to maintain comparability
with $TSLA’s daily closing price. Since the data was sourced from Bloomberg, all timestamps
were assumed to already re昀氀ect New York local time.

As part of exploratory data analysis, graphs were created to visualize the relationship be-
tween sentiment scores and asset prices (the sentiment analysis process is detailed in Section
3.2). These visual inspections were performed out of curiosity and served to inform the model-
ing approach later on.

The 昀椀nal market datasets were subsequently merged with the aggregated daily sentiment
scores to support both time series and machine learning-based prediction models.
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3.3 Sentiment Analysis
This section describes the methods used to extract sentiment from social media posts related to
$TSLA and $BTC. Three di昀昀erent sentiment analysis tools were used: VADER, TextBlob, and
FinTwitBERT. These tools were selected to provide a mix of lexicon-based and transformer-
based approaches, allowing for comparison between di昀昀erent sentiment extraction techniques.

The output of each tool was aggregated at the daily level and later merged with the cor-
responding market data to serve as input features for the forecasting models. In addition, ex-
ploratory plots of daily sentiment trends and score distributions were created to visually examine
the behavior of the sentiment over time. The following subsections outline the characteristics
and implementation of each sentiment tool.

Figures 3.2 and 3.3 present the distributions of the sentiment scores produced by the three
tools across the two datasets ($TSLA and $BTC). A more detailed discussion of the output of
each tool follows in the respective subsections.

Figure 3.2: Distributions of sentiment scores across VADER, TextBlob, and FinTwitBERT -
$TSLA.

Figure 3.3: Distributions of sentiment scores across VADER, TextBlob, and FinTwitBERT -
$BTC
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3.3.1 VADER

VADER (Valence Aware Dictionary and sEntiment Reasoner) is a lexicon- and rule-based sen-
timent analysis tool speci昀椀cally developed for analyzing sentiment in social media text intro-
duced by Hutto and Gilbert (2014). It combines a manually created sentiment lexicon with 昀椀ve
heuristic rules that account for syntactic and grammatical cues such as punctuation (e.g., “!”),
capitalization (e.g., “GREAT”), degree modi昀椀ers (e.g., “extremely”), negation, and so called
contrastive conjunctions (e.g., “but”). It can also handle Emjoiis. These features allow VADER
to better capture sentiment intensity in informal, short-form text like tweets.

VADER calculates sentiment scores based on a prede昀椀ned dictionary of words, each as-
signed a score ranging from -4 (most negative) to +4 (most positive). The tool then applies
this data to adjust the sentiment of each sentence accordingly. The 昀椀nal output includes four
scores: positive, neutral, negative, and compound. The compound score, which is a normalized,
weighted aggregate ranging from -1 to +1, is the most commonly used metric for overall sen-
timent polarity. In this study, VADER was implemented using the SentimentIntensityAnalyzer
class from the vaderSentiment Python package.

As shown in Figures 3.2 and 3.3, the distributions of VADER sentiment scores for both the
$TSLA and $BTC datasets are quite similar. In both cases, a sharp spike occurs at a compound
score of 0.0, indicating that a large number of tweets were classi昀椀ed as neutral. The overall
distribution is centered around zero, with relatively few tweets receiving highly positive or highly
negative scores. This pattern suggests that VADER often gives a neutral classi昀椀cation when
sentiment is not clearly expressed using words from its prede昀椀ned lexicon. In practice, this can
lead to the wrong classi昀椀cation of tweets that are emotionally or contextually meaningful but do
not contain certain keywords. A manual review of a sample of “neutral” tweets con昀椀rmed this
limitation.

For example, the following tweet about Tesla was assigned a neutral score:

$TSLA factory could burn down, orders could fall o昀昀 a cli昀昀, all c-level execs could
walk, and their stock price would still probably only take a point or two hit as long
as #elonmusk is still in charge!

Similarly, a Bitcoin-related tweet was also classi昀椀ed as neutral despite containing
emotionally charged language:

f*ck these banks! we have the power to overthrow them! use #bitcoin !!!

While human readers would likely interpret these posts as highly positive toward Bitcoin and
Tesla, VADER fails to capture the sentiment correctly. This illustrates its limitations in detecting
sarcasm, exaggeration, and emotionally loaded language, which are common in 昀椀nancial social
media.
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3.3.2 TextBlob

TextBlob is a lexicon-based sentiment analysis tool built on top of the Python natural language
toolkit (nltk) and pattern libraries. While nltk provides natural language processing tools such
as tokenization and part-of-speech tagging (categorizing words into grammatical categories),
pattern supplies the sentiment lexicon used to calculate polarity and subjectivity scores. It uses
a prede昀椀ned sentiment lexicon and a rule-based polarity scoring system to assess the sentiment
of a given text. Each tweet is assigned two key values: polarity, ranging from –1 (most negative)
to +1 (most positive), and subjectivity, ranging from 0 (objective) to 1 (subjective) (Loria, 2025).
In this study, only the polarity score was used.

In contrast to VADER, TextBlob applies a simpler averaging of word-level polarity scores
based on a general-purpose lexicon. It was included in this study as an additional baseline for
VADER, allowing comparison between two di昀昀erent lexicon-based approaches. Despite their
limitations, these tools are computationally highly e昀케cient, especially on very large datasets,
and widely used in sentiment research, especially when labeled training data is unavailable.

As shown in Figures 3.2 and 3.3, the polarity scores generated by TextBlob are heavily con-
centrated around zero, suggesting that many tweets were classi昀椀ed as neutral or weakly polar-
ized. Similarly to VADER, a manual review of sample tweets revealed that this often re昀氀ects a
lack of contextual understanding, rather than true neutrality. This illustrates a key limitation of
lexicon-based tools like TextBlob and VADER: their reliance on explicit sentiment words, rather
than the underlying context. As discussed in the next section, FinTwitBERT attempts to address
this gap by applying transformer-based deep learning to capture sentiment more accurately.
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3.3.3 FinTwitBERT

FinTwitBERT is a transformer-based sentiment analysis tool designed speci昀椀cally for 昀椀nancial
social media text developed by Akkerman and Koornstra (2023). It builds on BERT (Bidirec-
tional Encoder Representations from Transformers), a deep learning architecture introduced by
Google. Unlike previous models, which process one word one at a time, transformer-based
models are able to analyze relationships between all words in a sentence simultaneously. They
can interpret both short- and long-range dependencies in context which makes them particularly
e昀昀ective for detecting sentiment nuances in informal text. FinBERT, introduced by Yang et al.
(2020), uses the BERT architecture for the 昀椀nancial domain by pre-training on formal 昀椀nancial
documents such as SEC 昀椀lings and analyst reports. While this is e昀昀ective for clearly structured
and professional text, FinBERTmay not perform as well on the informal, emotional, or sarcastic
language common on 昀椀nancial Twitter. To address this, FinTwitBERT was developed by further
昀椀ne-tuning FinBERT on a large set of 昀椀nance-related tweets, enabling it to better understand
sentiment in noisy and chaotic social media environments.

In this study, FinTwitBERT was implemented using the StephanAkkerman/FinTwitBERT
sentiment model with the HuggingFace transformers pipeline. Each tweet was classi昀椀ed as
BULLISH, BEARISH, or NEUTRAL, along with a con昀椀dence score for the predicted label.
To compute a standardized sentiment score, labels were 昀椀rst mapped to numeric values (1 for
BULLISH, 0 for NEUTRAL, –1 for BEARISH), and then multiplied by the model’s con昀椀dence
for each classi昀椀cation:

Weighted Score = Numeric Label × Con昀椀dence

This produces a continuous score between –1 and +1, similar to the output of VADER and
Textblob. While FinTwitBERT is much more computationally demanding than VADER and
TextBlob, it o昀昀ers superior performance in detecting sentiment that depends on sarcasm, context,
or phrasing nuances. As shown in Figures 3.2 and 3.3, the FinTwitBERT sentiment scores show a
more polarized distribution, generally more bearish for $TSLA and more bullish for $BTC with
fewer neutral scores. This shows its ability to extract deeper semantic information and suggests
its potential as a meaningful input for 昀椀nancial prediction models.
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In contrast to the earlier misclassi昀椀cations by VADER and TextBlob, FinTwitBERT also
demonstrated the ability to correctly identify genuinely neutral tweets, particularly those that
were informative or curious in tone, rather than emotionally expressive.

For example, the following tweet was classi昀椀ed as neutral by FinTwitBERT:
I wonder how many people have accumulated 1 full bitcoin? #btc yes no

Similarly, this tweet about Tesla was also labeled as neutral:
tesla $tsla scheduled to post quarterly earnings on wednesday

Neither of the tweets expresses a clear negative or positive sentiment, which aligns well with a
neutral classi昀椀cation.

To visually assess the relationship between sentiment and market behavior, FinTwitBERT
sentiment scores were overlaid with daily closing prices for both $TSLA and $BTC (see Fig-
ures 3.4 and 3.5). For $TSLA, the sentiment shows some alignment with price movements,
with bearish sentiment preceding or coinciding with sharp price drops, particularly in April and
September 2018. This suggests that FinTwitBERT may be capable of capturing sentiment shifts
that correlate with market movements.

In contrast, $BTC sentiment remains more erratic and frequently optimistic, despite the con-
sistent downward trend in price during the observed period in 2022. This observation comes as
a bit of a surprise, as I had initially assumed that $BTC and other cryptocurrencies would mir-
ror sentiment more closely than traditional stocks. However, it seems that, at least during this
period of observation, public sentiment often remained bullish even in periods of negative price
movement.

It should be noted that the $BTC sentiment dataset contained a signi昀椀cant number of missing
days (around 50% of the total window) due to corrupted or incomplete tweet data. This causes
the irregular structure and limits the interpretability of the $BTC sentiment overlay.

Although these visual comparisons are not su昀케cient to draw conclusions, they highlight the
potential value of sentiment as an external variable, particularly in assets where price changes
appear to correlate with sentiment shifts.
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Figure 3.4: Daily closing price of $TSLA compared to average daily FinTwitBERT sentiment
scores

Figure 3.5: Daily closing price of $BTC compared to average daily FinTwitBERT sentiment
scores

25



3.4 Predictive Modeling
This section outlines the forecasting models used to predict the next-day closing price of $TSLA
and $BTC. Three types of models were selected with the aim of comparing di昀昀erent method-
ological approaches: a classical time series model (ARIMA/ARIMAX), a tree-based machine
learning model (XGBoost), and a neural network (LSTM). These models di昀昀er in complexity
and interpretability, allowing for a comparative assessment of their e昀昀ectiveness in the use of
sentiment inputs.

My setup for this project was structured as a regression problem, with the goal of forecasting
the actual next-day price rather than classifying the direction of movement. A standard time-
aware 80/20 train/test split was used by reserving the 昀椀nal 20% of the time series for out-of-
sample predictions.

Each model was trained to predict the closing price on Day D+1, using di昀昀erent types of
inputs depending on the model architecture. For ARIMA and ARIMAX, which are designed to
model temporal dependencies internally, no manually lagged features were needed. In contrast,
XGBoost and LSTM models were provided with lagged values (closing prices of the previous
days).

Two main setups were tested for each model type: (1) a baseline using only price-based
features, and (2) an extended version that incorporated daily aggregated sentiment scores from
VADER, TextBlob, and FinTwitBERT. After 昀椀ltering and aligning the data, some trading days
had missing sentiment scores, due to structural problems of the dataset or low tweet volume. To
address this, a neutral score (zero) was assigned to preserve continuity as best as possible with-
out creating misleading trends. Forward-昀椀lling was avoided, as sentiment can change quickly,
and carrying over old values (especially across multiple missing days) risked distorting the true
sentiment. This imputation was especially relevant for the $BTC dataset, where nearly 50% of
all days had missing sentiment data.

In those cases, Model performance was assessed using root mean squared error (RMSE),
mean absolute error (MAE), and coe昀케cient of determination (R²) on both the training and test
sets. MAE indicates how far o昀昀 the predictions are on average, treating all errors equally. RMSE
also measures prediction error, but penalizes larger deviations more heavily by squaring them
before averaging, making it more sensitive to outliers. R² re昀氀ects how well the model explains
the variance in the actual values, with a value of 1 indicating perfect predictions and values
below 0 indicating performance worse than simply predicting the mean of the training values.
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Forecasts were visualized alongside actual prices to assess the quality of the predictions over
time. For the most promising model con昀椀gurations, the feature set was further expanded to
include additional price-derived indicators such as:

• Daily return: the percentage change between open and close, capturing momentum within
one day.

• High–low spread: the di昀昀erence between daily high and low prices, serving as a measure
of volatility.

• Lagged return: the price change from the previous day, capturing short-term trends.

These 昀椀nal models were also tuned using grid search or dropout regularization where appli-
cable. In addition, time series cross-validation was applied to evaluate the consistency of model
performance over di昀昀erent time windows and to reduce the risk of over昀椀tting.

3.4.1 ARIMA/ARIMAX

The 昀椀rst set of models applied were classical time series models: ARIMA (Autoregressive In-
tegrated Moving Average) and ARIMAX, which extends ARIMA by including exogenous vari-
ables. ARIMA is a widely used statistical model for time series forecasting, based solely on the
past values of the target variable. While it might be too simplistic for capturing the non-linear
and volatile behavior we observe in 昀椀nancial markets, it can serve as a comparative baseline.
Compared to more complex machine learning models or neural networks, these models are rel-
atively transparent and easier to interpret. Previous studies have shown that ARIMA can o昀昀er
accurate results for short-term stock price forecasts (Adebiyi et al., 2014).

In this study, ARIMA was used to forecast the next-day closing price of $TSLA and $BTC
based solely on their historical prices. The optimal model structure selected by the auto_arima()
function was (0,1,0), which corresponds to a model in 昀椀rst di昀昀erences, without autoregressive
(AR) or moving average (MA) components. This means the model has no persistence.

Di昀昀erencing is done to make a non-stationary time series stationary. A model in 昀椀rst di昀昀er-
ences means that we do not model the price levels ?C directly, but rather their changes from one
period to the next:

Δ?C = ?C − ?C−1

With an ARIMA(0,1,0) speci昀椀cation, these changes are assumed to be purely random:

Δ?C = YC ⇒ ?C = ?C−1 + YC

where YC is white noise with a mean of zero and constant variance. This is equivalent to a random
walk process, which implies that prices evolve unpredictably over time and cannot be forecasted
from past values alone.
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This result is consistent with the E昀케cient Market Hypothesis (EMH), which suggests that
all available information is already re昀氀ected in current prices. Therefore, the best prediction for
tomorrow’s price is simply today’s price:

E[?C+1] = ?C

The fact that the optimal ARIMA model for both $TSLA and $BTC turned out to be (0,1,0)
indicates that (at least for the time period analyzed) the prices for both assets behave like random
walks, and no predictable pattern could be extracted from past prices alone.

The same (0,1,0) structure was then applied to the ARIMAX models, which included the
VADER, TextBlob, an FinTwitBERT daily averages as exogenous variables to assess whether
sentiment data could improve predictive performance beyond the random walk baseline.
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3.4.2 XGBoost

The second set of models applied are called XGBoost (Extreme Gradient Boosting), a powerful
prediction method based on decision trees. XGBoost builds a series of trees, where each new
tree is trained to correct the errors of the previous one, making it a so-called ensemble method.
This strategy allows it to e昀케ciently capture non-linear relationships, feature interactions, and
subtle patterns in the data. Compared to classical time-series models, XGBoost is more 昀氀exible,
supports multiple input features, and generally performs well on structured data. This makes it
a suitable choice for modeling noisy and complex 昀椀nancial time series like $TSLA and $BTC.
Similar ensemble approaches have been successfully applied in sentiment-based market predic-
tion (Koukaras et al., 2022).

As a starting point, the model was trained using only the previous day’s closing price (lag-
1) as an input feature. This choice was based on a Partial Autocorrelation Function (PACF)
analysis of the closing price series, which indicated signi昀椀cant correlation only at the 昀椀rst lag
(see Figures 3.6 and 3.7). The model setup was then expanded to include daily sentiment scores
from VADER, TextBlob, and FinTwitBERT, both individually and in combination. In the 昀椀nal
con昀椀guration, additional engineered 昀椀nancial features (daily return, the high–low spread and
lagged returns) were also included as predictors.

Performance was evaluated using RMSE,MAE, and R² on both training and test sets. To im-
prove generalization and reduce over昀椀tting, hyperparameter tuning was conducted using Grid-
SearchCV with time series cross-validation (TimeSeriesSplit). Feature importance plots and
residual diagnostics were also generated to assess the model’s behavior and interpretability.

Figure 3.6: PACF of $TSLA Closing Price Figure 3.7: PACF of $BTC Closing Price
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3.4.3 LSTM

Long Short-Term Memory (LSTM) networks are a type of recurrent neural network (RNN) de-
signed to handle sequential data. Unlike traditional RNNmodels, LSTMs can retain information
from previous time steps through a memory structure controlled by gates. This allows them to
recognize patterns over time and is particularly useful in 昀椀nancial time series forecasting, where
price movements can be in昀氀uenced by trends or events from earlier in the sequence. The selec-
tion of an LSTM architecture is supported by previous research that used recurrent models to
incorporate sentiment and price data in 昀椀nancial forecasting tasks (e.g., Pant et al. 2018)

In this study, a standard LSTM architecture was implemented to predict the next-day closing
price of $TSLA and $BTC. The model consists of a single LSTM layer with 50 units, followed
by a dense output layer for direct regression. This structure is commonly used in 昀椀nancial fore-
casting tasks due to its simplicity, interpretability, and e昀昀ectiveness on small- to medium-scale
datasets. The design was chosen to minimize complexity and reduce the risk of over昀椀tting.

Like before, the basic model input included only lagged closing prices (lag1) as input fea-
tures. Sentiment scores from VADER, TextBlob, and FinTwitBERT were later added individ-
ually and in combination. The most promising models were further enhanced by including 昀椀-
nancial indicators such as daily return, high-low spread, and lagged return. All input features
were scaled using MinMax normalization and reshaped into 3D arrays with the shape (samples,
timesteps, features), where each sample consists of a single time step and several input features.
This format is required by Keras (a Python library that makes it easy to build and train deep
learning models) to correctly train the LSTM model.

To further improve performance, the strongest model was tuned using a random search strat-
egy via the Keras Tuner. Hyperparameters such as the number of units, dropout rate, L2 reg-
ularization strength, and learning rate were optimized to minimize validation loss. The tuned
model was evaluated on both the training and test sets using RMSE, MAE, and R².
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4 Results

4.1 ARIMA/ARIMAX
4.1.1 ARIMA

The basic ARIMA model’s predictive performance was evaluated for both $TSLA and $BTC.
While in-sample (training) performance was strong for both assets—re昀氀ected in high R² values
of 0.84 for $TSLA and 0.95 for $BTC—the out-of-sample results show a di昀昀erent picture. On
the test set, themodels performed poorly, with RMSEs of 4.51 for $TSLA and 2926.52 for $BTC,
and negative R² scores (–7.82 and –8.30, respectively), indicating that the forecasts were worse
than simply predicting the mean.

The forecast plots (Figures 4.1 and 4.2) con昀椀rm this: the predicted values for both assets
appear 昀氀at and disconnected from the actual price movements. This is because ARIMA(0,1,0)
out-of-sample forecasts simply predict the last known price from the training period, because the
model assumes that future changes are random with a mean of zero. In other words, the forecast
remains constant over the test period, re昀氀ecting the random walk behavior discussed earlier.

These results suggest that price-only ARIMA models are insu昀케cient for capturing the com-
plexity of 昀椀nancial markets, especially during volatile periods. The poor generalization per-
formance underscores the limitations of linear, univariate models and highlights the potential
value of incorporating external variables such as sentiment, which is explored in the following
sections.

This performance was not unexpected, as ARIMA was primarily used as a baseline model
to establish a benchmark for forecasting accuracy using only historical price data. The goal was
not to achieve high predictive performance with ARIMA, but rather to compare its limitations
against more 昀氀exible models that incorporate sentiment and other features.
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Figure 4.1: ARIMA Forecast vs Actual $TSLA Close Price

Figure 4.2: ARIMA Forecast vs Actual $BTC Close Price
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4.1.2 ARIMAX

To assess whether sentiment data could enhance predictive performance, three ARIMAXmodels
were tested for each asset, incorporating VADER, TextBlob, and FinTwitBERT sentiment scores
as exogenous variables. As summarized in Table 1, none of the models achieved meaningful
improvements over the baseline ARIMA. For both $TSLA and $BTC, test set RMSEs remained
high and R2 scores were strongly negative across all con昀椀gurations. Among the six models,
ARIMAX with TextBlob sentiment for $TSLA performed marginally better, with the lowest
RMSE (4.47) and the least negative R2 (–7.67). However, as illustrated in Figure 4.3, even this
model produced a largely 昀氀at forecast that failed to track actual price movements. These 昀椀ndings
suggest that adding sentiment as a linear external variable within the ARIMAX framework is
insu昀케cient to capture the non-linear and complex dynamics in 昀椀nancial markets. More 昀氀exible,
non-linear models may be required to meaningfully integrate sentiment into price forecasting.

Figure 4.3: ARIMAX Forecast vs Actual $TSLA Close Price (with TextBlob Sentiment)

Table 1: ARIMAX Test Set Performance with Sentiment Features ($TSLA and $BTC)

Asset Sentiment Model RMSE MAE R2

$TSLA
VADER 4.58 4.33 –8.10
TextBlob 4.47 4.21 –7.67

FinTwitBERT 4.50 4.22 –7.77

$BTC
VADER 3198.84 3036.72 –10.11
TextBlob 3127.86 2966.21 –9.62

FinTwitBERT 2883.95 2725.99 –8.03
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4.2 XGBoost
The XGBoost models trained on $TSLA showed promising out-of-sample performance, partic-
ularly when sentiment features were included. We can see in Table 2 that the 昀椀nal model using
lagged prices and all three sentiment scores (VADER, TextBlob, and FinTwitBERT) achieved
a test RMSE of 0.89 and R2 of 0.65 (see also Figure 4.4). An earlier version achieved a sim-
ilar test performance but also displayed strong signs of over昀椀tting, with a near perfect training
R2 of 0.99. To address this, hyperparameter tuning was performed using randomized search
with time series cross-validation. The resulting model produced a more balanced training R2

of 0.91, suggesting stronger generalization. Feature importance analysis (Figure 4.5) con昀椀rmed
that the model relied most heavily on a 1 day-price lag (which makes sense given our PACF
plot 3.6), followed by FinTwitBERT sentiment, while VADER and TextBlob had minimal in-
昀氀uence. Residual diagnostics indicated little to no autocorrelation of the residuals, approximate
normality, and no visible time-dependent error patterns. Overall, this suggests that when prop-
erly tuned, XGBoost, can e昀昀ectively use sentiment, particularly from FinTwitBERT, to improve
short-term price forecasting.

Table 2: XGBoost Test Set Performance on $TSLA

Feature Set RMSE MAE R2

Lagged Price Only 1.40 1.05 0.15
Lag + VADER 1.05 0.82 0.52
Lag + TextBlob 1.42 1.07 0.13
Lag + FinTwitBERT 0.93 0.69 0.63
Lag + All Sentiment 0.90 0.72 0.65
Lag + All Sentiment + Financial 0.92 0.67 0.64
Lag + All Sentiment (tuned) 0.89 0.70 0.65
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Figure 4.4: XGBoost Forecast vs Actual $TSLA Close - Tuned (Lag + All Sentiment)

Figure 4.5: Feature Importance for Best XGBoost $TSLA Model (Lag + All Sentiment)

In contrast to the results for $TSLA, the XGBoost models for $BTC failed to produce accu-
rate predictions. As shown in Table 3, the inclusion of sentiment features did not improve test
performance signi昀椀cantly. All sentiment models resulted in strongly negative R2 values, indi-
cating forecasts worse than simply predicting the mean. The best con昀椀guration was achieved
using FinTwitBERT. While it lowered RMSE to 2057.75, the corresponding R2 remained nega-
tive (–3.87), and the model still over昀椀t the training set (R2 = 0.99). As shown in Figure 4.6, even
the best model failed to follow the actual price trajectory. These results suggest that for $BTC,
the XGBoost models were unable to extract meaningful predictive information from sentiment
data, possibly due to higher noise levels or gaps in the sentiment data.
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Table 3: XGBoost Test Set Performance on $BTC

Feature Set RMSE MAE R2

Lagged Price Only 3175.65 3027.16 -9.95
+ VADER 2207.85 1975.83 -4.60
+ TextBlob 2191.04 1944.21 -4.52
+ FinTwitBERT 2057.75 1825.09 -3.87
+ All Sentiment 2065.39 1825.74 -3.90
+ All Sentiment + Financial 2118.17 1902.65 -4.16

Figure 4.6: XGBoost Forecast vs Actual $BTC Close Price (Best Model with Lag + FinTwit-
BERT)

4.3 LSTM
The LSTM models achieved strong results when applied to $TSLA data. While the baseline
model using only lagged prices reached a test R2 of 0.49, performance improved steadily with
the inclusion of FinTwitBERT and additional sentiment sources. The best performance was ob-
tained using a tuned LSTM model with dropout and L2 regularization, trained on a feature set
combining lagged prices, all sentiment scores, and 昀椀nancial indicators. As shown in Table 4,
this model achieved an RMSE of 0.74, a test R2 of 0.76, and a MAE of 0.53—indicating that, on
average, the model’s daily closing price predictions were o昀昀 by just 53 cents. To further assess
the robustness of the 昀椀nal LSTM model, time series cross-validation was performed using three
non-overlapping folds, resulting in a mean RMSE of 1.64 with a standard deviation of 0.43. This
suggests that the model generalizes well across di昀昀erent time segments. These results highlight
the ability of LSTM architectures to capture patterns over time and bene昀椀t from di昀昀erent exoge-
nous inputs, especially when regularization is applied to avoid over昀椀tting (see Figure 4.7).
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Table 4: LSTM Test Set Performance on $TSLA

Feature Set RMSE MAE R2

Lagged Price Only 1.08 0.82 0.49
+ VADER 1.06 0.83 0.51
+ TextBlob 1.03 0.76 0.54
+ FinTwitBERT 0.94 0.76 0.62
+ All Sentiment 0.92 0.74 0.63
+ Financial 0.99 0.75 0.58
+ All Sentiment + Financial 0.79 0.60 0.73
+ All Sentiment + Financial (tuned) 0.74 0.53 0.76

Figure 4.7: LSTM Forecast vs Actual $TSLA Close Price (Best Tuned Model with Sentiment +
Financial Features)

Despite multiple attempts to improve performance, the LSTM models consistently failed to
achieve acceptable results on the $BTC dataset. Initial models using lagged prices and senti-
ment scores from VADER, TextBlob, or FinTwitBERT performed poorly, with test set R2 values
ranging from –35.26 to –16.52. Even after incorporating 昀椀nancial indicators such as daily return,
high-low spread, and lagged return, the models continued to underperform. As a 昀椀nal attempt,
a more complex feature set was constructed by adding longer lag sequences, rolling averages,
and short-term volatility measures and tuning steps such as L2 regularization and dropout were
performed. While this reduced the RMSE to 1310.92, the test R2 remained negative (–0.91), as
shown in Table 5. The forecast plot in Figure 4.8 further illustrates the model’s inability to follow
actual price trends. These 昀椀ndings suggest that, for the selected period, neither sentiment data
nor extended technical features enabled the LSTM to generate valuable forecasts for Bitcoin.
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Table 5: LSTM Test Set Performance on $BTC

Feature Set RMSE MAE R2

Lagged Price Only 5169.78 5065.61 -28.02
+ VADER 4532.28 4389.97 -21.30
+ TextBlob 5778.74 5685.59 -35.26
+ FinTwitBERT 4560.22 4436.68 -21.58
+ All Sentiment 4016.54 3851.89 -16.52
+ Financial Only 4541.02 4458.86 -21.39
+ lags 1–7 + Financial 1909.85 1479.72 -3.05
+ lags 1–7 + Financial (tuned) 1310.92 981.63 -0.91

Figure 4.8: LSTM Forecast vs Actual $BTC Close Price (Best Feature Set: Extended Lags,
Sentiment, and Financial Indicators)
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5 Conclusion

5.1 Discussion
The results of this study show a clear contrast between the performance of forecasting models
applied to $TSLA and those applied to $BTC. For $TSLA, the models (especially the tuned
LSTM and XGBoost architectures) performed better than I expected, achieving test R2 values
close to 0.80. This suggests that sentiment scores can provide valuable predictive information
when combined with traditional price features. Interestingly, the more advanced FinTwitBERT
sentiment model consistently outperformed computationally simpler alternatives like VADER
and TextBlob. While those lighter models are easier and faster to implement, FinTwitBERT
appears to add signi昀椀cantly higher value. For any serious attempt at sentiment-based forecasting,
using a more powerful transformer based model like FinTwitBERT is likely the most e昀昀ective
approach.

The 昀椀ndings indicate that even for blue-chip stocks like $TSLA, market sentiment expressed
on social media contains information that can enhance short-term forecasting accuracy. In con-
trast, the performance of all models on $BTC was signi昀椀cantly weaker. This was surprising,
as I initially assumed that sentiment-driven forecasting would work especially well for Bitcoin,
given how much it is discussed online and its reputation for being in昀氀uenced by hype and public
opinion. However, the high volatility of Bitcoin, together with the rather bullish tone of tweets
and the sharp price drop at the beginning of the observed time period, are factors that may have
impacted the models’ ability to make accurate predictions. Additionally, the large number of
missing tweet days and potential noise in the sentiment dataset likely contributed to the poor re-
sults. Overall, while sentiment analysis appears to improve forecasting for traditional assets, its
value for highly volatile assets like Bitcoin remains uncertain and may be dependent on context
and time frame.

What surprised me during this project was the limited amount of high-quality academic
research directly combining NLP-based sentiment with 昀椀nancial time-series forecasting. Given
the increasing relevance of social media and the availability of open-source sentiment tools,
I had expected more coverage in academic literature. After discussing this topic with friends
currently working in 昀椀nance, none reported the use of such tools in their daily work, partly due
to the fact that they do not evaluate stocks based on the market prices and their employers are
more interested in the price of a stock in 3-5 years rather than the next day. This highlights
the fact that sentiment analysis tends to be more helpful for short-term rather than long-term
predictions, which would naturally make it more relevant to day traders and other short-term
investors.
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When attempting to forecast market prices, we must keep in mind that we are competing
with some of the most skilled, competitive, and resourceful players in the world.
It seems logical that advanced sentiment-based approaches, more re昀椀ned than those explored in
this thesis, are already being used by hedge funds or other trading 昀椀rms. However, it appears
that sentiment-based forecasting has not yet become common practice for many professional
investors and could serve as a valuable addition to traditional valuation and forecasting methods.

These 昀椀ndings also show that there is much room for fruitful future research. One promising
昀椀eld is intraday or real-time forecasting, which might be able to better capture the short-term
impact of sentiment changes and enable a more precise analysis of the correlation between tweet
timing and price movements. Expanding the scope of social media data to include other plat-
forms such as Reddit or 昀椀nancial news comment sections could provide valuable additional sen-
timent data and improve model performance. Furthermore, training models on larger datasets
with more diverse assets and time periods could help assess the generalizability of sentiment-
based forecasting. It would also be interesting to explore the role of sentiment in forecasting
other cryptocurrencies, including so-called meme coins, which tend to be even more sentiment-
driven and speculative. Finally, experimenting with more sophisticated model architectures may
further improve predictive accuracy.

5.2 Limitations
This study faced several limitations that should be taken into account when interpreting the re-
sults. One of the main challenges was obtaining high-quality social media data. Accessing large
amounts of up-to-date X data is very expensive, so I had to rely on freely available datasets from
Kaggle. While these datasets were useful, there was little transparency regarding how exactly
the data had been collected, 昀椀ltered, or pre-processed. This raises concerns about potential bias
and data quality.

Originally, I had planned to analyze the exact same time frame for both Bitcoin and the
selected blue-chip stock to make the comparison more meaningful. However, the 昀椀rst Bitcoin
dataset I used contained a large amount of spam and, after 昀椀ltering, there were almost no posts
left to analyze. I then switched to an alternative dataset, which contained less spam but came
with structural issues and corrupted data entries. This forced me to change the original time
frame. In the end, I manually identi昀椀ed a 150-day period with the fewest missing days, which
became the 昀椀nal time frame for Bitcoin. The selection of the timeframe based on data availability
may have impacted the results.
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Another limitation relates to the sentiment models that were used. FinTwitBERT showed
strong performance, but none of the sentiment outputs were manually validated, so any misclas-
si昀椀cations could have impacted the model performance. Furthermore, the sentiment scores were
calculated as simple daily averages without taking into account the in昀氀uence or credibility of
individual users or distinguishing between di昀昀erent types of content (e.g., news vs. opinion),
this may have introduced noise.

The forecasting results for $TSLA are promising, but since only one time frame and one
stock were analyzed, the generalizability of these 昀椀ndings remains limited. Similarly, the weak
performance on $BTC may not apply to other time periods and cryptocurrencies. Finally, this
study focused exclusively on prediction and did not attempt to explore causal relationships be-
tween sentiment and price movements, so no conclusions about causality can be drawn from the
results.
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