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1. Introduction
To fully capture financial market dynamics has
always been a complex challenge. Recently, this
challenge has intensified due to the growing in-
fluence of digital communication on markets.
Online platforms such as Twitter, Stocktwits,
and Reddit now provide spaces where retail and
institutional investors openly share opinions, ex-
pectations, and emotions that can strongly in-
fluence market behavior. Traditional forecast-
ing approaches, which rely primarily on histori-
cal quantitative indicators such as returns, vol-
umes, and volatility, remain essential but fail to
capture these behavioral dimensions that often
shape short-term price fluctuations. Recent ad-
vances in Natural Language Processing (NLP)
have made it possible to systematically extract
sentiment from textual contents, opening new
opportunities for market prediction. The ob-
jective of this thesis is to investigate the con-
tribution of sentiment information to financial
time-series forecasting, with a particular focus
on extracting sentiment from unstructured, col-
loquial and emoji-rich online content. To this
end, we develop and evaluate sentiment classi-
fication models specifically adapted to financial
texts enriched with emojis, which are increas-

ingly common in online investor discussions.
The extracted sentiment signals are then inte-
grated into a price prediction model based on
a Long Short-Term Memory (LSTM) architec-
ture, a deep learning method well suited for time
series forecasting. By comparing models trained
with and without sentiment features, and by an-
alyzing the impact of different levels of senti-
ment classification accuracy, the study aims to
quantify the added value that sentiment analy-
sis provides in predicting market movements.

2. Objectives
The thesis pursues two main objectives:
First we want to classify market sentiment
from online unstructured content (e.g. news
headlines, investing forums, Twitter posts) for
a target financial asset. This leads to the ne-
cessity to design a sentiment classifier capable
of extracting investor sentiment from social me-
dia content, with a particular focus on short,
emoji-rich and informal text. Unlike tradi-
tional financial news, online investor discussions
often rely on slang, irony, and emojis, which
pose challenges for conventional NLP tools. To
address this challenge, we will extend BERT-
based models with enriched vocabularies and
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Attention layers and train them to classify posts
into three categories: Bullish, Bearish, and
Neutral.
The second objective is to use sentiment to
predict financial returns. By aggregating
post’s classification results across time windows,
we compute a Sentiment Score, defined as the
number of Bullish minus Bearish posts. This
score acts as a synthetic indicator of overall mar-
ket sentiment. Therefore, the Sentiment Score
is integrated with classical financial indicators
such as past prices and traded volumes for price
forecasting. A LSTM network is employed to
capture temporal dependencies in the data and
predict future returns. The LSTM outputs serve
as the basis for a trading pipeline, where upward
predictions trigger long positions and downward
predictions trigger short positions. This frame-
work allows us to assess whether sentiment sig-
nals derived from social media improve predic-
tive accuracy and can be translated into prof-
itable trading decisions.
Together, these objectives establish an end-
to-end pipeline: from extracting sentiment in
emoji-rich online environments to incorporating
it as a predictive feature in algorithmic trading
strategies.

3. Literature Review
3.1. Natural Language Processing
Natural Language Processing techniques for
sentiment analysis begin by transforming text
into numerical representations, or vectors, that
models can process. This first step is called tok-
enization: the foundational text pre-processing
step, which has evolved from simple white space
word-level split of text to more sophisticated
sub-word methods such as Byte Pair Encoding
and WordPiece to improve robustness, reduce
vocabulary size, and handle rare or multilin-
gual terms more effectively [11, 15]. The sec-
ond step to turn text into vectorial representa-
tions is the encoding phase. Traditional encod-
ing like Bag-of-Words and TF-IDF, often paired
with models such as Support Vector Machines,
represent documents as unordered collections
of words, which fails to capture context, word
order, and subtleties like negation or sarcasm.
Word2Vec algorithm advanced the field by map-
ping words into dense embeddings that pre-

serve semantic relationships, though these re-
main context-independent, giving the same rep-
resentation to polysemous words like bank [9].
A breakthrough came with the attention mech-
anism, which enabled models to focus dynami-
cally on relevant tokens and paved the way for
the Transformer architecture [14]. Transformers
rely on embeddings, positional encodings, multi-
head self-attention, residual connections, and
feed-forward networks to build contextualized
embeddings that encode meaning, order, and
inter-dependencies among words and can heav-
ily exploit the advantages offered by parallel
computing. Building on this foundation, BERT
introduced a deep encoder-only model that gen-
erates rich contextual representations for tasks
such as natural language inference, question
answering, named entity recognition, and text
classification [3]. BERT uses special tokens
like [CLS] for sequence-level classification and
[SEP] for separating paired inputs. Its train-
ing paradigm involves two phases: pre-training
with masked language modeling and next sen-
tence prediction to learn general-purpose lan-
guage representations, followed by fine-tuning,
where the model parameters are adjusted for
specific downstream tasks such as sentiment
classification. This shift to contextualized em-
beddings through Transformers has significantly
advanced sentiment analysis beyond the limits
of static or bag-of-words approaches.

3.2. Sentiment Analysis and Price
Forecasting

Over the last decade, emojis have became a cru-
cial component of online communication, par-
ticularly on platforms like Twitter and Insta-
gram, where they enrich short texts and often
determine sentiment. Their interpretation is
essential, as they can reinforce or even invert
the meaning of a message. Early approaches
to emoji sentiment analysis relied on dictio-
naries [7] or embeddings such as Emoji2Vec,
which learned representations from textual de-
scriptions [5]. More recent methods leveraging
deep learning models and in particular Trans-
formers, which achieve superior performance in
NLP tasks are limited by the absence of emojis
in most pre-trained vocabularies [8]. In finan-
cial markets, sentiment analysis complements
traditional approaches: fundamental analysis,
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Figure 1: exBert model architecture [12]

which evaluates stocks using financial and eco-
nomic data [4], and technical analysis, which
focuses on statistical price and volume pat-
terns [10]. A growing body of work shows that
sentiment from news and social media influences
returns and volatility. For example, Tetlock [13]
demonstrated that pessimistic media tone de-
presses market prices, while Twitter-based in-
dices such as TFSI provide predictive signals
for daily stock returns [1]. Classical statisti-
cal models like ARIMA [2] are effective for sta-
tionary linear processes, but nonlinearity in fi-
nancial data and temporal complexity demand
more advanced tools. While machine learning
methods such as SVR and Random Forests can
capture nonlinearities, they still require hand-
crafted features. Deep neural networks, espe-
cially LSTMs [6], overcome these limitations by
learning sequential dependencies directly, mak-
ing them state-of-the-art models for forecasting
in finance.

4. Model Design and Methods
This thesis introduces exBERT, an extension
methodology for adapting pre-trained BERT-
based models to the domain of financial so-
cial media posts enriched with emojis. The
approach enlarges the original model vocabu-
lary with emojis which are used with finan-
cial domain-specific meaning, adds an addi-
tional embedding for new tokens and an exten-
sion module to each transformer layer. Outputs
from the base and extension modules are com-
bined via a learnable weighted sum, enabling the
model to reuse pre-trained weights while learn-
ing specialized embeddings for new tokens. This
allows efficient adaptation under constrained re-
sources while retaining the knowledge of the
original model.
To conduct experiments, two datasets were

used. The SPY StockTweets Dataset con-
tains 1.4M labeled posts about the SPY ETF
spanning 498 business days (from 2020 to 2022),
with more than 210k posts containing emo-
jis. The Stocktwits-Emoji Dataset, covering
BTC, ETH, and SHIB, provides 92k posts with
balanced labels across bullish, bearish, and neu-
tral sentiment. The latter also includes a held-
out test set of 11,984 posts. Together, these
datasets supply both large-scale, finance-specific
data and emoji-rich balanced samples.
As off-the-shelf models two BERT-based models
were selected: FinBERT, pretrained on finan-
cial text, and Twitter-RoBERTa, pretrained
on 124M tweets. Both were extended with
the exBERT framework, producing FinBERT-
based exBERT and RoBERTa-based exBERT
(ROexBERT). Pretraining was performed us-
ing a custom Masked Language Modeling task
with emphasis on emoji tokens, while finetuning
used under sampled balanced subsets to mit-
igate class imbalance. Progressive unfreezing
was applied: first training only the new embed-
ding layer, then progressively unfreezing classi-
fier, pooler, and full network.

4.1. Evaluation and Results
Model evaluation relied on accuracy, precision,
recall, and F1-score, supported by confusion
matrices.
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Metric Value
Accuracy 0.2435
Precision 0.3845
Recall 0.3336
F1-score 0.2017

Figure 2: Confusion matrix and macro-averaged
metrics for Finbert on the StockTweetsEmoji
test set.

Metric Value
Accuracy 0.3508
Precision 0.3748
Recall 0.3715
F1-score 0.3441

Figure 3: Confusion matrix and macro-averaged
metrics for exBert FinBERT-based on the
StockTweetsEmoji test set.

The first confusion matrix, corresponding to
FinBERT, reveals the models strong bias toward
predicting the Neutral class. This behavior re-
sults in low overall accuracy of about 24%, with
the vast majority of predictions concentrated in
a single class.The second confusion matrix, cor-

responding to exBERT a significant improve-
ment of about 10 percentage points on accuracy
and a more evenly distributed labeling.

Metric Value
Accuracy 0.3734
Precision 0.3921
Recall 0.3733
F1-score 0.3670

Figure 4: Confusion matrix and macro-averaged
metrics for ROBertA on the Stocktweet-Emoji
dataset.

Metric Value
Accuracy 0.4505
Precision 0.4034
Recall 0.3817
F1-score 0.3831

Figure 5: Confusion matrix and macro-averaged
metrics for exBERT ROBertA-Based on the
Stocktweet-Emoji dataset.

RoBERTa as a baseline model proves to be orig-
inally stronger than FinBERT with an accuracy
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of 37% and its exteded version ROexBERT fur-
ther improved results to 45% on the Stocktwits-
Emoji test set.

Metric Value
Accuracy 0.3935
Precision 0.3798
Recall 0.3675
F1-score 0.3706

Figure 6: Confusion matrix and macro-averaged
metrics for finetuned Finbert (no extention
module) on the Stocktweets-Emoji test set.

FinBERT finetuned without extension also im-
proved around 39%, showing that while emoji-
aware extensions are most useful in emoji-dense
contexts, fine-tuning alone can also yield gains.
Human annotators from Politecnico di Milano
achieved 42% for the single vote classification
and 49% accuracy on the majority voting clas-
sification, placing ROexBERT at near-human
performance.
Summing up the results, the exBERT ap-
proach demonstrates that extending base mod-
els with domain-specific vocabulary substan-
tially improves sentiment classification on finan-
cial social media, especially for emoji-rich posts.
While fine-tuning helps, the extension module
provides additional robustness where emojis are
central to sentiment expression. Moreover, au-
tomated models reach performance comparable
to human annotators, justifying their use in
large-scale sentiment extraction pipelines.

5. Price Prediction Model
The objective of this chapter is to evaluate
whether incorporating market sentiment into
time-series forecasting can improve financial

price prediction. Sentiment is extracted from
social media posts and aggregated into a score
defined as:

Sentiment Score = #Bullish −#Bearish.

which provides a simple and interpretable proxy
for market sentiment. This novel feature is
combined with two classical predictors:returns
and volumes. Returns are used instead of raw
prices because of their stationarity, while vol-
umes measure trading intensity. Together, these
three features constitute the input for the pre-
dictive model.
The forecasting framework is based on a deep
recurrent architecture with three stacked bidi-
rectional LSTM layers (256 - 256 - 384 hid-
den units), followed by dropout (0.1) and a
dense ReLU output layer. The network takes
as input sequences of length 15 and is trained
with the Adam optimizer and MSE loss, while
both MSE and MAE are tracked as evaluation
metrics. Hyper-parameters are optimized with
Bayesian methods in TensorFlow Keras. The
model has more than 14 million parameters, re-
flecting its capacity to capture nonlinear depen-
dencies, but also requiring careful regularization
to avoid overfitting. To build the dataset used
in the experiments, 3.5 million tweets about the
S&P 500 index ($SPY ticker) were collected be-
tween April 2020 and March 2022. Sentiment
labels were assigned using the models developed
in the previous chapter, and aggregated over
two different time frequencies: daily and hourly.
Historical financial data (returns and volumes)
were aligned with these aggregation windows to
form synchronized time series with three fea-
tures.

Figure 7: Daily returns predictions without sen-
timent score feature.
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Figure 8: Daily returns predictions with senti-
ment score feature.

The experiments begin with daily frequency. As
shown in Figure 7, the baseline LSTM trained
only on returns and volumes collapses to pre-
dicting flat averages around 1.00, minimizing
error but failing to capture short-term move-
ments. By contrast, when the sentiment score
is added, predictions better follow the actual re-
turns and capture local dynamics as we can ob-
serve in Figure 8. The improvement is also evi-
dent in trading performance. A naive rule-based
strategy, based only on past returns, was com-
pared against an informed strategy using model
predictions. For the selected trading window
the sentiment-informed approach yields higher
cumulative gains.

Figure 9: Hourly returns predictions without
sentiment score feature.

Figure 10: Hourly returns predictions with sen-
timent score feature.

When the same experiment is repeated at hourly
frequency, the impact of sentiment becomes
even stronger. Predictions with sentiment align
more closely with intraday fluctuations, while
daily aggregation tends to smooth out short-
term variations. This confirms that sentiment

contributes more significantly at higher frequen-
cies, where investor mood shifts rapidly and di-
rectly influences market behavior. Such settings
also highlight the advantage of automation, as
algorithmic trading systems can exploit hourly
signals more effectively than humans.

Table 1: Comparison of Models using MSE and
MAE

Features MSE MAE
FinBERT 1.75533e-05 0.002964
RoBERTa-twitter 1.675195e-05 0.002830
FinBERT FT 1.481982e-05 0.002781
exBert 1.506633e-05 0.002764
ROexBERT 1.424594-05 0.002564

Finally, the quality of the sentiment classifi-
cation models directly affects forecasting per-
formance. Table 1 reports error metrics for
models trained with sentiment scores derived
from different classifiers. FinBERT performs
worst, while RoBERTa-twitter and fine-tuned
FinBERT improve results. The best-performing
model over the classification task, ROexBERT,
achieves the lowest error values when used
to calculate the sentiment score feature (MSE
1.42× 10−5, MAE 0.0026), confirming that im-
proved handling of emojis and finance-specific
text leads to more accurate forecasts.
In summary, incorporating sentiment into the
forecasting pipeline improves predictive accu-
racy and trading profitability. The results show
that sentiment is especially valuable in high-
frequency (hourly) settings and that the ac-
curacy of upstream sentiment classificationpar-
ticularly with emoji-aware modelssubstantially
enhances downstream price prediction perfor-
mance.

6. Conclusions and Future
Work

This thesis investigated the use of domain-
adapted language models for sentiment anal-
ysis on financial market through social me-
dia post and its integration into price fore-
casting. The first contribution was the de-
velopment of exBERT, an approach to ex-
tend pre-trained models with emoji-aware vo-
cabulary. Results showed that this method
significantly improves sentiment classification,
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with ROexBERT achieving the best perfor-
mance and confirming the efficiency of vocab-
ulary and model extension. The second contri-
bution was the integration of sentiment scores
into an LSTM forecasting model alongside clas-
sical financial features such as returns and vol-
umes. Experiments demonstrated that sen-
timent improves predictive accuracy, particu-
larly at the hourly level where market move-
ments are strongly driven by short-term investor
mood. Moreover, better classification mod-
els translated directly into more accurate fore-
casts, while trading simulations confirmed the
practical value of sentiment-informed strategies,
which outperformed naive baselines in cumula-
tive gains.
Future work includes building a fully automated
trading pipeline that processes posts, classifies
sentiment, and generates signals in real time,
while accounting for latency and transaction
costs. Another direction is hybrid classification,
where emoji-heavy posts are routed to extended
models like ROexBERT, and text-heavy posts
to lighter models, improving overall accuracy
and forecasting quality.
In sum, this work validates vocabulary exten-
sion as a method to enhance sentiment anal-
ysis by leveraging emojis and non-verbal cues
in finance and demonstrates the concrete bene-
fits of incorporating sentiment into forecasting
pipelines.
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