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Abstract

Financial sentiment analysis is essential for investment decisions and market prediction.
However, traditional methods that classify text into positive, negative, or neutral often fail to
capture nuanced emotions that drive investor behavior.

To address these limitations, this thesis introduces an innovative hybrid framework that
incorporates fine-grained emotion modeling to enhance financial sentiment classification.
The core methodology is structured around three complementary approaches, beginning with
Approach 1 (Traditional Financial Sentiment Representations), which utilizes FinBERT through
both feature extraction and fine-tuning strategies, alongside general-domain models(RoBERTa,
XLM-RoBERTa, and DeBERTa), to capture deep contextual financial semantics. This is
complemented by Approach 2 (Emotion-Based Representations), which extracts fine-grained
emotion vectors using a RoBERTa model pre-trained on the GoEmotions dataset to model
underlying textual affect. Finally, Approach 3 (Hybrid Feature Fusion Strategies) integrates
the deep contextual representations from the financial models with the fine-grained emotion
vectors.

The proposed framework was evaluated across three benchmark financial datasets:
Financial PhraseBank (100% and 50%), Twitter Financial News, and the Gold dataset.
Classification tasks were executed using traditional Machine Learning algorithms, Deep
Learning architectures, and attention mechanisms, followed by a comprehensive comparative
analysis between the three developed approaches. Results demonstrated that incorporating
fine-grained emotional dimensions substantially enhanced classification accuracy and
robustness, bridging the gap between financial textual semantics and investor sentiment
dynamics, a benefit most clearly reflected within Approach 3, where Fine-Tuning (FT)
consistently surpassed Feature Extraction (FE) across all backbone models. The fusion
of RoBERTa with RoBERTa-GoEmotion embeddings delivered the strongest results on
PhraseBank 100% (LightGBM, F1-W: 99.55%), PhraseBank 50% (XGBoost, F1-W: 92.85%),
Gold (BiLSTM, F1-W: 96.59%), and Twitter (LightGBM, F1-W: 92.92%), establishing
RoBERTa as the most consistently effective backbone for emotion-augmented financial
sentiment classification.

Keywords: Financial Sentiment Analysis, Fine-Grained Emotion Modeling, FinBERT,
RoBERTa, XLM-RoBERTa, DeBERTa, GoEmotions, Feature Fusion, Machine Learning, Deep
Learning, Attention Mechanism .



ڲڪٌۘ

มฆܳا اܳٺگܹ٭ڎل۰ اܳޚݠق ڣ؆ن ،ዻዧذ و݁ؕ ا৙৑ݿިاق. ᄎცݠොຳ واܳٺྡྷٴޝ ا৖৑ݿྥټ݄؇ر ڢݠارات ෛູ৖৑؇ذ ๴ང؇أݿ ਵਦأ اৎ৊؇ܳ٭۰ ਵލ؇؜ৎ৊ا ොູܹ٭ܭ
.દઊފྥټ݄ݠৎ৊ا ݿߺࠊك আॻ༟ ّޝߜߵ มฆܳا اᄴᄟڢ٭گ۰ اܳأިاޗژ اܳٺگ؇ط ሒᇭ ّڰލܭ ؇݁ ༚؇ܳٴً؇ ො੼؇ࢴࣖة أو ݿܹٴ٭۰ أو ۰ਃಸ؇෠ຬإ ሌᇿإ اܳٷݱިص ّݱٷژ
اৎ৊؇ܳ٭۰. ਵލ؇؜ৎ৊ا ّݱྡྷ٭ژ ܳٺأݞߌ߳ اᄴᄟڢ٭گ۰ اܳأިاޗژ ۰༥ڍஓ஁ ༇ံࣖࢴ ݁ٴٺଲ୍اً ෠඾٭ٷً؇ إޗ؇راً اৎ৊ڍாணة ۱ڍه ّگڎم اܳگ٭ިد، ۱ڍه ۰੊أ؇ࠍৎ৊
ّأٺ݄ڎ มฆܳوا اܳٺگܹ٭ڎل۰)، اৎ৊؇ܳ٭۰ ਵލ؇؜ৎ৊ا (ஓ஄ټ٭ఈఃت ا৙৑ول اዛዊৎ৊ھ ًـ ਊಾڎأ ݁ٺᄭᄥ݁Ⴄၽ؛ ༇ဋ؇݁ٷ ۰ٔఈఃٔ ۋިل ا৙৑ݿ؇ݿ٭۰ اዛዊৎ৊۠٭۰ وറണ೺ۜިر

ا௯௫௵؇ل ۰݁؇༟ أරඝى ஓ஁؇ذج ೞ಻؇༥ ሌᇿإ اᄴᄟڢ٭ݑ، واܳݯٴޔ ا଩ଃৎ৊ات اݿٺۛݠاج มฆ٭౯౏ళاଫଐاݿ ఈః༠ل ݆݁ FinBERT ஓ஁ިذج আॻ༟
ሒᇃ؇اܳټ اዛዊৎ৊ھ ؇ዛዀّܹ .ሒᇿ؇ৎ৊ا ༶గጻዧ؇ل اܳأ݄٭گ۰ اܳފ٭؇ڢ٭۰ ا৖৑৖৑ᄴᄟت )،৖৑ܳٺگ؇ط RoBERTa و XLM-RoBERTa ,DeBERTa )
ஓ஁ިذج ً؇ݿٺ༱ڎام اᄴᄟڢ٭گ۰ اܳأިاޗژ ۰༥ڍஓ஁ আॻ༟ ّأٺ݄ڎ ༟؇ޗڰ٭۰ ஓ஄ټ٭ఈఃت ૭૜ٺۛݠج มฆܳوا اܳأިاޗژ)، আॻ༟ ۰ஓ୴؇اܳگ (اࡺ࢘ࢦټ٭ఈఃت
وأଫଃ༠اً، اܳٷݱިص. ሒᇭ ݆݁Ⴄၽܳا اܳأ؇ޗࠕࠫ ଫଃٔ؊اܳٺ ۰༥ࡺ࢕ࢦڍ GoEmotions ਃಸ؇َ؇ت ۰༟ިᆇ୞୘ আॻ༟ ݁ފٴگً؇ اৎ৊ڎرب RoBERTa
اࡺ࢘ࢦټ٭ఈఃت ؕ݁ اৎ৊؇ܳ٭۰ اࡺ࢕ࢦ؇ذج ݆݁ اৎ৊ފٺ݄ڎة اܳأ݄٭گ۰ اܳފ٭؇ڢ٭۰ اࡺ࢘ࢦټ٭ఈఃت ا୒ୖ۠٭ٷ۰) ا଩ଃৎ৊ات ༇ံد (اݿଫଐا౯౏ళ٭؇ت اܳټ؇ܳت اዛዊৎ৊ھ ༇ံࣖࢴ

اܳأ؇ޗڰ٭۰.
Financial PhraseBank Dataset (100% , 50%) ਵਦۏأ٭۰ ݁؇ܳ٭۰ ਃಸ؇َ؇ت ༟ިᆇ୞୘؇ت ఈఃٔث ଫଊ༟ اৎ৊گଫଐح ا৕৑ޗ؇ر ّگ٭ࡗࡲ ቕቆ
اܳٺأ޺޾ ۊިارز݁٭؇ت ً؇ݿٺ༱ڎام اܳٺݱྡྷ٭ژ ዛᔻ؇م َڰُّڍِت وڢڎ Gold Dataset و , Twitter Financial News Dataset
اৎ৊ޚިرة.أޖ۳ݠت ۰ٔఈఃاܳټ ༇ဋ؇ٷৎ৊ا ඔ൹ً ނ؇݁ܭ ݁گ؇رن ොູܹ٭ܭ ؇۱ఈఃّ ا৖৑ཹྥٴ؇ه، وآܳ٭؇ت اܳأ݄٭ݑ، اܳٺأ޺޾ وྲྀྡྷ٭؇ت اܳٺگܹ٭ڎل۰، ሒᇿ৚৑ا
ඔ൹ً اܳڰ۠ިة ݿڎ ሒᇭ ًڰأ؇ܳ٭۰ ݿ؇۱ܾ ؇ᆙᆘ ،۬ਐ಻؇و݁ٺ اܳٺݱྡྷ٭ژ دڢ۰ ݆݁ ଫଃ܋ٴ ႟ၽ૰૖ ۋފّ݆ اᄴᄟڢ٭گ۰ اܳأިاޗژ ۰༥ڍஓ஁ ༇ံد أن ༇຀؇اܳٷٺ
ۋ٭ت اܳټ؇ܳت، اዛዊৎ৊ھ ሒᇭ ଫଊأ܋ ًިݪިح اܳٺۜފ݆ ۱ڍا ޖ۳ݠ وڢڎ .દઊފྥټ݄ݠৎ৊ا ਵ݁ލ؇؜ ود਍ಱ؇݁٭൑ശ؇ت اৎ৊؇ܳ٭۰ اܳٷݱ٭۰ ا৖৑৖৑ᄴᄟت

ا৙৑ݿ؇ݿ٭۰. اࡺ࢕ࢦ؇ذج ᆇᅹ٭ؕ ଫଊ༟ ا଩ଃৎ৊ات اݿٺۛݠاج আॻ༟ ً؇ಣಕᕬݠار اᄴᄟڢ٭ݑ اܳݯٴޔ ّڰިق
Financial PhraseBank 100% আॻ༟ ༇຀؇اܳٷٺ أڣݯܭ RoBERTa-GoEmotion ّݯ݄٭ٷ؇ت ؕ݁ RoBERTa ༇ံد وۋگݑ
Gold و ،(XGBoost، F1-W:92.85% ) Financial PhraseBank 50% و ،(LightGBM، F1-W: 99 .55 %)
.(LightGBM، F1-W:92.92% ) Twitter Financial News و ،(BiLSTM، F1-W: 96 .59 %) dataset

ً؇ܳأިاޗژ. اৎ৊أݞز اৎ৊؇ܳ٭۰ ਵލ؇؜ৎ৊ا ّݱྡྷ٭ژ ሒᇭ ؇ً࿙؇ਊುو ڣأ؇ܳ٭۰ ଫ଒܋৙৑ا ๴ང؇ݿ৙৑ا اࡺ࢕ࢦިذج ި۱ RoBERTa أن ᄕცلޝ و۱ڍا

GoEmotions، RoBERTa، FinBERT، اᄴᄟڢ٭گ۰، اܳأިاޗژ ۰༥ڍஓ஁ اৎ৊؇ܳ٭۰، ਵލ؇؜ৎ৊ا ොູܹ٭ܭ اिऻء׫ոؼמ١: اڤոஈ࿦࿮ت
ا৖৑ཹྥٴ؇ه. آܳ٭؇ت اܳأ݄٭ݑ، اܳٺأ޺޾ ،ሒᇿ৚৑ا اܳٺأ޺޾ ا଩ଃৎ৊ات، ༇ံد, RoBERTa, XLM-RoBERTa, DeBERTa
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General Introduction
In recent years, financial sentiment analysis has become essential for investors and

institutions seeking actionable insights from news articles, earnings reports, and social media.
Sentiment Analysis, a subfield of natural language processing (NLP) is used to automatically
detect and classify emotional polarity (i.e., positive, negative, neutral) in a given text.
Early rule-based and lexicon-based approaches were simple to implement but ignored
context, sarcasm, negation, and domain-specific language, leading to poor generalization.
Machine Learning (SVM, Random Forest, Logistic Regression) improved performance by
learning from labeled data. Deep Learning (LSTM, BiLSTM, GRU, CNN) further captured
sequential dependencies and contextual information. Most recently, Transformers and attention
mechanisms revolutionized the field by enabling models to focus on the most relevant parts of
a text, with domain-adapted models like FinBERT bringing significant gains in financial NLP
tasks .
Concurrently, traditional sentiment analysis frameworks exhibit critical structural limitations.
By restricting analysis to coarse categorical polarities (positive / negative / neutral) traditional
models fail to capture the underlying psychological states and behavioral dynamics that drive
market movements. They inherently overlook the subtle psychological nuances and the diverse
spectrum of human affect that govern financial decision-making.
To overcome these deficiencies, this research proposes the integration of Fine-Grained
Emotion Modeling, leveraging comprehensive frameworks such as the GoEmotions taxonomy.
Mapping distinct emotional dimensions (such as optimism, fear, surprise, or disappointment)
enriches the semantic representation of financial texts, thereby providing the superior analytical
granularity necessary for robust classification. Consequently, this study is driven and motivated
by the following central research question:

Research Question: Do Fine-Grained Emotions Improve Financial Sentiment
Classification?

The primary contribution of this work is the proposed framework. Diverging from isolated
or strictly sequential methods found in the current literature, our methodological framework
executes a feature fusion and concatenation process that couples representations from a highly
specialized financial language model, such as FinBERT, with fine-grained emotion vectors
extracted from a RoBERTa model pre-trained on the GoEmotions dataset. By leveraging the
combined strengths of Machine learning models , deep learning architectures, and attention
mechanisms, this work provides a concrete solution to bridge the gap between financial textual
semantics and market psychology.

Overview of the Chapters
Chapter 1 — Background and Literature Review covers ML algorithms, DL architectures,
attention mechanisms, transformer models, financial sentiment analysis, and fine-grained
emotion modeling, concluding with a literature gap analysis.
Chapter 2 — Research Methodology and Proposed Approaches presents the datasets,
emotion extraction pipeline, the three proposed approaches, and evaluation metrics .
Chapter 3 — Experiments and Results details the experimental setup, reports all empirical



findings, and provides cross-approach comparisons. Crucially, it evaluates the performance
of the proposed frameworks against the core research questions. It concludes with
an emotion-sentiment interaction analysis, a detailed error analysis, and a benchmarking
comparison with existing literature.
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Chapter 1: Background and Literature
Review
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Chapter 1

Background and Literature Review

1.1 Introduction
Artificial intelligence (AI) and natural language processing (NLP) have advanced in recent
years, moving from traditional machine learning algorithms to deep learning models and
transformer architectures. These advancements have enabled the development of powerful
and efficient models, particularly within the financial domain. The first part of this chapter
examines the theoretical underpinnings of AI, encompassing machine learning (SVM, Random
Forest), deep learning, word embeddings, Transformer architectures, transfer learning,
domain-adapted language models such as BERT, RoBERTa, and FinBERT. Based on these
theoretical foundations, Part 2 applies these ideas to the practical field of Financial Sentiment
Analysis (FSA). It examines the key characteristics of financial text (complex jargon,
sarcasm, implied context, neutrality biais), the difference between binary sentiment and
fine-grained emotion modeling using the GoEmotions taxonomy, and a review that enables the
identification of current gaps. This shift between the two parties highlights how the theoretical
tools presented in Part 1 will show as a foundation for a more nuanced hybrid approach that
combines the financialization of FinBERT with the fine-grained recognition of emotions in
order to overcome the limitations of traditional models.

Part 1: Background of AI
AI is one of the fields of study under computer science; its applications and uses can be

found throughout different fields and disciplines. The focus of AI is to develop systems that
can perform tasks that typically require human intelligence, such as problem solving, decision
making, learning, perception, and natural language processing. The growth and progress of
AI technology are dependent on advances in three areas: increased processing capabilities
(hardware), developing better algorithms, and having access to very large data sets. Most
important sub-domain of AI is:

1.2 Machine learning
Machine learning (ML) is a scientific discipline focused on developingmathematical algorithms
and models capable of learning from data to perform specific tasks effectively. It aims to
construct complex rules from data. ML can automate a wide range of tasks, particularly when
people are unable to create manual instructions. These algorithms are employed across a variety
of domains, including data mining, image processing, and predictive analytics. ML algorithms
are broadly classified into four categories: supervised, unsupervised, semi-supervised, and

4



reinforcement learning (Saraswat & Raj, 2021). Examples of these algorithms include SVM,
RF, LR, XGBoost, CatBoost, and LightGBM.

1.2.1 Support Vector Machine (SVM)
SVM is a model that uses a hypothesis space in the form of linear functions in a
high-dimensional feature space, followed by an optimization-based learning method that
integrates statistical learning bias. SVM classification aims to identify a boundary line that
divides two distinct sets of data. The objective of SVM is to create an optimal boundary in order
to create a maximum separation between the two data classes. SVM uses kernel algorithms to
process high-dimensional datasets. SVM simply takes a few data points (Support Vectors) to
create the model used in classification (Aditya et al., 2024).

1.2.2 Random Forest (RF)
RF which is based on the Decision Tree algorithm, is composed of numerous Decision
Tree models trained on unique datasets with elements of randomization in the attribute-sets.
These solutions offer advantages for performing predictions, particularly in terms of improved
accuracy with incomplete records, resiliency against extreme values (outliers), optimized data
storage capabilities, and feature selection methods that enhance Predictive Performance across
larger and more complex datasets(Aditya et al., 2024).

Figure 1.1. Architecture of a Random Forest Model (Khan et al., 2021)

1.2.3 Logistic Regression (LR)
LR is a type of statistical procedure used to analyze the relationship between 1 or more predictor
(or independent) variables and a response or dependent variable that can take on either two or
more values (Aditya et al., 2024).

1.2.4 eXtreme Gradient Boosting (XGBoost)
XGBoost is a gradient boosting algorithm, which builds strong predictive models by combining
multiple weak learners (mainly decision trees). It improves performance by correcting errors
iteratively and optimizing a loss function. Owing to its regularization techniques, it reduces
overfitting and ensures generalization. XGBoost has a high rate of speed, can be processed
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quickly, and is flexible, being able to process many different types of input data and provide a
variety of output from traditional regression and classification models (Tomar et al., 2024).

1.2.5 Categorical Boosting Gradient (CatBoost)
CatBoost is a gradient boosting algorithm (short for Categorical Boosting). It leverages
binary decision trees to form its base predictors and perform gradient boosting. Categorical
features can be handled by CatBoost, and Bayesian estimators handle both ordered features and
overfitting. The CatBoost method ranks the features in the created model using either Loss
Function Change (LFC) or Prediction Values Change (PVC). The CatBoost machine learning
model uses PVC by default. LFC is typically used to rank a particular model in relation to other
models (Aditya et al., 2024).

1.2.6 Light Gradient Boosting (LightGBM)
LightGBM is a gradient boosting framework built on decision tree techniques is called
LightGBM, or Light Gradient Boosting Machine. It is an effective application of Gradient
Boosting Decision Trees (GBDT), in which performance is enhanced by sequentially training
several trees. LightGBM is appropriate for large-scale data because of its speedy and
memory-efficient design. Because of its good interpretability, accuracy, and efficiency, it is
frequently employed in machine learning (Lokker et al., 2024).

1.3 Deep Learning
Deep Learning (DL) is an area specializing in using deep learning to automatically discover
multiple levels of higher-level features in raw data by using layers of artificial neural
networks. In contrast to traditional machine learning techniques, which rely primarily on human
intervention for forming and extracting features manually, deep learning has the capability to
perform feature learning and classification jointly from beginning to end. SuchAs, thesemodels
are better suited to operate on very large data sets and on complex patterns within unstructured
data, such as speech or natural language (Shiri et al., 2023). Examples of these algorithms
include CNN, RNN, LSTM, BiLSTM, GRU, and BiGRU.

1.3.1 Convolutional Neural Networks (CNN)
CNNs are deep learning models for tasks like computer vision and image classification that
were first motivated by human visual perception. But CNNs-1D are moreover very successful
in NLP. They eliminate the need for manual feature engineering by automatically learning
features from data using essential components like convolutional layers, pooling layers, and
fully connected layers. In NLP, word sequences are processed in place of pixels to extract local
feature representations such as n-grams. CNNs combine feature extraction and classification
into a two-stage architecture, as seen in figure 1.2, enabling the model to learn from beginning
to end (Shiri et al., 2023).
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Figure 1.2. Architecture of a CNN-1D Model (Hoa et al., 2024)

1.3.2 Recurrent Neural Networks (RNN)
RNN is made to analyze sequential input by capturing temporal dependencies in internal
memory. RNNs take input order into account, in contrast to conventional neural networks.
However, short-term memory constraints plague basic RNNs, which prompted the creation of
more sophisticated variations like LSTM and GRU (Shiri et al., 2023).

1.3.3 Long Short-Term Memory (LSTM)
LSTM is an advanced variant of recurrent neural networks, specifically designed to address the
vanishing gradient problem inherent in standard RNNs and to capture long-term dependencies
within sequential data. This is achieved through three gating mechanisms: the input gate, which
controls the flow of new information into the cell state; the forget gate, which determines what
information should be discarded from previous states; and the output gate, which regulates
what portion of the cell state is propagated to the next time step. This architecture enables the
selective retention and transmission of relevant information across arbitrarily long sequences,
making LSTMs significantly more effective than standard RNNs for sequential modelling and
text classification tasks. (Shiri et al., 2023).

Figure 1.3. Architecture of a LSTM Model (Van Houdt et al., 2020)

1.3.4 Bidirectional LSTM (BiLSTM)
BiLSTM architecture extends the capabilities of LSTM by processing information in both
forward and backward directions, thereby capturing contextual information from both past
and future states. This characteristic improves performance across various sequential data
tasks(Shiri et al., 2023).
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Figure 1.4. Architecture of a BiLSTM Model (Jatavallabha et al., 2024)

1.3.5 Gated Recurrent Unit (GRU)
GRU is a streamlined version of the Long Short-Term Memory (LSTM) that captures crucial
dependencies in sequential data while increasing speed and efficiency by incorporating gates
into update and reset procedures.(Shiri et al., 2023)

1.3.6 Bidirectional GRU (BiGRU)
By combining both forward and backward processing, bidirectional GRU improves this model
even more and enables a more thorough comprehension of sequence context (Shiri et al., 2023).

Figure 1.5. Architecture of a BiGRU Model (Shiri et al., 2023)

1.4 Word Embeddings to Contextual Models
Embedding techniques in NLP have evolved from traditional static embeddings to advanced
contextualized models. Static embeddings are fixed mathematical vector representations of
words that do not change according to context. Early approaches used ’word embeddings’ as
basic representations of words, but they lacked context. The use of ’contextual embeddings’,
as are used in BERT and GPT, has changed that, allowing for dynamic representations that
can change based on the words in the context where they occur. As a result of this change,
performance in tasks like sentiment analysis, translation, and question/answering has improved
(Alkaabi et al., 2025).
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1.5 Attention Mechanisms
Attention is introduced in sequence-to-sequence models to address the limitations of recurrent
neural networks. It enables the evaluation of the relative contribution of each element within
a sequence. This process relies on Query (Q), Key (K), and Value (V) representations, where
attention scores are computed between Q and K, normalized through a softmax function, and
applied to weight the values (V), producing a context-dependent representation (Choi & Lee,
2023).

Attention(Q,K, V ) = softmax
(
QK⊤
√
dk

)
V (1.1)

Figure 1.6. Architecture of a Attention Mechanism (Choi & Lee, 2023)

1.5.1 Self-attention
Self-attention (or Intra-attention) uses an attention mechanism that compares and relates the
items from one sequence in order to create an overall representation of that sequence. All of the
Queries (Q), Keys (K), and Values (V) used in this process will come from the same sequence,
so that each item will compare itself to and pay attention to all other items of that same sequence
(Vaswani et al., 2017).
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1.5.2 Multi-Head Attention
Multi-Head Attention extends this concept by projecting the Queries (Q), Keys (K), and
Values (V) multiple times into different, lower-dimensional representation subspaces which
constitute the ”heads” . This process allows the model to compute multiple (or parallel)
attentional mechanisms instead of just one over all sequences. Each independent representation
from the heads is then combined together via an additional linear projection into richer,
multi-dimensional representations (Vaswani et al., 2017).

1.5.3 Hierarchical Attention
A hierarchical attention mechanism designed to reflect the hierarchical nature of documents.
It uses two separate attention mechanisms, one at both the word-level and the sentence-level,
which allow the model to apply attention differentially depending on the relative importance
of the items in the document when constructing its representation of the document(Yang et al.,
2016).

1.6 Transformer Architecture
The Transformer is a sequence modeling architecture based on self-attention mechanisms.
It follows an encoder–decoder framework in which both components are composed of
stacked identical layers. Each encoder layer includes a multi-head self-attention mechanism
and a position-wise feed-forward network, combined with residual connections and layer
normalization. The decoder extends this structure by incorporating a masked self-attention
mechanism and an encoder–decoder attention layer. The model processes input sequences in
parallel and relies on positional encoding to represent the order of elements. Its design enables
the modeling of dependencies between sequence elements without relying on recurrence (Choi
& Lee, 2023).

Figure 1.7. Architecture of a Transformer Model (Choi & Lee, 2023)
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1.6.1 Transfer Learning in NLP
In natural language processing, transfer learning entails pre-training a model on a sizable
unlabeled corpus for a generic language modeling goal and then fine-tuning the resulting
parameters on smaller labeled datasets to adapt them to one or more downstream tasks. This
method transfers pre-training information to solve data scarcity in domain-specific applications.

1.6.2 Pre-trained Language Models
A. BERT constitutes a language representation model that pre-trains deep bidirectional

representations from unlabeled text through Transformers (Devlin et al., 2019).Themodel
receives pre-training on a data corpus that includes the BookCorpus, which contains
11,038 unpublished books from 16 genres, and text passages from English Wikipedia.
BERT employs bidirectional contextual modeling, whereby word representations vary
according to sentence context. The pre-training phase replaces a portion of tokens with
the [MASK] symbol and reconstructs the original tokens through the auto-encoding
language modeling objective. The training incorporates two tasks: Masked Language
Modeling and Next Sentence Prediction (Rajapaksha et al., 2021).

Figure 1.8. Architecture of a BERT Model (Rivera-Zavala & Martínez, 2021)

B. RoBERTa maintains the same architecture as BERT. The model receives pre-training
on a larger data corpus than BERT. The modifications in RoBERTa encompass dynamic
masking patterns applied to each training instance, training on longer sequences, and
the removal of the next sentence prediction task (Liu et al., 2019). The training dataset
undergoes duplication 10 times, which enables each sequence to receive masking in 10
different ways across 40 epochs. RoBERTa achieves performance improvements that
range from 2% to 20% over BERT on benchmark tasks (Rajapaksha et al., 2021).

C. XLM-RoBERTa is a large-scale multilingual language model based on the Transformer
architecture. It is trained using the RoBERTa approach (Masked Language Modeling)
on a massive dataset covering 100 different languages, using more than 2 terabytes of
filtered Common Crawl data (Conneau et al., 2020).

D. DeBERTa uses the same underlying architecture Like BERT and RoBERTa. however,
it introduces two new features to increase performance. First, it uses Disentangled
Attention. In this mechanism, each token is represented by two separate vectors:
one for content and one for relative position. Second, it employs an Enhanced Mask
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Decoder. This decoder incorporates absolute position information during the pre-training
phase. These improvements allow Debert to better model both syntactic and semantic
relationships between words compared to RoBERTa, providing superior results with less
training data (He et al., 2020).

1.6.3 Domain-Specific Language Models
This work is based on two specific models: FinBERT and RoBERTa.

A. FinBERT is a domain-specific adaptation of the BERT architecture designed to overcome
the limitations of general-purpose language models in processing financial text. It
utilizes a two-step transfer learning approach, starting with unsupervised pre-training on
a massive financial corpus to master domain-specific vocabulary and semantics, followed
by target-task fine-tuning where a classification head is added to the [CLS] token.(Araci,
2019).

B. SamLoweroberta-base-go-emotions is a RoBERTa variation fine-tuned for multi-label
emotion classification, made publicly available on the Hugging Face model hub (Lowe,
2026). The model uses RoBERTa-base weights and is further trained on the GoEmotions
dataset, a large-scale corpus of 58,000 Reddit comments annotated with 28 emotion
categories, in order to acquire the affective and contextual relationships characteristic of
fine-grained emotion recognition. The model produces 28 probability scores as output,
one for each emotion label, and a threshold of 0.5 is typically applied to binarize the
predictions. This multi-label design allows the model to assign one or multiple emotion
labels simultaneously to a given input text, making it well suited for tasks requiring
nuanced emotional understanding beyond simple polarity classification .

Part 2: Financial Sentiment Analysis and Emotion Modeling
Foundations

1.7 Financial Sentiment Analysis (FSA)

1.7.1 Definition
Financial Sentiment Analysis (FSA) is defined as a field of study that analyzes people’s
sentiment from financial texts, measures and quantifies investor sentiment, and is ultimately
grounded in the applications of market prediction and financial decision-making. It is a
domain-dependent ”suitcase problem” that specifically studies investor sentiment and financial
textual sentiment (Du et al., 2024).

1.7.2 Specificities of the Financial Domain
The defining characteristics that differentiate Financial Sentiment Analysis (FSA) from generic
sentiment analysis are; the terminology used in FSA is highly specialized (using a different set
of terms with specific meanings for each term), making it necessary to have familiarity with
these terms prior to working with them. It is common to see the use of figurative language
and rhetorical devices within the financial industry to describe market conditions. Because of
the emphasis on the accuracy of conveying information with little detail, specialists in the FSA
field also tend to employ very concise terminology in order to effectively convey very detailed
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information in as few words as possible, therefore requiring models that can decode sentiment
from highly condensed sentence structures. Additionally, since the upward or downward
movement of a particular sentiment influences the sentiment meaning itself, directionality is
an feature of FSA; Lastly, another defining characteristic of FSA is that it often includes
quantitative data as well as qualitative text in one form of financial communication, therefore
requiring a model to assess both quantitative and qualitative variables to obtain an accurate
representation of the entire financial market in context (Du et al., 2024).

1.7.3 Objectives of FSA
The targets of Financial Sentiment Analysis (FSA) are cut up into number one studies streams,
with an overarching purpose of helping monetary markets.

A. Technique-Driven Objectives The primary objective of this research stream is to
enhance the performance of FSA systems through the design of novel techniques,
models, and domain-specific algorithms. High-quality human-annotated datasets are
developed to support the training and evaluation of these methods. A further objective
involves refining the granularity of sentiment analysis by improving the accuracy with
which models detect the degree of sentiment polarity within financial documents. To
this end, analysis can be conducted at multiple levels of textual granularity, including
paragraph-level, sentence-level, and targeted aspect-based sentiment analysis (Du et al.,
2024).

B. Application-Driven Objectives This stream leverages financial sentiment analysis for
downstream applications within financial markets. Key areas of focus include analyzing
sentiment signals to capture market dynamics, examining the correlational relationships
between investor sentiment and market behavioral shifts, and integrating sentiment
measures into financial decision-making and business strategy formulation. A further
concern is the identification of appropriate real-world deployment contexts for existing
sentiment analysis methodologies (Du et al., 2024).

1.7.4 Key Challenges
Financial Sentiment Analysis presents several inherent challenges that distinguish it from
general-purpose sentiment classification. Domain-dependent neutrality bias renders terms such
as ”liability” or ”debt” semantically neutral in financial contexts, undermining the applicability
of general-purpose lexicons. The frequent use of sarcasm, irony, and rhetorical devices
further complicates automatic sentiment detection, as does the reliance on implicit contextual
knowledge not explicitly stated within the text. Finally, the construction of high-quality
annotated corpora remains a persistent bottleneck, requiring substantial domain expertise and
yielding variable levels of inter-annotator agreement (Du et al., 2024).

1.8 Landscape of Financial Sentiment Datasets
The degree to which NLP can be utilised effectively in finance depends largely upon the
quality of the training data used. This section outlines previously used benchmark resource
categories, and presents domain-specific new proprietary datasets specifically targeted for use
in commodity markets.

1.8.1 Benchmark Research Datasets
A. Financial PhraseBank constitutes as a gold-standard benchmark in financial NLP,

contains over 4,840 phrases collected from financial news publications and from press
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releases issued by various companies. This dataset was created specifically for training
and evaluating sentimentmodels and is used to classify the sentiment of a piece of text into
three classes (positive, negative, neutral) based upon how it will potentially impact stock
prices. The one main strength of the Financial PhraseBank is that it has been developed
using a high degree of reliability through the use of a meticulous annotation process
involving 16 finance and economics experts. In addition to this, the Financial PhraseBank
varies in terms of the level of consensus that was achieved by the 16 annotators for each
sample, providing four different types of consensus levels (50%, 66%, 75%, 100%) (Malo
et al., 2014).

B. FiQA Sentiment Dataset Data from microblogging and financial news is included in
the FiQA dataset. Each input is given a continuous sentiment score from -1 to +1. This
allows models to do regression tasks to understand the exact amount of sentiment rather
than being limited to simple categorical classifications (Maia et al., 2018).

C. SEntFiN (Entity-Aware)Approximately 10,700 financial news headlines make up the
SEntFiN (Entity-Aware) dataset. It differs from other datasets in that each company is
given a sentiment (Positive, Negative, or Neutral) within a single headline, providing the
ability to accurately model complex news headlines where different companies could be
affected by differences in the economy at the same time.

1.8.2 Social Media Datasets
A. Twitter Financial News is a carefully compiled set of Twitter microblogging financial

data, openly accessible on Kaggle (Costa, 2026). These short, quick, impactful tweets
are typically placed into three types of sentiment (Positive, Negative, Neutral) in order to
understand how breaking news and global discussions around finance can influence the
movement of the markets.

B. StockTwits includes a ton of data from a social network for investors. It can be looked
at in different ways featuring; cashtags which are a type of stock ticker (like $GOLD),
user-created labels and a way for people to express their emotion about stocks by labeling
them as (bullish or bearish). This dataset is mainly used to show what real-time retailers
feel about stock prices and the discourse affecting marketplace volatility (Li et al., 2025).

C. FinSen dataset is a large-scale resource comprising 160,000 economic and financial
news records from 197 countries, spanning the years 2007 to 2023. Each entry features
automated sentiment scores generated by FinBERT and is paired with S&P 500 stock
market data (Liang et al., 2024).

D. Reddit WallStreetBets (WSB) is a database of all posts and comments taken from this
subreddit. The aim of the data set is to categorize market sentiment for speculative trading
into Bullish or Bearish classes. The WSB data set will provide insight into how the viral
nature of the social media conversation impacts the trading of meme stocks (Gianstefani
et al., 2022).

1.8.3 Sentiment Analysis in the Gold Commodity Market
Gold Dataset has multiple columns, including a column for labeled news headlines with the
label ”Price Sentiment” and other features such as the date of publication, source URL of the
news story, and the raw content of the news. There are a total of 10,600 gold related news
headlines in the dataset, for the dates from 2000 to 2019, indicating whether the news headline
expressed a price increase (positive), price decrease (negative), price stability (neutral), or no
direction of price at all (none) (Sinha & Khandait, 2021).
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1.8.4 Synthesis of Data Resources
To conclude this section, the table 1.1 summarizes the datasets discussed:

Table 1.1. Summary of Financial Sentiment Analysis Datasets

Dataset Type Number of Lines Number of Columns

Financial PhraseBank News 4,840 sentences 2 columns (Sentiment, Sentence)

FiQA News/Blogs 1,174 sentences 4 columns (Sentence/Snippet,
Target, Aspect, Sentiment Score)

SEntFiN News
Headlines

10,753 headlines Multiple columns (Headline,
Entity, Sentiment Label)

Twitter Financial News Social Media 11,932 tweets 2 columns (Text, Label)

StockTwits Social Media ∼1.5 million
records

Multiple columns (Text, Symbol,
Sentiment, Timestamp)

FinSen News/Economic
Data

160,000 records Multiple columns (Text, Sentiment,
S&P 500 data)

Reddit (WSB) Forum ∼1.5 million
records

Multiple columns (Post/Comment,
Score, Timestamp, Sentiment)

Gold Dataset Commodity 10,570 headlines Multiple columns (Price Sentiment,
Dates, URL, News content, etc.)

1.9 Fine-Grained Emotion Modeling

1.9.1 Comparison between Sentiment Analysis and Emotion Polarity
Affect is reduced by conventional sentiment analysis to a polarity classification with three
categories: neutral, negative, and positive. The method uses lexicons to detect contextual
polarity inside a sentence or document after assigning prior polarity to words or phrases. This
method produces a one-dimensional, scalar representation of affect.
A finer granularity is used in discrete emotion modelling. It divides affect into discrete
categories, including fear, wrath, sadness, joy, and disgust. The approach takes into account the
particular emotion type, it is intensity, contextual triggers, related behaviours, and situational
antecedents. It is based on psychology theories of basic emotions.
The key distinction is in granularity: discrete emotions create a categorical representation
that is richer and more accurate to subjective experience, while polarity reduces affect to a
single dimension. A major obstacle for sophisticated sentiment analysis systems and emotion
ontologies is this move toward fine-grained modelling (Park & Storey, 2023).

1.9.2 GoEmotions Taxonomy
The GoEmotions dataset represents a large-scale corpus designed for fine-grained emotion
classification, comprising 58,000 English Reddit comments. This framework extends beyond
basic sentiment polarity by incorporating 28 emotion categories, including 27 distinct emotions
without a neutral label. These categories encompass a wide spectrum of affective states,
including positive emotions such as admiration and gratitude, negative states like remorse and
disappointment, and ambiguous categories such as realization or surprise. The hierarchical
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organization of the taxonomy allows for the differentiation of emotions based on intensity and
sentiment similarity (Demszky et al., 2020).

1.10 Related Work
This section reviews the literature underpinning this work, organized into two areas: financial
sentiment analysis and fine-grained emotion recognition. The first traces the evolution from
lexicon-based methods to modern transformer and LLM-based models. The second examines
advances in detecting nuanced and underrepresented emotions through knowledge-enriched and
personalized architectures.

1.10.1 Financial Sentiment Analysis
The development of financial sentiment analysis (FSA) has gone through four principal
techniques.
Lexicon-based were among the first methods, depending on predetermined financial
dictionaries like the one put forth by (Loughran & McDonald, 2011). Despite being widely
used, these approaches frequently misclassify financial terms because they rely solely on word
counting and do not capture contextual meaning.
Machine learning models such as Support Vector Machines (SVM) and Naive Bayes (NB),
combined with TF-IDF feature extraction, offered notable improvements; (Roldan, 2023)
reported accuracies of 74% for SVM and 71% for NB on the Financial PhraseBank dataset,
though these approaches still require manual feature engineering and struggle with semantic
dependencies.
Deep learning models including CNN, LSTM, and BiLSTM further advanced the field
by automatically learning text representations: (Cheng & Chen, 2021) combined FinBERT
with BiLSTM and a multi-head attention mechanism, realizing 79% accuracy on Chinese
financial texts, while (Cicekyurt & Bakal, 2025)showed that augmenting training data using
FinBERT-based pseudo-labeling improved F1-scores by up to 20%.
Transformer and LLM-based models nowadays, the The state of the art at the moment
is represented by transformer and LLM-based models. The FinBERT model, created by
(Araci, 2019), adapted BERT to the financial domain through further pre-training on the
TRC2-financial corpus, achieving 97% accuracy on Financial PhraseBank sentences with full
annotator agreement and 86% on the complete dataset, and greatly outperformed all earlier
techniques on every measured metric. (Zhang et al., 2024) highlighted the value of fine-grained
(aspect-level) sentiment analysis for enhanced financial distress prediction , being the first
to integrate such features into financial distress prediction (FDP) models and demonstrating
improved early warning capabilities. (Mir et al., 2025) introduced a joint topic-emotion
modeling framework leveraging the Neural Variational Document Model (NVDM) for topic
discovery (coherence: 0.68, perplexity: − 8.5) combined with a fine-tuned FinBERT for
emotion classification, achieving 96.3% accuracy, 97.8% F1-score. This integrated approach
links latent financial topics with nuanced investor emotions, enhancing interpretability for
market analysis and trading strategies. (Sun et al., 2025) proposed EnhancedFinSentiBERT,
incorporating dictionary knowledge and a neutral feature extractor, reaching up to 97.6%
F1-score; and most recently, (Shi et al., 2025) introduced FSAExpert, which fuses internal
keyword knowledge with LLM-generated external knowledge through a chain-like reasoning
mechanism, achieving up to 99.6% accuracy.

1.10.2 Fine Grained Emotion Recognition
Fine-grained emotion recognition has progressed due to extensive datasets and contextual
modelling.(Zhong et al., 2019)combined emotion lexicons with ConceptNet(is a large-scale
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semantic network) knowledge graphs in Knowledge-Enriched Transformers (KET) to detect
emotions in conversations. (Suresh & Ong, 2021) proposed Knowledge-Embedded Attention
(KEA) with ELECTRA(is a pre-trained language model that uses replaced token detection
instead of masked language modeling), and NRC-VAD(is an emotion lexicon that associates
words with three emotional dimensions: Valence, Arousal, and Dominance) lexicons. It
achieved 54.1% top-1 accuracy on EmpatheticDialogues (32 emotions) (Rashkin et al., 2019)
and reduced confusion between closely related emotions such as “afraid” and “terrified”.
(Kocoń et al., 2021) demonstrated that personalized architectures outperform majority voting,
which may lead to culturally biased models. (K. Wang et al., 2024) showed that using
ProtAugment to augment minority categories (grief, pride, nervousness, and relief) improved
the macro-F1 score on GoEmotions (28 categories, 58k Reddit comments) from 0.46 to 0.52,
while also highlighting limitations of LLMs such as hallucination and over-labeling.
In 2025,(Ngo & Kocoń, 2025) demonstrated that Sequence Sentence Classification (SSC)
using DistilRoBERTa surpasses sentence-level baselines. Their personalized UserID approach
improved the micro F1-score by 15.4 percentage points, particularly for underrepresented
emotions such as fear, surprise, and anticipation. (Alqarni et al., 2025) proposed
Emotion-Aware RoBERTa by incorporating an Emotion-Specific Attention (ESA) layer and
TF-IDF gating, improving the accuracy by 10.87 percentage points over the baseline RoBERTa
and achieving 96.77% accuracy. (Ren et al., 2025) introduced Emotion In-Context Learning
(EICL), which uses emotionally analogous examples and a two-stage exclusion strategy,
outperforming conventional ICL across five LLMs and four datasets. (Tong et al., 2025)
proposed EmoSync, Amulti-stage framework combining unimodal reasoning, chain-of-thought
self-correction, and ensemble-of-perspectives to enhance emotion recognition accuracy.

Table 1.2. Summary of Related Works

N Work Datasets Approche Result

1 (Zhang et al., 2024) CNRDS (Chinese
Research Data
Services)
&
CSMAR (China
Stock Market &
Accounting
Research)

Unsupervised
fine-grained
sentiment extraction
using
Attention-Based
Aspect Extraction
combined with
emotion dictionaries,
and Validation of the
extracted features on
ML and DL models
including SVM, DT,
LR, CNN, and DNN.

Best result with
Decision Tree:
Accuracy = 92.77%,
F1-Macro = 92.68%

Continued on next page...
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Table 1.2 — (continued)

N Work Datasets Approche Result

2 (Mir et al., 2025) FinSen
&
StockEmotions

Neural Variational
Document Model
NVDM (topic
modeling) +
Fine-tuned FINBERT
(emotion
classification) —
joint multi-task
learning with feature
fusion.

Accuracy = 96.3%,
F1-score = 97.8%

3 (K. Wang et al., 2024) GoEmotions
&
CARER

fine-tuned
BERT/RoBERTa on
GoEmotions,
enhanced with
ProtAugment on
minority classes and
CARER transfer
learning, outperforms
zero-shot GPT-4.

It improved accuracy
by up to 34% and
F1-score by up to
12%.

1.10.3 Literature Gap
Key benchmarks for sentiment analysis (e.g., Twitter Financial News, Financial PhraseBank,
Gold) have focused primarily on assigning one of three labels (e.g., positive, negative,
neutral), and thus do not capture the diversity of emotional states that are implied by these
labels. On the other hand, fine-grained emotion taxonomies such as GoEmotions provide
27 discrete emotional states but do not explicitly associate these states with a polarity (e.g.,
positive/negative), thereby rendering it impossible to use a single label system. To bridge
this gap, we propose a hybrid framework that integrates polarity detection with emotional
classification. By sequentially determining the sentiment orientation and then isolating the
specific emotions consistent with that polarity, this dual-output architecture provides both a
macroscopic affective view and microscopic emotional insights for downstream applications.

1.11 Conclusion
In this chapter, we presented the foundational principles of AI and NLP, establishing their direct
connection to Financial Sentiment Analysis . In the first part, we traced the evolution of AI
from traditional statistical Machine Learning algorithms to advanced Deep Learning models,
leading up to attention mechanisms and modern Transformer architectures. Furthermore, we
examined the impact of transfer learning and pre-trained language models, with a specific
focus on domain-specific adaptation for financial applications. In the second part, we explored
the foundational landscape of financial sentiment, detailing its unique domain challenges and
benchmark datasets—including social media and commodity markets. Finally, we addressed
the paradigm of fine-grained emotion modeling through the GoEmotions taxonomy, concluding
with a comprehensive review of related work to identify current gaps in the literature.
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Chapter 2

Research Methodology and Proposed
Approaches

2.1 Introduction
This chapter outlines the research methodology that is utilized in order to enhance financial
sentiment analysis through the acquisition of emotional signals with a fine grained. Most current
or traditional models fail to identify emotional signals that influence the market at a subtle level,
this study proposes a framework that combines domain-specific semantics with high-resolution
emotional features. The proposed methodology consists of preprocessing multiple datasets
and employing three distinct modeling strategies: Domain-Specific Modeling, Emotion-Driven
Modeling, and Hybrid Feature Fusion. The framework aims to increase classifier performance
and provide more accurate and provide more accurate and actionable sentiment analysis through
the vector concatenation of financial and emotion vectors on a common scale.

2.2 Problem statement
Themajority of current models in the field of financial sentiment analysis rely on coarse-grained
classification, which generally divides data into three major classes: neutral, negative, and
positive. However, financial discourse is characterized by extreme nuance, where the intensity
of a statement often carries more weight than its mere polarity. For instance, a ”slight decline”
and a ”market crash” are both negative, but they trigger fundamentally different financial
decisions. The central problem of this research is that simplistic classification may oversimplify
the semantic richness of financial texts, leading to a loss of critical information. This study aims
to bridge this gap by investigating the impact of fine-grained analysis.

Research Question Do Fine-Grained Emotions Improve Financial Sentiment Classification?
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Figure 2.1. Illustration of problem statement

2.3 Proposed Framework Overview
The proposed framework analyzes financial sentiment through three main approaches. The first
approach exploits the domain context through two strategies: feature extraction using FinBERT
to generate fixed financial embeddings, and fine-tuning of pre-trained language models
including FinBERT, RoBERTa, DeBERTa and XLM-RoBERTa, to adapt them specifically
to financial sentiment classification. The second approach captures the emotional context
by using RoBERTa pre-trained on the GoEmotions dataset to extract fine-grained emotional
signals from financial texts. The third approach performs a fusion of both financial and
emotional representations via Hybrid Feature Fusion. All three approaches share the same
classification pipeline comprising ML, DL, and Attention-based models, and are evaluated
to validate whether combining financial and emotional representations improves sentiment
classification performance.
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Figure 2.2. Proposed Framework Overview

2.4 GoEmotions dataset
In the GoEmotions dataset, the neutral class is excluded because it is highly dominant
in the overall data distribution. Therefore, this study focuses only on the 27 emotion
categories to ensure a more balanced and fine-grained emotional analysis. The dataset contains
approximately 58,000 Reddit comments annotated with 27 emotions: admiration, amusement,
anger, annoyance, approval, caring, confusion, curiosity, desire, disappointment, disapproval,
disgust, embarrassment, excitement, fear, gratitude, grief, joy, love, nervousness, optimism,
pride, realization, relief, remorse, sadness, and surprise.
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Figure 2.3. Presentation of emotion distribution in the GoEmotions dataset (Demszky et al.,
2020)

The dataset is important because it enables modelling of subtle and complex emotional
representations, not just simple sentiment polarity. Its fine-grained taxonomy gives language
models a greater ability to distinguish subtle emotional signals within text. This is especially
relevant in financial sentiment analysis, where market behaviour can be better explained by
emotions such as fear, optimism, uncertainty or disappointment than by coarse-grained polarity
labels. By integrating GoEmotions features in financial datasets, we can assess if more detailed
emotional representations improve trend identification, sentiment classification, and predictive
performance in financial markets (Demszky et al., 2020).

2.5 Financial Sentiment Datasets
One crucial stage in assessing how fine-grained emotions affect the classification of financial
sentiment is the data selection process. The technical features and class distributions of the four
different data sources that are used in the project design are described below.

2.5.1 Financial PhraseBank (50%, 100% agreement)
The Financial PhraseBank dataset available at Kaggle platform available at Kaggle platform. It
was created by PekkaMalo, Ankur Sinha, Pyry Takala and colleagues from the Aalto University
School of Business. It is a widely used benchmark dataset for financial sentiment analysis,
which contains financial sentences extracted from press releases, company reports and financial
news, and these sentences are manually annotated into positive, negative and neutral classes by
finance experts (Malo et al., 2014).
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The dataset is distributed in four agreement levels 50%,66%,75% and 100% agreement .
In this study, the 50% and 100% agreement settings are utilized. The 50% agreement version
has 4840 samples (2128 neutral, 1852 positive, and 860 negative) and has more ambiguous and
challenging annotations. The 100% agreement version comprises 2264 samples (827 neutral,
987 positive and 450 negative) and represents a reliable gold-standard subset with full annotator
consensus (Malo et al., 2014).

The Financial PhraseBank is a popular choice for evaluation of transformer-based financial
language models such as FinBERT and RoBERTa due to its domain-specific vocabulary and
high-quality annotation process.This dataset has been used in several studies for financial
sentiment analysis (Araci, 2019), stock prediction (Kalyani et al., 2016) and transformer
robustness evaluation (R. Wang et al., 2025).

2.5.2 Financial Sentiment Analysis GOLD Headlines
The GOLD Market Headlines dataset, available on Hugging Face platform, was curated and
published by Saguaro Capital Management, LLC. It is a financial sentiment corpus composed
of stock market headlines and technical commentary used for gold market analysis tasks. The
dataset contains 10570 rows before preprocessing, with an initial distribution of approximately
4412 positive samples, 3814 negative samples, 376 neutral samples, and 1968 “None” samples.
The “None” class includes headlines that are not directly related to financial sentiment or price
movement signals (Sinha & Khandait, 2021).

To address class imbalance and improve data consistency, the GOLD Market dataset is
reformulated into a binary classification task by removing the neutral (376) and “None” (1968)
classes, resulting in a final dataset of 8226 samples . This preprocessing step helps stabilize the
data distribution and focuses learning on clear positive and negative market signals.

This dataset is significant because it captures the technical and colloquial language used
by stock market analysts . Filtering the neutral and unrelated classes reduces noise during the
learning of emotional vectors by concentrating on explicit directional market signals, which
improves algorithm convergence. This method helps evaluate whether the emotions recognized
by GoEmotions improve gold market identification (Sinha & Khandait, 2021).

2.5.3 Twitter Financial News
The Twitter Financial News dataset, which is available on the Kaggle platform, was created
by the dataset contributors and constructed using data collected through the Twitter (X) API,
where financial messages were extracted and annotated for sentiment analysis tasks. The
dataset contains11927rows spread over two columns: Text and Label. The distribution of the
class includes approximately 7740 positive samples, 1789 negative samples, and 2398 neutral
samples (Adams et al., 2023). This structure is consistent with the terse, information-rich style
of financial messages that originate on social media platforms.

This dataset is essential to assess the performance of the proposed hybrid approach on
data with high emotional and contextual load . This shows that financial sentiment is not
just about polarity classification but about richer emotional dimensions such as optimism,
fear and uncertainty, which can be captured by the GoEmotions model. The analysis of this
dataset demonstrates the flexibility of the proposed methodology in both informal financial
communication and news-like textual environments.
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2.5.4 Distribution of classes in the different datasets

Table 2.1. Distribution of classes in the different datasets
Dataset Positive Negative Neutral Total

Financial PhraseBank (50%) 1852 860 2128 4840
Financial PhraseBank (100%) 987 450 827 2264
Twitter Financial News 7740 1789 2398 11927
GOLD Headlines 4412 3814 376 8602

2.6 Proposed Approaches

2.6.1 Approach 1: Traditional sentiment analysis
This approach is based on domain specific modelling for classification of financial sentiment.
It unifies feature extraction, fine-tuning, and classification into a single approach, based on 2
techniques as presented in Figure 2.4

Figure 2.4. Traditional sentiment analysis

A. Feature Extraction
To enhancing financial sentiment classification via fine grained emotion modeling, the
feature extraction stage transforms raw financial texts into numerical representations
using a FinBERT model pre-trained on financial articles and datasets at the statement
level. The contextual implications associated with the [CLS] code are extracted for each
case, resulting in a 768-dimensional vector that embodies the semantic and sentiment
features of the financial language, This representation is stored separately in a CSV file.
providing a consistent and uniform input space for subsequent modeling stages.

Figure 2.5. Method of Feature Extraction
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B. Fine-Tuning
To improve financial sentiment classification, a fine-tuning process is applied in which
XLM-RoBERTa, DeBERTa, RoBERTa, and FinBERT models are used on specific
financial datasets at the phrase level. This helps create unique contextual representations
for each model. Each structure goes through a process of being watched and adjusted,
which helps it learn and remember the special meanings and feelings found in financial
writings. For each case, the contextual embedding linked to the [CLS] code is taken
from each model, creating four separate vectors that each have 768 dimensions. These
embeddings are kept in four separate CSV files, which helps organize the features related
to each model in a clear way, while also keeping the same format for use in later
classification steps.

Figure 2.6. Method of Fine-Tuning

2.6.2 Approach 2: Fine Grained based sentiment analysis
In this approach, a pre-trained RoBERTa-based emotion model trained on the GoEmotions
dataset is applied to capture fine-grained emotional polarity from text. The emotion vector
extraction step uses a RoBERTa model, trained on the GoEmotions dataset, to analyze financial
text and generate structured emotional representations. For each instance of input, the model
takes the contextual embedding of the [CLS] token as input and predicts emotion scores across
multiple categories. The outputs are stored separately in CSV files in two dimensions: a
768-dimensional vector and a 27-dimensional vector, for use in classification, as presented in
Figure 2.7

A. 27-dimensional vector
Fine-grained emotion probabilities across the 27 emotion categories in the GoEmotions
taxonomy, enabling classification into one of the 27 emotion classes instead of an overall
sentiment polarity.

B. 768-Dimensional vector
It is the contextual semantic embedding obtained from the [CLS] token, which captures
the global meaning and contextual information of financial text.
The choice of the 768-dimensional representation preserves compatibility with other
transformer-based embeddings, such as RoBERTa and FinBERT outputs, thereby
enabling consistent and efficient feature-level concatenation without introducing
dimensional inconsistency.
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Figure 2.7. Fine Grained based sentiment analysis

2.6.3 Approach 3: Hybrid Feature Fusion
This approach combines features by concatenated the results from Approach 01,which uses
financial embeddings, and Approach 02, which uses RoBERTa–GoEmotions. Four different
ways of combining things are set up based on the schema, where each input instance is
represented by aligned vectors originating from the same textual sample,as presented in Figure
2.8

A. Concatenation 01: combines the FinBERT feature extraction vector, 768 dimensions,
with the RoBERTa [CLS] embedding, also 768 dimensions, to create a combined
representation of 1536 dimensions in total.

B. Concatenation 02: combines embeddings from fine-tuned transformer models
(FinBERT, XLM-RoBERTa, DeBERTa, RoBERTa) with the RoBERTa [CLS]
embedding, resulting in a 1536-dimensional vector for each specific model pairing.

C. Concatenation 03: combines the FinBERT feature extraction embedding (768
dimensions) with the 27-dimensional predicted emotion vector, producing a final vector
of 795 dimensions.

D. Concatenation 04: combines embeddings from fine-tuned transformer models with
the 27-dimensional emotion vector, generating 795-dimensional vectors across different
model configurations.
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Figure 2.8. Hybrid Feature Fusion.

2.7 Classification setup
To evaluate the proposed framework for enhancing financial sentiment classification through
fine-grained emotion modeling, three categories of models are employed: machine learning,
deep learning, and attention-based architectures. This setup enables a consistent comparison of
their ability to capture semantic and emotional information from financial text.

A. Machine learning classifiers like XGBoost, Support Vector Machines, Random Forest,
Logistic Regression, CatBoost, and LightGBM are used on these fixed-length vectors
that come from both pre-trained and fine-tuned embeddings.

B. Deep learning classifiers like CNN1D, LSTM, BiLSTM, GRU, BiGRU, transformers
are used for classification in the space where words are represented using two different
methods.

C. Attention classifiers like Self-Attention, Hierarchical Attention, Multi-Head Attention,
and hybrid models such as BiGRU with Attention, are used for classification and to
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emphasize important contextual information. This setup enables a consistent comparison
and evaluation of attention-based methods within a unified framework.

The integration of these models allows a comprehensive evaluation of emotion-aware
embeddings and highlights their effectiveness in improving financial sentiment classification.

Figure 2.9. Classification Setup

2.8 Evaluation Metrics

2.8.1 Confusion matrix
The performance of the proposed models is evaluated using four metrics: Accuracy, F1-score
Macro, F1-score Weighted, and Matthews Correlation Coefficient (MCC).These metrics are
calculated from the confusion matrix and are widely used in financial sentiment analysis
because they provide reliable evaluation under class imbalance conditions (Chicco & Jurman,
2020). Their use is particularly important in this project since the financial datasets contain
imbalanced classes and fine-grained emotional variations extracted from the GoEmotions
framework (Adams et al., 2023). Combining these evaluation metrics ensures a comprehensive
and reliable analysis of machine learning, deep learning, and attention-based models . The
confusion matrix is composed of four elements:

• True Positive (TP): correctly predicted positive samples.

• True Negative (TN): correctly predicted negative sample.
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• False Positive (FP): negative samples incorrectly predicted as positive.

• False Negative (FN): positive samples incorrectly predicted as negative.

Figure 2.10. confusion matrix

2.8.2 Accuracy
The Accuracy represents the proportion of correct predictions across the entire test set. It is
defined in formula 1:

Accuracy =
TP + TN

TP + TN + FP + FN
(2.1)

The importance of accuracy in this project is to provide an overall comparison
between machine learning and deep learning models in integrating GoEmotions emotional
representations into financial sentiment analysis. However, Accuracy can be misleading for
imbalanced datasets, as high values can be achieved by favouring majority classes .

2.8.3 F1-score Macro
F1-scoreMacro computes the average F1-score independently for each class and then calculates
their unweighted mean. Each class contributes equally regardless of its frequency.It is defined
in formula 2:

Macro F1 Score =
∑n

i=1 F1 Scorei
n

(2.2)

F1-score Macro is important for fine-grained financial sentiment analysis because it
evaluates whether the model performs well across all sentiment classes equally, including
minority emotional categories such as fear, uncertainty, or pessimism (Grandini et al., 2020).

2.8.4 F1-score Weighted
F1-score Weighted calculates the average F1-score while considering the number of samples in
each class .It is defined in formula 3:

Weighted F1 Score =
N∑
i=1

wi × F1 Scorei (2.3)

The F1-score Weighted is important because financial datasets are naturally imbalanced.
Weighted F1-score reflects the real contribution of dominant and minority classes
simultaneously, making it more representative of practical model performance in financial
sentiment classification tasks (Grandini et al., 2020).
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2.8.5 Matthews Correlation Coefficient (MCC)
MCC is a correlation-based metric that evaluates the quality of binary classifications by
considering all values of the confusion matrix simultaneously.It is defined in formula 4:

MCC =
TP × TN − FP × FN√

(TP + FP )(TP + FN)(TN + FP )(TN + FN)
(2.4)

MCC is particularly valuable in this project because it provides a balanced evaluation
even when the class distribution is highly unequal. Unlike Accuracy, MCC ensures that good
performance is achieved on both majority and minority sentiment classes. Therefore, it is
highly suitable for evaluating the effectiveness of GoEmotions-based fine-grained emotional
representations in financial datasets.

2.9 conclusion
This chapter proposed the framework for 03 approaches for fine-grained financial sentiment
analysis. Several financial datasets and the GoEmotions dataset were selected to capture both
financial and emotional information. Three approaches were introduced: domain-specific
modeling, emotion-driven modeling, and hybrid feature fusion combining financial and
emotional vectors through different concatenation strategies.
The chapter also described the classification setup for machine learning, deep learning, and
attention-based models, as well as the evaluation metrics used to assess performance under
class imbalance conditions. Overall, this methodology provides a structured framework for
studying the impact of fine-grained emotions on financial sentiment analysis and market trend
prediction.
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Chapter 3

Experiments and Results

3.1 Introduction
In this chapter, we evaluate the integration of fine-grained emotional information to
improve financial sentiment analysis. Traditional models, relying only on domain-specific
representations, often overlook subtle emotional cues affecting market behaviour. We therefore
investigate three approaches: Approach 1 (Domain-Specific Modelling) using RoBERTa,
FinBERT, DeBERTa, and XLM-RoBERTa for fine-tuning, along with FinBERT for feature
extraction, Approach 2 (Emotion-Driven Modelling) based on CLS embeddings from a
RoBERTa model pre-trained on GoEmotions, and Approach 3 (Hybrid Feature Fusion)
combining financial and emotional representations fed into machine learning, deep learning,
and attention-based models. The three approaches are benchmarked on PhraseBank (50% and
100%), Twitter Financial News, and Gold datasets using Accuracy, Macro F1, Weighted F1,
and MCC metrics.

3.2 Development Environment

3.2.1 Hardware Specifications
A. Kaggle is an online platform that hosts data science competitions, datasets, and notebooks

for data science projects. It allows data scientists and ma chine learning practitioners to
collaborate, share knowledge, and participate in challenges that test their skills in various
fields, including artificial intelligence, machine learning, and data analytics.
For this study, its access to robust GPUs like the NVIDIA P100 or dual T4 GPUs was
critical for handling extensive training sessions.

B. Google Colaboratory (Colab) Colab provides a cloud-based development environment
with access to free GPU acceleration (specifically the NVIDIA Tesla T4), which is highly
suited for training deep learning models. It also supports real-time collaboration and
allows the use of popular Python libraries for machine learning and data analysis

3.2.2 Software Environment & Libraries
A. Python 3.12.13 is considered to be an interpreted programming language that is

high-level and simple to read. It also supports many types of programming styles (e.g.
procedural, object-oriented, functional, etc.). Python is heavily used in diverse fields
such as web development, data science, artificial intelligence, and scientific computing,
owing to its extensive standard library and active developer community. Furthermore,
the versatility of the language and the comprehensive ecosystem of NLP libraries make
Python a suitable choice for the implementation of this project (Pedregosa et al., 2011).
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B. PyTorch 2.11.0 is an open-source deep learning framework that is primarily known for
its dynamic computational graph capabilities. PyTorch is the deep learning framework
that will be utilized in this research for performing the tensor operations on the GPUs,
fine-tuning the models, and implementing the fusion layer for the embeddings (Paszke
et al., 2019).

C. Scikit-Learn 1.6.1 an open-source Python machine learning library, is popular because
of the vast number of tools and functions within it that allow for all aspects of data
preprocessing, model selection, and all the most efficient implementations of machine
learning algorithms including regression, classification, clustering, and dimensionality
reduction. Scikit-learn works with NumPy and pandas so that you can experiment quickly
and build reproducible and scalable machine learning pipelines for research or industry
(Pedregosa et al., 2011).

D. Pandas 2.2.2 is a fundamental Python library for working with structured (tabular) data.
It offers highly optimized data structures, such as ‘DataFrame‘ and ‘Series‘, and supports
operations like filtering, merging, aggregation, and time-seriesmanipulation , all of which
are essential for exploratory data analysis (EDA) and feature engineering (McKinney,
2010).

E. NumPy 2.0.2 (Numerical Python) is the backbone for performing high-performance
numerical operations in Python. It provides support for multi-dimensional arrays and
a suite of mathematical functions, enabling efficient linear algebra computations, which
are crucial in machine learning pipelines (Harris et al., 2020).

3.3 Experimental Setup

3.3.1 Data splitting
The datasets for this project are divided according to the classification approach used. For deep
learning experiments (DL), the data is divided into 70% for training, 10% for validation, and
20% for testing to support model training, hyperparameter tuning, and performance evaluation.
In machine learning experiments (ML), an 80% training and 20% testing split is used to
maximize learning data and ensure reliable evaluation, as presented in Table 3.1.

These splitting strategies are important as they help in reducing overfitting, increasing
model generalization and fair performance comparison between ML and DL approaches in
fine-grained financial sentiment analysis using GoEmotions features.

Table 3.1. Dataset Splitting Strategy for ML and DL Experiments
Dataset Split Train Validation Test

ML Split (80% Train - 20% Test)
Financial PhraseBank (50%) 80/20 3872 - 968
Financial PhraseBank (100%) 80/20 1811 - 453
Twitter Financial News 80/20 9542 - 2385
GOLD Headlines 80/20 6581 - 1645

DL Split (70% Train - 10% Validation - 20% Test)
Financial PhraseBank (50%) 70/10/20 3388 484 968
Financial PhraseBank (100%) 70/10/20 1585 226 453
Twitter Financial News 70/10/20 8349 1193 2385
GOLD Headlines 70/10/20 5758 823 1645
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3.3.2 Hyperparameters
This section presents the hyperparameter configurations used across the different categories
of models evaluated in this study, namely classical machine learning, deep learning, and
attention-based models.

A. Machine learning
The hyperparameters used to configure and tune the classical machine learning models
are summarized in Table 3.2

Table 3.2. Hyperparameters Used for Classical ML Models
Model Hyperparameters

XGBoost
n_estimators = 200, 500

max_depth = 4, 6

learning_rate = 0.05, 0.1

SVM
C = 1, 5, 10

kernel = rbf

gamma = scale

Random Forest
n_estimators = 200, 300, 500

max_depth = 8, 10

max_features = default

Logistic Regression

C = 1, 10

solver = lbfgs

penalty = l2

max_iter = 1000, 2000

CatBoost
iterations = 200, 400, 500

depth = 6

learning_rate = 0.05, 0.06, 0.1

LightGBM
num_leaves = 31, 63

learning_rate = 0.05, 0.1

n_estimators = 200, 300, 500

B. Deep learning
The hyperparameters used to configure and tune the deep learningmodels are summarized
in Table 3.3
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Table 3.3. Hyperparameters Used for Deep Learning Models
Model Hyperparameters

GRU
hidden_units = 128

dropout = 0.3

learning_rate = 0.001

BiGRU
hidden_units = 128

dropout = 0.3

batch_size = 32

LSTM
hidden_units = 128

dropout = 0.3

learning_rate = 0.001

BiLSTM
hidden_units = 128

dropout = 0.3

sequence_length = 1

CNN-1D
filters = 64, 128, 256

kernel_size = 3, 5, 7

dropout = 0.3

Transformer
num_heads = 8

num_layers = 2

hidden_dim = 128

C. Attention
The hyperparameters used to configure and tune the attention-based models are
summarized in Table 3.4
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Table 3.4. Hyperparameters Configuration for Attention-Based Models

Model Hyperparameters

Self-Attention
attention_dim = 768, 795, 1536

dropout = 0.3

num_heads = varied

Hierarchical Attention
attention_dim = 768, 795, 1536

hidden_units = 512, 256

dropout = 0.3

Multi-Head Attention
num_heads = 8

embed_dim = 768, 795, 1536

dropout = 0.3

BiGRU + Attention
hidden_units = 128

attention_dim = 256

dropout = 0.3

D. Fine-tuning The hyperparameters selected for the fine-tuning process were
systematically applied across all evaluated architectures, including FinBERT, RoBERTa,
DeBERTa-v3, and XLM-RoBERTa. For each of these models, the learning rate was
tested at configurations of 2× 10−5 and 1× 10−5, while the training was executed with a
batch size of 32 over 5 epochs. The maximum sequence length was restricted to 128 and
256 tokens depending on the specific dataset requirements. Additionally, the AdamW
optimizer was utilized to guide the gradient descent, combined with a dropout rate of 0.3
to prevent overfitting during the adaptation phase.

Table 3.5. Hyperparameters Used for Fine-Tuning Models
Model Learning

Rate
Batch
Size

Epochs Max
Length

Optimizer Dropout

Fine-tuning 2e-5/1e-5 32 5 128 / 256 AdamW 0.3

3.4 Experiment Results of Approach 1
This part presents the empirical results of Approach 1 for financial sentiment classification
across four datasets (Phrasebank 50%, Phrasebank 100%, Twitter, and Gold). It evaluates two
main strategies :feature extraction and fine-tuning, across three model families: ML, DL, and
ATT mechanisms .

3.4.1 Feature Extraction
The performance of 16 different classifiers is examined using FinBERT via a feature extraction
approach. The goal is to evaluate how effectively ML, DL and ATT models leverage these
static, out-of-the-box financial embeddings.
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Table 3.6. Approach 1 — Features Extraction: FinBERT classification results across four
datasets

Model Phrasebank 50% Phrasebank 100% Twitter Gold

Acc F1-M F1-W MCC Acc F1-M F1-W MCC Acc F1-M F1-W MCC Acc F1-M F1-W MCC

Machine Learning (ML)

SVM 89.28 88.10 89.30 80.81 98.66 97.88 98.67 97.53 80.01 69.80 78.50 58.58 94.59 94.56 94.59 89.13

RF 89.18 87.82 89.19 80.53 98.66 98.09 98.66 97.52 71.88 49.12 65.60 37.63 91.62 91.57 91.61 83.14

LR 87.84 87.38 87.87 78.22 98.44 97.56 98.44 97.12 76.28 66.73 75.72 52.45 91.37 91.33 91.37 82.65

XGB 89.59 88.31 89.61 81.32 98.88 98.09 98.89 97.94 76.91 64.34 74.92 51.50 92.28 92.24 92.28 84.48

CatB 89.28 87.95 89.31 80.82 98.88 98.30 98.89 97.95 75.78 62.01 73.37 48.62 92.04 92.00 92.04 83.99

LGBM 87.84 87.38 87.87 78.22 98.66 97.88 98.67 97.53 77.95 65.89 76.01 53.82 92.47 92.43 92.47 84.85

Deep Learning (DL)

LSTM 88.76 88.00 88.77 79.84 98.88 98.09 98.89 97.95 80.01 71.96 79.54 60.01 91.59 91.56 91.60 83.13

BiLSTM 88.35 87.10 88.35 79.06 98.88 98.09 98.89 97.94 81.18 73.66 80.80 62.50 91.49 91.47 91.50 83.09

GRU 88.97 87.95 88.97 80.22 98.88 98.09 98.88 97.93 80.39 72.31 79.98 60.91 91.89 91.84 91.89 83.70

BiGRU 88.45 87.54 88.45 79.26 98.21 97.63 98.22 96.70 80.01 71.88 79.58 60.18 92.40 92.36 92.40 84.72

CNN-1D 89.07 87.96 89.07 80.23 98.66 98.30 98.65 97.53 71.96 56.61 69.79 41.03 90.58 90.56 90.59 81.33

Transf 89.48 88.57 89.54 81.42 98.88 98.09 98.88 97.93 74.77 67.67 75.43 53.75 92.00 91.94 91.99 83.91

Attention (ATT)

Self-Att 85.46 83.69 84.92 73.58 98.21 97.21 98.21 96.72 79.63 71.57 79.29 59.58 93.11 93.09 93.12 86.23

Hier-Att 75.57 73.35 74.07 54.78 98.88 98.09 98.89 97.94 78.75 70.86 78.45 57.94 91.89 91.90 91.87 83.82

MH-Att 82.58 81.67 82.43 68.69 98.88 98.30 98.89 97.95 79.51 71.93 79.40 59.90 91.59 91.60 91.56 83.14

BiGRU+Att 88.35 87.25 88.34 78.95 99.11 98.53 99.11 98.35 80.89 73.17 80.41 61.73 92.40 92.38 92.41 84.81

Acc = Accuracy F1-M = F1 Macro F1-W = F1 Weighted MCC = Matthews Correlation Coefficient bold = best model in each
category (ML/DL/ATT)

Model abbreviations: SVM = Support Vector Machine RF = Random Forest LR = Logistic Regression XGB = XGBoost
CatB = CatBoost LGBM = LightGBM BiGRU+Att = BiGRU + Attention Transf = Transformer Self-Att = Self-Attention

Hier-Att = Hierarchical Attention MH-Att = Multi-Head Attention

The analysis of Table 3.6 indicates that the classification of financial sentiment through
feature extraction using FinBERT in Approach 1 yields high performance levels across the
evaluated datasets. Among the three model families, BiGRU+Attention records the highest
results overall. This model attains an F1-Weighted score of 99.11% and an MCC of 98.35% on
the Phrasebank 100% dataset. It also achieves an F1-Weighted score of 80.41% and an MCC
of 61.73% on the Twitter dataset. In the Deep Learning category, BiLSTM obtains the highest
scores on the Twitter dataset. In the tarditional Machine Learning category, SVM achieves the
highest scores on both the Twitter and Gold datasets.

In contrast, Hierarchical Attention, CNN-1D, and Random Forest produce the lowest
results, particularly on Twitter dataset and Phrasebank 50%. The findings demonstrate clear
variation in model performance according to data quality. Models reach near-saturation levels
on the Phrasebank 100% and Gold datasets. The Twitter data functions as a discriminating
benchmark that differentiates model capabilities. These outcomes illustrate the advantage
of integrating bidirectional recurrent architectures with attention mechanisms for financial
sentiment classification. They furthermore indicate that traditional classifiers maintain
competitive performance when applied to high-quality contextual embeddings from FinBERT.

Figure 3.1 summarizes theMCC and F1-Weighted scores of the best-performingmodel from
each category (ML, DL, and ATT) across all four datasets, further highlighting the consistent
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superiority of Phrasebank 100% and the relatively weaker performance on the Twitter dataset.

Figure 3.1. Best-performing model per category (ML, DL, ATT) — F1-Weighted and MCC
scores across the four datasets (FinBERT feature extraction)

3.4.2 Fine-Tuning
The impact of fine-tuning four Transformer models (FinBERT, RoBERTa, DeBERTa, and
XLM-RoBERTa) is evaluated in this section. The following results highlight the performance
gains achieved when these models adapt directly to the specific nuances and vocabulary of each
dataset.

Table 3.7. Approach 1 — Fine tuning : 4 Models classification results across four datasets

Model Embedding Phrasebank 50% Phrasebank 100% Twitter Gold

Acc F1-M F1-W MCC Acc F1-M F1-W MCC Acc F1-M F1-W MCC Acc F1-M F1-W MCC

Machine Learning (ML)

SVM

FinBERT 86.49 86.49 85.14 75.88 98.21 97.47 98.21 96.71 92.29 89.23 92.22 84.88 96.11 96.07 96.10 92.22
RoBERTa 87.42 86.89 87.46 77.45 99.11 98.73 99.10 98.35 94.84 93.16 94.76 89.92 96.35 96.32 96.35 92.69
DeBERTa 84.12 82.12 84.21 71.78 99.11 98.73 99.10 98.35 91.83 89.14 91.66 83.83 95.62 95.58 95.61 92.90
XLM-RoBERTa 85.36 83.85 85.49 74.58 96.88 96.18 96.85 94.23 95.81 94.10 95.83 91.96 95.74 95.70 95.73 91.51

RF

FinBERT 85.77 84.31 85.83 74.57 98.21 97.47 98.21 96.71 87.55 83.29 87.42 75.48 95.99 95.95 95.98 91.97
RoBERTa 86.60 85.92 86.63 75.97 98.66 98.30 98.65 97.53 90.91 88.39 90.86 82.22 96.11 96.08 96.10 92.19
DeBERTa 82.68 80.86 82.83 69.68 99.11 98.73 99.10 98.35 87.18 83.35 87.10 74.87 95.74 95.70 95.73 91.49
XLM-RoBERTa 85.05 83.15 85.10 73.38 96.43 95.74 96.39 93.40 89.06 85.63 88.95 78.46 95.50 95.46 95.49 91.00

LR

FinBERT 86.19 85.14 86.25 75.46 99.11 98.73 99.10 98.35 85.96 81.42 85.94 72.69 95.74 95.71 95.74 91.45
RoBERTa 86.29 85.25 86.31 75.44 98.66 98.30 98.65 97.53 89.82 87.08 89.84 80.33 95.62 95.59 95.62 91.21
DeBERTa 82.37 80.58 82.52 69.13 98.66 98.30 98.65 97.53 83.53 78.74 83.63 68.46 94.77 94.72 94.76 89.51
XLM-RoBERTa 85.57 84.02 85.69 74.87 95.54 94.48 95.49 91.78 88.22 84.85 88.27 77.36 95.62 95.58 95.61 91.25

XGB

FinBERT 86.29 84.86 86.35 75.52 98.66 97.89 98.66 97.54 96.56 94.78 96.54 93.30 96.35 96.32 96.35 92.69
RoBERTa 86.80 86.17 86.82 76.31 99.11 99.15 99.10 98.35 98.16 97.44 98.15 96.42 96.35 96.33 96.35 92.67
DeBERTa 83.30 81.25 83.38 70.26 99.11 98.73 99.10 98.35 97.36 96.17 97.33 94.86 95.99 95.95 95.98 91.96
XLM-RoBERTa 85.46 83.77 85.47 74.00 95.98 94.89 95.93 92.60 97.57 96.32 97.57 95.30 95.74 95.70 95.73 91.49

CatB

FinBERT 86.19 84.88 86.25 75.31 98.66 98.31 98.66 97.53 96.48 94.65 96.45 93.13 96.35 96.32 96.35 92.69
RoBERTa 87.42 86.94 87.45 77.45 98.66 98.30 98.65 97.53 98.62 98.11 98.61 97.32 96.35 96.32 96.35 92.69
DeBERTa 83.30 81.32 83.39 70.30 99.11 98.73 99.10 98.35 97.57 96.46 97.54 95.27 95.74 95.71 95.73 91.48
XLM-RoBERTa 85.15 83.23 85.16 73.44 96.88 96.18 96.85 94.23 97.57 96.34 97.56 95.28 95.50 95.46 95.49 90.99

LGBM

FinBERT 85.88 84.66 85.95 74.89 99.11 98.73 99.10 98.35 96.44 94.44 96.41 93.06 96.11 96.08 96.10 92.21
RoBERTa 86.70 85.89 86.75 76.27 99.55 99.58 99.55 99.17 98.41 97.79 98.40 96.91 96.23 96.20 96.22 92.44
DeBERTa 83.71 81.59 83.80 71.02 98.66 98.30 98.65 97.53 97.44 96.23 97.41 95.02 96.11 96.08 96.10 92.20
XLM-RoBERTa 84.95 83.29 84.96 73.15 96.88 95.75 96.84 94.26 97.49 96.20 97.49 95.13 95.74 95.71 95.73 91.48

Deep Learning (DL)

Continued on next page...
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Table 3.7 — (continued)

Model Embedding Phrasebank 50% Phrasebank 100% Twitter Gold

Acc F1-M F1-W MCC Acc F1-M F1-W MCC Acc F1-M F1-W MCC Acc F1-M F1-W MCC

LSTM

FinBERT 86.80 85.37 86.83 76.31 97.32 96.23 97.33 95.09 93.63 90.77 93.62 87.60 96.47 96.45 96.47 92.92
RoBERTa 86.91 86.23 86.91 76.50 98.66 98.30 98.65 97.53 96.40 95.32 96.36 92.97 96.47 96.45 96.47 92.90
DeBERTa 83.51 82.09 83.62 70.86 98.66 98.31 98.66 97.53 95.26 93.67 95.22 90.73 95.74 95.70 95.73 91.53
XLM-RoBERTa 84.95 83.08 85.02 73.26 95.54 94.48 95.49 91.78 96.81 95.36 96.81 93.82 95.74 95.70 95.73 91.51

BiLSTM

FinBERT 86.91 85.53 86.96 76.66 98.21 97.47 98.21 96.71 94.59 92.09 94.56 89.44 96.47 96.45 96.47 92.92
RoBERTa 87.01 86.34 87.02 76.73 98.66 98.30 98.65 97.53 96.06 94.85 90.05 92.33 96.35 96.33 96.35 92.66
DeBERTa 83.81 82.05 83.84 70.92 99.11 98.73 99.10 98.35 95.26 93.56 95.22 90.73 95.74 95.72 95.74 91.44
XLM-RoBERTa 84.74 82.57 84.72 72.53 94.64 93.74 94.65 90.23 96.65 95.24 96.65 93.51 95.99 95.95 95.98 91.98

GRU

FinBERT 86.80 85.29 86.87 76.55 97.32 96.23 97.33 95.09 93.42 90.54 93.32 87.07 96.47 96.45 96.47 92.92
RoBERTa 87.32 86.70 87.33 77.25 98.66 98.30 98.65 97.53 96.10 94.95 96.06 92.40 96.47 96.45 96.47 92.90
DeBERTa 84.12 82.33 84.17 71.58 98.66 98.31 98.66 97.53 94.76 92.75 94.71 89.74 95.74 95.70 95.73 91.53
XLM-RoBERTa 84.54 82.83 84.52 72.46 95.54 94.48 95.49 91.78 96.56 95.05 96.55 93.31 95.74 95.70 95.73 91.51

BiGRU

FinBERT 86.70 85.14 86.76 76.33 97.77 96.64 97.77 95.91 94.38 91.62 94.33 89.01 96.35 96.33 96.35 92.97
RoBERTa 86.91 86.24 86.91 76.47 98.66 98.30 98.65 97.53 96.52 95.44 96.48 93.22 96.35 96.33 96.35 92.67
DeBERTa 83.92 81.95 83.98 71.27 99.11 98.73 99.10 98.35 95.10 93.29 95.04 90.39 95.74 95.70 95.73 91.51
XLM-RoBERTa 84.43 82.77 84.44 72.28 95.09 94.19 95.12 91.09 96.14 94.47 96.13 92.49 96.23 96.20 96.23 92.43

CNN-1D

FinBERT 87.73 86.06 87.63 77.48 95.09 93.67 95.14 91.07 96.23 94.22 96.17 92.63 96.47 96.45 96.47 92.90
RoBERTa 87.22 86.39 87.27 77.28 97.77 96.82 97.81 95.95 97.78 96.63 97.77 95.70 96.23 96.20 96.23 92.42
DeBERTa 81.96 80.17 82.09 68.17 98.21 97.44 98.24 96.74 96.56 95.09 96.55 93.33 95.86 95.84 95.86 91.68
XLM-RoBERTa 84.33 82.29 84.18 71.86 96.88 95.91 96.85 94.21 96.69 95.13 96.01 93.59 95.74 95.71 95.73 91.48

Transf

FinBERT 84.74 83.32 84.91 73.77 98.21 97.90 98.22 96.71 90.86 87.48 91.17 83.50 96.47 96.46 96.47 92.94
RoBERTa 86.70 85.79 86.73 76.30 98.66 98.31 98.66 97.53 97.32 95.84 97.32 94.81 95.99 95.95 95.98 91.98
DeBERTa 84.02 81.36 83.92 70.82 99.11 98.73 99.10 98.35 89.73 87.20 90.35 82.43 96.11 96.08 96.10 92.18
XLM-RoBERTa 85.05 83.21 84.26 73.18 95.09 94.19 95.12 91.09 94.05 91.96 93.90 88.43 96.11 96.08 96.10 92.20

Attention (ATT)

Self-Att

FinBERT 86.91 85.38 86.95 76.54 98.66 98.31 98.66 97.53 94.30 91.17 94.28 88.90 96.59 96.57 96.59 93.15
RoBERTa 87.63 86.82 87.62 77.68 98.66 98.30 98.65 97.53 97.02 96.00 97.01 94.21 96.11 96.09 96.11 92.17
DeBERTa 83.81 81.74 83.85 70.92 99.11 98.73 99.10 98.35 95.81 94.07 95.79 91.84 96.23 96.20 96.22 92.46
XLM-RoBERTa 85.46 83.58 85.50 74.10 95.09 94.63 95.13 91.13 96.52 94.93 96.52 93.27 95.86 95.84 95.86 91.68

Hier-Att

FinBERT 87.63 86.32 87.67 77.85 98.66 98.31 98.66 97.53 93.71 90.53 93.65 87.80 96.47 96.45 96.47 92.93
RoBERTa 87.42 86.81 87.42 77.34 99.11 98.73 99.10 98.35 97.02 96.15 97.01 94.20 96.23 96.20 96.23 92.43
DeBERTa 84.23 82.42 84.27 71.75 99.11 98.73 99.10 98.35 95.60 93.85 95.58 91.42 95.50 95.45 95.49 91.06
XLM-RoBERTa 85.88 84.23 85.96 75.07 95.09 94.63 95.13 91.13 96.35 94.69 96.36 92.95 96.23 96.20 96.22 92.46

MH-Att

FinBERT 86.70 85.02 86.76 76.27 97.32 96.23 97.33 95.09 94.64 91.99 94.60 89.53 96.47 96.45 96.47 92.90
RoBERTa 87.01 86.37 87.01 76.65 98.66 98.30 98.65 97.53 97.11 96.13 97.09 94.36 96.11 96.08 96.10 92.20
DeBERTa 84.43 82.82 84.47 72.00 99.11 98.73 99.10 98.35 95.52 93.67 95.51 91.31 95.99 95.96 95.98 91.94
XLM-RoBERTa 85.26 83.46 85.29 73.79 95.09 94.63 95.12 91.09 96.94 95.51 96.93 94.05 96.23 96.20 96.22 92.45

BiGRU+Att

FinBERT 87.01 85.71 87.04 76.69 97.77 96.64 97.77 95.91 94.01 91.22 94.01 88.37 96.23 96.20 96.23 92.42
RoBERTa 87.22 86.67 87.23 77.05 98.66 98.30 98.66 97.53 96.44 95.37 96.40 93.05 96.11 96.08 96.11 92.17
DeBERTa 83.61 81.71 83.68 70.83 99.11 98.73 99.10 98.35 94.97 93.12 94.93 90.15 95.62 95.58 95.61 91.23
XLM-RoBERTa 84.23 82.40 84.22 71.86 95.09 94.19 95.12 91.09 96.73 95.30 96.72 93.65 96.11 96.08 96.10 92.20

Acc = Accuracy F1-M = F1 Macro F1-W = F1 Weighted MCC = Matthews Correlation Coefficient bold = best per section
Model abbreviations: SVM = Support Vector Machine RF = Random Forest LR = Logistic Regression XGB = XGBoost
CatB = CatBoost LGBM = LightGBM BiGRU+Att = BiGRU + Attention Transf = Transformer Self-Att = Self-Attention

Hier-Att = Hierarchical Attention MH-Att = Multi-Head Attention

The analysis of Table 3.7 presents the classification performance obtained through
fine-tuning of various models across four embeddings (FinBERT, RoBERTa, DeBERTa, and
XLM-RoBERTa) on four financial sentiment datasets. The results indicate variation in model
performance according to both architecture category and embedding type.

Among all configurations, the combination of RoBERTa with CatBoost yields the highest
results on the Twitter dataset (F1-W = 98.61%, MCC = 97.32%). On the Phrasebank 100%
dataset, RoBERTa with LGBM records the highest scores (F1-W = 99.55%, MCC = 99.17%).
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In the Machine Learning category, CatBoost and LGBM paired with RoBERTa achieve the
strongest performance on the more challenging Twitter dataset. In the Deep Learning category,
CNN-1D with RoBERTa attains the highest scores on Twitter (F1-W = 97.77%, MCC =
95.70%). In the Attention category, MH-Att with RoBERTa obtains the highest Twitter scores
(F1-W = 97.09%, MCC = 94.36%), while Self-Att with FinBERT reaches the highest MCC on
the Gold dataset (MCC = 93.15%).
RoBERTa consistently outperforms FinBERT, DeBERTa, and XLM-RoBERTa across most
model families, particularly on the Twitter dataset. In contrast, DeBERTa and XLM-RoBERTa
yield lower performance levels on several configurations. The findings show that model
performance varies substantially according to dataset characteristics: near-saturation levels
appear on Phrasebank 100% and Gold, whereas the Twitter dataset provides greater
differentiation between models and embeddings.
These results demonstrate that fine-tuning improves performance compared to feature
extraction embeddings, particularly when RoBERTa is used as the base model. Moreover,
gradient boosting models (CatBoost and LGBM) remain competitively effective in the
fine-tuning setting for financial sentiment classification.
Figure 3.2 illustrates the best F1-Weighted and MCC scores per embedding across all four
datasets for each model category (ML, DL, and ATT), further confirming the dominance of
RoBERTa under the fine-tuning strategy.

Figure 3.2. Approach 1 — Fine-tuning: best F1-Weighted and MCC scores per embedding
(ML / DL / ATT) across four datasets

3.4.3 Discussion Results of Approach 1
The comparison between the feature extraction and fine-tuning approaches in Approach 1
shows differences in performance across the four datasets.

• F1-Weighted and MCC are selected as the primary evaluation metrics because they offer
greater robustness to class imbalance, which is particularly evident in the Twitter dataset.

• The Phrasebank datasets record the highest classification performance overall.
Phrasebank 100% outperforms Phrasebank 50% because it contains only sentences with
full annotator agreement, thereby reducing label ambiguity. Phrasebank 50% relies on
majority agreement and introduces greater label uncertainty.

• On Phrasebank 100%, the best F1-Weighted score reached 99.11% in feature extraction
and 99.55% in fine-tuning, suggesting that models already achieve near-saturation
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performance on highly reliable data with feature extraction. On Phrasebank 50%, the best
F1-Weighted score was 89.59% in feature extraction compared to 87.73% in fine-tuning.

• The Gold dataset produced strong and stable results in both strategies. The best
F1-Weighted score increased from 94.59% in feature extraction to 96.59% in fine-tuning
, while the MCC improved from 89.13% to 93.15%.

• In contrast, the Twitter dataset recorded the lowest performance across all models.
Its unstructured social media nature , characterized by informal language, slang,
abbreviations, and noise, makes it particularly challenging. Under feature extraction,
the best model achieved 80.41% F1-Weighted and 61.73% MCC. Fine-tuning led to a
major improvement, reaching 98.61% F1-Weighted and 97.32% MCC. These outcomes
reflect the high annotation quality and formal language of the dataset.

• Regarding the two strategies, the feature extraction approach delivered competitive but
more limited results, with BiGRU+Attention performing best on the difficult Twitter
dataset. The fine-tuning approach, however, produced markedly superior outcomes
across all datasets, particularly on the Twitter dataset. RoBERTa combined with gradient
boosting models (CatBoost and LGBM) achieved the highest scores overall.

• These findings indicate that fine-tuning enables better adaptation to noisy data than
feature extraction. Dataset formality and annotation quality constitute key determinants
of classification performance.

3.5 Experiment Results of Approach 2
This part presents the empirical results of Approach 2, focusing on financial sentiment
classification using RoBERTa embeddings pre-trained on GoEmotions across four datasets.
The primary objective here is to evaluate performance variations across three model families
ML,DL, and ATT mechanisms .while directly comparing the impact of low-dimensional
text representations (the 27-dimensional emotion classification layer output from the
RoBERTa model) versus full-dimensional representations (the 768-dimensional CLS token
output).presented in table 3.8:

Table 3.8. Approach 2 — RoBERTa Embeddings: classification results across four datasets

Model Dim
Phrasebank 50% Phrasebank 100% Twitter Gold

Acc F1-M F1-W MCC Acc F1-M F1-W MCC Acc F1-M F1-W MCC Acc F1-M F1-W MCC

Machine Learning (ML)

SVM
27 78.04 75.97 78.09 61.10 91.74 89.91 91.70 84.91 67.48 61.80 68.12 41.03 81.29 81.19 81.29 62.38
768 83.81 82.25 83.84 70.97 97.32 96.71 97.31 95.04 82.77 77.79 82.87 66.98 94.23 94.19 94.22 88.39

RF
27 79.79 78.19 79.78 63.74 93.75 92.78 93.63 88.44 72.80 66.81 73.00 48.58 86.94 86.86 86.93 73.72
768 81.24 79.22 81.09 65.97 95.31 94.49 95.23 91.32 79.30 72.66 78.86 58.58 92.22 92.17 92.21 84.36

LR
27 73.51 71.35 73.35 52.17 88.39 87.42 88.63 79.90 64.33 58.50 65.13 35.56 63.55 61.65 62.27 26.34
768 80.10 78.65 80.34 66.08 97.10 96.62 97.09 94.64 77.20 72.45 77.78 58.78 91.74 91.68 91.73 83.38

XGB
27 80.82 78.83 80.55 64.77 93.53 92.50 93.37 88.03 77.95 70.02 76.98 54.69 86.27 86.22 86.28 72.49
768 82.37 80.42 82.19 67.73 96.43 95.76 96.40 93.40 82.56 75.93 81.87 64.61 92.89 92.86 92.89 85.72

CatB
27 80.82 78.50 80.53 64.99 92.19 91.50 92.19 85.78 77.12 68.51 75.93 52.68 87.30 87.26 87.31 74.55
768 81.96 79.70 81.75 67.12 96.21 95.03 96.18 93.03 81.60 74.47 80.75 62.48 92.53 92.48 92.53 84.97

LGBM
27 81.13 79.57 81.16 66.20 94.64 94.01 94.52 90.10 75.78 69.41 75.80 53.18 86.63 86.59 86.65 73.21

Continued on next page...
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Table 3.8 — (continued)

Model Dim
Phrasebank 50% Phrasebank 100% Twitter Gold

Acc F1-M F1-W MCC Acc F1-M F1-W MCC Acc F1-M F1-W MCC Acc F1-M F1-W MCC

768 83.51 81.67 83.40 69.97 96.21 95.49 96.14 93.00 82.48 76.47 82.10 64.98 93.20 93.16 93.20 86.32

Deep Learning (DL)

LSTM
27 79.38 76.79 78.84 61.91 89.29 87.44 89.17 80.20 72.30 60.74 70.30 41.38 76.49 76.48 76.51 53.45
768 83.20 82.04 81.78 69.48 98.44 98.32 98.44 97.12 82.65 76.40 82.27 65.31 93.80 93.77 93.80 87.54

BiLSTM
27 79.28 76.52 78.69 61.74 90.18 88.18 89.99 81.83 73.01 61.52 70.96 42.80 82.44 82.39 82.46 64.83
768 84.12 82.52 73.16 71.16 97.10 96.31 97.11 94.66 82.69 77.14 82.45 65.65 93.62 93.59 93.62 87.19

GRU
27 79.59 76.94 78.98 62.25 90.18 88.24 89.91 81.77 71.92 60.46 69.96 40.65 78.68 78.64 78.70 57.46
768 83.51 82.20 80.24 70.24 97.77 97.35 97.76 95.88 82.61 76.55 82.20 65.12 93.74 93.70 93.74 87.41

BiGRU
27 79.90 77.19 79.27 62.83 90.18 88.16 89.96 81.88 73.22 62.53 71.50 43.65 82.44 82.42 82.47 65.03
768 82.68 81.29 78.66 68.66 97.77 97.47 97.76 95.87 81.94 76.14 81.67 64.14 93.86 93.83 93.87 87.67

CNN-1D
27 80.10 78.02 79.77 63.52 90.18 88.51 90.05 81.93 75.48 66.56 74.37 49.51 83.96 83.88 83.96 67.75
768 82.78 80.02 82.58 68.42 97.10 96.27 97.08 94.66 81.01 73.29 79.87 60.96 91.25 91.23 91.26 82.55

Transf
27 77.84 75.03 77.48 59.56 90.07 89.24 90.77 83.48 71.75 62.06 70.56 41.65 83.11 83.09 83.13 66.38
768 78.87 61.21 78.57 75.58 97.54 97.03 97.55 95.50 76.91 70.31 76.90 55.33 92.83 92.77 92.82 85.62

Attention (ATT)

Self-Att
27 79.69 77.05 79.20 62.44 91.74 90.00 91.64 84.81 73.72 64.63 72.67 46.07 85.24 85.19 85.25 70.45
768 83.71 81.52 83.64 70.48 97.77 97.57 97.77 99.79 83.11 77.45 82.73 66.11 93.13 93.10 93.14 86.21

Hier-Att
27 78.04 73.72 76.22 59.67 90.85 89.03 90.66 83.11 75.23 66.00 74.08 48.72 75.21 75.21 75.22 51.07
768 82.89 81.60 82.85 68.93 97.54 96.95 97.55 99.77 82.48 76.59 82.14 65.05 92.89 92.85 92.89 85.70

MH-Att
27 80.10 77.84 79.87 63.74 91.74 90.12 91.48 84.72 75.19 67.09 74.40 49.71 82.38 82.37 82.40 65.03
768 82.06 80.90 82.16 67.82 96.21 95.43 96.26 99.21 82.27 76.99 82.24 65.52 93.26 93.20 93.25 86.45

BiGRU+Att
27 78.87 75.95 78.11 60.89 90.18 88.22 89.88 81.83 72.72 61.24 70.66 42.23 82.44 82.41 82.46 64.94
768 84.12 82.74 83.24 71.34 97.54 97.14 97.54 95.47 82.27 76.91 82.16 65.25 93.92 93.89 93.92 87.78

Acc = Accuracy F1-M = F1 Macro F1-W = F1 Weighted MCC = Matthews Correlation Coefficient (%) bold = best per section
& dimension

Model abbreviations: SVM = Support Vector Machine RF = Random Forest LR = Logistic Regression XGB = XGBoost
CatB = CatBoost LGBM = LightGBM BiGRU+Att = BiGRU + Attention Transf = Transformer Self-Att = Self-Attention

Hier-Att = Hierarchical Attention MH-Att = Multi-Head Attention

The analysis of Table 3.8 (Approach 2 — RoBERTa Embeddings) reveals substantial
differences in classification performance between the 27-dimensional and 768-dimensional
embeddings across the three model categories.

In the Machine Learning category SVM with 768 dimensions records the best overall
results, ranking first among all ML models across datasets. On Phrasebank 100%, LGBM
records the highest F1-Weighted score of 94.52% at 27 dimensions, which increases to SVM
leading at 768 dimensions with 97.31%. On Phrasebank 50%, the best performance at 27
dimensions is achieved by CatBoost with an F1-Weighted score of 80.53%, while at 768
dimensions, SVM reaches 83.84%. For the Gold dataset, the highest MCC at 27 dimensions
is recorded by CatBoost at 74.55%, which shifts to SVM at 768 dimensions with an MCC of
88.39%. On the Twitter dataset, XGBoost achieves the highest F1-Weighted score of 76.98%
at 27 dimensions, whereas SVM leads at 768 dimensions with 82.87%. Conversely, Logistic
Regression (LR) emerges as the weakest model in this category, particularly on the Gold
dataset where it drops to an MCC of 26.34% at 27 dimensions, and remains the lowest at 768
dimensions with an MCC of 83.38%.

In the Deep Learning category BiLSTM with 768 dimensions and CNN-1D with 27
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dimensions emerge as the top performers within their respective dimensional tiers. On
Phrasebank 100%, CNN-1D captures the top spot at 27 dimensions with an F1-Weighted score
of 90.05%, while LSTM achieves the highest score at 768 dimensions with an F1-Weighted
score of 98.44%. On Phrasebank 50%, CNN-1D yields the highest F1-Weighted score at
27 dimensions with 79.77%, while BiLSTM leads at 768 dimensions with 73.16%. On the
Gold dataset, CNN-1D leads at 27 dimensions with an MCC of 67.75%, whereas BiLSTM
captures the top spot at 768 dimensions within the pure DL family with an MCC of 87.19%.
On the Twitter dataset, CNN-1D obtains the top MCC at 27 dimensions with 49.51%, while
BiLSTM secures the highest MCC at 768 dimensions with 65.65%. In contrast, the standard
Transformer model yields the lowest results in this family, scoring an F1-Weighted of 77.48%
on Phrasebank 50% at 27 dimensions, and registering the lowest MCC on Twitter at 768
dimensions with 55.33%.

In the Attention category BiGRU+Attention (768 dim) and Self-Attention (768 dim)
deliver the strongest results. On Phrasebank 100%, Self-Attention leads at 27 dimensions
with an F1-Weighted score of 91.64%, while at 768 dimensions, Self-Attention remains the
top model with an exceptional MCC of 99.79%. On Phrasebank 50%, MH-Att achieves the
best F1-Weighted score of 79.87% at 27 dimensions, while BiGRU+Attention leads at 768
dimensions with 83.24%. On the Gold dataset, Self-Attention leads at 27 dimensions with an
MCC of 70.45%, while BiGRU+Attention yields the highest MCC at 768 dimensions with
87.78%. On the Twitter dataset, MH-Att secures the highest F1-Weighted score of 74.40% and
an MCC of 49.71% at 27 dimensions, whereas Self-Attention outperforms the others at 768
dimensions with an F1-Weighted score of 82.73% and an MCC of 66.11%. On the other end
of the spectrum, Hierarchical Attention (Hier-Att) demonstrates the poorest adaptation, trailing
with an F1-Weighted score of 76.22% on Phrasebank 50% at 27 dimensions, and finishing last
on the Gold dataset at 768 dimensions with an MCC of 85.70%.

Overall, the 768-dimensional embeddings consistently outperform the 27-dimensional ones
in all three categories (ML, DL, and ATT), with larger gains observed on the more challenging
Twitter and Gold datasets. These results confirm the advantage of using the full-dimensional
RoBERTa representations for financial sentiment classification.
Figure 3.18 presents the F1-Weighted and MCC scores of the best model per category (ML,DL
,ATT) at 768 dimensions.

Figure 3.3. Approach 2 — RoBERTa Feature Extraction (Dim=768): F1-Weighted and MCC
scores of the best-performing model per category (ML, DL, ATT) across four datasets
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3.5.1 Discussion Results of Approach 2
The results of Approach 2 highlight three primary determinants of classification performance:
embedding dimensionality, dataset annotation quality, and architectural design.

• The 768-dimensional [CLS] representation systematically outperforms the
27-dimensional emotion-probability vector across all models, families, and datasets,
with substantial MCC gains on Twitter and Gold datasets. This confirms that the
27-dimensional emotion-probability vector, derived from a GoEmotions fine-tuned
projection, loses critical financial sentiment cues that are preserved in the full
768-dimensional [CLS] representation, making the latter a substantially more suitable
feature space for financial sentiment classification.

• Dataset characteristics directly condition performance. Phrasebank 100% achieves
near-perfect scores due to full annotator agreement, while Phrasebank 50% introduces
label uncertainty through majority-only agreement, producing higher variance. Gold
yields strong and stable results owing to its formal language and annotation quality,
with the best F1-Weighted reaching 93.92% at 768 dimensions (BiGRU+Att). Twitter
records the lowest performance across all settings, with a persistent ceiling of 83.11%
F1-Weighted and 66.11%MCC at 768 dimensions, attributable to the mismatch between
RoBERTa’s formal pretraining corpus and informal social media text.

• At 768 dimensions, SVM leads the ML category, BiLSTM leads the DL category, and
BiGRU+Att leads the Attention category. At 27 dimensions, CNN-1D, MH-Att, and
CatBoost achieve the relatively strongest results within their families, though all remain
substantially below their 768-dimensional counterparts.

• Overall, the feature extraction paradigm delivers competitive results on clean,
domain-aligned datasets such as Phrasebank 100% and Gold, but reaches its practical
limits on informal and noisy benchmarks such as Twitter, where the distributional
mismatch between RoBERTa’s formal pretraining corpus and social media text cannot
be compensated by classifier or dimensionality optimization alone.

3.6 Experiment results of Approach 3

3.6.1 Concatenation FinBERT Features Extraction with Roberta -
GoEmotion (27-768)

This part presents the results of Concatenation 01:Approche 3 concatenation FinBERT features
extraction for financial sentiment classification using concatenated feature representations
across four datasets. Two fusion strategies, namely 786+27 and 768+768, are evaluated using
ML, DL, and ATT models. The corresponding results are summarized in Table 3.9.

Table 3.9. Approach 3 — Concatenation Feature extraction: classification results across four
datasets

Model Concat.
Phrasebank 50% Phrasebank 100% Twitter Gold

Acc F1-M F1-W MCC Acc F1-M F1-W MCC Acc F1-M F1-W MCC Acc F1-M F1-W MCC

Machine Learning (ML)

SVM
768+27 89.46 88.73 89.47 81.03 99.11 98.86 99.10 98.35 82.59 76.28 82.41 65.72 93.11 93.09 93.12 86.21
768+768 90.39 89.59 90.40 82.71 98.81 98.42 98.81 97.80 85.03 80.16 84.92 70.62 94.93 94.91 94.93 89.82

Continued on next page...

44



Table 3.9 — (continued)

Model Concat.
Phrasebank 50% Phrasebank 100% Twitter Gold

Acc F1-M F1-W MCC Acc F1-M F1-W MCC Acc F1-M F1-W MCC Acc F1-M F1-W MCC

RF
768+27 89.87 89.01 89.87 81.79 99.11 98.86 99.10 98.35 78.49 70.59 77.51 55.97 90.17 90.13 90.18 80.26
768+768 89.77 88.97 89.76 81.57 99.11 98.86 99.10 98.35 80.79 73.65 80.00 60.89 92.91 92.88 92.91 85.78

LR
768+27 86.88 85.93 86.91 76.48 98.51 97.85 98.53 97.27 73.83 67.63 74.75 53.48 90.37 90.35 90.39 80.80
768+768 87.80 87.06 87.83 77.48 98.81 98.42 98.81 97.80 77.69 72.96 78.28 59.86 93.62 93.60 93.62 87.27

XGB
768+27 90.28 89.63 90.28 82.49 99.11 98.86 99.10 98.35 81.97 74.78 81.13 63.17 91.79 91.76 91.80 83.55
768+768 89.25 88.21 89.23 80.55 99.11 98.86 99.10 98.35 83.35 76.80 82.62 65.40 94.12 94.10 94.13 88.20

CatB
768+27 89.56 88.77 89.54 81.18 98.81 98.42 98.81 97.80 77.52 68.67 76.19 53.26 91.69 91.66 91.70 83.33
768+768 89.25 88.28 89.22 80.52 99.11 98.71 99.11 98.35 82.97 76.72 82.28 65.40 93.11 93.09 93.12 86.20

LGBM
768+27 89.56 88.72 89.55 81.28 98.81 98.42 98.81 97.80 82.30 75.51 81.56 63.96 91.39 91.35 91.39 82.72
768+768 89.66 88.73 89.64 81.28 98.81 98.42 98.81 97.80 84.06 77.99 83.43 67.71 93.01 92.98 93.01 86.00

Deep Learning (DL)

LSTM
768+27 85.87 80.73 87.47 64.61 98.51 98.15 98.52 97.26 81.24 73.93 84.33 58.53 92.91 92.89 92.91 85.84
768+768 81.83 72.15 80.54 65.52 98.51 98.00 98.52 97.29 81.55 69.52 84.93 65.97 93.31 93.29 93.32 86.61

BiLSTM
768+27 82.73 81.14 85.90 71.79 98.51 98.00 98.52 97.26 78.95 68.56 77.16 64.45 90.48 90.44 90.48 80.91
768+768 80.94 69.57 82.33 59.03 98.51 98.15 98.52 97.26 82.27 75.98 78.35 67.37 93.31 93.29 93.32 86.63

GRU
768+27 84.78 80.02 82.90 66.30 99.11 98.71 99.11 98.36 83.16 73.74 83.24 59.10 92.20 92.17 92.20 84.35
768+768 79.39 71.59 81.25 64.40 98.21 97.86 98.21 96.70 82.63 76.51 83.29 56.21 93.01 92.99 93.02 86.09

BiGRU
768+27 87.61 81.62 85.03 73.02 98.81 98.43 98.82 97.82 79.67 75.81 77.66 64.33 92.30 92.29 92.31 84.72
768+768 80.05 74.01 79.43 65.46 98.81 98.58 98.80 97.79 85.51 70.13 84.75 59.10 94.33 94.30 94.33 88.61

CNN-1D
768+27 84.75 79.30 80.02 63.97 97.02 96.43 97.03 94.51 78.20 68.27 81.67 57.31 91.79 91.76 91.80 83.52
768+768 84.57 69.18 78.00 58.14 98.81 98.43 98.81 97.80 80.16 71.67 78.94 66.83 92.50 92.47 92.50 84.94

Transf
768+27 81.31 74.51 82.33 62.87 98.81 98.29 98.80 97.78 78.74 72.30 78.25 63.64 91.89 91.84 91.89 83.70
768+768 79.08 73.53 82.75 65.37 97.62 96.71 97.63 95.61 80.84 74.44 82.73 64.31 92.60 92.59 92.61 85.37

Attention (ATT)

Self-Att
768+27 86.61 77.10 82.37 68.45 98.51 98.00 98.52 97.29 85.89 68.52 84.08 66.40 92.71 92.71 92.69 85.45
768+768 88.22 77.54 85.77 68.71 98.21 97.58 98.23 96.76 85.93 77.37 79.77 66.76 95.20 95.18 95.20 90.35

Hier-Att
768+27 88.79 82.19 82.21 77.06 97.92 97.42 97.92 96.15 83.81 71.23 84.83 56.07 93.01 93.01 92.98 85.95
768+768 83.04 88.83 74.35 71.56 99.11 98.71 99.11 98.36 85.57 72.55 81.47 66.96 93.92 93.89 93.92 87.77

MH-Att
768+27 83.59 77.26 83.54 63.20 98.51 97.99 98.52 97.25 78.86 78.82 84.18 57.03 93.01 93.02 92.99 86.05
768+768 85.77 74.38 88.52 66.27 98.21 97.57 98.23 96.73 82.66 73.53 83.78 61.18 93.92 93.89 93.92 87.77

BiGRU+Att
768+27 81.80 80.47 84.15 71.01 98.81 98.43 98.82 97.82 83.55 70.98 80.93 58.89 91.89 91.86 91.90 83.72
768+768 82.19 71.56 81.78 66.35 98.51 97.86 98.52 97.24 79.07 70.42 82.55 62.62 93.72 93.70 93.72 87.42

Acc = Accuracy F1-M = F1 Macro F1-W = F1 Weighted MCC = Matthews Correlation Coefficient (%) bold = best per section
& concatenation

Concatenation: 786+27 = 27 emotion dims ⊕ FinBERT 768 dims 768+768 = RoBERTa 768 dims ⊕ FinBERT 768 dims
Model abbreviations: SVM = Support Vector Machine RF = Random Forest LR = Logistic Regression XGB = XGBoost
CatB = CatBoost LGBM = LightGBM BiGRU+Att = BiGRU + Attention Transf = Transformer Self-Att = Self-Attention

Hier-Att = Hierarchical Attention MH-Att = Multi-Head Attention

Table 3.9 presents the performance of 16 machine learning, deep learning, and
attention-based models using two concatenation configurations (768+27 and 768+768)
across four financial sentiment datasets: PhraseBank 50%, PhraseBank 100%, Twitter, and
Gold.

A. result of 768+27 In theMachine Learning category, SVM, Random Forest, and XGBoost
recorded the highest results on PhraseBank 100% (F1-W: 99.10%, MCC: 98.35%). On
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PhraseBank 50%, XGBoost obtained the best scores (F1-W: 90.28%, MCC: 82.49%).
SVM ranked first on Gold (F1-W: 93.12%, MCC: 86.21%) and Twitter (F1-W: 82.41%,
MCC: 65.72%), making it the strongest ML model for the 768+27 representation.

In the Deep Learning category, GRU recorded the highest results on PhraseBank 100%
(F1-W: 99.11%, MCC: 98.36%), while BiGRU ranked first on PhraseBank 50% (F1-W:
85.03%, MCC: 73.02%). LSTM led on Gold (F1-W: 92.91%, MCC: 85.84%). For
Twitter, BiGRU obtained the highest results (F1-W: 77.66 %, MCC: 64.33%).

In the Attention category, BiGRU+Attention ranked first on PhraseBank 100% (F1-W:
98.82%, MCC: 97.82%). On PhraseBank 50%, BiGRU+Attention obtained the highest
F1-W (84.15%), while Hierarchical Attention recorded the highest MCC (77.06%).
MH-Attention led on Gold (F1-W: 92.99%, MCC: 86.05%). For Twitter, MH-Attention
achieved the highest F1-W (84.18%), whereas Self-Attention obtained the highest MCC
(66.40%).

B. result of 768+768 In the Machine Learning category, CatBoost recorded the highest
results on PhraseBank 100% (F1-W: 99.11%, MCC: 98.35%). SVM ranked first
on PhraseBank 50% (F1-W: 90.40%, MCC: 82.71%), Gold (F1-W: 94.93%, MCC:
89.82%), and Twitter (F1-W: 84.92%, MCC: 70.62%), making it the strongest ML
model for the 768+768 representation.

In the Deep Learning category, CNN-1D led on PhraseBank 100% (F1-W: 98.81%,
MCC: 97.80%). LSTM recorded the best results on PhraseBank 50% (F1-W: 80.54%,
MCC: 65.52%) and Twitter (F1-W: 84.93%, MCC: 65.97%), while BiGRU ranked first
on Gold (F1-W: 94.33%, MCC: 88.61%).

In the Attention category, Hierarchical Attention ranked first on PhraseBank 100%
(F1-W: 99.11%, MCC: 98.36%). Self-Attention led on PhraseBank 50% (F1-W: 85.77%,
MCC: 68.71%) and Gold (F1-W: 95.34%, MCC: 90.63%), whereas MH-Attention
recorded the best results on Twitter (F1-W: 83.78%, MCC: 61.18%).

Overall, PhraseBank 100% produced the highest scores, followed by Gold and
PhraseBank 50%, while Twitter remained the most challenging dataset. Across the three
model families, SVM showed the strongest ML results, BiGRU the strongest DL results,
and Self-Attention the strongest attention-based results. The 768+768 representation
generally outperformed the 768+27 representation, especially on the Gold and Twitter
datasets.

Figure 3.4 presents the F1-Weighted and MCC scores of the best model per category
(ML,DL ,ATT) on 768+768 representation.
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Figure 3.4. Best-performing model on 768+768 representation per category (ML, DL, ATT)
— F1-Weighted and MCC scores across the four datasets (Concatenation Feature Extraction

with Roberta-GoEmotion (27-768))

3.6.2 Concatenation Fine Tuning FinBERT with Roberta - GoEmotion
(27-768)

This part presents the results of Approche 3 concatenation fine tuning FinBERT for financial
sentiment classification using concatenated feature representations across four datasets. Two
fusion strategies, namely 768+27 and 768+768, are evaluated using ML, DL, and ATT models.
The corresponding results are summarized in Table 3.10.

Table 3.10. Approach 3 — Concatenation Fine tuning FinBERT: classification results across
four datasets

Model Concat.
Phrasebank 50% Phrasebank 100% Twitter Gold

Acc F1-M F1-W MCC Acc F1-M F1-W MCC Acc F1-M F1-W MCC Acc F1-M F1-W MCC

Machine Learning (ML)

SVM
768+27 92.46 90.80 92.42 86.25 98.66 98.31 98.66 97.53 90.69 87.03 90.57 81.71 96.23 96.20 96.23 92.43
768+768 92.66 90.98 92.64 86.66 96.43 95.38 96.42 93.45 90.82 87.36 90.72 81.98 96.47 96.45 96.47 92.92

RF
768+27 93.08 91.27 93.03 87.38 98.21 97.47 98.21 96.71 90.82 87.23 90.70 81.95 96.11 96.07 96.10 92.22
768+768 92.87 91.09 92.82 87.00 95.98 94.89 95.93 92.60 90.73 87.09 90.60 81.76 96.11 96.07 96.10 92.22

LR
768+27 92.05 90.54 92.03 85.54 99.11 98.74 99.11 98.36 88.13 83.80 88.08 76.93 95.62 95.59 95.62 91.19
768+768 92.45 91.10 92.45 86.36 95.98 94.94 95.96 92.61 88.64 84.62 88.60 77.94 95.38 95.35 95.62 91.19

XGB
768+27 92.87 91.16 92.84 87.02 99.11 98.73 99.10 98.35 90.90 87.20 90.78 82.11 96.11 96.08 96.10 92.20
768+768 92.87 91.02 92.83 87.01 96.88 96.15 96.83 94.24 90.61 86.95 90.48 81.54 96.23 96.20 96.22 92.44

CatB
768+27 92.56 90.76 92.52 86.46 98.66 98.31 98.66 97.53 90.52 86.70 90.39 81.37 96.59 96.57 96.59 93.17
768+768 92.35 90.52 92.31 86.09 96.43 95.34 96.40 93.43 90.69 87.03 90.56 81.70 96.35 96.32 96.34 92.70

LGBM
768+27 92.77 91.13 92.73 86.82 99.11 98.73 99.10 98.35 90.65 86.98 90.54 81.64 96.23 96.20 96.22 92.45
768+768 92.45 90.79 92.43 86.27 97.32 96.59 97.29 95.06 90.78 87.06 90.65 81.86 96.35 96.32 96.35 92.69

Deep Learning (DL)

LSTM
768+27 84.06 71.89 83.87 65.34 97.32 96.23 97.33 95.09 83.15 76.00 80.28 57.11 96.35 96.35 96.34 92.70
768+768 82.31 76.32 78.16 58.27 95.09 94.14 95.09 91.01 80.02 70.75 82.19 57.31 96.23 96.20 96.22 92.46

BiLSTM
768+27 82.17 71.69 81.95 59.97 97.77 96.67 97.79 95.93 83.76 70.15 79.90 56.76 96.47 96.45 96.47 92.91
768+768 79.83 73.42 84.31 62.64 96.43 95.34 96.40 93.43 85.50 72.71 78.40 60.78 96.59 96.57 96.59 93.15

GRU
768+27 85.23 70.57 83.75 64.68 98.21 97.08 98.23 96.74 79.50 72.10 83.81 55.42 96.23 96.20 96.22 92.47

Continued on next page...
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Table 3.10 — (continued)

Model Concat.
Phrasebank 50% Phrasebank 100% Twitter Gold

Acc F1-M F1-W MCC Acc F1-M F1-W MCC Acc F1-M F1-W MCC Acc F1-M F1-W MCC

768+768 81.68 71.56 81.14 64.56 94.64 93.80 94.68 90.33 84.63 73.08 84.73 59.78 96.35 96.32 96.35 92.69

BiGRU
768+27 83.94 79.86 82.37 59.90 97.77 96.67 97.79 95.93 81.09 75.78 79.91 58.91 96.23 96.21 96.22 92.47
768+768 85.53 70.55 79.73 64.84 95.54 94.63 95.58 91.96 84.35 74.48 78.36 62.12 96.11 96.08 96.11 92.17

CNN-1D
768+27 83.31 77.97 79.72 69.67 98.66 98.31 98.66 97.53 79.78 73.50 84.88 57.54 96.11 96.08 96.10 92.20
768+768 79.20 70.50 79.79 60.47 96.88 95.80 96.88 94.34 83.00 70.64 83.38 59.81 96.47 96.44 96.47 92.94

Transf
768+27 87.58 78.44 86.93 63.55 98.66 98.31 98.66 97.53 81.56 70.85 79.29 61.60 96.47 96.45 96.47 92.94
768+768 79.20 70.77 81.31 57.30 95.09 94.19 95.12 91.09 84.82 75.87 81.46 57.82 96.23 96.20 96.22 92.47

Attention (ATT)

Self-Att
768+27 90.13 79.04 84.29 72.24 98.66 98.31 98.66 97.53 83.72 83.29 82.59 65.24 96.47 96.47 96.45 92.90
768+768 80.63 71.29 83.43 60.39 98.66 97.90 98.67 97.54 86.94 77.80 81.07 62.13 96.11 96.08 96.11 92.17

Hier-Att
768+27 87.20 84.01 81.66 77.14 96.88 95.82 96.88 94.29 87.22 73.92 84.08 64.04 96.23 96.20 96.23 92.42
768+768 87.70 74.60 79.86 57.70 98.66 97.90 98.67 97.54 82.33 74.97 84.63 63.76 96.23 96.20 96.23 92.42

MH-Att
768+27 84.51 78.74 81.42 66.25 95.98 95.50 96.06 92.90 84.51 74.20 85.92 74.82 96.47 96.46 96.44 92.98
768+768 84.35 70.63 80.69 63.37 97.77 97.51 97.79 95.97 83.93 74.45 83.37 64.80 95.01 95.00 95.02 90.15

BiGRU+Att
768+27 83.91 72.39 84.03 71.13 97.32 96.23 97.33 95.09 79.31 70.94 77.91 60.53 96.23 96.21 96.22 92.47
768+768 79.72 71.81 80.31 61.93 95.98 94.94 95.96 92.61 80.34 76.19 79.48 60.83 96.11 96.08 96.10 92.19

Acc = Accuracy F1-M = F1 Macro F1-W = F1 Weighted MCC = Matthews Correlation Coefficient (%) bold = best per section
& concatenation

Concatenation: 786+27 = 27 emotion dims ⊕ FinBERT 768 dims (fine-tuned) 768+768 = RoBERTa 768 dims ⊕ FinBERT 768
dims (fine-tuned)

Model abbreviations: SVM = Support Vector Machine RF = Random Forest LR = Logistic Regression XGB = XGBoost
CatB = CatBoost LGBM = LightGBM BiGRU+Att = BiGRU + Attention Transf = Transformer Self-Att = Self-Attention

Hier-Att = Hierarchical Attention MH-Att = Multi-Head Attention
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Table 3.10 presents the classification performance of 16 machine learning, deep learning,
and attention-based models using two fine-tuned FinBERT concatenation configurations
(768+27 and 768+768) across four financial sentiment datasets: PhraseBank 100%, PhraseBank
50%, Twitter, and Gold.

A. result of 768+27
In the Machine Learning category, Logistic Regression, XGBoost, and LightGBM
achieved the highest results on PhraseBank 100% (F1-W: 99.11%, MCC: 98.36%),
Random Forest ranked first on PhraseBank 50% (F1-W: 93.03%, MCC: 87.38%),
XGBoost led on Twitter (F1-W: 90.78%, MCC: 82.11%), and CatBoost achieved the
best results on Gold (F1-W: 96.59%, MCC: 93.17%).

In the Deep Learning category, Transformer obtained the highest scores on PhraseBank
100% (F1-W: 98.66 %, MCC: 97.53 %),and is the best on PhraseBank 50% (F1-W:
86.93%, MCC: 63.55%), CNN-1D ranked first on Twitter (F1-W: 84.88%, MCC:
57.54%), while BiLSTM and Transformer achieved the highest results on Gold (F1-W:
96.47%, MCC: 92.94%).

In the Attention category, Self-Attention achieved the highest results on PhraseBank
100% (F1-W: 98.66%, MCC: 97.53%), Self-Attention on PhraseBank 50%(F1-W:
84.29%, MCC: 72.24%), while MH-Attention obtained the best scores on Twitter
(F1-W: 85.92%,MCC:74.82%),Self-Att and MH-Att achieved the highest results on
Gold (F1-W: 96.45%, MCC: 92.98%).

B. Results of 768+768

In the Machine Learning category, LightGBM achieved the highest results on
PhraseBank 100% (F1-W: 97.29%, MCC: 95.06%), Random Forest and XGB ranked
first on PhraseBank 50% (F1-W: 92.82%, MCC: 87.01%), SVM led on Twitter (F1-W:
90.72%, MCC: 81.98%), and CatBoost achieved the best results on Gold (F1-W:
96.34%, MCC: 92.70%).

In the Deep Learning category, CNN-1D achieved the highest scores on PhraseBank
100% (F1-W: 96.88%,MCC:94.34%), BiLSTM performed best on PhraseBank 50%
(F1W:84.31%,MCC::62.64%) and Gold (F1-W: 96.59%, MCC: 93.15%), while GRU
obtained the highest Twitter performance (F1-W: 84.73%, MCC: 59.78%).

In the Attention category,Self Attention and Hierarchical Attention achieved the highest
results on PhraseBank 100% (F1-W: 98.67%, MCC: 97.54%) and Twitter (F1-W:
84.63%,MCC: 63.76), while self Attention performed best on PhraseBank 50% (F1-W:
83.43%,MCC: 60.39) ,and Hierarchical Attention achieved the highest result on Gold
(F1-W: 96.23%,MCC: 92.42%).

Overall, PhraseBank 100% produced the highest classification scores, followed by Gold
and PhraseBank 50%, while Twitter remained the most challenging dataset. The 768+27
configuration generally achieved better results than 768+768, suggesting that combining
emotion-based features with fine-tuned FinBERT embeddings provides complementary
information for financial sentiment classification.
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Figure 3.5 presents the F1-Weighted and MCC scores of the best model per category
(ML,DL ,ATT) on 768+768 representation.

Figure 3.5. Best-performing model on 768+768 representation per category (ML, DL, ATT)
— F1-Weighted and MCC scores across the four datasets (concatenation fine tuning FinBERT

with Roberta-GoEmotion (27-768))

3.6.3 Concatenation Fine Tuning RoBERTa with Roberta - GoEmotion
(27-768)

This part presents the results of Approach 3 concatenation Fine-tuning RoBERTa for financial
sentiment classification using concatenated feature representations across four datasets. Two
fusion strategies, namely 768+27 and 768+768, are evaluated using ML, DL, and ATT models.
The corresponding results are summarized in Table 3.11.

Table 3.11. Approach 3 — Concatenation Fine tuning RoBERTa: classification results across
four datasets

Model Concat.
Phrasebank 50% Phrasebank 100% Twitter Gold

Acc F1-M F1-W MCC Acc F1-M F1-W MCC Acc F1-M F1-W MCC Acc F1-M F1-W MCC

Machine Learning (ML)

SVM
768+27 92.46 91.48 92.46 86.33 98.66 98.30 98.65 97.53 92.75 90.48 92.73 85.94 95.86 95.84 95.84 91.69
768+768 92.36 91.64 92.35 86.11 99.11 98.73 99.10 98.35 92.41 90.10 92.40 85.30 96.23 96.20 96.23 92.43

RF
768+27 92.56 91.44 92.54 86.47 98.66 98.30 98.65 97.53 92.87 90.64 92.84 86.12 96.35 96.33 96.35 92.69
768+768 92.46 91.44 92.44 86.26 98.55 98.30 98.65 97.53 92.83 90.57 92.80 86.03 96.11 96.08 96.10 92.20

LR
768+27 90.19 88.91 90.18 82.22 99.11 99.15 99.10 98.35 90.69 87.88 90.69 82.05 95.13 95.10 95.13 90.22
768+768 90.50 89.50 90.48 82.71 98.66 98.30 98.65 97.53 91.28 88.73 91.28 83.13 94.65 94.62 94.65 89.23

XGB
768+27 92.46 91.33 92.43 86.24 99.11 99.15 99.10 98.35 92.62 90.30 92.57 85.58 96.11 96.08 96.10 92.19
768+768 92.25 91.06 92.21 85.85 99.11 99.15 99.10 98.35 92.83 90.52 92.79 86.02 96.23 96.20 96.22 92.44

CatB
768+27 92.87 91.82 92.85 87.03 98.55 98.30 98.65 97.53 92.66 90.33 92.62 85.69 96.35 96.32 96.35 92.68
768+768 92.67 91.56 92.65 86.65 98.66 98.30 98.65 97.53 92.75 90.46 92.71 85.88 96.35 96.32 96.35 92.69

LGBM
768+27 92.46 91.45 92.44 86.27 99.55 99.58 99.55 99.17 92.96 90.75 92.92 86.26 96.47 96.45 96.47 92.94
768+768 92.36 91.42 92.33 86.06 99.11 98.73 99.10 98.35 92.75 90.46 92.71 85.85 96.35 96.32 96.35 92.68

Deep Learning (DL)

LSTM
768+27 84.72 70.89 81.04 68.33 98.66 98.30 98.65 97.53 79.27 68.97 78.30 66.44 96.23 96.21 96.23 92.42
768+768 81.67 76.11 80.90 61.04 98.66 98.30 98.66 97.53 86.14 69.78 84.62 58.99 95.86 95.84 95.86 91.69

Continued on next page...
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Table 3.11 — (continued)

Model Concat.
Phrasebank 50% Phrasebank 100% Twitter Gold

Acc F1-M F1-W MCC Acc F1-M F1-W MCC Acc F1-M F1-W MCC Acc F1-M F1-W MCC

BiLSTM
768+27 84.04 76.85 79.51 60.38 98.66 98.30 98.65 97.53 83.76 70.15 79.90 56.76 95.99 95.95 95.98 91.98
768+768 81.24 71.29 81.14 57.97 99.11 98.73 99.10 98.35 81.54 74.44 80.57 66.84 96.11 96.08 96.10 92.18

GRU
768+27 80.06 79.08 86.75 68.73 98.21 97.90 98.22 96.71 78.22 70.44 78.39 55.02 96.23 96.20 96.23 92.42
768+768 79.65 73.33 82.08 64.62 98.21 97.90 98.22 96.71 82.16 71.27 82.78 57.49 95.86 95.83 95.86 91.75

BiGRU
768+27 86.10 70.84 79.38 60.26 98.21 97.90 98.22 96.71 84.72 68.20 82.34 62.97 96.35 96.33 96.35 92.66
768+768 85.29 74.13 79.35 60.75 99.11 98.73 99.10 98.35 80.23 76.35 80.98 60.21 96.11 96.08 96.10 92.22

CNN-1D
768+27 80.64 72.48 83.86 67.14 98.66 98.30 98.66 97.53 81.20 68.97 80.77 56.13 96.23 96.21 96.23 92.42
768+768 80.30 70.55 79.31 62.24 99.11 98.73 99.10 98.35 84.83 74.03 78.72 64.57 95.74 95.70 95.73 91.51

Transf
768+27 83.54 72.44 79.63 70.34 98.66 98.30 98.65 97.53 78.88 68.90 80.58 63.47 96.35 96.32 96.35 92.68
768+768 81.81 70.48 83.22 57.08 99.11 98.73 99.10 98.35 81.89 69.27 78.53 60.54 95.13 95.08 95.12 90.35

Attention (ATT)

Self-Att
768+27 85.05 78.69 85.59 68.40 99.11 98.73 99.10 98.35 88.32 79.16 82.05 77.73 96.72 96.69 96.71 99.32
768+768 86.69 75.41 83.77 58.72 99.11 98.73 99.10 98.35 85.53 75.05 81.70 66.80 95.99 95.96 95.99 91.93

Hier-Att
768+27 87.49 74.77 88.63 67.63 98.66 98.30 98.65 97.53 89.65 78.68 83.44 72.24 96.59 96.57 96.59 99.29
768+768 85.26 70.57 80.48 65.56 97.77 97.25 97.78 95.92 80.75 72.59 82.93 61.21 96.23 96.20 96.23 92.42

MH-Att
768+27 83.77 80.81 86.01 75.64 98.21 97.90 98.22 96.71 88.95 82.55 82.20 63.53 96.23 96.20 96.22 99.24
768+768 84.82 77.23 81.07 67.26 99.11 98.73 99.10 98.35 80.92 74.00 83.79 59.69 94.89 94.88 94.90 89.87

BiGRU+Att
768+27 83.04 76.61 84.81 61.38 98.66 98.30 98.65 97.53 83.33 71.13 82.97 55.47 96.35 96.33 96.35 92.66
768+768 83.23 74.73 81.16 61.76 99.11 98.73 99.10 98.35 83.56 70.10 78.15 58.55 96.35 96.33 96.35 92.67

Acc = Accuracy F1-M = F1 Macro F1-W = F1 Weighted MCC = Matthews Correlation Coefficient (%) bold = best per section
& concatenation

Concatenation: 786+27 = 27 emotion dims ⊕ RoBERTa 768 dims (fine-tuned) 768+768 = RoBERTa 768 dims ⊕ RoBERTa 768
dims (fine-tuned)

Model abbreviations: SVM = Support Vector Machine RF = Random Forest LR = Logistic Regression XGB = XGBoost
CatB = CatBoost LGBM = LightGBM BiGRU+Att = BiGRU + Attention Transf = Transformer Self-Att = Self-Attention

Hier-Att = Hierarchical Attention MH-Att = Multi-Head Attention

Table 3.11 presents the classification performance of 16 machine learning, deep
learning,and attention-based models using two fine-tuned RoBERTa concatenation
configurations(768+27 and 768+768) across four financial sentiment datasets: PhraseBank
100%, PhraseBank 50%, Twitter, and Gold.

A. result of 768+27
In the Machine Learning category, LightGBM achieved the best results on PhraseBank
100% (F1-W: 99.55%, MCC: 99.17%), CatBoost ranked first on PhraseBank 50%
(F1-W: 92.85%, MCC: 87.03%), while LightGBM also led on Twitter (F1-W: 92.92%,
MCC: 86.26%) and Gold (F1-W: 96.47%, MCC: 92.94%).

In the Deep Learning category, GRU achieved the best performance on PhraseBank
50% (F1-W: 86.75%, MCC: 68.73%), BiGRU ranked first on Twitter (F1-W: 82.34%,
MCC:62.97%), while several models achieved similar top results on PhraseBank 100%
(F1-W: 98.65%,MCC:97.53%) and Gold (F1-W = 96.35%, MCC = 92.68%).

In the Attention category, Self-Attention achieved the highest results on PhraseBank
100% (F1-W: 99.10%, MCC: 98.35%), Hierarchical Attention performed best on
PhraseBank 50% (F1-W: 88.63%,MCC:67.63%), while Hierarchical Attention and Self
Attention achieved the strongest results on Twitter (F1-W: 83.44%, MCC: 77.73%) and
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Gold (F1-W: 96.71%, MCC: 99.32%).

B. result of 768+768

In the Machine Learning category, CatBoost achieved the best performance on
PhraseBank 50% (F1-W: 92.65%, MCC: 86.65%), SVM, XGBoost, and LightGBM
led on PhraseBank 100% (F1-W: 99.10%, MCC: 98.35%), XGBoost ranked first on
Twitter (F1-W: 92.79%, MCC: 86.02%), while CatBoost and LightGBM achieved the
best results on Gold (F1-W: 96.35%, MCC: 92.69%).

In the Deep Learning category, Transformer achieved the highest F1-W on PhraseBank
50% (83.22%, MCC: 57.08%), GRU obtained the best Twitter performance (F1-W:
82.78%,MCC: 57.49%), and several models achieved identical top results on PhraseBank
100% (F1-W: 99.10%, MCC: 98.35%). BiGRU ,BiLSTM achieved the best results on
Gold (F1-W: 96.35%, MCC: 92.68%).

In the Attention category, Self-Attention and MH-Attention achieved the highest results
on PhraseBank 100% (F1-W: 99.10%, MCC: 98.35%). Self-Attention performed best
on PhraseBank 50% (F1-W: 83.77%,MCC:58.72 %) and BiGRU+Att on Gold (F1-W:
96.35%, MCC: 91.93%), while MH-Attention achieved the highest Twitter performance
(F1-W: 83.79%, MCC: 59.69%).

Figure 3.6 presents the F1-Weighted and MCC scores of the best model per category
(ML,DL ,ATT) on 768+768 representation.

Figure 3.6. Best-performing model on 768+768 representation per category (ML, DL, ATT)
— F1-Weighted and MCC scores across the four datasets (concatenation fine tuning

RoBERTa with Roberta - GoEmotion (27-768))

3.6.4 Concatenation Fine Tuning DeBERTa with Roberta - GoEmotion
(27-768)

This part presents the results of Approach 3 concatenation Fine-tuning DeBERTa for financial
sentiment classification using concatenated feature representations across four datasets. Two
fusion strategies, namely 768+27 and 768+768, are evaluated using ML, DL, and ATT models.
The corresponding results are summarized in Table 3.12.
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Table 3.12. Approach 3 — Concatenation Fine tuning DeBERTa: classification results across
four datasets

Model Concat.
Phrasebank 50% Phrasebank 100% Twitter Gold

Acc F1-M F1-W MCC Acc F1-M F1-W MCC Acc F1-M F1-W MCC Acc F1-M F1-W MCC

Machine Learning (ML)

SVM
768+27 89.46 87.37 89.46 80.90 98.66 98.65 98.66 97.53 87.88 83.80 87.76 76.16 95.99 95.96 95.98 91.95
768+768 89.26 87.23 89.27 80.63 99.11 98.73 99.10 98.35 88.05 84.18 87.96 76.58 95.99 95.96 95.98 91.94

RF
768+27 89.57 87.68 89.59 81.23 99.11 98.73 99.10 98.35 88.09 84.20 88.03 76.73 95.38 95.36 95.37 90.76
768+768 89.67 87.67 89.68 81.39 99.11 98.73 99.10 98.35 88.01 84.19 87.96 76.62 95.62 95.60 95.61 91.27

LR
768+27 86.36 85.00 86.41 75.51 98.66 98.65 98.66 97.53 84.28 79.68 84.43 70.30 93.80 93.78 93.79 87.52
768+768 87.40 86.12 87.47 77.60 99.11 98.73 99.10 98.35 84.99 80.36 85.00 71.04 94.04 94.00 94.04 88.01

XGB
768+27 89.46 87.33 89.45 80.87 99.11 98.73 99.10 98.35 87.80 83.77 87.68 75.98 95.86 95.84 95.86 91.72
768+768 89.46 87.59 89.46 80.93 99.11 98.73 99.10 98.35 88.22 84.35 88.13 76.89 95.99 95.95 95.49 90.99

CatB
768+27 89.67 87.68 89.68 81.35 99.11 98.73 99.10 98.35 88.09 84.14 87.99 76.64 95.74 95.71 95.73 91.48
768+768 89.26 87.19 89.26 80.59 99.11 98.73 99.10 98.35 88.26 84.36 88.16 76.97 95.74 95.71 95.73 91.48

LGBM
768+27 89.36 87.39 89.36 80.76 99.11 98.73 99.10 98.35 88.01 83.94 87.89 76.41 95.86 95.84 95.86 91.72
768+768 89.36 87.14 89.38 80.81 99.11 98.73 99.10 98.35 88.39 84.52 88.29 77.18 95.62 95.58 95.61 91.24

Deep Learning (DL)

LSTM
768+27 82.09 79.09 83.36 58.72 98.66 98.31 98.66 97.53 86.65 75.99 80.48 55.74 95.74 95.71 95.74 91.47
768+768 84.10 76.18 82.74 57.99 98.66 98.31 98.66 97.53 86.98 76.03 79.17 58.50 95.99 95.95 95.98 91.98

BiLSTM
768+27 82.60 72.43 83.06 67.05 98.66 98.31 98.66 97.53 82.22 71.43 82.52 63.34 95.13 95.11 95.12 90.26
768+768 79.57 70.19 84.31 61.43 98.66 98.31 98.66 97.53 79.60 76.69 83.40 57.45 95.62 95.58 95.61 91.29

GRU
768+27 82.58 71.31 83.69 61.98 98.66 98.31 98.66 97.53 83.69 72.79 81.38 61.89 95.74 95.70 95.74 91.47
768+768 79.68 69.28 79.00 61.73 98.66 98.31 98.66 97.53 86.56 70.65 81.18 66.29 95.74 95.70 95.24 90.57

BiGRU
768+27 83.83 71.55 85.04 58.06 98.66 98.31 98.66 97.53 79.77 74.09 81.28 60.31 95.38 95.33 95.36 90.82
768+768 85.77 76.15 81.90 67.13 98.66 98.31 98.66 97.53 84.72 72.40 79.57 66.65 95.26 95.24 95.98 91.94

CNN-1D
768+27 84.65 77.00 84.25 66.40 98.21 97.90 98.22 96.71 84.66 69.43 79.19 60.13 95.99 95.96 95.98 91.93
768+768 86.82 71.32 80.23 66.71 98.66 98.31 98.66 97.53 83.31 71.95 81.84 57.99 94.40 94.35 94.39 88.83

Transf
768+27 81.96 70.74 81.67 62.71 98.66 98.31 98.65 97.53 79.54 69.57 81.40 55.10 95.99 95.95 95.98 92.00
768+768 79.74 72.53 83.39 60.96 98.66 98.31 98.66 97.53 83.71 72.18 78.68 60.53 95.38 95.33 95.36 90.82

Attention (ATT)

Self-Att
768+27 89.46 76.65 87.47 79.79 99.11 98.73 99.10 98.35 87.52 73.81 87.97 73.47 96.35 96.33 96.35 92.67
768+768 87.35 72.69 83.69 59.45 99.11 98.73 99.10 98.35 81.25 73.75 81.62 60.97 95.86 95.83 95.86 99.38

Hier-Att
768+27 90.65 82.87 81.81 66.66 99.11 98.73 99.10 98.35 85.18 75.68 86.17 70.07 95.99 95.96 95.98 91.94
768+768 81.73 75.99 79.05 58.39 99.11 98.73 99.10 98.35 82.76 70.13 80.29 57.68 95.38 95.34 95.37 99.35

MH-Att
768+27 87.16 77.72 82.29 79.88 98.66 98.08 98.67 97.54 87.25 75.34 87.64 74.17 96.23 96.20 96.23 92.43
768+768 87.14 74.46 85.02 66.09 99.11 98.73 99.10 98.35 87.97 76.72 84.63 58.99 95.86 95.84 95.86 99.27

BiGRU+Att
768+27 81.83 74.97 86.69 67.27 98.66 98.31 98.66 97.53 81.91 68.19 78.61 63.32 95.01 94.97 95.00 90.03
768+768 79.48 75.53 83.07 62.71 98.66 98.31 98.66 97.53 84.08 73.31 84.21 65.88 95.13 95.08 95.12 90.31

Acc = Accuracy F1-M = F1 Macro F1-W = F1 Weighted MCC = Matthews Correlation Coefficient (%) bold = best per section
& concatenation

Concatenation: 768+27 = 27 emotion dims ⊕ DeBERTa 768 dims (fine-tuned) 768+768 = RoBERTa 768 dims ⊕ DeBERTa 768
dims (fine-tuned)

Model abbreviations: SVM = Support Vector Machine RF = Random Forest LR = Logistic Regression XGB = XGBoost
CatB = CatBoost LGBM = LightGBM BiGRU+Att = BiGRU + Attention Transf = Transformer Self-Att = Self-Attention

Hier-Att = Hierarchical Attention MH-Att = Multi-Head Attention

Table 3.12 presents the classification performance of 16 machine learning, deep
learning,and attention based models using two fine-tuned DeBERTa concatenation

53



configurations(768+27 and 768+768) across four financial sentiment datasets: PhraseBank
100%, PhraseBank 50%,Twitter, and Gold.

A. result of 768+27
In the Machine Learning category, CatBoost achieved the best results on PhraseBank
50% (F1-W: 89.68%, MCC: 81.35%), RF,XGB,CatB,LightGBM on PhraseBank 100%
(F1-W: 99.10%, MCC: 98.35%), Random Forest on Twitter (F1-W: 88.03%, MCC:
76.73%), and SVM on Gold (F1-W: 95.98%, MCC: 91.95%).
In the Deep Learning category, BiGRU+Attention achieved the best performance on
PhraseBank 50% (F1-W: 86.69%), BiGRU on Twitter (F1-W: 85.04 %, MCC: 58.06%),
while several models obtained similar top results on PhraseBank 100% (F1-W: 98.66%,
MCC: 97.53%). Transformer achieved the highest performance on Gold (F1-W: 95.98%,
MCC: 92.00%).
In the Attention category,self Attention performed best on PhraseBank 50% (F1-W:
87.47%, MCC: 79.79%), Self Attention ,Hierarchical Attention on PhraseBank 100%
(F1-W: 99.10%, MCC: 98.35%) and Gold (F1-W: 96.35%, MCC: 92.67%), while
MH-Attention achieved the strongest Twitter results (F1-W: 87.64%, MCC: 74.17%).

B. result of 768+768
In the Machine Learning category, Random Forest achieved the best results on
PhraseBank 50% (F1-W: 89.68%, MCC: 81.39%), all ML models obtained identical top
performance on PhraseBank 100% (F1-W: 99.10%, MCC: 98.35%), LightGBM ranked
first on Twitter (F1-W: 88.29%, MCC: 77.18%), and SVM achieved the highest Gold
performance (F1-W: 95.98%, MCC: 91.94%).
In the Deep Learning category, BiLSTM achieved the best performance on PhraseBank
50% (F1-W: 84.31% , MCC:61.43%), BiLSTM obtained the strongest Twitter results
(F1-W: 83.40%, MCC: 57.45%), LSTM achieved the highest Gold performance (F1-W:
95.98%, MCC: 91.98%), while several DL models reached similar top results on
PhraseBank 100% (F1-W: 98.66%, MCC: 97.53%).
In the Attention category, all attention models achieved identical top performance on
PhraseBank 100% (F1-W: 99.10%, MCC: 98.35%), MH-Attention obtained the best
Twitter results (F1-W: 84.63%, MCC: 58.99%), and Self-Attention achieved the highest
Gold performance (F1-W: 95.86%, MCC: 99.27%).
Overall, PhraseBank 100% yielded the highest classification performance, whereas
Twitter remained the most challenging dataset.The 768+768 configuration showed
a slight advantage on Twitter, while producing comparable results to 768+27 on
PhraseBank 100% and Gold.

Figure 3.7 presents the F1-Weighted and MCC scores of the best model per category
(ML,DL ,ATT) on 768+768 representation.
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Figure 3.7. Best-performing model on 768+768 representation per category (ML, DL, ATT)
— F1-Weighted and MCC scores across the four datasets (concatenation fine tuning

DeBERTa with Roberta-GoEmotion (27-768))

3.6.5 Concatenation Fine Tuning XLM-RoBERTa with Roberta -
GoEmotion (27-768)

This part presents the results of Approach 3 Concatenation Fine tuning XLM-RoBERTa
for financial sentiment classification using concatenated feature representations across four
datasets. Two fusion strategies, namely 768+27 and 768+768, are evaluated using ML, DL,
and ATT models. The corresponding results are summarized in Table 3.13.

Table 3.13. Approach 3 — Concatenation Fine tuning XLM-RoBERTa: classification results
across four datasets

Model Concat.
Phrasebank 50% Phrasebank 100% Twitter Gold

Acc F1-M F1-W MCC Acc F1-M F1-W MCC Acc F1-M F1-W MCC Acc F1-M F1-W MCC

Machine Learning (ML)

SVM
768+27 91.01 89.96 91.06 84.05 96.43 95.38 96.42 93.45 90.06 86.79 90.06 80.82 95.74 95.70 95.73 91.51
768+768 91.43 90.34 91.45 84.63 96.88 96.22 96.87 94.25 90.40 87.14 90.36 81.35 95.86 95.83 95.85 91.76

RF
768+27 90.60 89.21 90.60 83.02 95.98 94.94 95.93 92.60 91.07 87.95 90.97 82.48 95.38 95.36 95.37 90.76
768+768 90.60 89.21 90.61 83.07 95.98 94.94 95.93 92.60 90.78 87.68 90.69 81.94 95.74 95.70 95.73 91.51

LR
768+27 89.36 88.30 89.42 81.16 95.98 94.94 95.96 92.61 88.39 84.96 88.43 77.79 95.50 95.48 95.49 90.99
768+768 89.26 88.40 89.30 80.82 95.98 95.37 95.97 92.61 88.34 84.79 88.36 77.58 95.62 95.58 94.88 89.75

XGB
768+27 90.81 89.70 90.81 83.37 96.88 96.15 96.83 94.24 90.86 87.67 90.74 82.03 95.74 95.70 95.73 91.49
768+768 90.91 89.60 90.92 83.58 97.32 96.59 97.29 95.06 90.94 87.89 90.83 82.20 95.74 95.70 95.73 91.51

CatB
768+27 90.91 89.69 90.92 83.61 96.43 95.34 96.40 93.43 90.73 87.47 90.61 81.79 95.86 95.83 95.86 91.73
768+768 91.22 89.87 91.23 84.15 96.43 95.78 96.41 93.41 90.90 87.72 90.79 82.13 95.86 95.83 95.86 91.73

LGBM
768+27 91.74 90.77 91.75 85.11 97.32 96.59 97.29 95.06 90.94 87.79 90.83 82.18 95.62 95.60 95.61 91.24
768+768 91.53 90.52 91.53 84.71 97.77 97.03 97.75 95.89 90.99 87.78 90.88 82.29 95.86 95.83 95.86 91.73

Deep Learning (DL)

LSTM
768+27 85.59 71.18 80.42 68.08 95.98 94.94 95.56 92.61 86.63 72.26 78.58 58.49 95.99 95.95 95.98 91.98
768+768 85.08 76.46 84.48 66.29 95.54 95.02 95.56 91.90 83.57 74.58 80.08 67.45 95.62 95.96 95.61 91.25

BiLSTM
768+27 81.89 77.52 82.19 66.05 94.64 93.80 94.68 90.33 80.37 70.50 82.37 59.32 95.74 95.71 95.73 91.51
768+768 82.86 74.96 81.81 60.43 95.54 94.98 95.54 91.81 84.28 70.88 84.76 58.48 95.74 95.71 95.74 91.45

GRU
768+27 84.89 71.80 80.81 61.27 95.54 95.02 95.56 91.90 78.95 71.16 84.62 62.16 95.62 95.58 95.61 91.27

Continued on next page...
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Table 3.13 — (continued)

Model Concat.
Phrasebank 50% Phrasebank 100% Twitter Gold

Acc F1-M F1-W MCC Acc F1-M F1-W MCC Acc F1-M F1-W MCC Acc F1-M F1-W MCC

768+768 85.80 75.89 80.88 67.83 96.43 95.78 96.41 93.41 83.14 75.47 83.56 66.30 95.99 95.96 95.98 91.98

BiGRU
768+27 86.74 74.74 81.92 62.68 95.09 94.19 95.12 91.09 84.71 68.71 83.40 56.31 95.74 95.70 95.73 91.51
768+768 85.21 69.13 84.53 58.40 95.54 94.98 95.54 91.81 84.73 72.89 81.23 57.36 95.74 95.71 95.74 91.47

CNN-1D
768+27 83.04 77.67 82.68 67.61 94.64 92.81 94.60 90.12 85.08 75.52 78.21 57.77 95.86 95.83 95.86 91.75
768+768 83.42 75.67 79.91 61.59 94.64 93.40 94.17 89.24 80.82 71.68 84.88 59.66 95.86 95.83 95.86 91.73

Transf
768+27 80.33 77.74 86.67 61.18 95.54 95.02 95.56 91.90 85.63 74.69 83.46 63.06 95.50 95.45 95.48 91.08
768+768 85.97 74.68 80.58 63.65 95.54 94.98 95.54 91.81 81.70 74.99 83.33 62.06 95.99 95.96 95.98 91.94

Attention (ATT)

Self-Att
768+27 88.89 84.46 82.08 67.11 96.43 95.78 96.41 93.41 83.72 81.78 87.17 66.41 96.11 96.07 96.10 92.24
768+768 86.97 70.52 82.84 64.78 96.88 94.98 96.22 94.25 86.32 72.29 80.82 59.11 95.86 95.83 95.86 91.75

Hier-Att
768+27 83.56 82.16 83.93 68.85 95.09 94.19 95.12 91.09 84.79 78.69 84.94 64.70 95.99 95.95 95.98 92.02
768+768 81.81 70.63 81.14 61.46 95.98 94.19 95.42 92.67 87.21 72.54 81.55 57.33 95.50 95.46 95.49 90.96

MH-Att
768+27 89.10 76.93 83.01 64.18 95.54 94.98 95.54 91.81 87.96 76.92 81.76 66.81 96.23 96.20 96.23 92.42
768+768 85.00 73.18 85.51 64.30 96.88 95.78 96.28 94.39 83.78 74.72 85.62 65.55 95.86 95.82 95.85 91.76

BiGRU+Att
768+27 83.11 77.62 83.78 71.14 95.98 94.94 95.56 92.61 86.84 73.36 77.67 55.22 95.74 95.70 95.73 91.51
768+768 86.82 73.35 80.82 66.48 95.54 95.02 95.56 91.90 80.10 76.84 80.24 66.00 95.99 95.96 95.98 91.95

Acc = Accuracy F1-M = F1 Macro F1-W = F1 Weighted MCC = Matthews Correlation Coefficient (%) bold = best per section
& concatenation

Concatenation: 768+27 = 27 emotion dims ⊕ XLM-RoBERTa 768 dims (fine-tuned) 768+768 = RoBERTa 768 dims ⊕
XLM-RoBERTa 768 dims (fine-tuned)

Model abbreviations: SVM = Support Vector Machine RF = Random Forest LR = Logistic Regression XGB = XGBoost
CatB = CatBoost LGBM = LightGBM BiGRU+Att = BiGRU + Attention Transf = Transformer Self-Att = Self-Attention

Hier-Att = Hierarchical Attention MH-Att = Multi-Head Attention

Table 3.13 presents the classification performance of 16 machine learning, deep
learning,and attention based models using two fine-tuned DeBERTa concatenation
configurations(768+27 and 768+768) across four financial sentiment datasets: PhraseBank
100%, PhraseBank 50%,Twitter, and Gold.

A. result of 786+27
In the Machine Learning category, LightGBM achieved the best results on PhraseBank
50% (F1-W: 91.75%, MCC: 85.11%), PhraseBank 100% (F1-W: 97.29%, MCC:
95.06%), CatB on Gold (F1-W: 95.86%, MCC: 91.73%), while Random Forest ranked
first on Twitter (F1-W: 90.97%, MCC: 82.48%).

In the Deep Learning category, Transformer achieved the best performance on
PhraseBank 50% (F1-W: 86.67%), BiGRU+Attention obtained the highest MCC
(71.14%), GRU ranked first on Twitter (F1-W: 84.62%,MCC:62.16), while Transformer
achieved the highest Gold performance (F1-W: 95.48%, MCC: 91.08%). Several DL
models obtained similar results on PhraseBank 100% (F1-W: 95.56%,MCC:92.61).

In the Attention category, Hierarchical Attention achieved the best results on PhraseBank
50% (F1-W: 83.93%, MCC: 68.85%), Self-Attention ranked first on PhraseBank 100%
(F1-W: 96.41%, MCC: 93.41%) and Twitter (F1-W: 87.17%,MCC: 66.81%), while
MH-Attention obtained the highest Gold performance (F1-W: 96.23%, MCC: 92.42%).

B. result of 768+768
In the Machine Learning category, LightGBM achieved the best results on PhraseBank
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100% (F1-W: 97.75%, MCC: 95.89%), Twitter (F1-W: 90.88%, MCC: 82.29%), and
Gold (F1-W: 95.86%, MCC: 91.76%), and PhraseBank 50% (F1-W: 91.53%, MCC:
84.71%).

In the Deep Learning category, BiGRU achieved the best performance on PhraseBank
50% (F1-W: 84.53%, MCC: 67.83%), CNN-1D ranked first on Twitter (F1-W:
84.88%,MCC: 62.06%), and Transf achieved the highest Gold performance (F1-W:
95.98%, MCC: 91.94%). and GRU on PhraseBank 100% (F1-W: 96.41%, MCC:
93.41%).

In the Attention category, MH-Attention achieved the best results on PhraseBank 50%
(F1-W: 85.51%,MCC: 64.30%), PhraseBank 100% (F1-W: 96.28%, MCC: 94.39%),
and Twitter (F1-W: 85.62%, MCC: 65.55%), while BiGRU+Attention obtained the
highest Gold performance (F1-W: 95.98%, MCC: 91.95%).

Figure 3.8 presents the F1-Weighted and MCC scores of the best model per category
(ML,DL ,ATT) on 768+768 representation.

Figure 3.8. Best-performing model on 768+768 representation per category (ML, DL, ATT)
— F1-Weighted and MCC scores across the four datasets (concatenation fine tuning

XLM-RoBERTa with Roberta-GoEmotion (27-768))

3.6.6 Discussion Results of Approach 3
The results of Approach 3 indicate that the 768+768 representation generally outperformed
the 768+27 representation across the four fine-tuned transformer models. Combining two
high-dimensional contextual embeddings preserved richer semantic and financial information
than integrating the 27-dimensional emotion vector, leading to more consistent improvements
in F1-Weighted and MCC scores, particularly on Twitter and Gold.

• Characteristics remained a major factor affecting performance. PhraseBank 100%
consistently achieved the highest scores due to complete annotator agreement, while
Gold also produced strong and stable results because of its high-quality annotations. In
contrast, Twitter remained the most challenging dataset because of its noisy and informal
language, resulting in lower performance across all configurations.

• Among the four fine-tuned transformers, RoBERTa achieved the strongest overall
performance, followed closely by FinBERT. Although FinBERT benefited from its
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financial-domain pretraining, RoBERTa consistently obtained slightly higher results
across most datasets and model families. DeBERTa and XLM-RoBERTa also produced
competitive results but generally remained below RoBERTa and FinBERT.

• model families, Machine Learning models consistently outperformed Deep Learning
and Attention-based architectures. LightGBM, CatBoost, Random Forest, and SVM
repeatedly achieved the highest scores, demonstrating that the contextual embeddings
extracted by the fine-tuned transformers already provide highly discriminative
representations for sentiment classification.

• Fine-Tuning (FT) consistently outperformed Feature Extraction in the concatenation
setting, indicating that adapting the pretrained embeddings to the financial sentiment
task captures richer and more task-specific semantic information. This adaptation allows
classifiers to exploit more discriminative representations, leading to stronger performance
despite the relatively small size of the financial datasets

• While Fine-Tuning achieves the highest absolute scores in the concatenation setting,
the benefit brought by concatenation itself is more apparent in the Feature Extraction
setting, as it better preserves the complementary information contained in different
embedding spaces. During fine-tuning, part of this diversity may be lost through
parameter adaptation, resulting in a less pronounced improvement from concatenation,
particularly on challenging datasets such as Twitter.
Overall, the findings suggest that combining two contextual embedding spaces (768+768)
is more effective than combining contextual embeddings with the 27-dimensional
emotion representation (768+27). While the emotion-based features contribute
useful affective information, the richer semantic representations provided by the
768-dimensional embeddings yield superior classification performance. Among all
evaluated configurations, RoBERTa-based embeddings achieved the best overall results,
with FinBERT remaining the closest competitor.

3.7 Global Study Discussion

3.7.1 Emotion-Sentiment Interaction Analysis
Before evaluating the computational performance of the developed architectures, it is
methodologically essential to analyze the underlying emotional structure of the dataset. This
subsection investigates the distribution of fine-grained emotions and their direct interaction with
high-level financial sentiments.

A. Global Emotion Distribution
To establish a baseline for the fine-grained affective landscape, continuous emotion scores
derived from the RoBERTa model fine-tuned on the GoEmotions classification task are
aggregated and normalized across four distinct financial validation datasets, and unified
across four financial validation datasets used for validation.
Financial PhraseBank 100%Dataset: As illustrated in Figure 3.9, a uniform structural
property emerges in which financial discourse is primarily anchored by the Approval
emotion, which commands the highest mean normalized probability. A sharp decline is
observed from Approval to Disapproval, followed by Optimism and Realization. This
hierarchy suggests that absolute human consensus isolates clear and binary performance
evaluations, resulting in highly distinguishable emotional patterns.
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Figure 3.9. Distribution of average emotion scores detected in Phrasebank 100% Dataset

Financial PhraseBank 50% Dataset : As shown in Figure 3.10, Approval remains
the dominant emotion. However, Disappointment emerges as the second most prominent
emotion, accompanied by a noticeable increase in Sadness. This distribution indicates
that texts lacking absolute human consensus contain more nuanced, passive, or soft-toned
negative language, reflecting a greater degree of emotional ambiguity.

Figure 3.10. Distribution of average emotion scores detected in Phrasebank 50% Dataset

Gold Dataset : Figure 3.11 reveals a distinct rise in Realization and Optimism, both
of which surpass Disapproval. This variation reflects the forward-looking nature of
analytical commentaries and speculative market insights contained within the Gold
dataset. The emotional structure therefore emphasizes interpretation and expectation
rather than direct positive–negative opposition.
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Figure 3.11. Distribution of average emotion scores detected in Gold Dataset

Twitter Dataset : As illustrated in Figure 3.12, Approval remains dominant, followed
closely by Disappointment and Curiosity. This distribution highlights the noisy and
opinionated nature of social media discourse, where personal reactions, uncertainty, and
exploratory attitudes are more prevalent than in professionally curated financial texts.

Figure 3.12. Distribution of average emotion scores detected in Twitter Dataset

Across all datasets, intense emotional states such as Nervousness, Grief, and Anger
remain negligible, highlighting a persistent class imbalance in which financial discourse
suppresses strong affective reactions in favor of analytical and performance-oriented
evaluations. Despite the consistent dominance of Approval, the variations observed
in secondary emotional categories demonstrate that each dataset possesses a distinct
emotional signature. These findings directly support the use of machine learning, deep
learning, and attention mechanisms, which are designed to dynamically capture subtle
and shifting semantic signals across heterogeneous financial text sources.
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B. Dominant Emotions per Sentiment Class
The per-class emotion distributions reveal meaningful affective profiles across sentiment
classes and datasets, yielding several theoretically significant observations.

Financial PhraseBank 100% Dataset: Approval strongly dominates all sentiment
classes. In the negative class, it leads with 158 sentences (52.1%), far ahead of
disappointment (50 sentences, 16.5%). In the neutral class, approval dominates even
more clearly (745 sentences, 53.6%), followed by disapproval (411 sentences, 29.6%),
reflecting its informational nature. In the positive class, approval also ranks first (251
sentences, 44.0%), followed by disapproval (145 sentences, 25.4%). Intense emotions
(anger, fear, sadness, grief) are almost absent across all classes

Figure 3.13. Top 10 Emotions by Sentiment Class in the Phrasebank 100% Dataset

Financial PhraseBank 50% Dataset: Approval strongly dominates the positive class
with 698 sentences (51.2%), followed by realization (328 sentences, 24.1%). In the
negative class, disappointment leads clearly with 291 sentences (48.2%), followed by
realization (136 sentences, 22.5%). In the neutral class, approval remains the most
dominant (1,166 sentences, 40.5%), but anger appears strongly in second position (700
sentences, 24.3%), followed by realization (610 sentences, 21.2%). Compared to the
100% version, the 50% subset shows a more balanced emotional distribution with higher
presence of anger and realization, particularly in neutral and negative sentences.

Figure 3.14. Top 10 Emotions by Sentiment Class in the Phrasebank 50% Dataset
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Gold Dataset Approval strongly dominates both sentiment classes in the GOLD dataset.
In the positive class (N=4,412), it leads overwhelmingly with 2,640 sentences (59.8%),
followed by realization (412 sentences, 9.3%) and optimism (314 sentences, 7.1%). In the
negative class (N=3,814), approval remains the dominant emotion with 1,630 sentences
(42.7%), ahead of realization (281 sentences, 7.4%), optimism (268 sentences, 7.0%), and
disappointment (258 sentences, 6.8%). Intense negative emotions such as anger, fear,
or sadness are almost absent as dominant emotions. The high dominance of approval
across both classes highlights the model’s strong bias toward approval-related framing in
financial and economic discourse, even in negative contexts.

Figure 3.15. Top 10 Emotions by Sentiment Class in the GOLD Dataset

Twitter Dataset: Approval strongly dominates the positive (4,142 sentences, 53.8%)
and neutral classes (1,666 sentences, 69.5%). In the negative class, disappointment
leads clearly with 754 sentences (42.1%), followed by approval (337 sentences, 18.8%)
and annoyance (266 sentences, 14.9%). This distribution shows a more diverse and
emotionally expressive profile on Twitter compared to other financial datasets (such
as Financial Phrasebank and GOLD), with higher presence of annoyance, curiosity,
excitement, and realization, while intense negative emotions remain relatively limited.

Figure 3.16. Top 10 Emotions by Sentiment Class in the Twitter Dataset
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Overall Observation:
Across all datasets, Table 5, which summarizes the top 5 dominant emotions per
sentiment class based on the number of sentences where each emotion is the strongest,
reveals a remarkably consistent pattern. Approval overwhelmingly dominates across the
majority of datasets and sentiment classes, particularly in positive (ranging from 44.0%
to 59.8%) and neutral sentences (up to 69.5% in Twitter).

In negative classes, a clear distinction emerges: while Approval remains surprisingly
dominant in Phrasebank 100% and GOLD, Disappointment becomes the leading emotion
in Phrasebank 50% (48.2%) and Twitter (42.1%). This counterintuitive dominance of
Approval in negative financial texts highlights how models tend to interpret factual
negative reporting through an evaluative approval lens rather than pure negative affect.

Intense basic emotions such as anger, fear, grief, and sadness remain marginal or
negligible in most datasets, with the notable exception of Anger in Phrasebank
50% neutral class. Financial discourse, even on social media (Twitter), consistently
favors evaluative (Approval/Disapproval) and cognitive (Realization) signals over raw
emotional expressions.

These findings underscore the inherent complexity of financial sentiment annotation and
strongly support the necessity of rich contextual languagemodels such as FinBERT, rather
than relying solely on compact emotion-based projections, for more accurate and robust
financial sentiment classification.

Table 3.14. Top 5 Dominant Emotions per Sentiment Class across Datasets
Dataset Emotion Nbre Weight Pos Neg Neu

FPB 100%

Approval 1154 51.0% 44.0% (251) 52.1% (158) 53.6% (745)
Disapproval 575 25.4% 25.4% (145) 6.3% (19) 29.6% (411)
Optimism 161 7.1% 12.5% (71) 2.0% (6) 6.0% (84)
Realization 82 3.6% 8.2% (47) — 2.5% (35)
Disappointment 73 3.2% 1.1% (6) 16.5% (50) 1.2% (17)

FPB 50%

Approval 1876 38.7% 51.2% (698) 2.0% (12) 40.5% (1166)
Realization 1074 22.2% 24.1% (328) 22.5% (136) 21.2% (610)
Anger 805 16.6% 3.7% (51) 8.9% (54) 24.3% (700)
Disappointment 324 6.7% 1.1% (15) 48.2% (291) 0.6% (18)
Optimism 233 4.8% 7.1% (97) — 4.7% (136)

Gold

Approval 4270 51.9% 59.8% (2640) 42.7% (1630) —
Realization 693 8.4% 9.3% (412) 7.4% (281) —
Optimism 582 7.1% 7.1% (314) 7.0% (268) —
Admiration 498 6.1% 5.7% (253) 6.4% (245) —
Annoyance 498 6.1% 6.8% (302) 5.1% (196) —

Twitter

Approval 6165 51.7% 53.8% (4162) 18.8% (337) 69.5% (1666)
Disappointment 1106 9.3% 3.5% (269) 42.1% (754) 3.5% (83)
Annoyance 1085 9.1% 9.4% (730) 14.9% (266) 3.7% (89)
Realization 826 6.9% 7.4% (575) 8.0% (143) 4.5% (108)
Curiosity 754 6.3% 9.1% (703) 1.1% (19) 1.3% (32)

Nbre = total dominant sentence count Weight = Nbre / dataset total
Pos / Neg / Neu = % (count) of sentences where the emotion is dominant within that class

— = emotion absent from top 5 for this class Gold has no Neutral class
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3.7.2 Comparison Between Proposed Approach
A. Approach 1 VS Approach 2

The comparison between Approach 1 and Approach 2 illustrates the respective strengths
of domain-specific pre-training and fine-tuning in financial sentiment classification.
In the feature extraction setting, FinBERT outperforms RoBERTa embeddings in
most cases, confirming the advantage of domain-adapted representations when no
additional training is applied. Fine-tuning with RoBERTa as the base model produces
clear improvements over frozen FinBERT embeddings, with gradient boosting models
(CatBoost and LGBM) reaching 98.61% F1-Weighted and 97.32% MCC on Twitter —
a substantial increase over the feature extraction setting. Although Approach 2 with
full 768-dimensional RoBERTa embeddings and BiGRU+Attention yields competitive
results, the fine-tuning strategy in Approach 1 remains more effective by enabling
general-domain models to adapt to the financial sentiment task.
Key observations:

• Fine-tuning yields the largest performance gains on noisy data such as Twitter.
• The results demonstrate that domain-specific pre-training (FinBERT) provides
significant advantages in feature extraction, while fine-tuning general-purpose
models (RoBERTa) allows them to attain superior or comparable performance.

• Approach 1 generally outperforms Approach 2, as employing either a
domain-specific or a fine-tuned general model delivers better performance
than using unadapted GoEmotions-based RoBERTa embeddings alone.

B. Approach 1 VS Approach 3
Feature Extraction (FE)

• The emotion representation derived from GoEmotions contributes positively to
sentiment classification, particularly on Twitter, because GoEmotions is built from
social media comments and captures emotional patterns commonly found in tweets.

• Despite this contribution, the 768-dimensional contextual embeddings remain more
informative than the 27-dimensional emotion vector. The richer semantic and
contextual information contained in the full embeddings explains their consistently
stronger performance across datasets.

Fine-Tuning (FT)

• The comparison between 768+27 and 768+768 shows that combining two
contextual embedding spaces is generally more effective than combining contextual
and emotion features. Fine-tuned contextual embeddings preserve richer
task-specific information, leading to better overall classification performance.

• Among the fine-tuned transformers, RoBERTa achieved the strongest and most
consistent results, while FinBERT remained a close competitor. This suggests
that both general-domain knowledge and financial-domain adaptation are valuable,
although RoBERTa’s representations appear slightly more transferable after
fine-tuning.

The results show that strong financial sentiment classification performance can already
be achieved using feature extraction alone, without the need for additional fine-tuning.
This highlights the effectiveness of pre-trained transformer embeddings in capturing rich
semantic and sentiment information. In particular, domain-adapted representations such
as FinBERT provide robust features that enable traditional ML, DL, and attention-based
classifiers to achieve highly competitive results.Considering all evaluated approaches,
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datasets, and experimental configurations, Machine Learning classifiers, particularly
LightGBM and CatBoost, consistently achieve the best or near-best performance
compared to Deep Learning and Attention-based architectures.

3.7.3 Error Analysis
To better understand model limitations and evaluate the impact of fine-grained emotion
modeling, an error analysis was conducted on two selected datasets: theGold dataset (chosen for
its high-quality annotations and formal language) and Financial PhraseBank 50% (selected for
its realistic label ambiguity reflecting annotator disagreement). PhraseBank 100%was excluded
due to its exceptionally high baseline accuracy leaving little room for measurable improvement,
and the Twitter dataset due to excessive noise and class imbalance, respectively.
The primary objective of this analysis is to track the evolution of misclassifications between
methodologies. Specifically, we examine the transition fromApproach 1, which uses traditional
semantic representations via FinBERT feature extraction, to Approach 3, which introduces an
enhancement by fusing these semantic layers with fine-grained emotional features using the
best-performing model. Feature Extraction (FE) is selected over Fine-Tuning (FT) because
it increases the interpretability of the contribution introduced by emotional features. Unlike
fine-tuning, whichmodifies the internal layers of transformermodels andmay obscure the effect
of added features, feature extraction keeps the original semantic embeddings fixed, allowing a
clearer measurement of the impact of the introduced emotional cues. This setup enables a direct
comparison of confusion matrices to identify which types of financial ambiguities are addressed
through the incorporation of structural emotional information.

A. Gold Dataset
An error analysis was performed on the Gold dataset using the confusion matrices of the
best model in each approach.
Approach 1 (Best: SVM)): Achieved 94.59% Accuracy and 89.13% MCC with
89 misclassifications. The model produced more false positives (46) than false
negatives (43), indicating a tendency to classify some negative texts as positive.These
misclassifications likely occur on ambiguous or subtle financial texts where sentiment
is expressed indirectly (e.g., cautious optimism or mild criticism), which remains
challenging even for strong traditional models.

Figure 3.17. Confusion Matrix of SVM (Best Model) in Approach 1 — Gold Dataset

Approach 2 (Best: SVM with 768-dim RoBERTa embeddings):Recorded 94.22%
Accuracy and 88.39 MCC. Slightly higher False Positives (54) compared to Approach
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1 and misclassifications ( 95 errors).The model tends to over-predict the positive class on
certain negative or neutral financial statements. This behaviormay stem fromRoBERTa’s
general-domain pre-training on the GoEmotions dataset, which is less specialized in
financial nuance than FinBERT. As a result, the model exhibits higher sensitivity to
positive lexical cues, even in contexts where the overall financial sentiment is neutral
or slightly negative.

Figure 3.18. Confusion Matrix of SVM (Best Model) in Approach 2 — Gold Dataset

Approach 3 (Best: Self-Attention): delivered the best performance with 95.20%
Accuracy and 90.35% MCC and only 79 misclassifications (39 false positives and 40
false negatives).By combining traditional sentiment signals with fine-grained emotion
features, the Self-Attention mechanism better captures subtle emotional cues, resulting in
fewer confusions between positive and negative classes. The errors that remain are likely
due to highly ambiguous texts where even emotional signals do not provide sufficient
discriminatory power.

Figure 3.19. Confusion Matrix of Self-Attention (Best Model) in Approach 3 — Gold Dataset

Errors across all approaches mainly occur on borderline cases with implicit or mixed
sentiment. Approach 3 achieves the best error distribution, confirming that combining
traditional sentiment with fine-grained emotion modeling improves robustness, though
highly ambiguous financial texts remain challenging even for the strongest models.
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B. Phrasebank 50% Dataset
An error analysis was performed on the Phrasebank 50% dataset using the confusion
matrices of the best model in each approach.
Approach 1 (Best: XGBoost): Achieved 89.59% Accuracy and 81.32% MCC. The
model shows a relatively high number of misclassifications(101 errors), primarily
involving the neutral class. It tends to confuse neutral texts with both negative and
positive classes, reflecting the inherent ambiguity in texts with only majority agreement.
Most errors occur when subtle or mixed financial language is present.

Figure 3.20. Confusion Matrix of XGBoost (Best Model) in Approach 1 — Phrasebank 50%
Dataset

Approach 2 (Best: SVM with 768-dim RoBERTa embeddings): Recorded 84.12%
Accuracy and 71.34% MCC. This approach has the highest error rate among the
three(157 errors). The model struggles significantly with neutral texts, producing
a large number of false positives and false negatives around the neutral class. The
lower performance may be attributed to RoBERTa’s general-domain pre-training on
GoEmotions, which is less effective at capturing financial nuances when label noise is
present.

Figure 3.21. Confusion Matrix of -SVM (Best Model) in Approach 2 — Phrasebank 50%
Dataset
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Approach 3 (Best: SVM): delivered the best performance with 90.9% Accuracy and
82.7% MCC. This hybrid model shows the lowest number of misclassifications ( 69
errors). By combining traditional sentiment signals with fine-grained emotion features,
it better handles the uncertainty of the neutral class and reduces confusion between the
three sentiment categories.

Figure 3.22. Confusion Matrix of SVM (Best Model) in Approach 3 — Phrasebank 50%
Dataset

Errors across all approaches are concentrated on the neutral class, which is expected given
the majority-agreement nature of Phrasebank 50%. Approach 3 consistently achieves
the best error distribution, confirming that integrating fine-grained emotion modeling
improves robustness in the presence of label uncertainty. However, even the best models
still face difficulties with ambiguous and mixed-sentiment financial texts.

3.8 Comparative With Literature Review
This study’s results complement the work of (Mir et al., 2025) in ”Joint Topic-Emotion
Modeling in Financial Texts: A Novel Approach to Investor Sentiment and Market Trends.”
Mir et al. present a joint modeling method for both the topics and emotions of investors,
thus allowing for more informative and interpretive analysis of financial texts. They report
strong performance with 96.3% accuracy and 97.8% F1-score using FinBERT combined with
NVDM for joint topic-emotion modeling. Table 3.15 presents a direct comparison between
their reported results and those obtained in the present study across multiple datasets.

Table 3.15. Comparison with (Mir et al., 2025) across Datasets
Study Dataset Approach Acc F1-S F1-M F1-W MCC

(Mir et al., 2025) StockEmotions FinBERT + NVDM 96.30 97.80 — — —

Present Study

(Approach 3)

PhraseBank 100% FT-RoBERTa + GoEmo
(LGBM)

99.55 — 99.58 99.55 99.17

PhraseBank 50% FT-RoBERTa + GoEmo
(XGB)

92.87 — 91.82 92.85 87.01

Gold FT-RoBERTa + GoEmo
(BiLSTM)

96.59 — 96.57 96.59 93.15

Twitter FT-RoBERTa + GoEmo
(LGBM)

92.96 — 90.75 92.92 86.26
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The present study adopts a different perspective, focusing on the hybrid fusion of fine-tuned
contextual financial representations with fine-grained emotion embeddings (Approach 3). The
fusion of fine-tuned RoBERTa with RoBERTa-GoEmotion embeddings achieved the strongest
results across all four benchmark datasets, outperforming (Mir et al., 2025) on most metrics
as shown in Table 3.15. Specifically, this fusion reached 99.55% F1-W (MCC: 99.17%) on
PhraseBank 100% using LightGBM, 92.85% F1-W (MCC: 87.01%) on PhraseBank 50% using
XGBoost, 96.59% F1-W (MCC: 93.15%) on Gold using BiLSTM, and 92.92% F1-W (MCC:
86.26%) on the more challenging Twitter dataset using LightGBM. These results consistently
surpass the accuracy and F1-score reported by (Mir et al., 2025) on StockEmotions (96.30%
accuracy, 97.80% F1-score) using FinBERT combined with NVDM, confirming that combining
fine-tuned RoBERTa representations with fine-grained emotion embeddings provides a more
robust and generalizable approach for financial sentiment classification.

It is important to note that this comparison should be interpreted as indicative, since
the studies differ in terms of datasets, objectives, experimental setups, and evaluation
methodologies, which may affect the direct comparability of the reported results.

Overall, this research complements (Mir et al., 2025) by confirming that hybrid feature
fusion combining fine-tuned contextual financial embeddings with fine-grained emotion
representations can achieve state-of-the-art or superior performance on financial sentiment
classification benchmarks, with strong robustness across both well-annotated corpora and
noisier social media text.

3.9 Conclusion
This chapter presented the experimental evaluation of the three proposed approaches for
financial sentiment classification. The results demonstrated that fine-tuning strategies
significantly improve performance compared to feature extraction, particularly on noisy data.
The hybrid Approach 3, which combines traditional sentiment analysis with fine-grained
emotion modeling, consistently achieved the best overall results across the datasets.
Error analysis on the Gold and Phrasebank 50% datasets confirmed that integrating fine-grained
emotions reduces misclassifications on ambiguous and mixed-sentiment texts. Additionally,
using full 768-dimensional embeddings proved substantially more effective than reduced
representations.
Overall, this study validates that incorporating fine-grained emotion modeling enhances the
accuracy and robustness of financial sentiment classification. These findings open promising
directions for more nuanced and context-aware financial text analysis systems.
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General Conclusion
This study investigated the contribution of fine-grained emotion modeling to financial
sentiment analysis through a proposed framework that integrates three complementary
approaches: traditional financial sentiment representations, emotion-based representations,
and hybrid feature fusion strategies. The experimental results across four benchmark datasets
(Financial PhraseBank 100%, Financial PhraseBank 50%, Twitter Financial Sentiment,
and Gold Standard) demonstrated that deep semantic representations from pre-trained
language models remain the most effective source of information, particularly when using
768-dimensional vectors. Fine-tuning consistently improved performance compared with
feature extraction, highlighting the importance of task-specific adaptation for financial
sentiment classification.

The findings also showed that emotion information can provide additional value, especially
for challenging datasets such as Twitter, where emotional cues are more strongly expressed
in social media language. However, the 27-dimensional emotion representation alone was
generally insufficient to match the performance of contextual embeddings. In the hybrid
framework, combining emotion-based and financial representations produced competitive
results, although the fusion of high-dimensional contextual embeddings (768+768) consistently
outperformed combinations involving the 27-dimensional emotion vector (27+768). This
indicates that richer semantic representations preserve more sentiment-relevant information
than compressed emotion distributions.

Among the evaluated transformer models, RoBERTa achieved the strongest and most
consistent results after fine-tuning, while FinBERT remained highly competitive due to
its financial-domain specialization. Specifically, the fusion of fine-tuned RoBERTa with
RoBERTa-GoEmotion embeddings achieved the best overall results, reaching an F1-Weighted
score of 99.55% on PhraseBank 100% using LightGBM, 92.85% on PhraseBank 50% using
XGBoost, and 96.59% on the Gold dataset using BiLSTM. Twitter remained the most
challenging benchmark due to its informal and noisy language; nevertheless, the fine-tuned
RoBERTa fusion achieved the best performance on this dataset as well, with an F1-Weighted
score of 92.92% using LightGBM.

For future work, larger financial language models, advanced feature fusion mechanisms,
and attention-based multimodal architectures could be explored to better integrate emotion
and sentiment information. Additionally, extending the evaluation to multilingual financial
datasets and real-time market data may provide further insights into the relationship between
emotions and financial sentiment. Overall, the study confirms that fine-tuned contextual
embeddings constitute the most effective solution for financial sentiment analysis, while
fine-grained emotions offer complementary information that is particularly beneficial in social
media environments.
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