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Abstract: The flux of opinions in newsletters and social media platforms significantly influences
market perceptions regarding corporate entities and their financial instruments. This paper introduces
an advanced model, the Sentiment Dynamics Analyzer (SDA), which leverages a refined hierarchical
architecture of Transformers to effectively discern the sentiment embedded within financial texts,
ranging from news headlines to microblogs. We have enhanced a RoBERTa model with specialized
sentiment lexicons and an augmented layer of Transformer models tailored for nuanced sentence-level
sentiment detection, aiming to assign a sentiment score from -1 to +1. Our evaluations demonstrate
that SDA not only surpasses the previous best methods but also exhibits superior performance over
robust baseline models. This success underscores the utility of integrating tailored contextual analyses
with sector-specific sentiment insights in improving predictive accuracy.
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1. Introduction

Sentiment analysis, often referred to as opinion mining, has evolved from basic text processing
to a complex interdisciplinary field encompassing linguistics, psychology, and computational
intelligence [1]. Historically, the initial attempts to understand textual sentiment involved
simple heuristics-based methods, such as counting positive and negative words using pre-defined
lexicons [2,3]. Over time, with the advent of machine learning, the approaches have shifted towards
more sophisticated models that can grasp the subtleties and context of language [4,5]. This evolution
was markedly accelerated with the introduction of social media platforms, where the vast and dynamic
nature of user-generated content presented both new challenges and data opportunities for sentiment
analysis.

In recent years, the focus has shifted towards deep learning techniques, particularly the use
of neural networks, to handle the complexities of sentiment analysis. Models such as LSTM (Long
Short-Term Memory) and GRU (Gated Recurrent Units) have demonstrated significant improvements
in capturing long-range dependencies in text, essential for understanding sentiments expressed in
longer documents or across multiple sentences [11,12]. The breakthrough, however, came with the
introduction of Transformer-based models like BERT (Bidirectional Encoder Representations from
Transformers), which utilize attention mechanisms to provide a contextually enriched representation
of each word in a sentence [13]. These advancements have not only increased the accuracy of sentiment
analysis tools but have also broadened their applicability across different languages and domains.

Sentiment analysis explores the complex web of emotions and opinions articulated by individuals
concerning various entities such as products, services, or brands [11]. This scientific field seeks to
parse these textual expressions to categorize sentiments as negative, neutral, or positive. Given the
intricate and volatile nature of financial markets, understanding these sentiments is crucial as they can
significantly sway market behavior.

In financial contexts, each stock or financial instrument, whether it’s a commodity, a currency pair
in the Forex market, a cryptocurrency, or other securities, can be viewed as an entity. Often, financial
narratives might involve multiple such entities, each potentially associated with distinct sentiments [2].

© 2024 by the author(s). Distributed under a Creative Commons CC BY license.


https://doi.org/10.20944/preprints202404.0928.v1
http://creativecommons.org/licenses/by/4.0/

Preprints.org (www.preprints.org) | NOT PEER-REVIEWED | Posted: 15 April 2024 d0i:10.20944/preprints202404.0928.v1

20f12

A sophisticated sentiment analysis framework is essential to disentangle and accurately reflect the
sentiment directed towards each entity.

The endeavor to predict stock market movements dates back to the early 20th century when
pioneering analysts like Charles Dow developed techniques that laid the groundwork for technical
analysis. Historically, financial prediction relied heavily on fundamental analysis, where the intrinsic
value of stocks was calculated using economic and financial factors. Technical analysts, on the other
hand, focused on price movements and trading volumes to identify patterns that could predict future
market behavior. These traditional methods, however, often struggled with the inherent volatility and
non-linear nature of financial markets.

With the integration of computational technologies in the late 20th century, quantitative finance
began to embrace statistical and mathematical models to forecast market trends. The introduction
of algorithms capable of processing large datasets led to the development of quantitative trading
strategies, further revolutionizing financial prediction [19]. In the modern era, artificial intelligence
and machine learning have taken center stage, employing models that can analyze not only numerical
data but also unstructured data like news articles and social media posts. Techniques such as natural
language processing have become critical in understanding market sentiment, which is increasingly
recognized as a potent predictor of financial market movements. This shift towards data-driven,
automated trading strategies underscores a significant transformation in how market analysts and
investors predict the future.

Financial language possesses unique characteristics that set it apart from general language
usage. Terms like "rally" have dual meanings: in finance, it refers to a sharp increase in stock
prices, whereas outside finance, it could mean a large public gathering [24,25]. Financial texts, from
objective newsletters to subjective microblogs, demand a nuanced understanding of both common
and domain-specific lexicons.

This research is driven by the hypothesis that sentiment analysis can serve as a predictive tool for
gauging market reactions. Reflecting on the challenges and innovations, which focused on fine-grained
sentiment analysis of financial microblogs and news [26-29], it becomes evident that there is a pressing
need for a robust model capable of deep financial text analysis and accurate sentiment prediction.

Our proposed SDA system commences with generating contextual representations of text,
integrating general language understanding with financial lexicon insights [33]. This is followed
by applying sentiment dictionaries to assign preliminary sentiment scores to individual words. A
hierarchical stack of Transformers then processes these data points to construct a comprehensive
sentiment profile, taking into account the context-dependent sentiment of each word [36]. The
amalgamation of these sentiment and contextual representations yields a precise sentiment score
for the entity discussed within the text.

The primary contributions of this paper are twofold: (i) We extend the capabilities of Transformer
models, previously validated for their efficacy in various sentiment analysis applications, to the domain
of financial text analysis, and (ii) We introduce the SDA model, which uniquely combines hierarchical
Transformers with sentiment dictionaries to enhance sentiment detection and prediction in financial
texts, thereby setting a new benchmark in the field and surpassing previous state-of-the-art models
and robust baseline systems.

2. Related Work

The field of sentiment analysis, integral to natural language processing, focuses on deciphering
the embedded opinions within texts. This domain generally treats the analysis as either a classification
task, sorting emotions into categories such as negative, neutral, and positive, or as a regression
task, quantifying sentiments on a continuous scale from [—1,+1] [19,28,29,37]. The versatility of
sentiment analysis is evidenced by its numerous applications, ranging from assessing product reviews
to monitoring public opinion across digital platforms.
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A notable milestone in this field was the focus of SemEval-2017 Task 4, which concentrated
on analyzing sentiments expressed in multilingual tweets, necessitating the differentiation between
general tweet sentiment and topic-specific sentiment [37]. This task underscored the complexity of
sentiment analysis, especially in dynamically generated content such as social media.

Supporting tools for sentiment analysis include various sentiment lexicons, which provide
essential resources for both general and domain-specific text analysis. Among these, SENTIWORDNET
3.0 offers a comprehensive sentiment classification framework by assigning positivity, negativity, and
neutrality scores to the synsets of WORDNET [43]. Similarly, the "Affective Norms for English Words"
(ANEW) provides emotional ratings for a broad spectrum of English language words [44]. Further
contributions to this toolkit have been made by Wilson et al., who annotated thousands of subjective
expressions to aid sentiment analysis [47].

The adaptation of sentiment analysis to the intricacies of social media was exemplified by Nielsen,
who developed a sentiment dictionary specifically calibrated for tweets, spanning a sentiment range
from —5 (highly negative) to +5 (highly positive) [48]. The financial sector, too, has seen bespoke
developments, such as a market sentiment dictionary encompassing a broad array of terms derived
from financial social media platforms [53].

Traditional models often fall short in the complex landscape of financial news, which necessitates
a nuanced understanding of domain-specific vocabulary. Krishnamoorthy’s approach employs
financial and non-financial performance indicators within a sentiment analysis framework tailored for
financial texts, showcasing the potential of hierarchical sentiment classifiers based on association rule
mining [54].

Reflecting on the advancements from SemEval-2017 Task 5, which delved into the fine-grained
sentiment analysis of financial microblogs and news, several entries highlighted the effectiveness of
combining domain-specific sentiment dictionaries with advanced modeling techniques [19,26-29].
Techniques ranged from integrating linguistic and sentiment lexicons with ensemble regression models
to employing convolutional and long-short term memory networks augmented by feature-based
models, underscoring the diverse methodologies capable of capturing the nuanced sentiment of
financial texts.

Recent strides in sentiment analysis have leveraged BERT-based models, which have
significantly refined the analysis by integrating domain-specific and task-specific training
enhancements [4,5,56]. These models have been instrumental in improving sentiment detection
accuracy, especially in domain-specific contexts like financial news analysis.

Drawing inspiration from these developments, our proposed SDA method employs a BERT-based
framework to enhance the sentiment analysis of financial texts. By integrating comprehensive general
and financial sentiment dictionaries, our model achieves a deeper understanding of the sentiments
expressed about entities within texts. This enriched analysis framework is further bolstered by a stack
of Transformer encoder layers, which synthesize the contextual word representations with sentiment
scores to derive an accurate sentiment score for each entity, quantified on a scale from [—1, +1].

Building on this foundation, our methodology, detailed in the subsequent section, combines these
state-of-the-art techniques to set a new standard in sentiment analysis, particularly tailored for the
financial domain.

3. Method

Our research introduces the Sentiment Dynamics Analyzer (SDA), an innovative sentiment
analysis framework that leverages a modified BERT architecture (Bidirectional Encoder Representations
from Transformers) [57] tailored specifically for financial texts. Recognizing the inherent complexities
of financial language, the SDA model incorporates additional Transformer layers and specialized
sentiment dictionaries to enhance the granularity and accuracy of sentiment detection within financial
documents.
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3.1. System Overview

The foundational step in our approach involves the utilization of a pre-trained BERT model to
initiate token representations of the textual data. This model, known for its efficacy in handling a
wide range of NLP tasks, provides a robust starting point for feature extraction. Following this, we
enrich these representations with sentiment scores derived from comprehensive sentiment dictionaries,
specifically designed to capture the nuanced expressions typical of financial discourse.

Subsequent to the initial feature extraction, our model integrates n additional Transformer encoder
layers, designed to refine and contextualize the sentiment representations associated with each token.
This stacked Transformer architecture allows for a deeper analysis of the syntactic structures within
the text, enabling a more nuanced understanding of sentiment dependencies and interactions. The
process flow from tokenization to sentiment scoring is depicted. The tokenization itself is a two-step
process leveraging BERT’s built-in tokenizer for initial word separation, followed by the WordPiece [58]
mechanism for subword tokenization. This ensures that even complex financial terms are effectively
broken down into understandable units, as demonstrated by the segmentation of ‘currencies’ into
subtokens (‘cu’, ‘##rre’, ‘##ncies’).

For sentiment quantification, SDA employs scores from two key lexical resources:
SentiWordNet [59] and NTUSD [53]. SentiWordNet provides a structured sentiment scoring of synsets
across dimensions of positivity, negativity, and neutrality, ideal for general linguistic analysis. NTUSD,
on the other hand, offers insights grounded in financial lexicon, with its extensive dataset of labeled
posts from financial social media, encompassing a wide range of words, hashtags, and emojis pertinent
to market sentiment. Each token’s representation is augmented by these scores, thereby enhancing the
sentiment predictive power of the model.

Enhancing the model further, each Transformer encoder layer in our stack, adhering to the
architecture proposed by Vaswani et al. [13], integrates multi-head attention mechanisms with
sinusoidal position embeddings to maintain the sequence’s temporal characteristics. These layers
process the extended token representations—initially sized at 768 dimensions from BERT and expanded
to 772 dimensions with sentiment scores—through both self-attention mechanisms and feed-forward
networks, each supplemented with residual connections and layer normalization.

The culmination of this intricate process is a sophisticated aggregation of the contextual and
sentiment-informed representations, particularly focusing on the [CLS] token—a common practice in
BERT-based models for classification tasks. This aggregated representation is then processed through
a final feed-forward layer, which synthesizes the insights derived from both the BERT-based model
and the additional Transformer layers to produce a sentiment score, ranging from [—1, 1}. This score
reflects a refined sentiment analysis, tailored to the specific challenges and nuances of financial text
analysis.

3.2. Model Architecture

The core of the SAT model is based on a modified Transformer architecture, which is specifically
adapted for sentiment analysis in the financial domain. The model processes textual data through
multiple layers of Transformer blocks, each designed to capture different aspects of linguistic and
sentiment information that are predictive of stock market behavior.

Tokenization and Embedding: Initially, financial texts are tokenized using a BERT-like tokenizer
that includes subword tokenization to handle the financial jargon and neologisms common in stock
market reports. The mathematical representation of the tokenization can be expressed as:

X = Tokenize(Text),

where X represents the sequence of token indices.
Embedding Layer: Following tokenization, each token is converted into a high-dimensional vector
using an embedding matrix E. This is combined with position embeddings to maintain the sequence
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information, essential for processing the order-dependent nature of language. The embedding process
is described by:

Etotal = Etoken(x) + Epos/

where Ey ) is the total embedding matrix for the input sequence, E;yyen is the token embedding matrix,
and Epos is the positional embedding matrix.

Transformer Blocks: The embedded tokens are then processed through a series of Transformer
blocks. Each block consists of a multi-head self-attention mechanism followed by a position-wise
fully connected feed-forward network. The self-attention mechanism allows the model to weigh the
importance of different words relative to each other, which is critical for understanding contextual
sentiments. The output of each Transformer block can be formulated as:

HU*Y) = Transformer_Block(H(")),

where H() is the output of the I-th Transformer block, and ! ranges from 1 to L, with L being the total
number of Transformer blocks in the model.

Sentiment Scoring: After processing through the Transformer layers, the representation of the
sequence’s start token (often denoted as [CLS] in BERT-like models) is used to predict the sentiment
score. This score is intended to reflect the overall sentiment of the text concerning the market or specific
stocks. The sentiment score S is computed as:

L
S =c(W-Hg +b),

where 0 is the sigmoid activation function, W is the weight matrix, b is the bias term, and Hfé{S] is the
final layer representation of the [CLS] token.

3.3. Training and Optimization

The SAT model is trained end-to-end with a dataset of labeled financial texts, where each text is
annotated with a sentiment score reflecting its predicted impact on stock prices. The training objective
is to minimize the mean squared error (MSE) between the predicted sentiment scores and the actual
scores, which is given by:

1Y .
MSE = + ;(Si - 5%,
where N is the number of samples, S; is the true sentiment score, and §i is the predicted sentiment
score for the i-th sample.

This comprehensive approach enables the SAT model to not only understand the general
sentiment of the financial text but also its implications for stock market dynamics, providing a
powerful tool for traders and financial analysts.

4. Experimental Setup

4.1. Datasets

Our experiments employ the datasets designed for SemEval-2017 Task 5, meticulously curated by
the SSIX project [60]. These datasets encompass two principal types of financial data: microblogs and
news headlines, reflecting a broad spectrum of market sentiments.

The microblog dataset comprises a vast array of financially pertinent messages harvested from
Twitter and StockTwits, platforms that serve as vibrant hubs for traders and investors to exchange
insights. Particularly, StockTwits messages are rich in shorthand financial jargon and stock symbols,
directly reflecting market sentiments. Conversely, the news headlines dataset aggregates a diverse
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set of articles from esteemed sources including AP News and Reuters, offering a more structured and
formal examination of market trends.

Each dataset entry is meticulously annotated with a sentiment score ranging from —1 (indicative
of a negative or bearish outlook) to 41 (signifying a positive or bullish outlook), depending on the
implied market trend within the message or headline. Table 1 provides a statistical overview of these
datasets, highlighting the variance in text length and sentiment distribution, which underscores the
challenges in analyzing such diverse and unstructured data.

Table 1. Representative samples from the SSIX datasets showing microblogs and news headlines with
corresponding sentiment annotations.

Source Entity Text Sentiment
Twitter $AAPL  Anticipating a positive earnings report 0.65
Microblogs StockTwits ~ $TSLA Concerns over quarterly revenue figures -0.30
StockTwits $AMZN  Exceeds market expectations 0.75
Twitter $NFLX  Steady growth in subscriber base 0.40
GM GM to unveil new electric vehicle lineup 0.50
News headlines Tesla Tesla faces regulatory scrutiny -0.45
Netflix ~ Netflix announces a strategic shift towards more original 0.35
content

4.2. Evaluation Metrics

To objectively assess the performance of sentiment analysis models, we adopt the same evaluation
metrics as used in SemEval-2017 Task 5, with a focus on cosine similarity as the primary measure of
accuracy. Cosine similarity quantitatively evaluates the alignment between the predicted sentiment
scores and the expert-annotated gold standards, defined mathematically as:

G x P;
cosine(G, P) (1)

RERE

The effectiveness of the models is further quantified by a weighted score that takes into account
the proportion of scored instances, encouraging models to provide predictions across all data points:

P
score(G,P) = ||G|| x cosine(G, P) ()

4.3. Baseline Models and Comparative Analysis

For our comparative analysis, we consider three leading BERT-based language models as baselines:
BERT, RoBERTa, and DistilBERT [57,61,62]. These models serve as the foundational frameworks upon
which our Sentiment Dynamics Analyzer (SDA) model is built. The SDA model extends these
architectures by integrating additional Transformer encoder layers and a sophisticated sentiment
lexicon to enhance the sentiment prediction capabilities specifically tuned for financial texts. Each
baseline model’s performance is benchmarked using the architecture, where the sentiment scores are
derived from the [CLS] token’s representation processed through a dedicated feed-forward layer.

4.4. Optimization and Training

The selection of the optimal model architecture was based on comprehensive preliminary tests
across various configurations of Transformer encoder layers, ranging from 1 to 6. These tests were
aimed at determining the most effective depth for capturing the nuances of financial sentiment. All
models were trained using batch normalization, mean squared error loss, and the Adam optimizer,
with hyperparameters fine-tuned to optimal levels.
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Preprocessing involved standardizing the input data by removing any hyperlinks from the texts,
ensuring that the models focused purely on the textual content without external influence.

5. Results and Analyses

This section presents the results from experimental evaluations of the baseline models alongside
our proposed Sentiment Dynamics Analyzer (SDA) model. The performances are assessed using the
microblog and news headline datasets, with results displayed in Tables 2 and 3. We compare the
top-performing systems from SemEval-17 Task 5, several baseline models, and various configurations
of our SDA model.

Table 2. Comparison of cosine similarity scores across different models on the microblog dataset,
averaged over five runs. The highest scores are highlighted in bold.

Models Cosine Similarity
Jiang et al. [26] 0.778
Ghosal et al. [27] 0.751
Deborah et al. [63] 0.735
BERT 0.789
DistilBERT 0.784
RoBERTa 0.832
SDA+1 x Transf 0.833
SDA+2 x Transf 0.832
SDA+3 x Transf 0.831
SDA+4 x Transf 0.834
SDA+5 x Transf 0.841
SDA+6 x Transf 0.833

Our analysis reveals that all BERT-based models surpass the SemEval-2017 top performers,
demonstrating the evolving effectiveness of BERT-based architectures in financial text sentiment
analysis. Notably, RoBERTa, upon which our SDA is based, shows superior results due to its optimized
training strategy and the absence of a next-sentence prediction objective, enhancing its relevance for
tasks focused purely on sentiment analysis [61].

Table 3. Performance metrics showing cosine similarity scores for various models evaluated on the
news headlines dataset, averaged across five experimental runs. Best results are indicated in bold.

Models Cosine Similarity
Mansar et al. [28] 0.745
Kar et al. [29] 0.744
Rotim et al. [64] 0.733
BERT 0.790
DistilBERT 0.782
RoBERTa 0.839
SDA+1 x Transf 0.844
SDA+2 x Transf 0.847
SDA+3 x Transf 0.848
SDA-+4 x Transf 0.842
SDA+5 x Transf 0.848
SDA+6 x Transf 0.843

Incorporating additional Transformer layers in the SDA model has evidently enriched the
sentiment analysis capabilities, as reflected by the consistently high performance across different
levels of Transformer integration. The SDA model with five Transformer layers (SDA+5 x Transf)
consistently achieves or ties for the highest scores, underscoring the effectiveness of deeper Transformer
stacks in capturing nuanced sentiment expressions in financial texts.
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Both datasets present unique challenges: news headlines are generally longer and more structured,
while microblogs often contain more informal, concise, and sometimes cryptic expressions of sentiment.
This disparity underscores the adaptability of the SDA model, which performs robustly across both
types of text.

5.1. Case Study

To further elucidate the practical implications of our findings, a detailed analysis of specific cases
from both the microblogs and news headlines is provided in Table 4. This case study highlights
the predicted sentiment scores alongside the gold standard (GS) for various models, illustrating the
nuanced performance of each system in real-world scenarios.

Table 4. Case study comparing the sentiment predictions of different models against the gold standard
for selected microblog and news headline texts.

Source Entity Text GS BERT DistilBERT RoBERTa SDA
+5x Transf
stocktwits  $UNG Bought more $UNG puts -0.875 -0.027 -0.139 -0.429 -0.497
stocktwits  $C Cautious outlook as earnings -0.093 -0.082 -0.060 -0.042 -0.074
approach
stocktwits  $GDX Strong day for Junior Gold Miners 0.750  0.707 0.659 0.698 0.709
News Barclays Barclays braces for a substantial -0.834 -0.604 -0.379 -0.652 -0.672
headline forex penalty
Royal Minor increase in stamp prices -0.05  0.198 0.132 -0.018 -0.003
Mail announced
Ashtead Share buyback announced after a  0.588  0.453 0.300 0.724 0.639
profitable year

The analysis reveals that while our SDA model generally predicts sentiment scores closer to
the gold standard, some challenges remain, particularly with neutral or mixed sentiment texts. This
suggests an avenue for further refinement in handling texts with subtle sentiment cues or competing
sentiment signals within the same text.

6. Conclusion and Future Work

This research focused on advancing sentiment analysis within the financial sector by leveraging
state-of-the-art machine learning techniques. Sentiment analysis in this domain seeks to evaluate the
sentiment related to entities such as companies or stocks, assigning a score within the range of [—1, +1],
where —1 indicates extremely negative sentiments and +1 represents highly positive sentiments.
Our findings confirm that BERT-based models, renowned for their effectiveness in natural language
processing tasks, are particularly adept at handling the nuanced language of finance [4,5,56]. Notably,
all BERT-based baseline models demonstrated superior performance compared to the leading systems
from the SemEval-2017 Task 5 on financial texts.

In our study, we introduced the Sentiment Dynamics Analyzer (SDA), an advanced deep learning
framework that integrates a fine-tuned RoBERTa encoder with multiple Transformer encoder layers.
This architecture was specifically designed to enhance sentiment analysis by merging general linguistic
representations with targeted sentiment evaluations. The effectiveness of this approach is evidenced
by the precise sentiment scores it produced, which were facilitated by the integration of sentiment
dictionaries into the Transformer layers.

Our comprehensive evaluations revealed that the SDA model, particularly the configuration
with five additional Transformer layers (SDA+5 x Transf), consistently provided the most accurate
sentiment representations. This model configuration not only achieved the highest cosine similarity
scores across both structured and unstructured texts but also demonstrated significant improvements
over the top-performing entries from SemEval-2017, with enhancements of 13.8% for news headlines
and 8% for microblogs. These results underscore the robustness of our model in processing and
analyzing complex financial datasets. This conclusion not only encapsulates the achievements of the
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current research but also sets a clear pathway for subsequent investigations, aiming to bridge the gap
between sentiment analysis and practical financial forecasting.

Looking ahead, several areas of potential research have been identified. Future studies could
explore sentiment analysis within lengthy news articles that discuss multiple entities with varying
sentiments. This presents a considerable challenge due to the complex sentence structures and the
diversity of sentiments that may be expressed within a single article. Additionally, addressing the
imbalance in sentiment representation within datasets, particularly by increasing the proportion of
negative examples, could further improve model training and accuracy.

Another promising direction involves extending our sentiment analysis framework to predict
stock price movements based on sentiment trends derived from financial news and microblogs. By
correlating sentiment scores with market performance, it may be possible to develop predictive models
that offer valuable insights into stock price fluctuations. Ultimately, our goal is to refine and expand
the capabilities of sentiment analysis to provide more nuanced and actionable insights for investors
and financial analysts.
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